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Editorial on the Research Topic
 Economic and financial issues in the post-COVID-19 world: Implications and role of public health




The COVID-19 crisis requires an integrated effort from governments, institutions, organizations, and communities to attack this crisis. The COVID-19 pandemic has imparted several economic and financial shocks to society. We believe that the nature of work everywhere will be transformed in the aftermath of this global pandemic; for example, online working from home is increasingly adopted by companies wishing to reduce fixed costs and minimize organizational risk. Also, there should be significant changes in lifestyle and access to basic infrastructures, such as energy and transportation systems. Therefore, governments should promote green energy and transportation in the post-COVID-19 world. This issue can also change the pollution levels in the 2020s. Finally, the COVID-19 pandemic provided a significant inequality between developing and advanced economies. Decreasing inequality (including health-access inequality) should also be essential, especially in the United States and the United Kingdom's free-market economies.

Given this background, this Research Topic aims to investigate the effects of the COVID-19 pandemic on leading economic and financial indicators in developing and developed economies. Each paper also aimed to discuss the potential implications for the post-COVID-19 era.

This Research Topic covers 46 papers on COVID-19 and the post-COVID-19 era.

The first paper finds that pandemic uncertainty decreases human capital in the panel dataset of 122 countries from 1996 to 2019 (Sun, Cai et al.). It is also shown that the COVID-19 pandemic has had a critical incentive effect on knowledge collaboration (Zhou, Chen et al.). It is indicated that Artificial intelligence technology can alleviate the plights of firms in the post-pandemic era (Lu, Wijayarantna et al.). Investors' uncertainty sentiment is negatively related to the Chinese stock return from 2 March 2020 to 2 March 2021 (Xu, Zhang et al.). Another paper discusses how governments should evaluate their pandemic policies to determine their effectiveness (Li, Fang et al.). The paper also measured China's market power in medical product exports, including the COVID-19 era, from 1992 to 2020 (Wu et al.). It is observed that the negative impact of the COVID-19 pandemic on Corporate Social Responsibility efficiency from 2012 to 2020 in China (Chen et al.). A significant convergence of the vaccination rates in seven clubs across 30 Organization for Economic Co-operation and Development countries (Xu, Lau et al.). It is shown the significant role of China's monetary policy implementation on the industrial structure during the COVID-19 pandemic (Zhou, Wang et al.). It is stated that the significant impact of the COVID-19 pandemic on consumer behavior in China's stock market (Lu, Zhu et al.). Another paper discussed the role of lockdowns on economic losses during the COVID-19 pandemic (Zhang, You et al.). It is shown that the digital economy significantly positively affects economic growth in the Chinese regions, and this may be a valuable finding for digital transformation during the COVID-19 pandemic (Zhang, Zhao et al.). It is observed that pandemics-related uncertainty decreased fertility rates in the panel dataset of 126 countries from 1996 to 2019 (Wang, Gozgor et al.). It is found that the COVID-19 pandemic enhanced the congestion effect of tourism industry agglomeration on total factor productivity in China (Wang and Ma). It is stated that the COVID-19 pandemic has promoted job opportunities in the healthcare sector (Bachmann et al.). It is discussed that China's carbon Emissions Trading System would be necessary for carbon reductions after the post-pandemic era (Luo et al.).

Furthermore, it is found that bilateral investment agreements improved the efficiency of the contract execution panel data of 73 developing countries from 2005 to 2019 (Yu et al.). It is shown that digital finance promoted economic development in the Chinese regions from 2013 to 2020 (Ye et al.). It is observed that the market mechanism motivates enterprises' green technology innovation during pandemics (Gong and Dai). It is found that the COVID-19-related uncertainty increased the corporate tax rates in the panel dataset of 113 countries from 2020 to 2021 (Li, Li et al.). It is indicated that listed private firms in China became more valuable with the “black swan” events, such as the COVID-19 pandemic (Li, Ma et al.). It is observed that public health emergencies hurt insurance companies' stock returns (Shang et al.).

On the other hand, the escalating impact of the COVID-19 pandemic on China's stock price volatility was found in the daily data from July 2020 to October 2021 (Jin). It demonstrated the negative impact of the COVID-19 pandemic on Chinese cross-border retail enterprises. It is found that the COVID-19 pandemic significantly negatively affects the stock market returns of cultural industries (Zhang, Ji et al.). It is indicated that the COVID-19 pandemic has negatively affected economic performance in panel data of 14 prefecture-level cities in Hunan from 2015 to 2020 (Pan et al.). It is also discussed the policies related to the COVID-19 pandemic crisis management of the Spanish healthcare sector (Sánchez-Bayón et al.). It is found that global pandemics sentiment positively affects the returns of the global art market (Wang). It is stated that green finance is the key to the Chinese economy from the recovery from the COVID-19 pandemic (Hu et al.). It is indicated that the industrial sector would be more critical during the post-COVID-19 pandemic era to enhance global economic activity (Ma, Shum et al.). It is observed that the COVID-19 pandemic decreased financial flexibility and firm performance in the listed hotel firms on Taiwan Stock Exchange (Zhang, Chang et al.).

Meanwhile, It was found that foreign direct investments and international trade increased income inequality in China, and the data included the COVID-19 pandemic era (Cheong et al.). It is shown that policy uncertainty in China increases the fluctuation of exports in the country from January 2002 to April 2021 (Hu and Liu). Another paper discussed the role of supply chain distortions in the COVID-19 pandemic by focusing on the case of China (Ma, Wang et al.). It is found that the digital economy increased China's cultural tourism integration during the COVID-19 pandemic (Li, Liang et al.). It also stated the negative impact of pandemics on Chinese firms' corporate innovation behavior (Zhang, Hu et al.). It is indicated that stringency measures are negatively related to the COVID-19 pandemic outcomes in the United States from 11 March 2020 to 13 August 2021 (Sun, Kwek et al.). It is also observed that the digital economy increased economic development in the regions of China, and the data included the COVID-19 pandemic era (Xu, Qian et al.). Another paper used the data in China from January 2015 to April 2021 and found the significant role of the COVID-19 pandemic on the effectiveness of the monetary policy (Song et al.). Another paper discussed the impact of the COVID-19 pandemic on working conditions using the case of survey data for dentists (Chasib et al.). It provided the negative impact of the COVID-19 pandemic on life insurers in the United States (Zhang, Liao et al.). It is found that the effects of the COVID-19 pandemic are permanent in Indonesia and the Philippines but temporary in Malaysia (Shi, Zhang et al.). It is observed that the COVID-19 pandemic significantly affected revenues and openings of small leisure and hospitality firms in the United States (Lu, Shang et al.). It is also stated that the COVID-19 pandemic harmed the international trade volume between Australia and China (Shi, Cheong et al.). It is suggested that isolation and quarantine policies as the most cost-effective intervention during the COVID-19 pandemic (Wang, Shi et al.). It is also shown that the COVID-19 pandemic negatively affected Malaysia's economic indicators (Sun, Li et al.).

In conclusion, this Research Topic shows the significant effects of the COVID-19 pandemic on various economic and financial indicators in different countries, regions and markets. It also discusses the potential implications for the post-COVID-19 era.
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The Covid-19 outbreak has spread over the world, limiting population and trade, causing job losses, and forcing businesses to close. The study's goal is to look at Covid-19's pandemic and consumer survival as a mediator for the future of running a business when FMCG companies are doing well. The researchers employed a basic random sampling strategy to do a layered transverse evaluation of samples. EFA, CFA, and SEM are used to choose data collection techniques for participants at Covid-19. According to the data, Malaysia has resulted in job losses, business growth, and customer satisfaction retention, as well as an increase in unemployment, company closures, and a drop in overall GDP. The impact of the Covid-19 epidemic on survival, production, and GDP has been demonstrated. Incorporating technology into all aspects of a company's working practices reveals the necessity and capacity of the organization to adapt to new scenarios.

Keywords: Malaysian economy, GDP, Covid-19, companies efficiency, customer survival retention


INTRODUCTION

The new Covid-19 sparked a global outbreak that began in Wuhan, China, and has since spread to 216 countries. As of mid-May 2020, there are 4,125,533 cases globally with 280,965 deaths (1). Investing in vaccine development, on the other side, has reduced global cases to 111,419,939 cases and 2,470,772 deaths as of late February 2021 (2). The Spanish flu is the most recent epidemic to interrupt business and social events. The pandemic ushered in a new way of life, both professionally and emotionally (3). The trade war between the United States and China, as well as the looming trade war, are the major sources of concern and dread in the business sector in 2019. The effects of the trade war on the global economy have alarmed business executives, and experts are divided on the subject (4). The International Monetary Fund (IMF) also weighed in on the subject, anticipating a global growth rate of 3.4% (5). Like no other, the Covid-19 outbreak struck damage (6). In a volatile market climate, essential decisions for survival are made, including as layoffs, salary cuts of up to 75%, and unpaid leave (7). Within a week following the pandemic's announcement, global financial markets plummeted, with stock markets losing about USD 6 trillion (8). While the unemployment rate in the United States reached its highest level of 14.7% since the Great Depression (9). Since crude oil prices have decreased, Malaysia is not immune to the issue. Despite Malaysia's estimate of $57, the price of crude oil is $54.77 in January 2021, and it is quite volatile. To compensate for the price shutdown had a substantial impact (10). Businesses have had to shut down operations as a result of the epidemic, resulting in the loss of a large number of jobs and lower productivity, notably among big makers of consumable products and services. The epidemic highlighted vulnerabilities in most nations' labor forces, notably in Malaysia, resulting in the obsoletement of numerous occupations and therefore unemployment. It also provided voice to technology-focused businesses, and certain technical tools became the new standard for hosting and organizing corporate meetings, distributing work, and assessing and stimulating staff performance. While the disease is wreaking havoc on people's health, it is also indirectly training people's brains, particularly those of firms and governments throughout the world, to embrace and fully incorporate a virtual manner of doing business and meeting people's wants into their systems (11, 12). The fast-moving-consumer-goods (FMCG) industry is one of Malaysia's most important industries, contributing significantly to the country's GDP, and is responsible for the manufacturing of essential products and services (13). In Malaysia, the food, beverage, and tobacco subsector of the FMCG business accounts for up to 5% of the country's total GDP in 2019. According to the Malaysian stock exchange, the FMCG business accounts for 17% of the equity in the country's market capitalization (14). This demonstrates the importance of the business to the Malaysian economy, as well as the study's focus on the pandemic's impact on the sector in relation to Covid-19's health risks. The global economic instability, the closure of businesses in Malaysia, and the impending recession all necessitated a study to investigate the influence of Covid-19 on company survival. Therefore, the research objective of this study mainly focuses on the FMCG market and Covid-19 outbreak. To the research question, this study aims to shed light on the effects of Covid-19 are how to affect the FMCG companies in Malaysia. To the novelty, this study uses EFA, CFA, and SEM to choose data collection techniques for participants at Covid-19.

Based on the former analysis, the contributions of this study are following: first, this study sheds lights on the Covid-19 are how to affect the FMCG companies in developing countries. Second, this study shown the effects of Covid-19 on Malaysian FMCG companies. To the implications, this study lays a solid foundation on the dangerous disease is how to affect the FMCG markets in developing countries. Moreover, this study may make future studies expand to other industries to provide a more comprehensive picture of the Covid-19's impact on the Malaysian economy and provide more insight into business operations.



LITERATURE REVIEW

Covid-19 is linked to a slew of viruses that cause diseases including the common cold and Middle East Respiratory Syndrome (MERS-CoV). Despite efforts to stop the virus from spreading, global incidences of the Covid-19 virus continue to climb (15). Covid-19 is a worldwide epidemic that is impacting all sectors at the same time, and there is no hope until late 2020, when a vaccine will be released (16). However, in the first quarter of 2021, numerous significant advancements in the development of covid-19 vaccines are reported in nations such as the United States, Russia, and the United Kingdom, among others (2). Increased individualization, less religious meetings, and governments embracing new ways of engagement in economic, social, and political involvement are all possibilities for combating the spread (17).


Covid-19 the International Financial System

The outbreak of the pandemic, China's economy is starting to catch up to that of the United States, with a gross domestic product (GDP) of $13.7 trillion. Regarding December 2019, China in the power cut of almost all procedure while involve (15). Due to the epidemic occurrence, the universal financial system is expected to contract by 2.4 % in 2020, with some analysts predicting even inferior (1.5%) in the first section of 2021. Moreover, Saudi Arabia's and Russia's oil price war had a detrimental influence on oil prices (4). 24.7 million jobs are lost as a result of the epidemic, with losses ranging from $860 billion to $3.4 trillion in revenue. A reduction in sales of this magnitude might trigger a global financial catastrophe and recession (18). Since the start of the Covid-19, the FTSE, Nikkei, and Dow Jones have all seen share prices plummet, indicating that the global stock market is rapidly declining due to global economic uncertainty (16). To set aside susceptible people, the US had to pump $2.2 trillion into the economy, and the UK did the same by paying up to 80% of workers' salaries to a trust fund. The biggest concern is that following the outbreak, economists anticipate an economic decline (9).



Underpinning Theory, Profit Maximization Theory, and Survival-Base Theory

In his book The Prosperity of Nations, Adam Smith introduced profit maximization theory, stating that any firm will act in its own best interests in order to maximize profit from its economic activities. The survival-based hypothesis is initially offered by Herbert Spencer (19). The notion, which is popular in the twentieth century, stresses survival of the fittest, with every corporate organization utilizing every tactic available to achieve survival. According to the profit maximization concept, every business owner or firm would always act in their own best interests in order to maximize profit, secure long-term viability, and improve the total benefit to society (20). Businesses attempt to maximize profit by correlating marginal sales to marginal cost, according to the notion. According to the idea, as long as law and ethical custom are followed in the performance of the company's commercial activities, benefit maximization is the fundamental goal of the company (21). Survival-Founded Philosophy, on the other hand, is based on the survival of the fittest and emphasis that businesses must do whatever is legally feasible to prosper, compete, and thrive (22). It is normal for rivals to put out effort to establish the fittest organization that can adapt rapidly and effectively, according to survival-based philosophy. According to the notion, fierce market rivalry is advantageous to legitimate existence (23). The theory's applicability in corporate recovery is still relevant today, since failing businesses frequently encounter financial difficulties, labor attrition, failed items, market share losses, and other challenges. Job cutbacks/layoffs, wage cutbacks, the sale of an under-capacity asset, and product repositioning may all be necessary for an organization's resurrection (17). The fundamental aims of organizations are productivity, adaptability, and profitability, which assure their long-term viability (24). All actions performed by corporations, particularly in the aftermath of the Covid-19 epidemic, are crucial because they support these beliefs (profit maximization and survival).



Hypotheses Development

The Covid-19 epidemic has had an influence on Malaysian businesses as well as the stock market. The Malaysian stock market has lost $5.9 billion in value, with further losses expected (6). Malaysian businesses have closed due to low consumption and supply issues (25). Now that client orders are at an all-time low, client retention is more challenging. Although the study (6) looked into Covid-19 and the economic crisis, it did not look at the influence on company survival, nor is it domesticated inside Malaysia's (FMCG) industry. In order to establish if Covid-19 has affected the chances of firm survival and consumer retention in the FMCG business, hypotheses one and two are developed.

H01: The pandemic of Covid-19 has an effect on the FMCG industry's ability to survive.

H02: The pandemic of Covid-19 has an effect on the FMCG sector's ability to survive due to consumer retention.



Malaysian Firms' Performance During Covid-19

Over time, Malaysia FMCG industry has faced a number of challenges. The fall in consumer buying power in Malaysia as a result of the 2016 recession is an example. Covid-19 took a toll on the FMCG market, which is exacerbated by Dollar inaccessibility and poor macroeconomic conditions (26). One of the issues encountered by FMCG firms is the problem of volatility in all sectors of the business, causing many to lay off staff or impose forced leave without pay (25). The pandemic's influence on productivity is obvious in output volume in the FMCG industry, which has an indirect influence on market share. Some research has focused on Covid-19 and how it has effected those industries as well as the overall view of events in Malaysia (15, 27), but no research has yet to properly domesticate the study inside the FMCG industry, which is a gap that this study attempts to solve. Hypothesis three looks into the influence of Covid-19 on the FMCG industry's corporate survival and efficiency.

H03: The pandemic of Covid-19 has an impact on the FMCG sector's ability to survive because to a loss of production.



FMCG Sector, Covid-19, Business Survival

Malaysia government and private sector work together to combat unemployment and create jobs for people of working age and unemployment will contribute to a rise in poverty, and the Covid-19 is already threatening to reverse the progress made in combating unemployment (28). The study by Adu (29) looked at the state of unemployment in a few industries in Malaysia, but it left out the FMCG market. This influenced the formulation of hypothesis four, which examined the possibility of increased unemployment in the FMCG sector in Malaysia as a result of the Covid-19.

H04: Covid-19 contribute negatively to unemployment/job loss and affect business survival in the FMCG sector.



Technology Improvement During Covid-19

The adoptions of other modes of remote engagement under Covid-19 in order to maintain economic activity and prevent a complete shutdown are necessary to change firms' performance. Many businesses and government agencies are required to implement information technology (IT) as a result of Covid-19 (12). Technology adoption became a necessity, increasing operating costs. Is it a coincidence that the supply value of online video systems like Zoom, Microsoft Teams, Skype, and others has increased in tandem with Covid-19, or did it boost IT acceptance along the business value chain? Hypothesis 5 focuses on Covid-19, technology acceptability, and commercial survival.

H05: The Covid-19 epidemic exposed the level of corporate technology implementation and had an influence on company survival in the FMCG sector.



During Covid-19, the Malaysian Financial System Is in a State of Flux

Malaysia practiced monetary depression in 2009 as a result of the global financial crisis, and again in 2016 as a result of a sharp drop in the international oil price. In 2019, the country is the world's 11th biggest producer of manganese, 11th biggest producer of tin, 12th biggest producer of bauxite, and 19th biggest producer of lime. The current Covid-19 outbreak is influencing the price of these precious metals, which are the primary source of foreign cash. Malaysia's economy is already suffering from the discrepancy in crude oil prices (6). Company closure leads in a reduction in taxes and earnings owing to the government, in addition to inadequate revenues to support the budget (10).

H06: Covid-19 has a detrimental impact on Malaysia's economy.




RESEARCH METHODS

The research is expressive in natural world because it assembles data by primary and secondary techniques to analysis hypothesis. To investigate the impact of the Covid-19 on the Malaysian economy, hypotheses one through five used survey responses, Hypothesis 6 is based on data from the Malaysian National Bureau of Statistics (www.dosm.gov.my) and the Central Bank of Malaysia (www.bis.org.com). The study population consists of 20 FMCG companies that are chosen based on their stock exchange ranking in Malaysia. Due of the Covid-19, which is restricting travel and generating social isolation, the questionnaire items are created in a Google format and delivered to the respondents. The collection of data related to these questionnaires took up to 4 months. The purpose of filling questionnaires from top level workers at each FMCG firm is to examine the Covid-19's long-term impact on Malaysian firms' performance. Customer satisfaction, company competitiveness, unemployment, and technology adoption-related questions are included in the questionnaires (30–33), which are important to assess the firms' performance in the short and long term.


Collection of Instruments

The exploratory factor analysis (EFA) and confirmatory factor analysis (CFA) are used to assess homogeneity and data adequacy before testing hypotheses using the structural equation model (SEM).

To rationalize the application of SEM, researchers must examine the causal relationship between the study's measured, observed, and latent variables. Seventy-five to eighty-five percent of the data is returned throughout the 4-month data gathering period. The respondents' demographical situations have been represented in Table 1 and all the respondents belong to FMCG Firms' of Malaysia.


Table 1. The respondent's demographics.
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DATA ANALYSIS AND RESULTS


Assumptions for Multivariate Analysis

A SEM is used to assess the sample size, normality, missing values, and multi co-linearity hypotheses (34). Given that the sample size used for this analysis is 713, the recommended sample size of 200 (35) is reached 695. Questionnaire data is evaluated for skewness and kurtosis to check for normalcy within the (−1) and (+1) range (36). The data set had no outliers according to the frequency count and correlation analysis is used to check for multi-co-linearity. Moreover, The Harman's second approach, employs the CFA system to combine all 25 items used in the analysis into a single factor (Chi-square = 22.345, IFI = 0.62, CFI = 0.42, TLI = 0.63, NFI = 0.61, and RMSEA = 0.24) the result indicates a weak fit.

The traditional process bias rule is not broken in this research and EFA-based principal axis factoring eliminated redundant objects and investigated build loadings. The KMO and BTS tests are applied to evaluate homogeneity with (p = 0.05 and p = 0.000) suggested acceptance values (37). The KMO for the EFA of this study is 0.891, and BTS is 27988.297 (p = 0, and p = 0.05), to attain data adequacy as well as homogeneity. A one-dimensional analysis is used to test the model's fitness for SEM, and the measurements are assessed using composite reliability (CR), average variance extracted (AVE), Cronbach alpha, factor-loading, mean, and standard deviation. The Cronbach-Alpha reliability approach is used to determine the construct's dependability, and it must be more than 0.75, as Nunnally (38) recommends (see Table 2). Table 2 shows that the factor loadings for all 21 items are larger than 0.5, suggesting that the data loaded well and matched the measurement model well. The comparative fit index (CFI) measures how well the research model fits the null model, which assumes no relationships between model components. The CFI value for all constructs is more than 0.89, as shown in (Table 3), showing that the measurement model is well-fit (43). The CFI value shows that the model is fit. The CR approach is used to test each construct's internal consistency in terms of variance from an observable variable from its hidden component. Internal consistency is specified as a CR of <0.75; Table 2 reveals that all five components had greater values. The degree to which a concept captures variance from the overall amount of measurement error experience in a model is known as AVE. The threshold is chosen at 0.50 by Maravelakis (44) and non-violation is indicated in Table 2. As a consequence, homogeneity is obtained for the model utilized to test the study hypotheses using SEM. Just 25 things are deemed to be fit after being submitted to CFA as shown in Table 4 (CR-5, BS-2, BS-4, FP-3), and (COV-3, COV-5) are eliminated from customer retention, company survival, firm productivity, and the Covid-19, respectively.


Table 2. Determine the COVID-19 of evaluation points.
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Table 3. Dimension CR, AVE, CFI models, and Chi-square test values.
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Table 4. The root mean square error of approximation and the CFA results.

[image: Table 4]

The comparative fit index (CFI) = 0.894, Tucker-Lewis index (TLI = 0.893), incremental fit index (IFI = 0.890), goodness of fit index (GFI = 0.879), chi-square (X2 = 3.121), degree of freedom (Df = 290), and root mean square error of approximation (RMSEA = 0.08), these factors in Table 5 indicate that the model is over the acceptable acceptance level, making it suitable for testing the hypothesis (45, 46).


Table 5. Model of the hypothesized testing.
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Hypotheses Testing

Only the first five hypotheses are estimated using SEM, as shown in Figure 1, which displays the direct, indirect, and standardized regression weights. In order to investigate the impact of the Covid-19 on Malaysia's economic prospects, the sixth hypothesis is tested using a narrative discourse that contrasted the third and fourth quarters of 2019 to the first and second quarters of 2020, based on secondary data from NBS and CBN. The hypothesis is accepted after the SEM analysis found that (H1) there is a clear relationship between the Covid-19 and FMCG company output (t-value = 3.679 at p = 0.005). This suggests that the unexpected outbreak of the Covid-19 would have a negative effect on the FMCG sector's business continuity and survival. The indirect hypotheses (H2-H5) look at how the Covid-19 affects the survival of firms in the FMCG market, using firm performance indicators including efficiency, unemployment, consumer retention, and technology adoption.


[image: Figure 1]
FIGURE 1. Standardized hypothesized structural equation model.


The results show that the Covid-19 has shook the activities of numerous FMCG firms, determining their success or failure. These assumptions are recognized since the analysis shows that the Covid-19 has a positive and indirect influence on company efficiency, unemployment, and company technology adoption (t-value = 12.234, t-value = 15.134, and t-value = 7.345 at p = 0.05). According to Hypothesis, the Covid-19 had a negative, indirect, and significant influence on FMCG customer retention and firm survival (t-value = −7.345 at p < 0.05). H02 is recognized as a result of the principal impacts. This might be due to the lockout, which makes it difficult for businesses and consumers to develop a steady transactional relationship, prompting customers to seek out alternative enterprises with significant web presences that can fill their demands fast during the lockdown.

H06: Covid-19 has a detrimental impact on Malaysia's economy

The Malaysian economy's prospects are determined by the GDP, inflation rate, and interest rate. The research utilized the GDP and inflation rate to compute the Malaysian economic forecast in order to estimate the influence of the Covid-19 on the Malaysian economy in comparison to the previous year 2019. This will demonstrate the economic impact of the pandemic in Malaysia and determine whether H06 will be accepted or denied.

Malaysia GDP increased by 1.87% in the first quarter of 2020, a decrease from the 2.55% rise in the fourth quarter of 2019. The drop in GDP in the first quarter of 2020 may be attributed to a halt in foreign trade. Similarly, GDP fell by −6.10% in the second quarter, compared to the previous quarters' rise and in comparison to the previous quarter, the third quarter saw a 3.62 % drop. However, the fourth quarter saw a 0.11 % increase in GDP, bringing the total GDP annual growth rate to 1.92% lower than the previous year. As a result, this drop demonstrates the negative impact Covid-19 has had on Malaysia economic outlook. Furthermore, from the last 5 months of 2019 to the last 5 months of 2020, the Malaysian inflation rate has been rising at an alarming rate. While the pattern of these increases has been constant since the beginning of 2019, it is impossible to say with certainty that the continuous rise in the year 2020 is due to the Covid-19. However, given the annual decrease in Malaysian GDP (−1.92) during the global pandemic in 2020, compared to the annual rise (2.27) in 2019, we can conclude that the Covid-19 has a negative effect on Malaysia economic outlook, leading to acceptance of the hypothesis.




CONCLUSIONS AND RECOMMENDATIONS

This study focuses on the viability of 2019 coronavirus disease companies and the success of FMCG companies. Six viewpoints are studied, five of which are analyzed by structural equation, and the sixth is analyzed by narrative discourse. All five hypotheses evaluated by SEM were correct. Due to the mandatory confinement of the Malaysian government, covid-19 has had an impact on the survival of enterprises in the FMCG industry. Companies forced to close down face liquidation and survival problems all over the world. In addition, 2019 coronavirus disease reveals the degree of technology use and survival of enterprises in the FMCG market. This is consistent with the survival-based mentality and profit maximization, because any company that cannot produce with maximum capacity or maximize profits is in danger of failure to survive and prosper. In the twenty-first century, today's market environment is developing at such an amazing speed. If technology is not fully integrated into business, it is difficult for enterprises to keep up. The data show that many FMCG enterprises have a low technology adoption rate in the whole value chain. According to the survey results, covid-19 has an impact on the unemployment rate and/or unemployment rate, which has an impact on the company survival of FMCG enterprises. This finding confirms these claims. In 2020 and 2019, coronavirus disease has an adverse impact on the unemployment rate in 19 countries, resulting in unemployment and loss of income. In FMCG 2019 coronavirus disease, covid-19 has an impact on enterprise productivity and survival. 2019 coronavirus disease the impact of 2019 coronavirus disease, consumer well-being and company survival rate have been negatively affected by cvid-19. Finally, the data show that covid-19 has a negative impact on Malaysia's annual GDP, and the economy is expected to decrease by 1.92% over the previous year. This is predictable because of the stagnation of international commerce and the blockade of global commerce. The country's GDP is declining and inflation is growing at an unprecedented rate, resulting in the loss of considerable value of the country's currency compared with international currencies such as the US dollar.


Significances

Malaysian employees, company productivity, and unemployment rate were all affected by the Covid-19. Several nations, particularly industrialized ones, are, nevertheless, aiding firms in order to lessen the effects of the Covid-19. Further research can be done with a larger sample size on the same topic, and while this study focuses on the impact of the Covid-19 on the survival of FMCG companies, future studies may expand to other industries to provide a more comprehensive picture of the Covid-19's impact on the Malaysian economy and provide more insight into business operations. In order to compare the influence of the Covid-19 on firm survival and outcomes in established and emerging countries, more study is needed.
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Economic shocks from COVID-19, coupled with ongoing US-China tensions, have raised debates around supply chain (or global value chain) organisation, with China at the centre of the storm. However, quantitative studies that consider the global and economy-wide impacts of rerouting supply chains are limited. This study examines the economic and emissions impacts of reorganising supply chains, using Australia-China trade as an example. It augments the Hypothetical Extraction Method by replacing traditional Input-Output analysis with a Computable General Equilibrium analysis. The estimation results demonstrate that in both exports and imports, a trade embargo between Australia and China – despite being compensated for by alternative supply chains—will cause gross domestic production losses and emissions increases for both countries and the world overall. Moreover, even though all other economies gain from the markets left by China, many of them incur overall gross domestic production losses and emission increases. The finding that the Association of Southeast Asian Nations and India may also suffer from an Australia-China trade embargo, despite a gain in trade volume, suggests that no country should add fuel to the fire. The results suggest that countries need to defend a rules-based trading regime and jointly address supply chain challenges.
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INTRODUCTION

Ongoing US-China tensions and the economic shocks of the coronavirus disease 2019 (COVID-19) pandemic have raised the attention given to debates around supply chain organisation, with China at the centre of the storm. COVID-19 has changed the world permanently (1) and the supply chain disruption is one of the significant changes. COVID-19 exposed the supply chain vulnerability (2). As part of economic-stimulus packages, many governments have provided incentives to bring home or “reshore” manufacturing. For example, the US government under the Trump Administration led a campaign to exclude China from the trade networks of the United States and its allies (3). Japan is incentivising domestic manufacturing through financial subsidies of ¥240 billion (US$2.3 billion) (4). Australia is working with Japan and India to shift supply chains from China to the Association of Southeast Nations (ASEAN) and India (5). China is also preparing for a more diversified and secure supply chain, motivated not by COVID-19 but by US sanctions on Huawei and other high technology companies. Even for primary resources such as iron ore, China will seek to diversify its supplies (6). The trend towards such political intervention in supply chains, or global value chains (GVC), could undermine the global trade regime and even lead to the collapse of the multilateral trading system (7).

Further understanding the cost and benefits of supply chain manipulation and their distribution among major economies can inform policy development at both national and regional levels. Uncertainties from supply chain configuration will affect emissions directly (8), and indirectly through economic policy uncertainties (9), and thus further affect China's commitments to achieve carbon peak by 2030 and carbon neutrality by 2060 (10). However, quantitative studies that consider both direct and indirect impacts—especially CO2 emissions—are limited. The impacts of COVID-19 on supply chains have been extensively examined in the literature. Existing studies on COVID-19 and GVCs mostly focus on the impact of COVID-19 on supply chains (11, 12), the overall measurement of resilience (13, 14), an alternative concept for supply chains (15), prediction of its impact (11) or management of supply chain resilience (16, 17). There has also been discussion of COVID-19's impact on globalisation, albeit mainly in terms of physical restrictions rather than trade (18). More literature have been recorded on the impact of US-China trade disruptions on GVCs (19, 20). However, a recent review found that there is a lack of empirically designed and theoretically grounded studies in COVID-19 related supply chain literature (21). Specifically, there are no studies on how to measure the vulnerability of specific supply chains or the impact of reorganised supply chains on emissions.

The Australia-China trade relationship provides a salient example of supply chain issues. Australia's trade with China has grown rapidly over the last two decades. Goods exports to China grew from A$6.0 billion in 2000 to A$149 billion in 2019, accounting for 38.2 percent of Australia's total goods exports in 2019, while goods imports from China grew from A$9.1 billion to A$79.5 billion over the same period, accounting for 24.7 percent of total imports (22).

Figure 1 highlights the sectors with the largest trade volume and their respective shares of Australia's total exports and imports per sector. However, the bilateral relationship has deteriorated in the past 2 years and China has since introduced a number of measures restricting Australian exports—including an effective ban on Australia's coal and wine exports to China (23).


[image: Figure 1]
FIGURE 1. Key trade sectors between Australia and China. %, imports from or exports to CN/total AU imports or exports; f.c.f, “fresh, chilled or frozen; n.e.s, “not elsewhere specified”. Source: Australian Government Department of Foreign Affairs and Trade (2020).


Amid increased friction between Australia and China, there have been ongoing debates about whether and where Australia should reduce its dependence on China. There have long been calls for Australia to reroute exports towards markets other than China (24). While some contend that the Chinese restrictions and bans have hurt the Australian economy, others claim the impact has been mitigated by exporting Australia's products to alternative markets (23). Also gaining influence in 2020 were reports of pandemic-induced supply shortages in sectors as wide-ranging as construction, healthcare, agriculture and retail, which prompted an increase in attention given to supply chain organisation and the extent of Australia's dependence on imports (25). The cancellation of the agreements on the Belt and Road Initiative between the state of Victoria and China evidences the tension on the bilateral relationship (26). A comprehensive study can provide timely information to these ongoing debates in both Australia and China.

In this study, we inform global supply chain reorganising debates by examining the case of supply chain disruptions between Australia and China. We first identify the most vulnerable supply chains between Australia and China using the Hypothetical Extraction Method (HEM), an Input-Output (I/O) approach that was recently improved by Duarte et al. (27). Next, we study the impact of alternative supply chains for Australian exports to and imports from China with the global trade and analysis (GTAP) model, a multi-region, multi-sector Computable General Equilibrium (CGE) model that assumes perfect competition and constant returns to scale.

The research makes the following contributions: first, methodologically, we modify the traditional HEM by replacing I/O analysis with a Computable General Equilibrium (CGE) model. Second, this paper is among the first to practically estimate supply chain dependence between Australia and China. Third, we address current debates faced by policymakers by simulating the impact of reorganised supply chains. The policy implications of this case study in Australia-China trade are likely to be applicable to other major trade relationships between China and the developed world.



METHODOLOGY

The research ranks Australia's exports to China and imports from China by sector. In determining the importance of each sector, we adopt the HEM, which measures the importance of each sector by simulating the impact of an export or import embargo in that sector. The simulations are conducted using a CGE model, which estimates the economic and emissions consequences of shutting down bilateral trade for each sector. The sectors are ranked in descending order based on the magnitude of economic loss. We then report the economy-wide impact for selected economies/economy groups after removing each of their five top-ranked sectors. Australia's gas export is simulated separately as Australia now is the world largest liquid natural gas (LNG) exporter, and a significant proportion goes to China (28).


Hypothetical Extraction Method (HEM)

In most studies, the importance of a sector in trade is assessed using final imports as a measurement of interdependence. However, this approach is insufficient as 70 percent of global trade is in intermediate goods (29), meaning that finished goods may have supply chains beyond where they are assembled.

The importance of each sector in bilateral imports and exports is more appropriately be ranked by the HEM. The HEM is an application of an Input-Output (I/O) approach that was first initiated by Schultz (30) and further improved by Cella (31) and Duarte at al (27). In recent years, the HEM was extended to identify the key sectors in terms of emissions through case studies of Beijing (32), China (33), and South Africa (34).

The HEM measures the importance of a sector in an economy by estimating the economic loss when that sector is hypothetically extracted from the economy. The difference in GDP between this hypothetical scenario and the baseline scenario is the economic effect or “value” of this sector. By estimating the values one by one, we get a ranking for Australia's import/export from China. The basic concept of the HEM is shown by Huang and Tian (35).

Traditionally, the HEM estimation is concluded in an I/O model. However, the I/O model has several limitations, such as a lack of constraints in the supply side and budget for households and governments, fixed prices in the model with no consumer response to price changes, and also, the ratios for intermediate inputs and outputs are fixed in the model. These assumptions are therefore unreasonable and could lead to misleading results.



The Computable General Equilibrium (CGE) Model

In this paper, we replace traditional I/O analysis with the GTAP model. The GTAP Model is a multi-region, multi-sector CGE model which assumes perfect competition and constant returns to scale. We use the current model (v7) (36) with the most updated database (Version 10) that is based on the world economy in 2014 (37). It is worth noting that this study is based on an investigation of the likely outcomes of the different scenarios. Given that the database is comprised of data available in 2014, caution should be exercised in interpreting the results. Hence it is suggested that readers should not place too much emphasis on exact numerical values derived from each scenario, but should instead focus on relative impacts and their associated consequences in each scenario. Compared with the original I/O analysis in the HEM framework, the CGE model can better reflect reality.

The GTAP database is a global database describing bilateral trade patterns, production, consumption and intermediate use of commodities and services for 65 sectors and 141 countries and regions in the world with millions of data. The GTAP database and its associated CGE models are very comprehensive as they include all components of an economy and allow these components to interact with each other. In addition, the model describes the efficiency-maximising behaviour of firms and the utility-maximising behaviour of consumers. Because of the comprehensiveness and the accuracy of the GTAP database and its CGE model, they are widely employed by researchers around the world in conducting CGE analysis and policy simulation.

Shocks in the form of changes in policy variables can be applied to the model for policy simulation. Results can then be derived by working out new equilibrium values for all variables. Since all components in an economy are linked together in the model, one can observe the impacts of the shocks on all the sectors and also evaluate the effects on GDP, employment, price, supply, and demand in all sectors. The GTAP model is deemed the most advanced tool in CGE analysis on international trade; therefore, it is employed in this study.

In the database, there are 65 sectors, as shown in the Appendix. Since our interest is to rank the importance of each sector, we do not aggregate the sectors. Among the 65 sectors, one sector is “Dwellings” that does not involve trade, and thus we ignore this sector. Based on the ranking of the 65 sectors in import and export, respectively, we identify the key sectors from Australia's perspective.

Regions, however, are aggregated into 14 regions. Apart from Australia and China, other independent regions include Hong Kong and the US. Hong Kong is separated because some trade from China might be rerouted through it. The US is separated because of its size and ongoing tension with China. ASEAN and India are highlighted as they are likely to be the destination for trade relocated from China. The European Union is separated as they are likely to have different policies from East and Central Europe (Table 1).


Table 1. Regional groups.
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In order to verify that the results are consistent, similar scenarios have been run on previous databases of 2007 and 2011. Very similar results have been obtained, and all key conclusions are robust. However, for the sake of brevity, only simulation results derived from the latest database are presented, while results from previous databases can be provided upon request.



Economic and Environmental Impacts of Reducing Australia's Trade With China

We use GDP change (measured in USD unless otherwise stated) as the key indicator to separately rank Australia's exports to China and imports from China by sector. The ranking provides an indicator of the importance of each sector in bilateral trade. Our estimation suggests that a total trade embargo between Australia and China will cause economic losses and increased carbon emissions for both countries and the world as a whole—though some economies may benefit from the trade cut. Although part of the reduction in bilateral trade can be diversified to other regions, the trade that has been ceased cannot be fully compensated for, and costs to both countries and the global communities remain significant. Furthermore, although a significant number of economies can increase their share in Australia's market after China is excluded, many of these economies may still register a loss in GDP. This is because China is the world's second-largest economy: if China suffers an economic loss, consumption in China declines, which may lead to a reduction in imports from other economies.



Impact of Cutting Off Australia's Exports to China

Figure 2 illustrates loss in GDP from the cessation of Australian exports to China in each sector. These are ranked by the sizes of the loss in Australia's GDP resulting.
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FIGURE 2. Loss in GDP from trade cut-off per sector, Australia exports to China (M$). The x-axis is in logarithmic scale; in the case of loss than $1 million, or gains (for the two cases oil & oil extraction and berate & tobacco), the values are not shown in the figure. Source: Authors' own estimation.


As expected, the largest GDP losses for Australia are incurred when the largest goods export sectors are cut off. For example, cutting off exports of Ores—which includes Australia's largest export good, iron ore—results in a GDP reduction of $6,200 million. However, the absence of this trade causes a $150,000 million in China's GDP, 24.5 times larger than the GDP loss for Australia.

At the aggregate global level, cutting off trade in the top four sectors—Ores, Coal, Non-ferrous metals and Other grains—each causes a net GDP loss of over $1,000 million. Cutting off Ores causes a net $130,000 million loss globally, several multiples larger than the next largest sector, Coal, which results in a $5,200 million loss.

In 61 of 63 sectors, China's GDP contracts more than Australia's when trade is disrupted. However, given that China's economy was 10 times of the Australian economy, the relative impact to China may be much smaller than to Australia's in many sectors. At the global level, blocking trade in any sector would cause a net GDP contraction.

When it comes to the environmental impacts of cutting off trade, Table 2 shows that emissions changes are again concentrated in Australia's mineral exports to China. As with changes in GDP, Australia experiences a larger emissions reduction than China in most of the sectors. Most notably, cutting off Ores exports would reduce China's emissions by 123.8 MT. Cutting off Coal, however, causes an emissions increase in both economies, but the emissions increase would be much larger in China than in Australia. And cutting off Australian exports of Non-ferrous metals results in a 3.1 MT emissions reduction in Australia, while China would see a small increase of 0.6 MT.


Table 2. Change in emissions from trade cut-off per sector, Australia exports to China (Mt).
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Cutting off exports in other sectors would cause somewhat less significant changes in emissions, with the exception of Air transport, which would lead to a 0.9 MT emissions reduction in Australia but a 0.1 MT increase in China.

At the global level, cutting off Ores results in a net emissions reduction of 24.7 MT, but this comes at the cost of $130.1 billion in lost GDP. Cutting off Coal, however, causes a net emissions increase of 73.2 MT globally, in addition to the cost of a $51.6 billion contraction in worldwide GDP. For other sectors, the emissions impact is much lower, with a maximum emissions change of negligible at 0.2 MT.



Impact of Cutting Off Australia's Imports From China

Figure 3 illustrates the effect of cutting off the flow of imports from China to Australia on GDP and emissions in Australia, China, and the world.
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FIGURE 3. Change of GDP due to trade cut-off by sector, Australia's imports from China, M$. Thirteen sectors with change of GPD between 0 to 0.9 million $ are not included. Source: Authors' own estimation.


In contrast to Figure 2, there are no sectors in which Australia sees increased GDP following trade cessation. In three sectors Australian GDP decreases by more than $1,000 million: Electronic and optical products, by $3,500 million; Apparel, by $2,200 million; and Electrical equipment, by $1,000 million. These Manufactures correspond to the largest flows of products from China to Australia.

In 60 of 63 sectors, Australian GDP contracts by more than Chinese GDP. In three sectors—Apparel, Electronic and optical products, and Electrical equipment – the GDP losses for China are 11.4, 4.2, and 3.9 times smaller than the GDP loss for Australia, respectively. There are also a number of sectors where China sees GDP increases following stopped trade, most notably including Land and pipeline transport, where China gains $7.7 million while Australia loses $155.5 million.

GDP changes at the global level generally exceed that of Australia's. In the top three sectors, the global GDP loss is $194.7 million larger, $90.4 million smaller and $1.5 million larger than the Australian GDP loss in Electronic and optical products, Apparel and Electrical equipment, respectively.

The emissions impact of stopping Chinese exports to Australia is also considerably less significant than that of stopping Australian exports to China (Table 3). Only 26 of the 65 sectoral cases record at least one non-zero impact. No sector accounts for an emissions change >1 Mt in either Australia or China, with the majority of sectors recording negligible emissions changes of <0.05 Mt. The maximum of a 1 Mt reduction in Australia comes from stopping Chinese exports of Petroleum and coke products. This corresponds with an emissions increase of 0.1 Mt in China.


Table 3. Change in emissions from trade cut-off per sector, China exports to Australia (Mt).
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In a number of other sectors, such as Electronic and optical products and Apparel, cutting off Chinese imports to Australia also results in significantly larger emission increases in China than in Australia. An opposite effect is observed in Non-metallic minerals, where Australian emissions increase by 0.2 Mt while Chinese emissions decrease by 0.8 Mt.

Taking Table 2 into account, Australia is more likely to see emissions benefits of cutting off trade with China in both imports and exports. Such an emissions reduction, however, is not an unqualified positive since the associated decline in GDP is also substantial.

At the global level, cutting off the Australia-China trade also results in net emissions changes lower than 0.05 Mt for most sectors. The largest emissions change comes in Electronic and optical products, with a 1.9 Mt increase.




REGIONAL ECONOMIC AND ENVIRONMENTAL IMPACTS OF ALTERNATIVE MARKETS AND SUPPLIERS FOR AUSTRALIA

In this section, we investigate the economic and environmental changes in different economies/economy groups after key Australian exports to and imports from China are disrupted.


Regional Economic and Emission Impacts of Cutting Off Australia's Exports to China

Table 4 presents regional GDP and CO2 emissions impacts of cutting Australian exports to China in key sectors. Column (1) lists the regions, while columns (2) to (7) list the GDP change per region following the cessation of Australia's exports to China in each of the six key sectors discussed in Figure 2. Negative values indicate GDP losses, while positive values indicate GDP gains. Columns (8) to (13) list the CO2 emissions changes following trade cessation in the same six sectors. Negative values indicate decreased CO2 emissions, while positive values indicate increased CO2 emissions.


Table 4. Economic and emissions impact of cutting off Australian exports to China in key sectors.
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Columns (2) to (7) show that the GDP impacts for economies other than Australia and China are mixed. For instance, ASEAN's GDP declines in four of six sectors when Australian exports to China are cut off. India, meanwhile, also sees GDP losses in four of six sectors. This suggests that current efforts to relocate Australia's supply chains from China to India could be counter-productive. Where there are GDP gains, the largest tend to be in established markets such as Developed Asia, the US or the EU and UK.

Consistent with Figure 2, the GDP impacts of stopping Australian exports of Ores to China are the largest among the six sectors. Column (7) indicates that aside from Australia and China, Hong Kong and India both lose $7.9 million and $341.9 million in GDP, respectively. Ten of 14 regions experience GDP gains, including ASEAN ($305.0 million), but these are vastly outweighed by China's $151 billion GDP loss, which on its own causes world GDP to fall by a net $130 billion. The largest GDP gains are made by the EU and UK ($7.3 billion), Central and South America ($5.3 billion) and the US ($4.3 billion).

Column (5) lists the GDP changes associated with cutting off Australian Coal exports to China. Here, nine of 14 regions see GDP growth, including ASEAN ($11.8 million) and India ($84.4 million). However, these are significantly smaller than GDP gains made by Developed Asia and the EU and UK, which respectively see GDP growth of $644.1 million and $324.5 million. This is because Developed Asia is the main market for Australian coal and thus benefits from lower prices due to the absence of Chinese demand.

In Other grains [column (1)], cutting off Australia's exports to China induces GDP contractions in all regions except the US, which grows its GDP by $10.1 million. ASEAN loses $3.5 million in GDP, while India loses $5.7 million. Similarly, in Animal fibres, the GDP impact tends to be negative for most regions, including ASEAN and India.

For Meat of ruminants, Developed Asia, Central and South America, the EU and UK and Africa see GDP gains of $32.4 million, $9.4 million, $4.6 million and $2.0 million, respectively. Hong Kong's GDP experiences no change, with the remaining regions all declining in GDP.

In terms of emissions, disrupting Australian exports to China has particularly significant effects in the case of Ores and Coal. Column (13) shows that while China's emissions decrease by 123.8 MT, all other regions' emissions increase by 0.1 MT (Developing Asia) to 16.3 MT (Developed Asia). The latter emissions change is the second largest after China's.

In the Coal sector, all regions experience emissions increases, with the exception of ASEAN, Other North America, non-EU European economies and the rest of the world. Outside China, the only region with an emissions change in the double digits is Developed Asia.

In other sectors, no regions outside Australia and China experience emissions changes >0.25 MT, except for the US, which increases its emissions by 0.3 MT when Australian exports of Other grains are redirected. The overall emissions impact in these key sectors is therefore dominated by the emissions-increasing effects of cutting off Australia-China trade in Ores and Coal.



Regional Economic and Environmental Impacts of Cutting Off Australia's Supply Chains From China

Similar to Tables 4, 5 presents the GDP and CO2 emissions impacts when Australia's imports from China are cutting off in each of the five key sectors. Column (1) lists the regions, and columns (2) to (6) list the GDP changes for each region in each of the five key sectors in Figure 3. Positive values denote GDP increases, while negative denotes GDP decreases. Columns (7) to (11) list the CO2 emissions changes for each region in the five sectors, with positive values indicating increased emissions and negative values indicating decreased emissions.


Table 5. Economic and emissions impact of cutting off Australian imports from China in key sectors.
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In Table 5, a majority of regions (excepting Australia and China) see GDP gains after Australia-China supply chains are severed in each sector. In particular, ASEAN gains in four out of five sectors, while India gains in all five. Overall, however, India's GDP gains tend to be smaller than that of ASEAN or other, more established suppliers.

As expected, GDP tends to increase in the regions from which Australia imports a larger proportion of the total in each sector after blocking Chinese exporters. For instance, after cutting off Australia's imports of Electronic and optical goods from China, the absolute value of US exports in this sector to Australia grows by $3.5 billion and its GDP increases by $201.8 million [column (4), Table 5]. Similarly, the EU and UK's combined GDP increases by $113.6 million when it boosts its exports of Electrical equipment to Australia by $1.6 billion. And overall, no region's absolute GDP change exceeds that of Australia or China.

However, there are exceptions to this pattern. Despite growing its exports of Apparel to Australia by $265.6 million, the US' GDP contracts by $7.1 million overall. This phenomenon is particularly pronounced in the Medicinal products sector, with four out of 14 regions registering a similar result. In particular, whereas India boosts both its GDP and exports to Australia (by $1.8 million and $16.9 million respectively), ASEAN's GDP falls by $0.4 million, despite increasing sectoral exports by $25.8 million. Similarly, non-EU European economies' collective GDP declines by $4.8 million, even as exports of Medicinal products increase by $120.1 million.

Columns (2) to (6) also indicate that the US and the EU (with the UK) regions tend to experience the largest GDP gains from Australia after redirecting its supply chains away from China. In some sectors, this occurs even if they do not become the largest exporters in those sectors or have the largest increase in the absolute value of their exports in that sector. For example, in Electronic and optical goods, the US and the EU (with the UK) regions increase the absolute value of their exports to Australia by $3.5 billion and $3.1 billion, respectively. These increases come in second and third place to ASEAN's $4.5 billion export growth in the same sector, but this is not reflected in changes to the regions' GDP. The US' GDP expands by $201.8 million, and the EU and UK's expands by $200.0 million, but ASEAN's expands by a significantly smaller $40.8 million.

In terms of emissions impacts, blocking Australia-China supply chains in these sectors tends to have relatively small effects. The largest emissions change outside China of a 0.6 MT increase occurs in the US when Australia's Electronic and optical goods imports from China are cut off, followed by a 0.4 MT increase in Developed Asia in the same sector. The total global emissions increase in this scenario is 1.9 MT.




CONCLUSION AND POLICY IMPLICATIONS

The economic shocks of COVID-19, coupled with ongoing US-China tensions, have reinvigourated debates around supply chain organisation with China as the focal point of discussion. Many analysts and even governments are actively promoting the relocation of supply chains away from China. Such interventions in supply chains could undermine the global trade regime and economic integration, particularly in East Asia, which has significantly benefited from integrated regional production networks. While advocates are optimistic about reorganising supply chains, the complexity of global value chains and integration of the global economy suggests that the direct and indirect impacts may be unexpected. However, comprehensive studies of alternative global value chains are limited.

In this study, we examine debates on supply chain organisation and the economic and emissions impact of rerouting supply chains using Australia and China trade as an example. Australia-China trade is a useful case study as both countries have complementary advantages in trade but are engaged in trade tensions. We first identify the most vulnerable supply chains between Australia and China. We augment the Hypothetical Extraction Method by replacing traditional Input-Output analysis with a Computable General Equilibrium analysis. We selected gross domestic output and emission changes as the key indicators in our analysis and separately rank Australia's exports to China and imports from China to Australia according to gross domestic product change sector by sector. The ranking provides an indication of the importance of each sector in bilateral trade. We also study the regional economic and emissions impacts of supply chain reorganisation in key Australia-China trade sectors when these trade sectors are forced to be cut off individually.

The estimation results demonstrate that in both exports and imports, a trade disruption between Australia and China—despite being compensated for by alternative supply chains—will cause economic losses and emissions increases for both countries and the world total. Losses are diversified across sectors due to factors such as the size and substitution of the affected trade.

Further analysis of the regional economic and emissions impact after Australia-China trade decoupling in six key Australian export sectors and five key import sectors found that although all other economies gain in the markets left by China, many of them suffer from overall economic losses and emissions increases. The impact on trade flows is more significant when disrupting Australia's exports than its imports. A total trade cut of Australia's exports to China by sector could result in a reduction of Australia's exports in each of these sectors by about 40 percent. This suggests that no other economy can fully replace the Chinese market for Australian exports. In contrast, in the case of Australia's imports from China, severed trade between Australia and China does not induce a significant change in Australia's imports, which suggests that Australia's imports from China can be substituted, albeit with potentially increased prices. Interestingly, ASEAN and India, which are expected to benefit from Australia's decoupling from China, respectively lose in four and five out of the total six sectoral cases.

Our study generates the following implications:

First, despite the vulnerabilities of global supply chains revealed by COVID-19, deglobalisation is not a rational solution. This is supported by the results of our modelling which demonstrates that reducing bilateral trade causes significant economic and environmental losses for both countries and the world. Since Australia and China have a complementary economic structure, and because trade between them can deliver significant economic and emissions benefits for both countries and the world, political interventions should be avoided.

Second, ad hoc diversification of imports or exports may not be a rational solution. Our simulations suggest that while some economies may benefit from supply chain diversification, a forced reorganisation will work against world trade dynamics—thus incurring economic and environmental costs and meaning that there is a dead-weight loss for the global community.

Third, regional integration should be upheld rather than undermined. While the pandemic reveals the vulnerability of global supply chains, it also shows that supply chains are resilient. Supply disruptions in India in the first half of 2021 indicates that zero-sum supply chain rerouting or replacement may not be an adequate solution.

Last, a collaborative approach in preparing for pandemics and other disasters is desirable. The pandemic is a global challenge, requiring collective efforts. Problems with supply chains can be mitigated by sharing of technologies and production capacity. For example, many countries lack the domestic capacity to produce vaccines, and thus global coordination in vaccination distribution is crucial in preventing the spread of the pandemic.

One caveat of our study is the reference year does not fully reflect the current situation. The current version of the GTAP model uses the global economic system in 2014 as the reference. Although it can predict the relative change and direction for various policy scenarios, it cannot represent the current situation in absolute terms. For example, since Australia's large proportion of LNG exports only started in 2015, our estimation by sector does not capture the importance of gas trade. Future studies could further calibrate the key indicators to the year 2019 for more precise estimations.
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This paper uses the daily seasonally-adjusted data for net revenues and openings of small businesses in the accommodation, food services, leisure, and hospitality sectors in the United States from January 10, 2020, to June 24, 2021. The results from the Dorta-Sanchez bootstrap unit-root test for a random walk with drift show that the COVID-19 crisis has significantly affected revenues and openings of small leisure and hospitality firms. Moreover, the results remain valid when the data for the national level and 51 states are considered.
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INTRODUCTION

The COVID-19 pandemic is one of the largest pandemics in the industrialized world. It has significantly affected all sectors almost in all countries. Since the new type of coronavirus is more lethal and easily contagious than the common flu, governments have had to take many measures to slow the spread of the virus (1). Governments have imposed lockdowns, including closures of accommodation and hospitality facilities, leisure activities, restaurants, and show businesses (2, 3). Governments have also implemented several restrictions on domestic mobility and international travel during the COVID-19 era (4), and this issue has negatively affected the tourism sector (5). The precautionary measures and the widespread use of COVID-19 vaccines have caused significant changes in small business revenues and openings (6).

Understanding the stochastic properties of small business revenues and openings is also essential for macroeconomic variables, such as business cycles, employment, inflation expectations, job openings, and wages (7–9). At this stage, if small-business indicators do not follow a stationary process, this issue indicates an external shock (i.e., the COVID-19 pandemic) that has significantly affected small businesses in the related sector and entrepreneurship behaviors. The evidence of rejecting the stationarity of the business indicators means the significant changes of business cycles (10). Significant changes in business indicators can also affect employment, inflation expectations, job openings, and wages.

Previous papers show the significant effects of uncertainty shocks (e.g., financial crises, natural disasters, political instability, terrorist attacks) on accommodation, food services, leisure and hospitality sectors in the United States (11). There are also previous papers to examine the effects of the COVID-19 crisis on small businesses in the United States. For example, Bartik et al. (12) use the survey data from 5,800 small firms in the United States from March 28, 2020, to April 4, 2020. The authors find the significant impact of the COVID-19 crisis on small businesses, particularly financially fragile firms. The impact quickly transmits (within a few weeks), and firm closure is negatively related to the expectations, which are heterogeneous based on the length of the COVID-19 crisis. The authors also compare the effectiveness of loan reliefs with grants-based stimulus programs. Fairlie and Fossen (13) observe that sales losses in California during the 2020Q2 were greatest in accommodations, arts, entertainment, recreation, and restaurants. Huang et al. (14) find that business closures cause around 30% decline to the non-salaried workers' employment in entertainment, food, hospitality, and leisure sectors in the United States between March 2020 and April 2020. Khan et al. (15) use the leisure sector employment data in the United States from February 1, 2020, to July 31, 2020. The authors find that museums, performing arts, and sports have been the worst-affected businesses during the COVID-19 era.

Given this backdrop, this paper analyzes the validity of the hypothesis of whether the COVID-19 crisis has significantly affected revenues and openings of businesses in the accommodation, food services, leisure, and hospitality sectors in the United States. Our main hypothesis is to reject the stationarity of the revenues and openings of small leisure and hospitality firms. To test the main hypothesis, we consider the daily seasonally-adjusted data, introduced by Chetty et al. (6), for net revenues and openings of small businesses in accommodation, food services, leisure and hospitality sectors in the United States from January 10, 2020, to June 24, 2021. At this stage, we consider the data at the national and state levels. For this purpose, we utilize the bootstrap unit-root test for a random walk with the drift of Dorta and Sanchez (16). The bootstrapped critical values decrease the size distortions following the bootstrap procedure in Park (17).

To the best of our knowledge, this paper provides the first empirical evidence using the daily seasonally-adjusted data for net revenues and openings of small businesses in Chetty et al. (6) for accommodation, food services, leisure, and hospitality sectors in the United States. For this purpose, we aim to examine the dynamics of small businesses in the leisure and hospitality sector in the United States during the COVID-19 period. Moreover, we utilize the Dorta-Sanchez bootstrap unit-root test for a random walk with drift to address poor sample size in small business data. Therefore, we aim to reduce the shortcomings of traditional unit-root tests. As a result, we find that the COVID-19 crisis has significantly affected the revenues and openings of small leisure and hospitality firms in the United States. Moreover, this result is valid when the data for the national level and 51 states are considered.

The remainder of the study is organized as follows. Section 2 clarifies the details of the dataset and the Dorta-Sanchez bootstrap unit-root test methodology. Section 3 presents the empirical results. Section 4 concludes.



DATASET AND TEST METHODOLOGY


Dataset

This paper uses the seasonally-adjusted data for net revenues and openings of small businesses in accommodation, food services, leisure and hospitality sectors in the United States from January 10, 2020, to June 24, 2021. The frequency of the data is daily, and the sample is based on the data availability. Note the first case of the COVID-19 in the United States is recorded on January 20, 2020. Therefore, our dataset captures the COVID-19 era. Both series are defined as the relative change between the given date and the average from January 4, 2020, to January 31, 2020. These series are proposed by Chetty et al. (6) at https://tracktherecovery.org/, and the data are provided by Womply (a private-sector firm in the United States). The dataset in Chetty et al. (6) has been used by various empirical papers related to the COVID-19 pandemic [see, e.g., (18, 19)].

According to the data in Figure 1, as of June 24, 2021, net small businesses revenues in the leisure and hospitality sector in the United States reduced by 47.3% compared to January 2020.


[image: Figure 1]
FIGURE 1. Small businesses net revenues: leisure and hospitality sector (national level, % of change). Source: https://tracktherecovery.org/ proposed by Chetty et al. (6).




Dorta-Sanchez Bootstrap Unit-Root Test Methodology

We utilize the bootstrap unit-root test for a random walk with drift introduced by Dorta and Sanchez (16). The Dorta-Sanchez unit-root test corrects the possible bias in the data generation process (DGP) that corresponds to a random walk with a non-zero drift for small and medium sample sizes. For example, Hylleberg and Mizon (20) show the poor sample size in the Augmented Dickey-Fuller (ADF) test in the small number of observations. Hamilton (21) suggests the ordinary least squares (OLS) estimation with the standard t and F distributions to decrease the sample bias. Park (17) uses the ADF unit-root test for autoregressive (AR) unit-root models with bootstrapped critical values to address possible sample bias. At this stage, Dorta and Sanchez (16) calculate the bootstrapped critical values for the unit-root test methodology of Park (17). Poor sample size can also be an issue in our case, given that there are sub-periods in the sample during the COVID-19 period (See Figure 1).

The null hypothesis of the Dorta-Sanchez unit-root test is as followsHo : δ = 0 The model can be defined as follows:

[image: image]

εtis the independent and identically distributed (iid) error term. The fitted regression can be written as follows:

[image: image]

Park (17) shows that resampling the restricted model in Eq. (2) will be better than the unrestricted model in Eq. (1). Following the findings in Park (17), estimated residuals ([image: image]) based on the bootstrap sample sizes can be calculated. The new residuals () with the bootstrap method can be written as such:

[image: image]

t = 1;…; n

For each bootstrap sample ([image: image]), the fitted regressions can be written as such:

[image: image]

The original sample based on fitted regression is as follows:

[image: image]

The t statistic for δ is calculated, compared to the bootstrapped critical values, which are defined above. If the t statistic is lower than the bootstrapped critical values, the unit root hypothesis will be rejected. Furthermore, the p-values on comparing bootstrapped critical values and t statistics are also provided (16). Finally, the optimal number of lags is also determined by the Akaike Information Criteria (AIC).

If we obtain stationary series, we can calculate the Half-life (HL) values to detect how many days COVID-19 shocks survive. We calculate the HL values, as such:

[image: image]

In Equation 6, ρ is the AR coefficient in AR (1) process Yt = ρYt−1 + εt.




EMPIRICAL RESULTS

Table 1 reports the findings of the bootstrap unit-root test for a random walk with drift proposed by Dorta and Sanchez (16) at the national level for small businesses revenues and openings of two sectors: (i) leisure and hospitality and (ii) accommodation and food services. The results indicate that small businesses revenues and openings in two sectors follow the random walk with drift process. In other words, the stationarity of the small business indicators is rejected. Moreover, these results are robust to different lag selection criteria.


Table 1. Results of the bootstrap unit-root test for a random walk with drift (small businesses revenues and openings in different sectors, national level).

[image: Table 1]

Tables 2, 3 report the bootstrap unit-root test results for a random walk with drift proposed by Dorta and Sanchez (16) for the state level for small businesses' revenues and openings for leisure and hospitality. The results of the Dorta-Sanchez test in Table 2 show that nearly all small businesses revenues series follow the random walk with drift process. The only exception is observed in Alaska, and the HL of the COVID-19 shock is 64 days.


Table 2. Results of the bootstrap unit-root test for a random walk with drift (small businesses revenues, leisure and hospitality).

[image: Table 2]


Table 3. Results of the bootstrap unit-root test for a random walk with drift (small businesses openings, leisure and hospitality).

[image: Table 3]

Similarly, the results of the Dorta-Sanchez test in Table 3 indicate that nearly all small businesses openings series follow the random walk with drift process. Again, the only exception is observed in Alaska, and the HL of the COVID-19 shock is 92 days.

In short, we observe that the COVID-19 crisis has significantly affected small businesses' revenues and openings in the United States. Moreover, this evidence is valid when we consider the data at the national and state levels. Regarding the COVID-19 era, our results align with the previous results of Bartik et al. (12, 14, 15) in the United States. Furthermore, we have enhanced these results by using the daily data with the recent unit-root test.



CONCLUSION

This paper uses the dataset in Chetty et al. (6) at https://tracktherecovery.org/. It focuses on the small businesses' revenues and openings in accommodation, food services, leisure and hospitality sectors in the United States. We consider the daily data from January 10, 2020, to June 24, 2021. We utilize the recent bootstrap unit-root test for a random walk with drift proposed by Dorta and Sanchez (16). We observe that the COVID-19 crisis has significantly affected the revenues and openings of small leisure and hospitality firms in the United States. The findings are valid when we use data for the national level and 51 states.

Regarding policy implications, the findings show that an external shock, such as the COVID-19 pandemic, has permanently affected the revenues and the openings of leisure and hospitality firms in the United States. Leisure and hospitality firms in all states have performed relatively weak during the COVID-19 era. Rejecting the stationarity in the small business indicators of leisure and hospitality is a strong signal of the business cycles during the COVID-19 era. The significant change during the COVID-19 can be related to declining demand for leisure and hospitality services due to the lockdowns or other limitations on mobility. There are also supply chains problems and restrictions on the supply side of leisure and hospitality firms due to the COVID-19 pandemic.

Our results are consistent with the idea that the COVID-19 pandemic has not affected coastal and inland areas differently. In other words, we find that the COVID-19 pandemic has significantly affected the leisure and hospitality firms in all states. At this stage, implications for supporting struggling small business firms are important to mitigate the devastating effects of the COVID-19 crisis. For instance, the American Rescue Plan in March 2021 provides credit expansion, direct capital injection, and tax reliefs to boost business activities, including the leisure and hospitality sector. Finally, future papers can focus on the other sectors to examine whether the COVID-19 has disproportionately affected small businesses across the United States.
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Understanding COVID-19 induced mortality risk is significant for life insurers to better analyze their financial sustainability after the outbreak of COVID-19. To capture the mortality effect caused by COVID-19 among all ages, this study proposes a temporary adverse mortality jump model to describe the dynamics of mortality in a post-COVID-19 pandemic world based on the weekly death numbers from 2015 to 2021 in the United States. As a comparative study, the Lee-Carter model is used as the base case to represent the dynamics of mortality without COVID-19. Then we compare the force of mortality, the survival probability and the liability of a life insurer by considering COVID-19 and those without COVID-19. We show that a life insurer's financial sustainability will deteriorate because of the higher mortality rates than expected in the wake of COVID-19. Our results remain unchanged when we also consider the effect of interest rate risk by adopting the Vasicek and CIR models.

Keywords: COVID-19, mortality rates, risk, life insurer, financial sustainability


INTRODUCTION

The COVID-19 pandemic has posed a significant challenge to the operation of the insurance industry around the world. Due to COVID-19, life insurers in Australia suffered a net loss of $1.8 billion for the year ending March 2020, compared with a profit of $759 million in the previous year (1). The pandemic also causes great damage on the U.S. life insurance industry. For instance, Prudential reported a $2.41–billion net loss in the second quarter of 2020 as opposed to a $738–million net income in the second quarter of 2019 (2). Accordingly, rating agencies revised their outlook from stable to negative for life insurers worldwide. In particular, AM Best changed its outlook for the U.S. life insurance industry from stable to negative (3). One factor behind these changes in the life sector's outlook is: the possibility of higher mortality rates than anticipated. To address this crucial and timely issue caused by COVID-19, it is significant for life insurers to adopt an appropriate mortality model by including COVID-19 mortality risk to analyze their financial sustainability.

The COVID-19 pandemic has adversely affected mortality rates, increasing the mortality risk of life insurers. Understanding the adverse effect of COVID-19 on mortality rates is very important because higher mortality rates than expected will affect the future financial sustainability process of life insurers. Consequently, life insurers must incorporate COVID-19 mortality risk to better forecast their financial sustainability based on an appropriate mortality model. As the objective of this study, we provide life insurers in the U.S. with a temporary adverse mortality jump model by including the effect of COVID-19 on mortality rates to enable better analysis of financial sustainability during the pandemic. To produce such a model, the direct and indirect effects of the pandemic on mortality rates must first be understood. The direct effect reflects only the death numbers directly caused by COVID-19. However, the under-diagnosis, limited COVID-19 testing and imperfect test sensitivity in early 2020 resulted in undercounting of the number of deaths due to COVID-19 (4–6). Underestimation of the deaths caused by an emergency is common. For example, only 31 official deaths due to Chikungunya virus were recorded between 2014 and 2015 in Puerto Rico, whereas 1,310 excess deaths were estimated in a time-series analysis (7). Therefore, the additional deaths caused by the indirect effects of COVID-19, i.e., the potential consequences associated with the pandemic, should not be ignored. Government interventions imposed during the pandemic may indirectly affect other causes of deaths (8). For instance, many people with serious existing illnesses were unable to seek timely medical treatment after the outbreak of COVID-19, thus influencing their physical and mental health and decreasing their life expectancy (9–11). Many people lost their jobs or income in this tough period due to the self-isolation policies proposed by the government or the economic recession caused by COVID-19; consequently, suicide rates increased because of the long-term unemployment (12–16). Crowded emergency departments were also responsible for additional deaths (17, 18). Furthermore, even people recovering from COVID-19 may have temporary or long-term kidney and liver failure, thus decreasing the survival probability among many recovered patients (19, 20). The limited access to health services, physical and psychological effects of social distancing, and economic changes have had indirect and adverse effects on mortality rates. Death rates are always higher than expected during emergencies. According to Weinberger et al. (2020)'s test, the number of excess deaths was 28% higher than the official COVID-19-reported death numbers from March 1st to May 30th, 2020 (21). Given that the indirect effects of COVID-19 may be much greater than the direct effect, we use the excess death numbers to explain the adverse mortality jump caused by this pandemic rather than using the official COVID-19 death counts (21, 22). The method of computing the excess deaths has also been used for other pathogens, such as pandemic influenza viruses and HIV (23–25).

In this study, we aim to compare the difference between the liability of the whole life insurance during the COVID-19 pandemic (2020 and 2021) and pre-COVID-19 period (2015–2019) to show the negative effect of COVID-19 on life insurer's financial sustainability. Therefore, life insurers' financial sustainability can be viewed as a function of random mortality rates. Several dynamic mortality models have sought to describe a three-dimensional surface of mortality by modeling mortality trends involving both age-dependent and time-dependent terms (26–36). However, very few studies have considered mortality jumps (37–40). Our model is inspired by this stream of research. We first use the well-known Lee-Carter model (1992) as the basis to calculate the pre-COVID-19 force of mortality without including information on the Spanish flu in 1918 (26). We choose the force of mortality to describe the mortality change because its evolution can describe the cohort effect in the general trend of the mortality (37). Then we adjust the model of Cox et al. (37) to capture the adverse mortality effect caused by COVID-19. We highlight that the adverse effect on mortality rates during the COVID-19 pandemic should be temporary based on the historical data of pandemics such as the 1918 flu pandemic. Moreover, COVID-19 vaccination in 2021 suggests a potential for mortality to rapidly return to baseline levels (41). We calibrate our mortality model based on the up-to-date weekly deaths data from the U.S. Centers for Disease Control and Prevention (CDC). Our results show that the financial sustainability of a life insurer typically deteriorates during the COVID-19 pandemic. Given this, we should forecast future mortality rates by incorporating the negative effect induced by COVID-19. In addition to the mortality rates, the financial sustainability of life insurers also depends on the discount rates, which are correlated with the interest rate risk. Accordingly, we also forecast the financial sustainability of life insurers during the pandemic by adding the interest rate risk based on the Vasicek and CIR models (42, 43).

We contribute to the literature in three aspects. First, our temporary adverse mortality jump model has the advantages of capturing the COVID-induced mortality risk and incorporating the framework of the well-known Lee-Carter model. Second, this paper investigates the effect of COVID-19 on the mortality rates among different ages and provides some illustrative results for the liability and financial sustainability of a life insurer over a long-term (30 years) horizon. Third, we also consider the term structure of interest rates (e.g., the Vasicek and CIR models) to study the effect of interest rate risk on a life insurer's financial sustainability during the COVID-19 pandemic.

The remainder of this paper is organized as follows. Mortality Risk introduces the stochastic mortality models used to analyze the adverse mortality effect caused by COVID-19. We then describe the framework of the whole life insurance. Numerical Illustration provides a numerical example illustrating the difference in the force of mortality, k-year survival rates and the financial sustainability of a life insurer during the COVID-19 pandemic and pre-COVID-19 period. Additional Analysis: Interest Rate Risk shows the effect of interest rate risk on a life insurer's financial sustainability. Finally, Conclusions presents the conclusion.



MORTALITY RISK

Practitioners usually calculate the present value of a life insurance company by using fixed mortality rates. However, this deterministic approach underestimates the uncertainties of mortality rates. Therefore, we use the stochastic mortality models in this article to capture the randomness of mortality rates. Mortality modeling can use different types of mortality rates because one type of mortality rates is correlated with others. In this section, we use the force of mortality μ(x, t) to develop two different mortality models. We further assume that the force of mortality remains the same in each age interval [x, x+1]. Hence, for age x+s, at time x+s, we have μ(x+s, t+s) = μ(x, t), where 0 ≤ s < 1.


Mortality Risk Without COVID-19

In this section, we adopt the well-known Lee-Cater mortality model to describe the mortality dynamics of the insured without COVID-19, which can be expressed as follows:

[image: image]

where εx,t is an error term with mean 0 and variance [image: image], which explains the historical influences not captured by this model. lnμ(x,t) is the logarithm of the force of mortality for age x in year t. The parameters a(x) and b(x) are age-specific constants, where a(x) is the age group shift effect, and b(x) indicates the response at each age to the mortality time-series k(t). The time-varying mortality index k(t) represents general mortality trends, which can be modeled as a random walk with a drift g:

[image: image]

where et is the error term with mean 0 and variance [image: image]. On the basis of the estimated k(t) from singular value decomposition (SVD), the parameters g and [image: image] in (2) can be easily calibrated with standard statistical techniques. Of note, the drift parameter g is a negative value, which suggests an improvement in mortality rates. With the estimated â(x0+t), [image: image] and [image: image], the future force rate of mortality [image: image] for age x0+t at time t can be expressed as follows:

[image: image]

where [image: image] can be forecasted by the time series model (2) with the estimated g and σk. Finally, the forecasted one-year survival probability [image: image] at different ages and years is equal to:

[image: image]

where [image: image] denote the forecasted probability that the insured aged x0+t at time t dies before reaching age x0+t+ 1.



Mortality Risk Including COVID-19

To capture the adverse mortality effect caused by the pandemic, we adjust the model of Cox et al. (37) to explain the excess death rates caused by COVID-19. The force of mortality after the outbreak of the pandemic μJ(x, t) is given by:

[image: image]

where μ(x, t) is the force of mortality of age x at time t predicted from equation (3). H(x, t) is the mortality jump process caused by the pandemic, which is equal to:

[image: image]

where jump event j counts the number of the Poisson process N(t) with an arrival rate of λτ by time t. τj is the time at which pandemic event j occurs. The factor (t−τj) provides the cumulative mortality deterioration as t increases after time τj of the jump event j. Function 1{t≥τj} is equal to 1 if the jump event j occurs and zero otherwise. The parameter ej is the maximum severity of the adverse mortality jump event j among all ages. Cj(x) is an age-specific function measuring the effect of jump event j on the mortality of people at age x with respect to the maximum severity ej. Therefore, Cj(x) ranges from 0 to 1. Cj(x) = 0 indicates that the jump event j has no effect on the mortality rate at age x, whereas Cj(x) = 1 indicates that people at age x experience the most severe effect due to the pandemic j. The parameter κj represents the time period of the pandemic's effect on mortality rates: the time span of jump event j increases (decreases) as κj decreases (increases). For simplicity, we further assume that each jump event j has the same effect on mortality rates. Accordingly, we have ej = e, Cj(x) = C(x) and κj = κ. Then equation (6) can be rewritten as follows:

[image: image]

After calibrating Lee and Carter's model without the pandemic event, and using the mortality data correlated with COVID-19 from CDC to estimate the parameter e and function C(x), we forecast the force of mortality based on the COVID-19 pandemic [image: image] with a determined pandemic arrival rate λτ and pandemic duration κ. Similarly, the forecasted one-year survival probability with the adverse mortality effect caused by COVID-19 [image: image] at different ages and years equals:

[image: image]

where [image: image] denote the forecasted probability that the insured aged x0+t at time t dies before reaching age x0+t+1 during the COVID-19 pandemic.



Whole Life Insurance

In this section, we use the liability of the whole life insurance as an example to aid in analysis of a life insurer's financial sustainability. Suppose a life insurer underwrites whole life insurance policies to N0(x0) participants, where x0 is the age when the policy issued. In this life insurance contract, if the insured dies, he or she will receive a benefit of E at the end of the year; that is, if the insured survives, there are no death payments are made at the end of each year. Given N0(x0+t) dead insured people at age x0+t at time t, the life insurer's liability L(t) at time t is

[image: image]

where ax0+t is the conditional expected value of the life insurance for age x = x0+t at time t. The present value of the life insurance ax0+t can be viewed as a special portfolio of zero coupon bonds with stochastic coupon payment and different maturities:

[image: image]

The variable [image: image] is the conditional expected k-year survival rates for age x at time t, which is a random variable and can be expressed as follows:

[image: image]

Amid COVID-19, formulae (9) and (11) can also be used to compute the liability LJ(t) and the k-year survival rates [image: image]associated with COVID-19, respectively. The one-year discount factor vt in (10) is equal to

[image: image]

where rL, t represents the discount rate at time t. In (10), the conditional expected value ax0+t depends on two variables: the conditional expected k-year survival rate [image: image] and the one-year discount factor vt. To model the liability of the life insurer in the distant future, we must consider the random feature of the mortality rates and interest rates. The mortality rates and interest rates are independent even in the real world; thus, we further assume independence between the mortality rates and interest rates in this article. To show the adverse effect of COVID-19 on the financial sustainability of a life insurer, we only consider the mortality risk in Numerical Illustration. In Additional Analysis: Interest Rate Risk, we will consider both mortality risk and interest risk.




NUMERICAL ILLUSTRATION

In this section, we use an example to show the difference in the force of mortality, the k-year survival probability and the liability of the life insurer during the COVID-19 pandemic and pre-COVID-19 period. We assume that a U.S. life insurer has a number of N0(35) = 10, 000 life insurance policies sold at time 2020, and the benefit payment at the end of each year starting from t = 2021 is E = 1. Furthermore, the mortality dynamics of the insured are assumed to be the same as the U.S. total (both male and female) population. Then, on the basis of the U.S. population mortality table for both sexes from age 35 to 105 in the Human Mortality Database from 1933 to 2019, we calibrate the Lee-Carter mortality model through SVD. Figure 1 represents the mortality index values k(t). The decreasing trend in the mortality index k(t) indicates the improvement of mortality rates along the time. We then use these estimated k(t) to estimate g = −0.3214 and σk = 0.3590 in equation (2).


[image: Figure 1]
FIGURE 1. Estimated k(t) from t = 1933 to t = 2019.


This paper focuses on the overall (i.e., both direct and indirect) effects of the COVID-19 pandemic on mortality rates. One way of monitoring the excess death rates is to compare the number of deaths after the outbreak of COVID-19 with the number of deaths before COVID-19. On the basis of the weekly deaths in the U.S. provided by the CDC from January 2015 to May 2021, we first compute the excess death numbers of each age group in 2020 by comparing the death numbers from the 9th week to the 52nd week in 2020 with the average death numbers in the same period from 2015 to 2019. The excess number of deaths in 2021 can also be obtained by comparing the death numbers within the 17th week with the average number of deaths in the same period from 2015 to 2019. The age groups in our data include: under 25 years, 25–44 years, 45–64 years, 65–74 years, 75–84 years, as well as 85 years or older. The results of excess death numbers correlated with COVID-19 for each age group are shown in Figure 2. In Figure 2A, the blue histograms denote the average deaths between 2015 and 2019 from the 9th week to the 52nd week, and the red histograms denote the deaths in 2020 in the same period. The excess deaths of 0–24 years, 25–44 years, 45–64 years, 65–74 years, 75–84 years and 85 years or older are 2,980, 42,267, 105,455, 152,510, 175,379, and 170,409, respectively, thus indicating that COVID-19 had the greatest impact on people older than 65 years old in the United States in 2020. The U.S. government has had better control of COVID-19 in 2021, so the excess death numbers have substantially decreased in this year. Specifically, the excess death numbers for each group are −1,742, 13,178, 27,318, 51,415, 45,604 and 10,960, respectively. Of note, the excess death number for people younger than 25 years is negative in 2021, which suggests an improvement of mortality along the time. Therefore, we assume that the excess death rate of age under 25 is 0 in 2021.


[image: Figure 2]
FIGURE 2. (A) The death numbers from the 9th week to the 52nd week in 2020 and the average death numbers in the same period from 2015 to 2019. (B) The death numbers from the 1st week to the 17th week in 2021 and the average death numbers in the same period from 2015 to 2019.


With the observed excess deaths, the excess death rate of each age group can be computed by a simple equation:

[image: image]

The results of the excess death rate for each age group are shown in Table 1, which provides further support for COVID-19 having more serious impact on mortality rates in 2020 than 2021 in the United States. For example, COVID-19 has had only a small effect on people 85 years or older in 2021, as compared with 2020, because the government has taken better measures to protect the elderly from the effects of this pandemic, and people also have a better understanding of the transmission mechanisms of COVID-19. Consequently, the effects of COVID-19 will be much smaller with good compliance with stringent distancing measures, high treatment rates and health-system capacity (44).


Table 1. Excess death rate for each age group in 2020 and 2021.

[image: Table 1]

To obtain the excess death rate of each age, we further assume that the excess death rates are the same for people under 25 and over 95 years of age. For any other ages, the excess death rates are assumed to be the excess death rate of the median age of each age group. Therefore, the excess death rates of each age after the COVID-19 pandemic can be computed by the assumption of linear interpolation, which can be expressed as follows:

[image: image]

where di, i = 1, 2, ⋯ , 6 denotes the excess death rate of each age group from under 25 years (i = 1) to 95 years or older (i = 6). On the basis of the linear interpolation assumption, our results indicate that people at age 35 experienced the highest excess death rate in both 2020 (e2020 = 0.3649, C2020(35) = 1) and 2021 (e2021 = 0.3001, C2021(35) = 1). Then we can derive the age-specific function [image: image] for each year. Our results are shown in Figure 3.


[image: Figure 3]
FIGURE 3. Adverse mortality effect of COVID-19 on [image: image] across ages.


On the basis of the age-specific function C(x), we derive the future force of mortality [image: image] for age x0+t at time t by assuming the value of arrival rate λτ = 0.01 and the value of time period κ = 1 of the jump event j. Since jump events such as the 1918 flu occur only approximately once per 100 years, and pandemics only last only a few years, the assumptions of λτ = 0.01 and κ = 1 are reasonable (37). Given this, evolutions of the force of mortality in one simulation iteration from 2020 to 2090 between ages 51 and 56 are shown in Figure 4. The decreasing trend of the force of mortality indicates the improvement of mortality over time as described previously. Specifically, the purple, cyan and pink curves represent the force of mortality following the COVID-19 pandemic. A sudden surge in the force of mortality occurs for several years when a jump event j occurs, but then the force of mortality rapidly decreases to normal levels, owing to the hypothesis that the pandemic lasts only a short period. If a jump event does not occur in the future, then the force of mortality based on the COVID-19 pandemic will be equal to that in Lee-Carter's model [image: image], as shown by the gold, blue and green curves. To further highlight the difference between these two mortality models, we also compare the conditional expected k-year survival rate for age 35 at time t during the COVID-19 pandemic (i.e., 2020 and 2021) and those before COVID-19 (i.e., 2015–2019) in Figure 4B. On the basis of the average of the 1,000 simulation paths for the k-year survival probability [image: image] and [image: image], we compute the average difference between these two survival rates [image: image], which indicates that the higher COVID-19 force of mortality induces a lower survival rate. Our results in Figure 4B show that COVID-19 produces a more serious effect on the conditional expected k-year survival probability in 2020 (red curve) than in 2021 (black curve). For example, the conditional expected k-year survival probability for age 35 will decrease by a maximum of 0.0013 in 2020, which is almost two times higher than that in 2021 (0.0007). Moreover, on the basis of the deaths data in 2020, the adverse mortality impact caused by COVID-19 will continue to increase (decrease) for a 35-year-old individual who lives before (after) the age of 90, which indicates the importance of adopting an appropriate mortality model for life insurers after the outbreak of COVID-19.


[image: Figure 4]
FIGURE 4. (A) Simulated force of mortality from [image: image] to [image: image]. (B) The difference in conditional expected k-year survival rate for age 35 at time t during the COVID-19 pandemic and pre-COVID-19 period.


The financial sustainability of a life insurance company usually improves (deteriorates) as liability decrease (increase). To analyze the difference in the liability of the life insurer over the decision period of T = 30 based on the COVID-19 induced mortality risk, we assume that the term structure of interest rate is flat: rL, t = r = 0.05. Given that the insured will receive the benefit payment as long as he or she is dead at year t, we hypothesize the lower survival probability caused by COVID-19 will induce higher average benefit payments and so do the average liability. Figure 5 supports our hypothesis, where [image: image]. For simplicity, the average difference in the liability of the life insurer during the COVID-19 pandemic and pre-COVID-19 period Ld is called the liability difference hereafter. In our example, the liability difference Ld is in million dollars. As time passes, the number of survivors in this life insurance policy gradually declines, so the liability difference Ld in 2020 gradually increases from 0.68 (0.61) million dollars to 3.00 (2.50) million dollars in 2050 based on the 2020 (2021) weekly deaths data from CDC. Therefore, COVID-19 has a negative and growing effect on a life insurer's financial sustainability, which indicates that mortality models without considering the impact of COVID-19 on life insurers cannot be applied in a post-COVID-19 world. Furthermore, our results suggest that the liability of the life insurer in 2020 is higher than that in 2021, which provides further support to the hypothesis that COVID-19 had posed more adverse effect on mortality rates and the financial sustainability of a life insurer in 2020 than that in 2021.


[image: Figure 5]
FIGURE 5. The liability difference in 2020 and 2021 with COVID-19 induced mortality risk.


Given that the COVID-19 induced mortality risk will impose a negative effect on the financial sustainability of life insurer, a natural question that follows is: what is the relative importance of the jump event j in determining the liability? Answering this question is very important because it describes the characteristics of the jump event j in determining the liability, which directly affects the life insurer's financial sustainability. Therefore, we consider the arrival rate λτ and the duration κ of the jump event j by varying their assumed values to extend our analysis. The sensitivity analysis results are based on the COVID-19 mortality rates in 2020, which are shown in Figure 6. In Figure 6A, the red curve, blue curve and green curve represent the basic case λτ = 0.01, λτ = 0.02 and λτ = 0.03, respectively. As can be seen from this plot, the value of the liability difference Ld markedly increases with the value of arrival rate λτ. For example, if the pandemic is a two (three)-in-one-hundred year event, λτ = 0.02 (λτ = 0.03); that is, the jump event j will occur with greater frequency than λτ = 0.01, and then the maximum value of the liability difference will increase from 3.00 million dollars to 6.16 (9.44) million dollars; thus suggesting that a life insurer's financial sustainability is an decreasing function of the arrival rate λτ. We then retain the assumption that pandemics usually last for short time periods by changing the value of κ from κ = 1 into κ = 2 and κ = 3 to analyze the effect of duration κ on the liability difference Ld. However, in Figure 6B, the liability difference Ld is less sensitive to the duration κ of the jump event j. This is because the randomness of the Poisson process denominates the value of the liability difference Ld. The time of the jump event τj cannot be controlled and may not occur simultaneously for each duration κ, thus having an uncertain effect on the liability difference Ld. Therefore, the parameter κ does not have a clear influence on the liability difference Ld and the financial sustainability based on the short-term effect of a pandemic on mortality rates. In general, the arrival rate λτ of the jump event j produces a much more serious effect on the financial sustainability of the life insurer than the short-term duration κ.


[image: Figure 6]
FIGURE 6. (A) Sensitivity of the liability difference to the parameter λτ. (B) Sensitivity of the liability difference to the parameter κ.




ADDITIONAL ANALYSIS: INTEREST RATE RISK

Interest rate risk is indispensable in life insurers' financial sustainability. To model the liability of the life insurer more appropriately, we must include both mortality and interest rate risk. Therefore, we need a model of future interest rates, which involves stochastic simulation. In this section, we assume that the interest rates instead follow a mean-reverting diffusion process in continuous time. With sufficiently strong mean reversion, the interest rates will tend to move toward the long-term mean. For simplicity, the commonly used one-factor Vasicek and CIR models meet our requirements.


Vasicek Interest Rate Model

Under the Vasicek model, the dynamics of the interest rates can be expressed as follows:

[image: image]

In (15), the interest rate rt will revert to the long term mean bV with the reversion speed aV, and random increments will be captured by the standard Brownian motion dWt with instantaneous volatility σV. Following Zhou and Mamon (2012), the closed form solution for each parameter based on the quasi-maximum likelihood estimation is given by (45):

[image: image]
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where M is the number of observations. The constant is the difference between ti+1 and ti.



CIR Interest Rate Model

The disadvantage of the Vasicek model is that the interest rate will drop below zero (46), but only positive interest rates will exist in the CIR model. Therefore, we extend our analysis by considering the CIR interest rate model. The dynamics of the interest rates in the CIR stochastic model are described by the Ornstein-Uhlenbeck stochastic process:

[image: image]

where parameter aV is the reversion speed. Parameters bV and σV are the long-term mean and the volatility, respectively. On the basis of the closed from solution of the CIR model from Zhou and Mamon (2012), the parameter estimation can be obtained via the method of quasi-maximum likelihood, which can be expressed as follows (45):

[image: image]
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Numerical Calculations

In this section, we use the annualized monthly yield of the 30-year U.S. Stripe Index from February 28, 1985 to December 31, 2019 in the Datastream database to calibrate the Vasicek and CIR models based on equation (16)-(18) and (20)-(22), respectively. The estimated parameters of these two interest rate models are reported in Table 2. Our results show that the reversion speed and long-term mean in these two models are almost the same, but the instantaneous volatility in the Vasicek model (σV = 0.0025) is much smaller than that in the CIR model (σC = 0.0110), which suggests a smoothing change of interest rates in the Vasicek model.


Table 2. Quasi-maximum likelihood estimation of Vasicek and CIR models.

[image: Table 2]


Table 3. Probabilities of negative interest rates under the Vasicek model.

[image: Table 3]

Then we use the U.S. Stripe Index data at the end of 2019 as the initial interest rate r2019 = 0.0247 and simulate for 1,000 times from 2020 to 2050 by using the estimated parameters based on the Vasicek and CIR models. Figures 7A,B show the typical distribution of the r2050 based on the Vasicek model and the CIR model, respectively. In Figure 7, we can observe that both the Vasicek and CIR models have a small number of very low and very high simulated values, although the interest rate process is mean reverting (47). Specifically, the Vasicek model has the disadvantage of allowing negative interest rates as shown on the left side of Figure 7A.


[image: Figure 7]
FIGURE 7. (A) Simulation with the interest rate at t = 2050 based on the Vasicek model. (B) Simulation with the interest rate at t = 2050 based on the CIR model.


To describe the main drawback of the Vasicek model, we also compute the likelihood of negative rates in the Vasicek model by using the formula:

[image: image]

where φ(·) represents the cumulative distribution function of the standard normal. According to the estimated parameters aV = 0.0141, bV = 0.0414 and σV = 0.0025, the probabilities of negative interest rates from t = 2020 to t = 2050 are shown in Table 3. Our results suggest that the probabilities of negative rates are almost negligible at time t with the estimated parameters above. For example, the maximum probability of negative rates is only 0.0036, and thus only about 4 interest rates will be less than zero when we take 1000 simulation paths.

Finally, we use the simulated results based on the Vasicek and CIR models to calculate the liability difference in 2020 and 2021. According to the monthly weighted average table from the DB plan sponsors, the maximum rate that they may be used is 120% of the weighted average of 30-year Treasury securities. Accordingly, the discount rates are assumed to be 1.2 times the interest rates in our study [image: image]. Our results based on the CIR and Vasicek models are shown in Figure 8. The red curves in Figure 8 represent the liability difference in 2020, for example. The solid curve, dotted curve and dashed curve show the increasing trend of the liability difference Ld based on the fixed discount rates rL, t = 0.05, the CIR model and the Vasicek model, respectively. While illustrative results based on stochastic interest rate models are similar due to the nearly identical reversion speed and long-term mean, the value of the liability difference Ld after considering the interest rate risk will increase because the 1.2 times the long term mean is lower than 0.05 (0.04111 × 0.20 = 0.0493, 0.04141 × 0.20 = .0497). Specifically, in Figure 8, the maximum value of the liability difference Ld based on the fixed discount rate rL, t = 0.05 is 3.00 million dollars, which is smaller than that based on the Vasicek model (3.49 million dollars) and the CIR model (3.42 million dollars). Therefore, the accuracy of the liability difference Ld increases as we incorporate interest rate risk, which should help life insurers better analyze their financial sustainability. Overall, life insurers' financial sustainability deteriorates with declining discount rates.


[image: Figure 8]
FIGURE 8. To describe the main drawback of the Vasicek model, we also compute the likelihood of negative rates in the Vasicek model by using the formula: Value of the liability difference at time t, including both mortality risk and interest rate risk.





CONCLUSIONS

In this article, we define a stochastic mortality model with a temporary mortality jump process to capture the effect of COVID-19 on the mortality rates among people at different ages. To show the effect of mortality risk on the life insurer's financial sustainability, we then define the liability of the life insurer to analyze the difference during versus before COVID-19. Finally, we also consider the interest rate risk by adopting the Vasicek and CIR stochastic interest rate models to calculate the liability of the life insurer. Our results show that the liability of the life insurer in the wake of COVID-19 is higher than that in the pre-COVID-19 period because of the lower survival probability caused by this pandemic. Consequently, COVID-19 imposes a negative effect on life insurers' financial sustainability. In addition to liability, COVID-19 has also greatly decreased investment income based on asset, which suggests that we should consider the overall firm risk caused by COVID-19. Consequently, it is fruitful to extend our research to the total surplus setting. We leave this question for future research.
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This paper analyses the stochastic dynamics of the COVID-19 Case-Fatality Ratios (CFR) in three developing economies in East Asia: Indonesia, Malaysia, and the Philippines. The sample covers the daily frequency data from April 28, 2020, to June 29, 2021. For this purpose, we utilize two unit root tests, which consider one structural break and two structural breaks. The findings reveal that the CFR follows a unit root process in Indonesia and the Philippines. However, the CFR is stationary in Malaysia. This evidence indicates that the COVID-19 has a permanent effect in Indonesia and the Philippines but temporary in Malaysia. The paper also discusses the potential economic implications of these results for the post-COVID-19 era in the related developing economies.
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INTRODUCTION

The COVID-19 pandemic started in China in December 2019 and has affected all regions of the World. However, due to the connectedness of the Eastern Asian economies to the Chinese economy, East Asian countries have been the first countries that have been affected by the COVID-19 pandemic (1). However, these countries have experience with regional pandemics, such as the Severe Acute Respiratory Syndrome (SARS) pandemic between 2002 and 2003 (2).

The spread out of the pandemics has been generally measured by the Case-Fatality ratio (henceforth CFR) in the empirical literature; how many people died due to the infectious disease relative to the total cases. This measure also represents the survival rate from an infectious disease (3). According to the Worldometers COVID-19 Coronavirus Pandemic data tracker, accessed on August 6, 2021, 202,319,670 people have been infected from the COVID-19 coronavirus 4,289,076 people have been died due to this new type of coronavirus (4). Therefore, the CFR of the COVID-19 pandemic can be calculated as 2.12% at the global level on a corresponding day. However, the CFR values of the COVID-19 across countries are quite heterogonous. Because of this issue, successful forecasts of the pandemic pattern are becoming a tough challenge (5).

Given these backdrops, this paper analyses the stochastic dynamics of the COVID-19 CFR values in three developing economies in East Asia: Indonesia, Malaysia, and the Philippines. These three developing economies had great potential for solid economic performance before the COVID-19 pandemic. Therefore, detecting the stochastic dynamics of the COVID-19 pandemic can be important for policymakers to reach their countries' economic potential before the pandemic. In addition, policymakers can think about stimulus packages for the negative consequences of the COVID-19 on economic indicators if there is a significant spillover effect.

Examining the stochastic process of the CFR of the COVID-19 can be crucial for policymakers and scholars. At this stage, if we observe that the CFR of the COVID-19 is stationary, policy implications (e.g., lockdowns) will have temporary effects on the CFR values. If the CFR of the COVID-19 follows a unit root, policy implications will have persistent effects to change the pattern of the CFR of the COVID-19. In addition, the stochastic process of the CFR of the COVID-19 can provide implications on spillover effects to macroeconomic variables. For instance, if the CFR value follows a unit root process, there can be significant spillovers to other economic variables, such as economic performance, inflation, employment levels, and small business revenues (6).

Furthermore, analyzing the stochastic process of the CFR of the COVID-19 is related to the predictability of the pattern of the pandemic. If the CFR value is stationary, it is possible to predict the future pattern of the COVID-19 pandemic in a given country. Finally, the stochastic process of the CFR can provide implications for econometric methodologies. For instance, if the CFR value follows a unit root process, the empirical analyses can be used with the cointegration and error correction models. However, if the CFR value is stationary, one should implement Autoregressive Distributed Lag (ARDL) or other traditional regression methods.

On the other hand, various papers have analyzed the determinants of the CFR of the COVID-19. Some of these papers, of course, have considered the stochastic dynamics of the CFR of the COVID-19. For instance, Diaz et al. (7) examine the dynamic characteristics of the COVID-19 pandemic in Colombia, measured by the CFR. The authors find that the pattern of the COVID-19 pandemic is predictable. The probability of death, the intensive-care unit admission, and the hospitalization rates were determined by age and sex. Li et al. (8) also show that the CFR of the COVID-19 pandemic is mainly related to age, according to the data from the regions of China. Sorci et al. (9) find that the CFR values significantly vary among the European countries. The authors suggest that the variation among the CFR values is temporary. Their findings show that age, democracy, per capita income, and unhealthy conditions increase the CFR values.

Moreover, Daw (10) shows that the conflicts raise the CFR values in Libya, Syria, and Yemen. Zhai et al. (11) further develop this evidence by using the cross-section data from 120 countries. Daw (10) and Zhai et al. (11) conclude that conflicts are the main variables determining the CFR. Khan et al. (12) also observe that the CFR of the COVID-19 is negatively related to the efficiency of government, civil society, and health expenditures using the dataset of 86 countries. Hradsky and Komarek (13) find that age, average temperature, gross domestic product, health conditions, health facilities, population density, and urban population are the main determinants of the variation of the CFR values across countries. These studies show that the CFR values of the COVID-19 are predictable across countries.

As we have discussed, suppose that the CFR value is found as stationary. In this case, policy implications for mitigating the spread out of the pandemic (e.g., lockdowns) will only have temporary effects. However, if the CFR values follow a unit root process, stringency measures (e.g., school closures and travel bans) will have persistent effects to change the pattern of the CFR values of COVID-19. Our paper tests the validity of the above hypothesis by utilizing two different unit root tests with one endogenous structural break (14) and two endogenous structural breaks (15) in the CFR values. Given that there are several waves in the COVID-19 pandemic, which is mostly related to the seasonal cycles, using more than one endogenous structural break in the CFR series can be noteworthy to capture the different dynamics of the pandemic. According to the findings of the empirical examinations, the CFR follows a unit root process in Indonesia and the Philippines. However, the CFR is stationary in Malaysia. This evidence indicates that the COVID-19 has a permanent effect in Indonesia and the Philippines but temporary in Malaysia.

The rest of the study is organized as follows. Section Data and Unit Root Test Methodology provides the details of the data and explains the unit root tests methodology. Section Empirical Findings discusses the empirical findings with their potential implications. Section Concluding Remarks presents the concluding remarks.



DATA AND UNIT ROOT TEST METHODOLOGY


Data

This paper focuses on the COVID-19 Case-Fatality Ratios (CFR) in three developing economies in East Asia: Indonesia, Malaysia and the Philippines. The sample covers the daily frequency data from April 28, 2020, to June 29, 2021. Following Khan et al. (12), the starting date of the data is based on a day, which had 1,000 confirmed cases at least in a country. The total number of observations is 428 for each country.

Following previous papers [e.g., (16)], the CFR ratios are calculated as the total deaths related to the COVID-19, relative to the COVID-19 cases in a given country. We download the data for the COVID-19 cases and the deaths related to the COVID-19 from the Cross-country Database of COVID-19 Testing, introduced by Hasell et al. (17). In addition, the patterns of the COVID-19 Case-Fatality Ratios (CFR) in Indonesia, Malaysia and the Philippines are illustrated in Figure 1.


[image: Figure 1]
FIGURE 1. Case-Fatality Ratio (CFR) in Indonesia, Malaysia, and the Philippines.


Figure 1 demonstrates a dramatic downward trend in the CFR ratio in Indonesia from April 2020 to March 2021. However, the decline of the CFR ratio was stabilized from March 2021 to June 2021 in the country. There was also a significant decline in the CFR ratio in Indonesia from April 2020 to January 2021. The period between January 2021 and May 2021 was a stable period regarding the CFR ratio in Malaysia. However, there was a significant rise in the CFR ratio in Malaysia from May 2021 to June 2021. In addition, the CFR ratio in the Philippines sharply decreased from April 2020 to September 2020. However, the CFR ratio in the Philippines gradually increased from September 2020 to March 2020. After a relative decline, the CFR ratio in the Philippines was stable from April 2020 to June 2020.

On the other hand, Table 1 summarizes the descriptive statistics of the CFR values of the COVID-19 in Indonesia, Malaysia, and the Philippines.


Table 1. Descriptive statistics.
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The findings in Table 1 show that the CFR in Indonesia is the highest (3.7%), followed by the Philippines (2.4%). The lowest CFR is obtained in Malaysia (0.8%). The volatility of the CFR values, measured by standard deviations, are also significantly higher in Indonesia (1.2%) and the Philippines (1.3%) compared to Malaysia (0.4%). The peak of the CFR values during the period under concern is the highest in Indonesia (8.1%), followed by the Philippines (6.7%). The lowest peak value of the CFR is calculated in Malaysia (1.7%). The minimum values of the CFR are also similar to other measures: It is the highest in Indonesia (2.6%) and then followed by the Philippines (1.5%). The lowest minimum value of the CFR is observed in Malaysia (0.3%). These preliminary findings show that the CFR values of the COVID-19 pandemic are different in Malaysia compared to Indonesia and the Philippines.



Econometric Methodology: Unit Root Tests With Endogenous Breaks

This paper implements two unit root tests with different structural breaks, proposed by Clemente et al. (15) and Zivot and Andrews (14). Firstly, we consider the unit root test of Zivot and Andrews (14), which accounts for one endogenous structural break in the CFR values. The unit root test methodology of Zivot and Andrews (14) focuses on one endogenous structural break and extends the unit root test of Perron (18). At this stage, the unit root test of Zivot and Andrews (14) suitably detects the break date; therefore, it is a more powerful unit root test than the unit root test of Perron (18). It is also important to note that the unit root test with an endogenous structural break can be more powerful than the unit root tests with no breaks for modeling the CFR of the COVID-19 values in different countries. At this stage, we focus on one break on the level of series. If we find the unit root, we also consider the one break on the first series difference. The null hypothesis of the unit root test of Zivot and Andrews (14) is that the CFR value in a given country follows a unit root process. The optimal number of lags is selected by the Bayesian Information Criteria (BIC). Besides, the maximum lags are 12, and the trimmer rate is 0.05. The critical values are provided by Zivot and Andrews (14).

However, the COVID pandemic patterns depend on different waves due to the nature of infectious diseases. Therefore, there can be more than one structural break in the CFR values of the COVID-19. Therefore, we utilize the unit root tests of Clemente et al. (15), which model two endogenous structural breaks in the CFR values. Using the unit root test with two structural breaks can increase the power of unit root tests. At this stage, we consider the level of the series with two breaks. If we find the unit root, we consider the one break on the first difference of the series. The null hypothesis of the unit root test of Clemente et al. (15) is that the CFR value in a given country follows a unit root process. We use the BIC method to select the optimal number of lags. The maximum lags are 12, and the trimmer rate is 0.05. The critical values are shown in Clemente et al. (15).




EMPIRICAL FINDINGS

Table 2 provides the findings of the unit root test of Zivot and Andrews (14).


Table 2. Unit root test of Zivot and Andrews (14).
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Table 2 shows that the CFR values follow a unit root process in Indonesia and the Philippines. However, the CFR value in Malaysia is stationary. Note that one structural break in the level is used in the unit root test of Zivot and Andrews (14). When we consider the first difference of the series, all CFR values become stationary.

Table 3 reports the findings of the unit root test of Clemente et al. (15).


Table 3. Unit root test of Clemente et al. (15).
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Table 3 indicates that CFR values follow a unit root process in Indonesia and the Philippines when two structural breaks in the level are considered. At this stage, the CFR value in Malaysia is stationary. Note that when we focus on the first difference of the series, all CFR values become stationary. The results from Malaysia, which show the predictability of the CFR values, are in line with the findings of Diaz et al. (7), Sorci et al. (9), Daw (10), Zhai et al. (11), Khan et al. (12), and Hradsky and Komarek (13). However, the findings from Indonesia and the Philippines, which provide the unpredictability of the CFR values, are in line with the previous evidence in Ioannidis et al. (5).

This evidence indicates that the COVID-19 has temporary effects on the CFR in Malaysia. Our findings provide several implications: Firstly, the CFR in Malaysia is found stationary. However, the CFR series follows a unit root process in Indonesia and the Philippines. Therefore, the COVID-19 has a permanent effect in Indonesia and the Philippines.

Secondly, in line with the previous empirical papers [e.g., (6, 19, 20)], there can be significant transmissions of external shocks from the CFR of the COVID-19 values to other economic variables (e.g., economic performance, employment, personal consumption, small business revenues, and small business openings) and they can be investigated in Indonesia and the Philippines. A proper time series technique can be the cointegration method and the error correction model in these countries. However, scholars can utilize the ARDL or other regression methods in Malaysia using the CFR values.

Thirdly, given that the CFR values follow a unit root process in Indonesia and the Philippines, it is not possible to predict the pattern of the COVID-19 pandemic using the CFR values in these countries. However, the pattern of the COVID-19 pandemic can be predicted in Malaysia using the CFR value in the country. This issue may be important when the CFR of the COVID-19 will be used as the dependent variable in the empirical analyses [see e.g., (10–12)].



CONCLUDING REMARKS

This paper analyzes the stochastic dynamics of the daily CFR values of the COVID-19 pandemic in Indonesia, Malaysia and the Philippines from April 28, 2020, to June 29, 2021. To this end, we run the unit-root test with one structural break proposed by Zivot and Andrews (14) and the unit root with two structural breaks introduced by Clemente et al. (15). We observe that the CFR follows a unit root process in Indonesia and the Philippines. However, the CFR is stationary in Malaysia. The results show that the COVID-19 has a permanent effect in Indonesia and the Philippines; however, the impact is temporary in Malaysia. We also suggest that the unit root test with more than one break can capture several waves of the COVID-19 pandemic during the period under concern.

These results provide several economic implications for the post-COVID-19 era in these economies. For instance, external shocks during the COVID-19 pandemic have permanently affected the CFR values in Indonesia and the Philippines, which is significant evidence of the shifting business cycles. The high level and the persistent CFR levels in Indonesia and the Philippines cause limited mobility, which hurts macroeconomic activity in these countries. At this stage, direct income supports, reducing the household debt burden, monetary policy tools, and tax reliefs can be important policy implications to normalize the devastating effects of the COVID-19 crisis in Indonesia and the Philippines. The results also indicate that the CFR levels are significantly different in the countries in the same region with a similar per capita income level. This evidence supports the hypothesis that countries have been differently affected by the COVID-19 pandemic.

Future papers can analyze the stochastic dynamics of the COVID-19 related indicators in other countries by using different time-series and panel data methods. At this stage, the econometric techniques, which consider more than one structural break, can better capture the several waves and different variants of the COVID-19 pandemic.
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The outbreak of the COVID-19 pandemic has caused an upsurge economic policy uncertainty (EPU). Study on the time-varying effect of EPU is of substantial implication for the central bank in implementation of monetary policy. To empirically investigate the time-varying effect of EPU, the paper considers the shock of the monetary policy implemented by China's central bank on different economic variables including interest rate, output gap, and inflationary gap using the latent threshold time-varying parameter vector autoregressive model (LT-TVP-VAR Model). Data period is chosen to be January 2015 through April 2021. Our findings show that (i) EPU has a significant threshold effect on the shock of quantitative monetary policy instrument and the shock of price-based monetary policy, and that the two types of policy are positively correlated; (ii) the price-based monetary policy instrument has a significant counter-cyclical effect on both output gap and inflationary gap; (iii) relative to the quantitative monetary policy instrument, the price-based monetary policy instrument has a more significant counter-cyclical effect on output gap; and (iv) a higher level of EPU is associated with a more significant monetary policy effect on output gap and inflationary gap.

Keywords: EPU, monetary policy, LT-TVP-VAR model, China, counter-cyclical


INTRODUCTION

The outbreak of the COVID-19 pandemic in 2020 has caused tremendous shocks on society. As the pandemic has swept the global economy, many economies including China are faced with growth challenge and structural transition. A large number of research findings have acknowledged that economic policy uncertainty (EPU) can be one of the important factors that exert negative effect on economic growth. Driven by various environmental factors, the level of EPU might vary. As the level of EPU increases, it tends to discourages investment and consumption and make financial institutions reduce business credit, which might result in a higher unemployment rate and slow economic growth. Hence, it is vitally important for the central bank to improve monetary policy effectiveness and reduce EPU as the goals of monetary policy typically include price stability, job creation, balance of international payments, and particularly output growth.

In this context, research on the time-varying effect of economic uncertainty is of considerable policy implications for the central bank in monetary policy. The parameters of a basic VAR model and the variance of the stochastic disturbance terms are assumed to be fixed. By contrast, economic & financial environments and macroeconomic policy in the real world are constantly in change, which implies that the parameters might also be in the process of dynamic change. In addition, economic uncertainty differs from ordinary economic variables in that it is not a constant target of monetary policy, and the TVP-VAR model might not be applicable to the research question of this paper. Hence, the LT-TVP-VAR model might be an appropriate choice as it is not only based on time-varying coefficient estimates but also takes care of heteroscedasticity by assuming time-varying volatility (TVV). This paper introduces latent threshold time varying parameter vector autoregressive (LT-TVP-VAR) modeling to investigate the correlation between EPU and monetary policy in search for answers to questions such as how sensitive the quantitative monetary policy and the asset price-based monetary policy (or price-based monetary policy) can be in response to EPU's shock, whether it is possible to ensure full employment by inhibiting inflation or deflation, and whether it is possible to maintain sustainable growth.

The rest of this paper is organized as follows. Section Literature Review provides a discussion of existing literature. Section The LT-TVP-VAR Model discusses the model and section Data describes the data. Section Empirical Results elaborates on empirical results. Section Conclusion concludes.



LITERATURE REVIEW

The existing research related to this paper involves primarily the topics on the definition of EPU, the shock caused by EPU, monetary policy adjustment mechanism, and the correlation of EPU with monetary policy. Bloom et al. (1) defined EPU as an economic risk in nature, or more precisely, an uncertainty brought to economies as a result of the failure to precisely anticipate whether, when and how the government would introduce economic policy adjustment. The research line on EPU shock is concentrated on research focuses on such aspects as line of credit, investment, GTFP, BTC/USD. Talavera et al. (2) found that the bank's priority choice in face of increasing economic uncertainty is to reduce loans. Li and Yang (3) suggested that increasing EPU would negatively affect investment activities. Wu et al. (4) find that there is a significant causality from the Twitter-based EPU to the BTC/USD. Song et al. (5) found an increase in EPU was shown to decrease green total factor productivity (GTFP).

There are two rules for monetary policy adjustment to follow: quantitative monetary policy and price-based monetary policy. Mccallum (6) proposed the notion of quantitative monetary policy which refers to monetary policy based on money supply, money velocity, and output gap size. By contrast, price-based monetary policy, referred to as the Taylor rule (7), is based on adjustment in the interest rate as a response to output and inflation. Xu (8) suggested a switch from quantitative monetary policy to price-based monetary policy as the principal measure given the current conditions of Chinese economy. According to Ma and Fan (9), the pandemic exerted a major negative shock on the Chinese economy and structural monetary policy serves to make up for traditional monetary policy in the problem of resource allocation distortion. The existing literature on monetary policy effectiveness covers such topics as comparison of different monetary policy instruments and the effect of monetary policy in different regulatory contexts. Bernanke et al. (10) identified the positive effect of the shock of monetary policy. Silvia and Giovanni (11) used Bayesian local projections to find that the credit transmission channel of monetary policy amplifies economic fluctuation. Zhang and Jiang (12) found that monetary policy adjustment differs in effect across different regulatory situations.

In the existing literature on the correlation of EPU and monetary policy, the VAR model and the Dynamic Stochastic General Equilibrium (DSGE) model are used to study EPU's shock on monetary policy effectiveness. In a DSGE-based comparative analysis of various monetary policy rules, Zhuang et al. (13) found that EPU has only a quantitative shock on monetary policy effectiveness. In an investigation based on a non-linear Interacted-VAR model, Pellegrino (14) studied the correlation between EPU and the Eurozone monetary policy effectiveness and the empirical findings show that EPU weakens monetary policy effectiveness. In an investigation, based on Interacted-VAR model, Jin and Zhang (15) found that EPU undermines the effects of macroeconomic policies.

The shock of EPU on monetary policy effectiveness is manifested through channels of bank credit, investment, consumption, output, and price level. Talavera et al. (16) found EPU a significantly pivotal shock on commercial bank lending, which varies remarkably with bank size and profitability. According to Georgiadis and Mehl (17), EPU slows individual investment and consumption. Xu and Wang (18) identified a prominent non-linear effect associated with monetary policy adjustment that takes the form of a remarkable fall in output and price level as a result of a negative shock on demand.

In spite of the large amount of existing studies on monetary policy and EPU, little research attention has been given to the dynamic interaction between EPU and monetary policy adjustment, particularly the time-varying effect of EPU increase on monetary policy and macroeconomic policy. The paper makes three contributions to the existing literature. First, it introduces EPU as an endogenous variable to study the time-varying effect of quantitative monetary policy and price-based monetary policy on output gap and inflationary gap during a growth in EPU. Second, a comparative analysis of pre-pandemic and post-pandemic monetary policy effectiveness highlights the significant role which EPU plays in monetary policy adjustment. Third, the paper uses the LT-TVP-VAR model to study the dynamic effects of EPU on monetary policy adjustment which provides a new approach to subsequent relevant research from an empirical perspective.

The rest of the paper is organized as follows. Section The LT-TVP-VAR Model introduces the LT-TVP-VAR model. Section Data discusses indicator selection and data processing. The empirical analyses in section Empirical Results cover the parameter estimates, threshold effect test, impulse response analysis, shock of quantitative monetary policy and price-based monetary policy on output gap and inflationary gap, and a comparative analysis of how the policies shock on pre-pandemic and post-pandemic inflationary gaps. Section Conclusion provides the conclusion and policy recommendations.



THE LT-TVP-VAR MODEL

The traditional VAR model is presented as follows:
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Where, Φ and p form a k-order square matrix and μt is the k*1−D structural shock.

It is assumed that the leading diagonal of Φ (i.e., k-order square matrix) is 1 and can be expressed in terms of the following triangular matrix:
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In this condition, the original model can be converted into a general SVAR model (Equation 2). Given that [image: image], Equation (1) will be converted to Equation (3) as follows:
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Furthermore, we can get the following:
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Stack the elements in Γi to form vector γ (k2s*1−D), Equation (3) will be converted into Equation (4):
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Where, Xt = Ik ⊗(yt−1,…,yt−s) (⊗ stands for the Kronecker product).

In Equation (4), if Φt, γt, and Σt change with time, the elements in matrix Φt can be stacked to form ϕt =(ϕ21, ϕ31, ϕ32, ϕ41, …, ϕk, k−1). At the same time, the matrix of logarithmic stochastic volatility ([image: image]) can be used, where hjt = lnσ2 jt, j = 1,…, k, and t = s+1,…, n.

It is assumed that the parameters of the model are all in random walk as follows:
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In Equation (8), Φt+1 is equivalent to (μΦ0, ΣΦ0), γt+1 is equivalent to (μγ0, Σγ0), ht+1 is equivalent to (μh0, Σh0), and ΣΦ, Σγ, and Σh are all positive definite matrices. It's assumed that the time-varying parameters are not correlated in shock. Equation (8) is a complete TVP-VAR model. In this paper, the LT-TVP-VAR model is built based on the TVP-VAR model by replacing Φt and γt with at and bt, respectively. Then we get Equation (9):

[image: image]

Where, I(•) stands for the indicative function with a value of 0 or 1, and da and db stand for the threshold levels of the time-varying parameters and the simultaneous equation coefficients, respectively. When the absolute values of the time-varying parameters (Φtand γt) are greater than da and db, I(•) is equal to 1, which means that the variables are not interactive in the model. Only when da and dbare equal to 0 does the model have no threshold effect, at which time the LT-TVP-VAR model changes back to the TVP-VAR model.

In this paper, model parameter estimation is based on the Markov Chain Monte Carlo (MCMC) algorithm for the Bayesian model.

Assuming that ϕ, γ, and h are subject to normal distribution a priori (i.e., [image: image].

For Bayesian inference for the LT-TVP-VAR model, the first step is to model MCMC. The samples are derived from a posteriori distribution of the correlated parameters. Therefore, an appropriate sampling method must be selected. Combined sampling is conducted for the remaining parameters ([image: image]). Then sampling is conducted for Φ and γ using the analog filter. The last step is the conduction of sampling for h by building a rational state space model; meantime, the sampling for his completed using the moving method.

MCMC Algorithm

Given that [image: image] and ω = (ΣΦ, Σγ, Σh) [the priori probability density is π(ω)], we can generate the samples from π(ϕ, γ, h|Φ|) based on the MCMC algorithm, with the value of Φ given. We use the MCMC algorithm as follows:

① Initialize Φ, γ, h, and ω;

② Take samples for Φ| γ, h, ΣΦ, and y;

③ Take samples for ∑ϕ|ϕ;

④ Take samples for γ| Φ, h, Σγ, and y;

⑤ Take samples for ∑ɤ|γ;

⑥ Take samples for h|Φ, γ, Σh, and y;

⑦ Take samples for ∑h|h;

⑧ Return to step 2.

Step 2 and step 4 require the filter to complete, while step 6 requires the stochastic volatility in mean (SVM) model to complete.

Based on the LT-TVP-VAR model, the paper estimates the time-varying correlation coefficients, deriving the potential time-varying characteristics. The coefficient estimates are summarized and analyzed. The time-varying characteristics of the stochastic volatility of the key variables are summarized and analyzed. An impulse response analysis is also conducted. Then the empirical analysis findings are derived.



DATA

The paper builds a LT-TVP-VAR model with four variables, i.e., monetary policy, EPU, output gap, and inflationary gap. Both quantitative monetary policy and price-based monetary policy are studied. The paper adopts the approach suggested by Baker et al. (19) by using big data technology to build EPU based on such mainstream media keywords as economy, policy, tax, and uncertainty. In order to improve data smoothness, the logarithm of EPU is worked out and seasonally adjusted using the X-12 method. The relevant data are obtained from the website of Economic Policy Uncertainty.

It is very important to compare the adjustment effects of quantitative monetary policy and price-based monetary policy because China is at the critical moment of switching from the former one to the latter one. Therefore, the month-over-month (MOM) end-of-period (EOP) M2 money stock real growth rate is selected as the proxy variable of quantitative monetary policy, and the weighted average of the 7-day interbank rate as the proxy variable of price-based monetary policy. Figures 1, 2 show the trends of the MOM-EOP M2 stock real growth rate and the weighted average of the 7-day interbank rate from January 2015 to April 2021, respectively. All the data are sourced from CEInet Statistics Database and government-issued figures. The sample data in the model are extracted from a monthly time series from January 2015 to April 2021.


[image: Figure 1]
FIGURE 1. Trend chart of the QOQ-EOP M2 stock real growth rate.



[image: Figure 2]
FIGURE 2. Trend chart of the weighted average of the 7-day interbank rate.


By definition, EPU means the uncertainties of internal and external factors which an economy is subject to, e.g., macroeconomic environment and institution. The general trend and fluctuation of EPU are highly coupled with economic policy environment and external shock. The average level of EPU also differs at different stages. Figure 3 provides China's EPU trend from January 2015 to May 2021.


[image: Figure 3]
FIGURE 3. EPU trend chart.


GDP is a very useful in measuring output. However, the Chinese government releases data only on a quarterly and annual basis, so these need be processed in order to obtain monthly data. Since converting quarterly or annual GDP into monthly GDP compromises the characteristics of raw data and therefore the scientificity of the findings, the method suggested by Chen and Sun (20) is used as a basis for calculating output gap. The industry value added (IVA) of businesses above designate size is used as the proxy variable of output. Based on the current MOM real growth rate, the real IVAs of the months of 2005 can be converted into the IVAs of the months and years, which represent the real output. The missing values are interpolated, and the H-P filter is used to extract the IVA trend components of the months and years as potential output (y*t). The last step is calculating output gap ([image: image]) based on the formula yt = 100 × ln(yt/y*t) (Figure 4 presents the results). In Figure 4, the column stands for output gap, the solid line stands for actual output and dotted line stands for potential output. Actual output and potential output are highly coupled in trend. Output gap always fluctuates around the zero line at different periods of time. As supply-side structural reform keeps going, the Chinese economy is transitioning from high-speed development to high-quality development. By and large, output gap has a small absolute value and assumes a stationary trend. Although China's economic sustainability has not turned generally negative in the long term, the downtrend risk is not to be neglected. In this context, the government must continue to step up efforts to control risk.


[image: Figure 4]
FIGURE 4. Output gap chart.


Based on the approach of Liu and Xie (21), the current consumer product index (CPI) is used as the proxy variable of the real inflation rate. The targeted CPI increase control value is then taken out of the government-issued annual reports in order to calculate the targeted inflation rate. The average of the 2015–2021 targeted CPI increase control values is taken as the value of potential inflation rate in order to work out inflationary gap (or QCPI; see Figure 5). In Figure 5, the column stands for inflationary gap, the solid line stands for the actual inflation rate and the dotted line stands for the potential inflation rate. As with output gap, inflationary gap fluctuates around the zero line. The difference is that most of the time, inflationary gap in the sample interval deviates downwards from the zero line. It was suggested by Liu and Xie (21) that as China transitions from a fast-growing economy to a high-quality economy, inflationary gap will continue to deviate downwards from the zero line. Generally speaking, the Chinese government prefers to avoid inflation since very high inflation causes government credibility loss, asset price mismatch, welfare loss and a series of problems; meantime, very low inflation increases corporate running cost and profit shrinkage, leading to economic disorder.


[image: Figure 5]
FIGURE 5. Inflationary gap chart.


The paper includes an augmented Dickey-Fuller (ADF) test as a unit root test of all sample data adopted prior to an empirical analysis. The unit root test results show that all variables other than output gap are non-stationary and pass the stationarity test after first-order differentiation (see Table 1). Therefore, the paper uses the price-based monetary policy instrument and quantitative monetary policy instrument as proxy variables, respectively, to build the time-varying parameter vector autoregression with stochastic volatility (TVP-VAR-SV) model. Model 1 adopts money supply, output gap, inflationary gap, and EPU as variables, while Model 2 adopts the weighted average of 7-day interbank rate, output gap, inflationary gap, and EPU as variables. Besides, the two data groups undergo the Johansen cointegration test whose results indicate that the two groups are co-integrated (see Table 1).


Table 1. ADF test results of the variables.

[image: Table 1]



EMPIRICAL RESULTS

This paper uses the MCMC algorithm to estimate the correlated variables. The Akaike information criterion (AIC) minimum value is used and it shows that the model has a second-order lag. Tables 2, 3 show the parameter estimates of quantitative monetary policy and price-based monetary policy, respectively, based on 20,000 simulation trials.


Table 2. Parameter estimates of the quantitative model.

[image: Table 2]


Table 3. Parameter estimates of the price-based monetary policy model.

[image: Table 3]

It can be seen from the Geweke values in Tables 2, 3 that the MCMC algorithm has a good simulation effect. All Geweke values are smaller than the critical value (1.96) at a 5% significance level, which means that the 20,000 simulation trials are successful in generating an adequate effect sample size. Besides, the maximum value of the ineffective shock factor is 192.95 in the quantitative model, which means that at most 104 (2,00,00/192.95) uncorrelated samples are generated. The maximum value of the price-based model is 254.27, which means that at most 79 (2,00,00/254.27) uncorrelated samples are generated.

Table 4 shows the potential threshold values of the quantitative model. The acceptability is >40% for all parameters, indicating a threshold relationship between the models' correlated variables. The acceptability, respectively, are 85.6 and 41.3% for parameters (dα)1 and (dα)2 in the quantitative model, while the acceptability, respectively, are 81.9 and 46.2% for parameters (dα)1 and (dα)2 in the price-based model. It demonstrates that the highly-fluctuating parameters are smoothed for both models during the simulation. Also, there is a significant threshold relationship between the variables of the models.


Table 4. Potential parameter threshold value acceptability (%) of the quantitative model and the price-based model.

[image: Table 4]

Based on the time-varying impulse response function (tvIRF) of the LT-TVP-VAR model, we can show the relationship between EPU's shock and the monetary policy effectiveness. The paper considers short-term effect, mid-term effect and long-term effect for the dynamic shock of EPU on monetary policy dynamic as 4-, 8-, and 12-month shocks, respectively, all in terms of cumulative impulse response. According to Figures 6, 7, the short-term, mid-term, and long-term curves assume a generally consistent trend on the whole, demonstrating that the calculations of the LT-TVP-VAR model are robust to a certain degree. EPU is basically positively correlated with the short-term, mid-term, and long-term effects of the quantitative monetary policy and price-based monetary policy. It means that EPU only influences the magnitude of monetary policy effectiveness. The coefficient of EPU's shock on monetary policy effectiveness is basically between 0 and 1. Besides, when EPU is higher, the coefficient is nearer to 0, indicating that the EPU's shock will drive down monetary policy effectiveness. In addition, the mid-term lag function (stage 8) and long-term lag function (stage 12) are basically above the short-term lag function (stage 4); that is to say, EPU has a stronger short-term shock on quantitative monetary policy and price-based monetary policy.


[image: Figure 6]
FIGURE 6. EPU's shock on quantitative monetary policy.



[image: Figure 7]
FIGURE 7. EPU's shock on price-based monetary policy.


As shown in Figures 6, 7 we find that the impulse function of EPU's shock on quantitative monetary policy assumes an upward trend and that the impulse function of EPU's shock on price-based monetary policy assumes a W-like trend, indicating that the central bank used multiple price-based monetary policy instruments to achieve goals as expected. In spite of such serious risks associated with deleveraging and asset bubble, China persisted in robust monetary policy by reducing RMB base rate. In addition, the central bank achieved its anticipated goals through open market regulation, mid-term lending facilities, reserve loan facilities, and other financial tools. From 2018 onwards, the impulse function of EPU's shock on quantitative monetary policy and price-based monetary policy dropped to around the zero sharply, bottomed out and rose again near the zero line, which is due to the 2018 China-U.S. trade dispute. The subsequent rebound is attributable to the Chinese central bank's efforts to mitigate the trade war shock by reduction in required reserve, and open market transaction. From 2020 onwards, the impulse function of EPU's shock on quantitative monetary policy and price-based monetary policy fell again due to the COVID-19 pandemic. However, the second fall is smaller than during the 2018 trade war, indicating the central bank's improvement in responding to uncertainty.

As shown in Figure 8, the impulse function of the shock of quantitative monetary policy takes a W-shaped trend, fluctuating around the zero line. Meanwhile, the fluctuation range decreases with time, indicating that the Chinese central bank manages to use multiple quantitative monetary policy instruments to keep output gap within a reasonable range. In spite of the 2018 China-U.S. trade war and other uncertainty factors, the central government began tightening monetary policy at the end of 2018 while putting more importance on other counter-cyclical measures. Examples include a series of required reserve reduction efforts, flexible open market regulation, mid-term lending facilities, which combine to hedge against the shock of uncertainties and maintain economic resilience. Immediately after the outbreak of the COVID-19 pandemic, the Chinese central bank issued and implemented quantitative easing (QE) policy as well as four direct policy instruments (special refinancing bond, rediscounting, moratorium on debt repayment, and credit support plan). These measures prevented a sharp rise in output gap.


[image: Figure 8]
FIGURE 8. Shock of the quantitative monetary policy instrument on output gap.


As shown in Figure 9, the impulse function of the shock of quantitative monetary policy on inflationary gap assumes a W-shaped trend. Before 2018 it fluctuated around zero line and from 2018 onwards, there was a primarily negative effect coupled with increased fluctuation. This is due primarily to the 2018 China-U.S. trade dispute and the 2020 pandemic aftershock. At the same time, it shows that the Chinese central bank needs to improve the capability of using the quantitative monetary policy instrument to maintain effective demand and keep price level stable. In both 2018 and 2020 there was a trough and a negative inflationary gap, indicating that the positive shock of the quantitative monetary policy instrument relieved the deflation to some degree. The 2018 trade war as well as the 2020 pandemic aftershock increased supply pressure. In response to the deflation, the central bank adopted prudent monetary policy to adjust monetary aggregates counter-cyclically. The 2019 crest indicates that the positive shock of the quantitative monetary policy instrument further intensify inflation. This is because increasing agricultural product price level due to the China-U.S. trade war as well as international hot money inflow.


[image: Figure 9]
FIGURE 9. Shock of the quantitative monetary policy instrument on inflationary gap.


As shown Figure 10, the shock of price-based monetary policy on output gap assumes a W-shape trend which fluctuates around the zero line, which indicates that the central bank can make counter-cyclical adjustment using the price-based monetary policy instrument. In response to the negative output gap resulting from the China-U.S. trade war in 2018, the central bank implemented multiple rounds of reduction in the interest rate. The measure brought about a positive output gap as well as a crest in 2019. This is attributable to the economic downturn pressure resulting from the China-U.S. trade friction. The central bank improved the loan prime rate (LPR) mechanism in order to break through the lower bound of interest rate and introduce the mid-term lending facility to make the determination of interest rate more market-based. The central bank also took advantage of macro-prudential counter-cyclical adjustment to lead the market, stabilize market confidence, and increase liquidity. In 2020, the impulse function of the shock of price-based monetary policy on output gap rebounded quickly after bottoming out. This is because the central bank introduced loose monetary policy immediately after the outbreak of the pandemic. Price-based monetary policy was adopted for several times, successfully increasing money velocity quickly, driving market demand upsurges, and causing a rebound in the wake of the trough.


[image: Figure 10]
FIGURE 10. Shock of price-based monetary policy on output gap.


As shown in Figure 11, the shock of price-based monetary policy on inflationary gap makes largely a negative effect, indicating that the positive shock of the interest rate per unit of standard deviation can narrow inflationary gap; besides, it means that the interest rate has a good counter-cyclical adjustment effect on the price level and that the central bank will avoid using overly tight monetary policy in price adjustment. Under the influence of the slow and unstable recovery of the global economy, inflationary gap dipped to trough for the sampling period. Hence, the central bank eased monetary policy by lowering the base rate and introducing expansionary fiscal policy. These measures led to a quick rebound after inflationary gap bottomed out. The shock of 2017–2018 price-based monetary policy on inflationary gap assumed an uptrend; at the same time, the impulse function decreased in 2018. This is because the China-U.S. trade war exerted negative impact on China's foreign trade and food price surged. The central bank implemented a series of flexible counter-cyclical adjustments. As a result, inflation rate was well-controlled and the impulse function changed once again from a decrease to an increase. In 2020, the impulse function again decreased; as a response the central bank adopted adequate preventive monetary policy by reducing the nominal rate and leveraging the interest rate to increase money velocity and narrow inflationary gap.


[image: Figure 11]
FIGURE 11. Shock of the price-based monetary policy instrument on inflationary gap.


The paper selects a sample period of January 2016 through January 2020 for an investigation on what role that quantitative monetary policy and price-based monetary policy played in a dynamic adjustment to output gap and inflationary gap before and after the pandemic. The sample period contains both low EPU and high EPU. Through a comparative analysis of the impulse response function between pre-pandemic and post-pandemic, we can find the path by which monetary policy adjusts to output gap and inflationary gap as well as the time-varying characteristics in the context of EPU. As shown in Figure 12, the time point impulse function of the shock of quantitative monetary policy on output gap proves negative in the short term. In the wake of a change in the positive shock between stage 2 and stage 4, there was a short but minor negative shock. From stage 8 onwards, the impulse function gradually inclined to zero, indicating that the shock of quantitative monetary policy on output gap last 2–4 stages. While the trends of the two impulse functions are largely consistent, the shock of quantitative monetary policy on output gap is greater in January 2020 than January 2016. This indicates that the shock of the quantitative monetary policy instrument on output tends to last longer as EPU increases. Besides, the shock of the quantitative monetary policy instrument on output gap increases with a growth in EPU.


[image: Figure 12]
FIGURE 12. Time point-based shock of quantitative monetary policy on output gap.


As shown in Figure 13, quantitative monetary policy has a positive shock on inflationary gap on the whole, indicating that if money supply increases at the time, the price level will climb. The shock in January 2020 is basically consistent with that in 2016, indicating that the central bank improves the ability to use the quantitative monetary policy instrument for inflation adjustment. The difference is that the duration of the shock in January 2020 is obviously longer than in January 2016, indicating that the shock will increase as EPU climbs. This is partly due to the formulation and implement of the central bank's monetary policy in response to the pandemic.


[image: Figure 13]
FIGURE 13. Time point-based shock of quantitative monetary policy on inflationary gap.


As shown in Figure 14, price-based monetary policy has a positive shock on output gap; that is to say, interest rate rise tends to make output gap bigger. The price-based monetary policy instrument mainly involves nominal rate adjustment. Judging from model specification, this means that higher EPU results in a greater shock of the price-based monetary policy on output gap. In other words, when EPU increases, price-based monetary policy instruments, such as interest rate reduction, can narrow output gap and realize stable economic growth.


[image: Figure 14]
FIGURE 14. Time point-based shock of price-based monetary policy on output gap.


As shown in Figure 15, the time point impulse functions of price-based monetary policy on output gap are largely consistent and the impulse response function mostly has a positive effect. After stage 7, the impulse function has a negative effect, indicating that the price-based monetary policy instrument has yet to be improved significantly and that the central bank should put importance on the long-term effect of regulatory policy as well. On the whole, as EPU increases, the price-based monetary policy has an increasingly significant shock on inflationary gap; that is to say, the interest rate policy has an increasingly significant shock on inflationary gap. Besides, the impulse function in June 2020 staggered before a gentle drop, which is attributable to multiple anticipatory steps taken by the central bank in response to the shocks of the pandemic, such as lending rate reduction, partial required reserve reduction, MLF, and LPR mechanism improvement. These steps serve to stimulate consumption, contribute to steady economic growth and limit price fluctuation within a reasonable range. This also signifies a significant improvement in the central bank's ability to address inflation using price-based monetary policy.


[image: Figure 15]
FIGURE 15. Time point-based shock of price-based monetary policy on inflationary gap.




CONCLUSION

The paper begins by building the LT-TVP-VAR model to investigate the dynamic mechanism that links EPU to quantitative monetary policy and price-based monetary policy. Then it investigated how the quantitative monetary policy instrument and the price-based monetary policy instrument affect output gap and inflationary gap. Finally, a comparative analysis, based on the time point-based impulse response function, is conducted to analyze the time-varying effects of the different policy instruments on output gap and inflationary gap between pre-pandemic and post-pandemic periods which contain different levels of EPU.

The following interpretations and conclusions are made from the above empirical results. First, the impact of EPU on the quantitative monetary policy shock and the price-based monetary policy shock has a significant threshold effect. In addition, there exists a positive correlation between EPU and the two monetary policy instruments regarding the short-term, mid-term, and long-term effects, respectively. Second, the quantitative monetary policy instrument is more powerful in dealing with output than inflation. The implementation of quantitative monetary policy instrument by the Chinese central bank turns out to be counter-cyclical. However, the time varying effect of the quantitative monetary policy instrument is primarily negative, which indicates that the central bank has yet to improve its ability to use the monetary policy instruments fighting against output gap and growth in price level. Third, the effect of the price-based monetary policy instrument used by the Chinese central bank to stabilize output and price level turns out to be significant. Fourth, both the effect of quantitative monetary policy and that of price-based monetary policy are shown to be increasingly powerful on output gap as EPU grows. In a comparative analysis, the effect of quantitative monetary policy instrument on output gap is shown to be more significant in the mid-term and long-term than the short-term, which exhibits a lag effect; and the lag time gets longer as EPU grows. At different levels of EPU the effects of price-based monetary policy on output gap are all remarkable.

We further make the following recommendations. First, the EPU index that is based only on South China Morning Post needs to be improved for more accuracy. Researchers can collect information from additional sources and channels. Second, the government should promote effective disclosing of information to the public to lower the level of EPU. Third, a combination of various monetary policy instruments can improve monetary policy's counter-cyclical effect. Particularly, price-based monetary policy instrument turns out to be more powerful in both output and price level. Therefore, the central bank should continue to improve the interest rate transmission mechanism and put more weight on price-based monetary policy than on quantitative monetary policy. In addition, when EPU is high, we need to combine quantitative monetary policy with price-based monetary policy in order to fight against output gap and inflationary gap pressure.
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This paper examines the effects of stringency measures (provided by the Oxford Coronavirus Government Response Tracker) and total time spent away from home (provided by the Google COVID-19 Community Mobility Reports) on the COVID-19 outcomes (measured by total COVID-19 cases and total deaths related to the COVID-19) in the United States. The paper focuses on the daily data from March 11, 2020 to August 13, 2021. The ordinary least squares and the machine learning estimators show that stringency measures are negatively related to the COVID-19 outcomes. A higher time spent away from home is positively associated with the COVID-19 outcomes. The paper also discusses the potential economic implications for the United States.
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INTRODUCTION

The Coronavirus disease 2019 (COVID-19) pandemic started in late 2019 and spread to each country within a few months. The pandemic has been one of the leading disasters in modern history and has negatively affected various economic and social indicators (1, 2). The COVID-19 pandemic started as a health crisis, but it also significantly damaged the world economy (3). Meanwhile, the pandemic has been the priority of policymakers in leading economies because the COVID-19 virus is more lethal than the common flu (4). Therefore, policymakers have implemented various implications to minimize social mobility, such as social distancing measures and mandatory lockdowns (5). These implications have negatively affected economic performance (6, 7). At this stage, it is important to understand whether these mandatory lockdowns to minimize social mobility and stringency measures are beneficial to reduce the COVID-19 outcomes, which are usually measured by the total COVID-19 cases and total deaths related to the COVID-19. For this purpose, this paper aims to analyze the effects of stringency measures and social mobility (total time spent away from home) on the COVID-19 outcomes (measured by total cases and total deaths related to the COVID-19) in the United States.

There are previous papers to examine the determinants of the COVID-19 outcomes. For instance, Khan et al. (8) observe that higher health expenditures and healthcare capacity decrease the COVID-19 case-fatality ratios. Countries with an older population experience higher deaths related to the COVID-19 relative to their COVID-19 cases. Haldar and Sethi (9) observe that demography and government interventions are the leading drivers of the COVID-19 outcomes. Interestingly, economic indicators, i.e., the per capita income and the human development index, have no significant effects on the COVID-19 outcomes. Allel et al. (10) also conclude that government policies are the main drivers of the COVID-19 outcomes. Sorci et al. (11) find that demographics (measured by the population over 70 relatives to the total population), economic development (measured by the per capita gross domestic product), and institutional quality (measured by democracy index) are the main determinants of the COVID-19 outcomes. Martinez-Valle (12) examines the effectiveness of governments' policy implications on the COVID-19 pandemic in Argentina, Brazil, Chile, Colombia, Mexico, and Peru. The author uses the stringency index and Google social mobility indicator and finds that stringency measures lead to lower mortality rates in all of these countries.

On the other hand, Moosa and Khatatbeh (13) demonstrate that demographics (measured by the age structure of the population) and social networks (measured by the population density) are the significant drivers of the COVID-19 case-fatality ratio. Daw (14) indicates that the armed conflicts are the main drivers of the COVID-19 outcomes in three case countries: Libya, Syria, and Yemen. Similarly, Zhai et al. (15) focus on the cross-sectional data in 120 countries and show that internal and external conflicts are the main determinants of the COVID-19 pandemic.

To the best of our knowledge, this paper is the first to examine the effects of total time spent away from home and stringency measures on the COVID-19 outcomes (measured by total cases and total deaths related to the COVID-19) in the United States. For this purpose, we consider a large time series spanning the daily data from March 11, 2020 to August 13, 2021. In addition, we utilize the ordinary least squares (OLS) and the kernel-based regularized least squares (KRLS) estimation techniques. According to the empirical findings, stringency measures are negatively related to the COVID-19 outcomes. Moreover, a higher time spent away from home is positively associated with the COVID-19 outcomes.

The remainder of the study is organized as follows. Section Model and Data explains the empirical model and the dataset in the empirical examination. Section Empirical Findings discusses the empirical findings, and section Conclusion provides the conclusion of the paper.



MODEL AND DATA


Empirical Model

This paper estimates the following model to examine the effects of social mobility (total time spent away from home) and stringency measures on the COVID-19 outcomes.
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In Equations (1) and (2), COVIDCASES is the daily total COVID-19 cases. COVIDDEATH is the total daily deaths related to the COVID-19. MOBt is the social mobility, and it is daily the total time spent away from home. STRt is the stringency measures. εitrepresents the error terms.

We expect that α1 > 0 and β1 > 0 as the social mobility should increase the COVID-19 outcomes. In addition, α2 <0 and β2 <0 as the stringency measures should decrease the COVID-19 outcomes. Following Zhai et al. (15), we estimate these models using the OLS and the machine learning estimators, the so-called KRLS, introduced by Hainmueller and Hazlett (16).



Data

This paper focuses on the daily data from March 11, 2020 to August 13, 2021, in the United States. We have 521 observations for each indicator. The dependent variables are the COVID-19 outcomes, and two indicators are used: (1) Total COVID-19 cases in the logarithmic form and (2) Total deaths related to the COVID-19 in the logarithmic form. The related data are accessed from the Cross-country Database of COVID-19 Testing dataset provided by Hasell et al. (17).

We focus on two explanatory variables. First is the total time spent away from home to capture social mobility, and it is available in the Google COVID-19 Community Mobility Reports. We download the social mobility data from the website (https:/tracktherecovery.org/), introduced by Chetty et al. (18). We consider the relative change of the average time spent outside the residential locations, indexed from January 3, 2020 to February 6, 2020. The second explanatory variable is the stringency measures, available in the Oxford Coronavirus Government Response Tracker. We obtain stringency measures data from the website (https://www.bsg.ox.ac.uk/research/research-projects/covid-19-government-response-tracker), introduced by Hale et al. (19). This index is a composite measure based on nine response indicators: school closures, workplace closures, cancel public events, restrictions on gatherings, public transport closures, public information campaigns, stay-at-home restrictions on internal movement, and international travel controls. The index is rescaled to vary from 0 to 100, and a higher index level indicates a higher stringency measure.

Table 1 provides brief measures of descriptive statistics, including the average values, the standard deviations, the minimum values, and the maximum values of each indicator.


Table 1. Descriptive statistics.
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Table 2 reports a pairwise correlation matrix among the variables in the dataset. We observe that the correlation between the COVID-19 cases and the COVID-19 related deaths is 0.97. The correlation between social mobility and the COVID-19 cases is 0.23, and the COVID-19 related deaths are 0.14. Moreover, the correlation between the stringency index and the COVID-19 cases is −0.44, and the COVID-19 related deaths are −0.36. Finally, the correlation between social mobility and the stringency index is found as −0.76. The correlations among the indicators are in line with the theoretical expectations.


Table 2. Correlation matrix.
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EMPIRICAL FINDINGS


Total COVID-19 Cases

Table 3 provides the results of the COVID-19 outcomes, measured by the log of total cases.


Table 3. Results of the COVID-19 outcomes: the log of total cases.
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Column (1) provides the results of the OLS estimations for social mobility, measured by total time spent away from home. The findings show that social mobility increases the log of total COVID-19 cases in the United States. The coefficient is statistically significant at the 1% level. Column (2) reports the findings of the OLS estimations for stringency measures. The result indicates that stringency measures reduce the log of total COVID-19 cases in the United States. The coefficient is statistically significant at the 5% level. Column (3) provides the findings of the OLS estimations for both social mobility and stringency measures. The findings indicate that social mobility increases the log of total COVID-19 cases and stringency measures reduce total COVID-19 cases in the United States. The coefficients are statistically significant.

Furthermore, Column (4) reports the findings of the KRLS estimations for social mobility, measured by total time spent away from home. The result indicates that social mobility increases the log of total COVID-19 cases. The coefficient is statistically significant at the 1% level. Column (5) provides the results of the KRLS estimations for stringency measures. The finding shows that stringency measures decrease the log of total COVID-19 cases. The coefficient is statistically significant at the 1% level. Column (6) reports the findings of the KRLS estimations for both social mobility and stringency measures. The results show that social mobility increases the log of total COVID-19 cases and stringency measures reduce total COVID-19 cases in the United States. The coefficients are statistically significant at the 1% level. The KRLS estimations have higher R-squared values than the OLS estimations, and thus, they have higher explanatory power than the OLS estimations. In short, the KRLS estimations can be seen as the benchmark results.



Total COVID-19 Related Total Deaths

Table 4 reports the results of the COVID-19 outcomes, measured by the log of total deaths.


Table 4. Results of the COVID-19 outcomes: the log of total deaths.
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Column (1) reports the findings of the OLS estimations for total time spent away from home. The results indicate that social mobility increases the log of total deaths in the United States, and the coefficient is statistically significant at the 1% level. Column (2) provides the findings of the OLS estimations for stringency measures. The finding shows that stringency measures decrease the log of total deaths in the United States, and the coefficient is statistically significant at the 1% level. Column (3) reports the results of the OLS estimations for both social mobility and stringency measures. The results indicate that social mobility increases total deaths, and stringency measures decrease the total deaths related to the COVID-19 in the United States. The coefficients are statistically significant at the 5% level at least.

Column (4) reports the results of the KRLS estimations for total time spent away from home. The findings show that social mobility increases the log of total deaths. The coefficient is statistically significant at the 10% level. Column (5) provides the findings of the KRLS estimations for stringency measures. The results indicate that stringency measures reduce the log of total deaths. The coefficient is statistically significant at the 1% level. Column (6) reports the results of the KRLS estimations for both social mobility and stringency measures. The results show that social mobility increases the log of total COVID-19 related deaths, and stringency measures decrease it. The coefficients are statistically significant at the 10% level at least. Again, the KRLS estimations provide higher R-squared values than the OLS estimations. The KRLS estimations have higher explanatory power than the OLS estimations. In short, the KRLS estimations are the benchmark findings.

Overall, we observe that social mobility increases the log of total cases and total deaths in the United States. In addition, stringency measures decrease the log of total cases and the log of total deaths.




CONCLUSIONS

The COVID-19 pandemic has continued for almost one and a half years, and the pandemic pattern is still difficult to predict. Most countries have increased the vaccination rate, but the stringency measures are still leading implications to slow down the spread of the virus, especially new variants. This paper uses the effects of stringency measures provided by the Oxford Coronavirus Government Response Tracker. We define this measure as the de jure limitations due to the COVID-19. We also consider the total time spent away from home, provided by the Google COVID-19 Community Mobility Reports. We define this measure as the de facto limitations due to the COVID-19. We examine the effects of both measures on the COVID-19 outcomes, measured by total cases and total deaths related to the COVID-19, in the United States. We use the daily data from March 11, 2020 to August 13, 2021. The results from the OLS and the KRLS estimators indicate that stringency measures negatively affect the COVID-19 outcomes. A higher time spent away from home is positively associated with the COVID-19 outcomes.

Our results show that stringency measures and social distancing are the main determinants of the COVID-19 outcomes in the United States. However, stringency measures can decrease macroeconomic activity; and therefore, they can negatively affect household consumption, small business activities, and employment. Besides, social distancing can decrease the level of social networks and can increase psychological problems at the individual level. Therefore, policymakers should determine the optimal limitations to balance stringency and the COVID-19 related deaths. This issue is a dynamic process due to the randomness of the pandemic with new variants; therefore, policymakers need active monitoring of the pattern of the pandemic. Testing and other data collection procedures are vital to determine the optimal limitations.

Finally, our paper obtains empirical evidence, limited to the United States, and future papers can focus on other advanced economies. Findings from developing countries can also be important, given that most of these countries have limited access to effective vaccines. At this stage, Brazil, India, and Russia are the leading candidates investigate the effects of stringency measures and total time spent away from home on the COVID-19 outcomes.
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This paper examines the effects of the pandemics-related uncertainty on corporate innovation in Chinese firms. For this purpose, the recent uncertainty measure of pandemics, the Pandemics Discussion Index (PDI), is used. The findings from the fixed-effects estimations show the negative impact of the PDI on corporate innovation. Government subsidies, operation profits, and total exports also positively affect corporate innovation. In addition, firms' management efficiency promotes corporate innovation. These results hold when the Blundell-Bond estimations are utilized to address potential endogeneity. Various robustness analyses, such as considering the lagged PDI and the lagged controls, are also conducted. Consequently, the main results remain robust. Thus, this paper provides novel and robust evidence on the negative impact of pandemics on Chinese firms' corporate innovation behavior.
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INTRODUCTION

Corporate innovation is one of the main sources of economic growth (1, 2). It also provides the efficient reallocation of sources, and thus, it can promote economic performance (3, 4). Corporate innovation promotes productivity and productivity gains spillovers to the whole economy in general (5, 6). Corporate innovation is also one of the determinants of upgrading export quality, especially in developing economies like China (7). Following the reform in 1978, the Chinese economy has rapidly grown with an average growth rate of around 10% over four decades (8). This great growth performance has taken attention from academia and policymakers (9). Several papers observe that innovation is the key aspect of this solid economic performance in China (10, 11). Corporate innovation also leads to a successful transition from fossil fuels to clean technology (12). Therefore, the sustainability of the corporate innovation process is vital for economic growth sustainability in China.

There are various determinants of corporate innovation, such as domestic credits (13, 14), financial development (15), institutional quality (16, 17), stock market development (18), and trust (19). Recently, several papers show that uncertainty shocks significantly affect corporate innovation. We expect that uncertainty shocks negatively affect the level of investments since they increase financing costs of innovation. At this juncture, policy uncertainty decreases the equity risk premium since policy uncertainty creates a political risk (20–22). Uncertainty may also affect capital expenditures are due to the fluctuations in bond prices, which are a significant determinant of financing costs of innovation (23). Various papers show that uncertainty shocks negatively affect corporate investments in general, including new investments and innovation expenditures in particular (24–35). Refer also to Bernanke (36), Caballero (37), Carruth et al. (38), and Rodrik (39) for the early empirical and theoretical papers in the literature.

This paper aims to examine the effects of the pandemics-related uncertainty on corporate innovation in Chinese firms. For this purpose, we use the recent uncertainty measure of pandemics: The Pandemics Discussion Index (PDI). It is important to note that previous papers on the effects of uncertainty shock on corporate innovation mostly focus on the regional or the national-level data. Therefore, there is a gap in the empirical literature for analyzing the effects of uncertainty shocks across corporate innovation by the firm-level data. Indeed, uncertainties can significantly affect firms' new investment decisions, increasing lending costs. This research is the first paper to use the PDI as the determinant of corporate innovation in China to the best of our knowledge. In this paper, we find a negative impact of the PDI on corporate innovation. In addition, government subsidies, operation profits, management efficiency, and total exports positively affect corporate innovation. These results remain valid when we utilize the Blundell-Bond estimations; thus, we address potential endogeneity. We also conduct various robustness analyses, such as considering the lagged PDI and the lagged controls. Therefore, we provide novel and robust evidence on the negative impact of pandemics on Chinese firms' corporate innovation behavior.

The remaining parts of the study are structured as follows. Section Literature Review reviews the previous papers on literature examining the determinants of corporate innovation in developing and developed economies, including China. Section Dataset and the Estimated Models explains the dataset of the Chinese firms, estimated empirical models, and method of the pandemics discussion index in China. Section Empirical Findings discusses the findings of the fixed-effects and the Blundell–Bond estimations for the current and the lagged models. Section Concluding Remarks provides the concluding remarks.



LITERATURE REVIEW

Various papers are examining the determinants of corporate innovation both in developing and developed economies, including China. Uncertainty measures are also included as the potential driver of corporate innovation. For instance, Wei et al. (11) indicate that the sustainable growth performance of the Chinese economy depends on productivity gains and domestic innovations. The authors use the expenditures on research and development and patent applications and observe that the innovation level in China has increased during the last decades. The authors find that the higher real wages and the growing domestic markets are the leading determinants of the growth of corporate innovation in the Chinese economy. More interestingly, the authors obtain the evidence for misallocation of resources during the innovation decisions; that is, the state-owned corporations are taking higher subsidies from the government; however, the innovation growth rate of the private firms are higher than the state-owned corporations. Following these results, the authors conclude that the sustainability of corporate innovation in the Chinese economy depends on mitigating the level of resource misallocation in the economy. Rong et al. (40) examine the Chinese firms' determinants of corporate innovation (measured by patent applications) from 2002 to 2011. The authors observe that institutional investors are positively related to corporate innovation. More specifically, the positive impact of institutional investors on patent applications comes from mutual funds. In addition, market competition increases corporate innovation. Furthermore, private-owned firms have a higher number of patent applications than state-owned firms. These results are also robust to consider different measures of corporate innovation.

Similarly, Kroll and Kou (41) find that there are negative effects of the state-owned firms (both central and local governments) on the number of firms' patent applications. Meng et al. (19) investigate the effects of trust on corporate innovation at the firm-level data in 72 countries. The authors find that a higher level of trust and intellectual property rights causes higher R&D expenditures (investments) from 1992 to 2016. The authors discuss that greater trust and intellectual property rights in a country can suppress information asymmetries, and this issue decreases transaction costs. Thus, there will be fewer financial constraints for innovation. Song et al. (42) indicate that innovation in the Chinese manufacturing sector relates to the global value chain participation and labor division. Theoretically speaking, the role of the COVID-19 on innovation can be negative or positive. However, the COVID-19 pandemic hurts the global value chain participation with the trading partners, and therefore the authors conclude that the COVID-19 pandemic negatively affects corporate innovation in the Chinese manufacturing sector. Given this backdrop, we suggest that the pandemics are negatively related to innovation.

There are also previous papers to examine the effects of uncertainty shocks on corporate innovation. These papers mostly use the index of economic uncertainty index to capture the effects of uncertainty shocks. For example, Wang et al. (43) use the data of the Chinese firms to study the effects of economic policy uncertainty on R&D investments. The authors show that economic policy uncertainty decreases the R&D investments in politically connected firms, and the significant impact comes from the government subsidies. Contrarily, He et al. (44) indicate that the economic policy uncertainty positively impacts corporate innovation in the Chinese economy from 2000 to 2017. Economic policy uncertainty has a greater positive impact on state-owned firms. In a similar vein, Guan et al. (45) investigate the effects of the Chinese economic policy uncertainty (CEPU) on corporate innovation in Chinese firms and find that the CEPU positively affects corporate innovation. Market competition is a vital mechanism for enhancing corporate innovation during times of higher CEPU.

On the other hand, Xu (46) investigates the effects of economic policy uncertainty shocks on the United States firms' innovation activities with the cost of capital. The author observes that economic policy uncertainty increases firms' cost of capital, and this issue leads to a lower level of innovation expenditures. Cui et al. (47) find that economic policy uncertainty decreases corporate investments in Chinese firms from 2007 to 2017. Finally, Lou et al. (48) examine the effects of economic policy uncertainty on firm innovation in China's A-share listed firms from 2001 to 2017. The authors observe that economic policy uncertainty decreases firms' innovation investments.

Overall, according to the literature review, we observe that there are various papers in the empirical literature to investigate the effects of uncertainty shocks on corporate innovation in China. Most of these studies use the indices of economic policy uncertainty. To the best of our knowledge, there is no paper in the empirical literature to examine the pandemics-related uncertainty measures on corporate innovation in Chinese firms.



DATASET AND THE ESTIMATED MODELS


Dataset of the Chinese Firms

There are several issues regarding modeling the determinants of corporate innovation at the firm-level data. The first issue is that the ordinary least squares (OLS) estimations have the potential problem of simultaneity bias (49). Therefore, one should include the fixed effects of the firms' industry (sector) and regions (province). The second issue is that the level of corporate innovation can be related to the level of corporate innovation in the previous years. In other words, the lagged corporate innovation can determine its current level or the level in the next period. The third issue is that there can be a reverse causality issue, given that there will be various determinants of corporate innovation. Therefore, it is better to use both the current and lagged models when the determinants of corporate innovation will be examined. Our empirical models and estimation procedures consider these three potential issues in the empirical examination.

We focus on the firm-level data from 2000 to 2013, which considers the Chinese Industrial Enterprise Database with the MOC List of Chinese firms. We combine the dataset from 2000 to 2007 and the newer dataset over the period 2008–2013. We merged two datasets and filtered missing indicators following the methodology of Brandt et al. (50). We delete the samples with zero and negative values of the control variables in the estimations. If there is a missing value in one indicator, we also skip these firms or years. In addition, outlier observations, such as total assets < fixed assets or liquid assets, are cleaned from the dataset. There is also some misinformation in the dataset, such as age <0, and we remove these observations. We also focus on the firms, which have an operational revenue higher than 1,000 RMB. Note that we focus on the real RMB prices, and the realization of the prices are based on the producer price index deflator of the gross domestic product. The baseline year is 2000 in calculating the real RMB prices. At this stage, we use 282,556 observations from the 44,337 firms for the empirical analyses.



Estimated Empirical Models

According to the theories and previous empirical papers [e.g., (34, 51–54)], which are previously discussed, indicate that the effects of uncertainty shocks on corporate innovation should be negative. Following this theoretical background, we indicate that pandemics-related uncertainty should negatively affect corporate innovation. Therefore, we can write down the following empirical models:
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As discussed before, there can be a reverse causality issue between the explanatory variables and the dependent variable; therefore, we use the lagged variables.

Where innovi,t and innovi,t−1 are the current and the lagged corporate innovation, where i denotes the firm, and t indicates the year. china_pdii,t and china_pdii,t−1 are the current and the lagged pandemics-related uncertainty index (pandemic discussion index) in China, Xi,t and Xi,t−1 are the following control variables in the current and the lagged forms: profit is the firm's profit, expo_int is the firm's exports intensity, fin_cons is the firm's financial constraints, state_owner is the firm's ownership, mana_eff is the firm's management efficiency, gov_subs, is the government subsidies to firm, valuad_pro is the value-added productivity per employee, and firm_age is the firm's age. Finally, υi is the industry (sector) fixed-effects, μi is the province (region) fixed-effects, and εi,t represents the stochastic disturbance error term.

We estimate the models in Equations (1)–(8) using the fixed-effects and the system GMM estimations of Blundell and Bond (55). Similar to the differenced GMM estimations of Arellano and Bond (56), the system GMM estimation technique uses the lagged dependent variable. Therefore, the stochastic disturbance error term is subjected to autocorrelation. At this stage, we use the robust standard errors provided by Windmeijer (57). In the system GMM estimations, we need to find the first-order autocorrelation following the AR(1) test results. However, we need to obtain no significant second-order autocorrelation following the AR(2) test results. We also need to utilize the Sargan test for checking over-identifying restrictions. We need to reject the null hypothesis that all instrumental variables are not correlated to the stochastic disturbance error term. Thus, we can conclude that there is no over-identifying restriction problem in the system GMM estimations. We run the xtabond2 estimation procedure in Stata following Roodman's (58) suggestions under this backdrop.



Calculating the Pandemics Discussion Index in China (China_ PDI)

This measure is the aggregate index of discussion about pandemics in a given country, China in our case. The PDI is calculated by Ahir et al. (59), counting the number of times a word related to pandemics is written in the Economist Intelligence Unit country reports. A higher value indicates higher discussion about pandemics and vice versa, and the index captures the pandemics-related uncertainty. The PDI index extends the seminal measure of economic policy uncertainty (EPU) introduced by Baker et al. (25). Note that the PDI measure is provided by quarterly data. Given that our firm-level data have annual frequency data, we take a simple average to convert the quarterly PDI data into the annual data frequency as follows:
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In Equation (9), CHINA_PDIq is the index of pandemics discussion index in China in four quarters given a year, and CHINA_PDIt is the annual value of the index when we take the average value of pandemics discussion index in China. Figure 1 depicts the annual frequency pandemics discussion index in China from 1998 to 2021Q2.


[image: Figure 1]
FIGURE 1. Pandemics discussion index in China (Annual, 1998–2021Q2). Data source: https://worlduncertaintyindex.com/data/, based on Ahir et al. (59).


Furthermore, Table 1 represents the indicators used in the empirical analyses and their definitions. Note that indicators are calculated with the current (nominal) prices in the Chinese RMB.


Table 1. Labels and definitions of indicators in the estimations.
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Table 2 summarizes descriptive statistics indicators used in the empirical analyses, including the mean, the standard deviations, the minimum values, the maximum values, and observations.


Table 2. Summary of descriptive statistics.
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EMPIRICAL FINDINGS


Findings of the Baseline Fixed-Effects Estimations

Table 3 provides the findings of the fixed-effects estimations with the current controls, where the dependent variable is the corporate innovation (innovt). The industry fixed-effects and the province fixed-effects are included in the fixed-effects estimations.


Table 3. Results of the Benchmark fixed-effects estimations (current controls).
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The left column uses the current pandemic discussion index in China (china_pdit), and the right column considers the lagged pandemic discussion index in China (china_pdit−1). Both measures of the pandemics-related uncertainty are negatively related to corporate innovation. Note that China's current pandemic discussion index is statistically significant at the 1% level, and the lagged pandemic discussion index in China is statistically significant at the 5% level.

When we look at the control variables, the operation profits (profitt), the total exports (expo_intt), the management efficiency (mana_efft), and the government subsidies (gov_subst) increase the level of corporate innovation. All of these variables are statistically significant at the 1% level. The state ownership (state_ownert), the value-added productivity (valuad_prot), and the firm age (firm_aget) are also associated with the corporate innovation; however, their coefficients are statistically insignificant. On the other hand, financial constraints (fin_const) are negatively related to the level of corporate innovation. However, the related coefficients are also statistically insignificant.



Findings of the Further Fixed-Effects Estimations

Table 4 reports the results of the fixed-effects estimations with the lagged controls, and the dependent variable is the corporate innovation (innovt). Again, the industry fixed-effects and the province fixed-effects are included in the fixed-effects estimations.


Table 4. Results of the Benchmark fixed-effects estimations (lagged controls).
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The left column considers the current pandemic discussion index in China (china_pdit), and the right column uses the lagged pandemic discussion index in China (china_pdit−1). Both measures of the pandemics-related uncertainty are negatively associated with corporate innovation. We observe that the current pandemic discussion index in China is statistically significant at the 1% level. In addition, the lagged pandemic discussion index in China is statistically significant at the 5% level.

We also use control variables in the fixed effects estimations. Similarly, we find that the operation profits (profitt), the total exports (expo_intt), the management efficiency (mana_efft), and the government subsidies (gov_subst) promote the level of corporate innovation. All of these indicators are found as statistically significant at the 1% level. The state ownership (state_ownert), the value-added productivity (valuad_prot), and the firm age (firm_aget) are also positively related to corporate innovation; however, the related coefficients are statistically insignificant. Finally, we observe that financial constraints (fin_const) decrease the level of corporate innovation, but the related coefficients are also statistically insignificant.



Findings of the Blundell–Bond Estimations: The Current Model

Table 5 reports the results of the system GMM estimations of Blundell and Bond (55) with the current controls. The dependent variable is the corporate innovation (innovt), and the lagged dependent variable is also included in the system GMM estimations. At this stage, the industry fixed-effects and the province fixed-effects are also included. In terms of diagnostics of the system GMM estimations, we find a significant first-order autocorrelation following the AR(1) test results. In addition, AR(2) test results indicate that there is no statistically significant second-order autocorrelation. Finally, the Sargan test results indicate no problem related to over-identifying restrictions of the system GMM estimations with the current model.


Table 5. Results of the Blundell–Bond estimations (current controls).
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The left column considers the current pandemic discussion index in China (china_pdit), and the right column focuses on the lagged pandemic discussion index in China (china_pdit−1). Both measures of the pandemics-related uncertainty are negatively related to corporate innovation. Note that both the current and the lagged pandemic discussion index in China is statistically significant at the 1% level.

Similar to the fixed-effects estimations, we consider several control variables. We observe that the operation profits (profitt), the total exports (expo_intt), the management efficiency (mana_efft), and the government subsidies (gov_subst) promote the level of corporate innovation. At this point, the operation profits, the management efficiency, and the government subsidies are statistically significant at the 1% level. Note that the total exports are statistically significant at the 5% level.

In addition, the state ownership (state_ownert), the value-added productivity (valuad_prot), and the firm age (firm_aget) are also positively related the corporate innovation; however, their coefficients are found as statistically insignificant. On the other hand, financial constraints (fin_const) decrease the level of corporate innovation. However, the related coefficients are also statistically insignificant.



Findings of the Blundell–Bond Estimations: The Lagged Model

Table 6 provides the findings of the system GMM estimations of Blundell and Bond (55) with the lagged controls. The dependent variable is the corporate innovation (innovt), and the lagged dependent variable is also added in the system GMM estimations. In addition, the industry fixed-effects and the province fixed-effects are also included to the system GMM estimations. When we look at the diagnostics of the system GMM estimations, we observe a significant first-order autocorrelation, according to the AR(1) test results. Furthermore, AR(2) test findings show that there is no statistically significant second-order autocorrelation. Finally, according to the results of the Sargan test, there is no problem related to over-identifying restrictions of the system GMM estimations with the lagged model.


Table 6. Results of the Blundell–Bond estimations (lagged controls).
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Like the previous estimations, the left column uses the current pandemic discussion index in China (china_pdit), and the right column focuses on the lagged pandemic discussion index in China (china_pdit−1). Both measures of the pandemics-related uncertainty are negatively associated with corporate innovation. Again, we observe that China's current and lagged pandemic discussion index is statistically significant at the 1% level.

Similar to the fixed-effects and the previous system GMM estimations, we use several control variables. We find that the operation profits (profitt), the total exports (expo_intt), the management efficiency (mana_efft), and the government subsidies (gov_subst) lead to a higher level of corporate innovation. At this stage, the operation profits, management efficiency, and government subsidies are statistically significant at the 1% level; however, the total exports are statistically significant at the 5% level.

Furthermore, the state ownership (state_ownert), the value-added productivity (valuad_prot), and the firm age (firm_aget) increase the corporate innovation; however, their coefficients are statistically insignificant. On the other hand, the financial constraints (fin_const) reduce the Chinese corporate innovation level. Again the related coefficients are also statistically insignificant.

Overall, we find that the pandemics-related uncertainty harms corporate innovation. The firms' management efficiency, the government subsidies, the operation profits, and the total exports increase the corporate innovation of the Chinese firms.




CONCLUDING REMARKS

The firms in developing countries need high value-added production, high-level technology, and higher productivity to sustain corporate innovation and thus economic performance. In this paper, we examine the effects of the pandemics-related uncertainty on corporate innovation in Chinese firms. We use the firm-level data in different industries and provinces in China. For this purpose, we consider the recent uncertainty measure of pandemics, so-called the PDI. The results from the fixed-effects estimations indicate the negative impact of the PDI on corporate innovation. We also observe that government subsidies, operation profits, and total exports positively affect corporate innovation. In addition, firms' management efficiency promotes corporate innovation. These results hold when we utilize the Blundell-Bond estimations to address potential endogeneity. Additional robustness analyses, such as considering the lagged PDI and the lagged controls, are also conducted. Consequently, the main results remain robust.

This paper provides novel and robust evidence on the negative impact of pandemics on China's corporate innovation behavior. These results provide several implications. These results show that government subsidies should be increased to promote corporate innovation, and increasing total exports is helpful to increase corporate innovation. Pandemics is negatively related to corporate innovation, but government support can decrease the operating costs, and this policy implication can increase corporate innovation. In developing economies, such as China, governments have more importance in supporting corporate innovation. It is also important to note that investments in human capital are an important channel to promote corporate innovation. Investments in human capital can increase managerial efficiency. Also, investments in human capital can increase professionalism in the workers.

Overall, firms can increase corporate innovation by technology, promoting production quality, increasing profits, and promoting competitiveness with exports. It is important to note that our findings are only limited to Chinese firms. At this stage, future papers can focus on other large developing economies, such as Brazil, India, and Russia, to analyse the determinants of corporate innovation. A special role can be given to pandemics-related indicators if the data will be available for the COVID-19 era.
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Objectives: During the COVID-19 pandemic, dentists have had to work under stressful conditions due to the nature of their work. Personal protection equipment (PPE) has become mandatory for work in the dentistry field. This study aimed to examine dentists' practices and attitudes regarding the use of PPE and the associated drawbacks and cost implications during the pandemic.

Methods: A questionnaire-based survey was used and was divided into five sections dedicated to collect demographic variables and to examine the dentists' practices, attitudes toward PPE, drawbacks, and cost of using PPE. Mann-Whitney U and Kruskal-Wallis tests were used to compare different sections of the questionnaire and linear regression was used to determine the predictors of the dentists' practices and attitudes toward PPE.

Results: The mean of practices regarding use of PPE was 5.41 ± 1.71 (median 6), attitude toward using PPE scored 2.26 ± 0.90 (median 2), while the means of drawbacks and cost recorded equal scores of 5.22 ± 1.24 (median 5) and 1.68 ± 0.74 (median 2), respectively. The recently graduated dentists, those with postgraduate degrees and those working in the private sector demonstrated higher levels of practices on PPE than their counterparts. Regression analysis revealed that practices of PPE can be predicted on the basis of qualifications and work place, whereas attitude toward PPE is significantly influenced by qualification only.

Conclusions: The study participants demonstrated satisfactory levels of practices and positive attitudes toward PPE. While complaints from using PPE and their cost were moderately affected.

Keywords: personal protection equipment, dentistry, COVID-19, knowledge, cost


INTRODUCTION

Toward the end of 2019, the whole world was faced with a new and dangerous challenge about which there was very little information and which was later to become known as the COVID-19 virus. Early reports and warnings from the World Health Organization (WHO) about this virus were released in the weekly updates on January 12 when China shared the genetic sequence of the virus (1). One year later, on 29/12/2020, the WHO reported 79 million reported cases and over 1.7 million deaths (2).

The typically reported symptoms of COVID-19 include fever, cough, fatigue, anorexia, shortness of breath and myalgia in addition to other reported symptoms such as loss of smell and taste (3, 4). However, many COVID-19 cases are now appearing that have less typical symptoms or are asymptomatic (5). People in the latter category pose a particular risk to dental staff as they may unknowingly attend their dental appointment while infected with COVID-19 (6, 7).

Dental staff are also at increased risk due to their proximity to the patient's nose and mouth while they work (4). In addition, the aerosols generating procedures (AGPs) cause emission of airborne droplets from the patient's mouth into the surrounding environment, which is one of the main routes of transmission of COVID-19 (8). The aerosols in a COVID-19 positive patient will likely contain a high viral load, further increasing the risk of transmission to the dental staff during a single session (9). Dental staff around the world were forced to cease or highly restrict the treatment that they offered as the COVID-19 outbreak became a pandemic (8). Research into how to safely return to dental treatment was now the priority and resulted in the introduction of new protocols for use with enhanced personal protection equipment (PPE) (10). Implementation of AGPs now requires the use of a respirator mask, most commonly the FFP2 (N95) or FFP3 or equivalent masks (10). However, their use comes at greatly increased financial cost, with the WHO reporting on 3rd March 2020 that the price of surgical masks had multiplied by 6-fold and N95 respirators by 3-fold and the cost of gowns had doubled (1). Further, the United Kingdom has also implemented a “fallow time” to allow aerosols to settle following provision of AGPs and then performance of cleaning to help decrease risk of transmission.

The new protocols have succeeded in decreasing the risk of transmission in the dental practice setting (11). However, certain negative factors need to be addressed, such as increased anxiety among dentists and dental staff (12) and the physical difficulties associated with wearing enhanced PPE (13). Additionally, there is the time loss due to fallow time and the extra time needed for donning and doffing (14, 15). All of these factors, along with the increased cost of enhanced PPE and mitigation factors, contribute to decreasing the number of patients that can be seen in a day and therefore to a decrease in earnings (16, 17). In Iraq, as in other countries, there was an initial lack of information and evidence-based guidelines regarding protection and prevention of COVID-19 transmission due to its novelty. The aim of this study was to investigate the dentists' practices and attitudes regarding PPE and the drawbacks of using PPE in dental practice.



METHODS


Study Design and Population

This study was a cross-sectional survey conducted among Iraqi dentists between December 2020 and January 2021. An electronic version of the questionnaire was randomly emailed to the dentists after obtaining the relevant ethical approval in accordance to the Helsinki declaration for human research from the College of Dentistry, University of Sulaimani (ethical approval number: 17/21).

Registered dentists who agreed to respond to the questionnaire were included in the study. Dentists who returned incomplete questionnaires and those who declined to participate were excluded. The number of registered dentists was officially obtained from the Iraqi Dental Association (IDA). The questionnaire was left open initially for 2 weeks, then a reminder was sent and it was kept open for an extra week before it was closed and data were retrieved.



Sample Size Calculation

The total number of registered Iraqi dentists was used to estimate the sample size. Iraqi Dental Association has officially provided the authors with required information about total number of dentists (6,463) and their distribution across Iraqi governates. Accordingly, sample size required to reject null hypothesis [at 5% error margin and 95% confidence interval (CI)] was calculated as follows:

[image: image]

Therefore, the required sample size was 363 dentists which was rounded up to 400. To avoid a potential dropout estimated by a previous pilot study, the number of distributed questionnaires was doubled i.e., 800.



Questionnaire Elements and Scoring

The questionnaire (Table 1) was adapted from previous studies (17–19) and divided into 5 sections, the first of which concerned demographic variables. The second section was intended to assess the dentists' practices about using PPE (from question #1 to #9). The third section (from question #10 to #13) was dedicated to evaluating the attitude toward PPE. Sections 4 (from question #14 to #20) and 5 (from question #21 to #23) were designed to assess the drawbacks and cost implications of PPE, respectively.


Table 1. Elements of the questionnaire.

[image: Table 1]

Questions in the practices, attitude, drawbacks and the cost sections were closed-ended and required a “Yes” or “No” response. Each “Yes” response was scored as “1” while “No” response received score “0.” For all these sections, the mean of answers per participant was calculated and used for the analysis. Percentage responses for each question were used to express different aspects of each section.



Statistical Analysis

Frequency, percent, mean and standard deviation were used as descriptive statistics for demographic variables. These variables were dichotomized according to sex (male and female), qualification (BDS or other higher degrees), or depending on the median value for graduation year (<2013 or ≥2013) and when resuming work ( ≤ 3 months or >3 months). While work place was categorized as governmental, private, and both. Mann-Whitney U test and Kruskal-Wallis test were used to compare continuous data of different sections of the questionnaire. Multiple linear regression analysis was used to determine predictors of the dentists' practices and attitudes toward PPE. Significance level was set at p < 0.05. All statistical analyses were performed by using SPSS (version 25, IBM, USA).




RESULTS

A total of 333 dentists responded fully to the questionnaire representing 41.6% response rate, with average age of 33.8 ± 7.7 years old. Distribution of the study population according to the study variables is illustrated in Table 2. Individual responses for each question are illustrated in Table 3.


Table 2. Demographic and general practice characteristics of dentists since COVID-19 outbreak (N = 333).
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Table 3. Responses (score 1) per question for each section (N =333).
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Practices of using PPE according to different situations was significantly higher among postgraduate degree holders than among general practitioners, and among recently graduated dentists compared to those who graduated before 2013 (Table 4). In addition, dentists working in the governmental sector demonstrated significantly lower practices than those working in the private or private/governmental sector (Table 4). No significant differences were observed in attitude toward PPE according to the different variables except in the case of postgraduate qualifications, which showed a statistically significant association with a more positive attitude toward PPE when compared with Bachelor degree. Similarly, the demographical variables were found to have no significant effect on reported drawbacks of PPE or its cost (Table 4). Overall, the mean of practices of using PPE was 5.41 ± 1.71 (median 6), attitude toward using PPE scored 2.26 ± 0.90 (median 2), while the means of drawbacks and cost recorded equal scores of 5.22 ± 1.24 (median 5) and 1.68 ± 0.74 (median 2), respectively (Table 4).


Table 4. Responses on practice and attitude toward using PPE, the associated drawbacks and cost implications according to study variables.
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Regression analysis models indicated that predictors of practices of using PPE were qualifications and work place, while dentist's qualification was the only predictor of attitude (Table 5).


Table 5. Predictors for practices of using PPE and attitude toward PPE (multiple linear regression).
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DISCUSSION

While PPE plays a valuable role in providing protection from infection, lack of practices about its use reduces its benefits and can give a false impression of safety that may increase the infection risk. This study aimed to investigate the practices and attitude of dentists toward PPE together with associated drawbacks and cost aspects. Significant differences in practices about using PPE were identified among participants in the current study in relation to qualification, graduation year, and work place. Meanwhile, attitude toward using PPE was mainly associated with qualification.

Generally, dental staff are aware of and familiar with using conventional PPE; however, this could not be the case with the new guidelines for using PPE introduced as a consequence of the recent pandemic (20). In particular, the new rules on protection that require most of the body to be covered present problems in achieving correct application (20). This issue was highlighted in the current survey as only 35% of the dentists reported checking the fitting of PPE, an additional step that most health workers usually neglect. The requirement to use additional items has led to doffing and donning PPE becoming a more difficult and time-consuming process (20). This finding is confirmed by the results of this study, with 67–69% of the dentists considering doffing and donning to be tedious and hard processes. Furthermore, the introduction of ventilators, high-suction devices and other extra equipment to maximize safety during dental work was not well-perceived by the participants, possibly due either to lack of practices about the advantages or concern over the high cost. Overall, the dentists showed satisfactory levels of practices about the use and indications of different PPE. Although only 30% of the dentists were satisfied with the increase in cost of PPE during the pandemic, about 85% of them were aware of the importance of PPE. This reflected a generally positive attitude among the participants toward the use of PPE.

While protection from the virus is necessarily a priority, the comfort and satisfaction of the dentists are also prerequisites for high quality treatment (17). Health workers using PPE for long periods have reported different complications including fatigue, dehydration, and headaches (21). These adverse effects were further complicated by fear of infection which added further stress that significantly impacted their decision making and quality of treatment (21). These factors were observed in our study as fear of infection was expressed by about 35% of the participants, even though they were using proper PPE. Further, participants also reported that using PPE had a negative impact on their decision making and communication with their patients.

The majority of PPE-related symptoms are mainly attributed to heat-related illness which is predisposed by many risk factors, such as physical exertion, heat and humidity accumulation, and dehydration (22). In addition, physical effects of wearing PPE such as facial bruises have been reported by other health workers (23). In responses to a questionnaire-based survey conducted in India, all participants reported excessive sweating as a main problem of using PPE (24). The same study also indicated a range of other PPE-related problems including reduced vision due to fogging, suffocation, shortness of breath, headache, pressure marks, and occasional skin allergies/dermatitis (25). These results were consistent with the current study in which over 90% of the participants indicated fatigue and excessive sweating/increased body temperature as the main adverse effects of using PPE.

The majority of participants reported that their budget for purchasing PPE increased after the pandemic. However, over 60% of them thought that PPE was cost-effective and <20% of the dentists actually increased the treatment cost to compensate for the change in PPE cost. The escalation of public panic, especially in the early months following the onset of the COVID-19 crisis, led to demand for PPE exceeding the production capacity. The resulting depletion of PPE stocks then caused a significant increase in the prices. Later, the supply problem was alleviated by locating alternative sources and increasing production, but the price of PPE remained relatively high. Worldwide, the need to obtain extra PPE items increased the financial burden on the health authorities and health workers. For instance, the Aneurin Bevan Health Board Oral and Maxillofacial Unit, UK reported additional expenditure of £32,292 on purchasing PPE to meet the requirements of the new protection guidelines (25). Moreover, according to a tracking poll conducted by the ADA Health Policy Institute, one-third of the participating dentists reported a triple increase in their PPE costs (26). Further, the cost of surgical masks increased by up to 10-fold post-COVID-19 as compared to pre-pandemic (27).

The analysis showed that higher degree holders and those who had graduated in the after 2013 had greater practices about PPE. This indicates that educational achievement is a predictor of practices and positive attitude toward PPE. Recently graduated dentists could also have acquired practices via social media and other online sources which could be less attractive information sources for older graduates. Interestingly, those working in the private sector had better practices than their peers in governmental centers. This could be attributed to dentists working in the private sector having more responsibility and therefore being more concerned regarding the safety of the clinics on which their livelihoods depend. Furthermore, providing safe and good practices in the private sector could be related to the fact that patients seeking dental treatment expect better practice as the cost is high and dentists working in the private sector are aware of this expectation and try to keep up to date, otherwise, they might affect their reputation in the future. On the other hand, dentists working in governmental centers work in shifts that minimize their contact with the patients and use PPE provided according to the guidelines approved by the health authorities.

There is no doubt about the vital role of PPE in decreasing the transmission of the virus and saving lives. Meanwhile, problems associated with the tolerability and stress of wearing PPE were found to be greatly reduced by using Powered Air Purifying Respirators (28). In addition, using breathable PPE that meets high protection standards will have a positive impact on the quality of the treatment and the dentist's comfort during the work.

These dentists' responses cannot be regarded as an accurate reflection of their actual practice or behavior in real life, which represents a limitation of this type of study. Furthermore, the increased demand for PPE led to a lack of quality control due to the market being flooded with different brands from different origins, which could have affected the attitudes of the dentists toward PPE. Future research is encouraged on duties and responsibilities of dentists working in private dental practices in comparison to those working in governmental canters and impact of previous years of experience on practices and attitude of dentists toward PPE.



CONCLUSIONS

The current survey indicated that the dentists had satisfactory levels of practices and positive attitudes toward using PPE. Additionally, levels of complaints about using PPE together increased cost of purchasing PPE were moderately affected.
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In the post-epidemic era, green finance plays a more significant role in supporting the “green recovery” of the economy, so it is necessary to evaluate the implementation effect of previous green financial policies. In 2017, the green finance reform and innovation pilot zone set up in five provinces and autonomous regions made an exploration in the development of green finance. From the perspective of micro-enterprises, can this policy play a beneficial policy effect in the long run? Based on the quasi-natural experiment of green finance pilot, using the data of A-share listed companies, this paper empirically tests the impact of pilot policies on the long-term value of green enterprises in pilot areas. It is found that, compared with non-pilot zones, the green finance pilot enables a significant increase in the Tobin Q-measured value of green enterprises in the pilot zones. Heterogeneity analysis shows that green finance pilot has a more significant impact on non-state-owned enterprises, enterprises in traditional industries, large enterprises, and enterprises in the eastern region of China. Green finance pilot zone can achieve better policy effects in areas with stronger environmental impact regulation and higher financial development levels. The mechanism test shows that the green finance pilot affects the long-term value of green enterprises through the capital market effect improving the stock trading activity of enterprises and through the real effect improving the operational efficiency and profitability of enterprises. From the perspective of micro-enterprises, this paper enriches the research on the development effect of green finance and provides theoretical support for the effect evaluation of green finance pilot policies.

Keywords: COVID-19, green recovery, green finance, green enterprise, pilot zone, enterprise value


INTRODUCTION

The COVID-19 epidemic outbreak in early 2020 has made people more aware that the development of human society is always constrained by the natural environment, that economic development and growth should be well-coordinated with the protection of the natural ecological environment, and that any attempt to make the two in opposition shall be boomeranged. To prevent similar tragedies from happening again, we must promote the green and low-carbon transformation of the economy and society and enhance the sustainability of economic growth. After suffering from the impact of the COVID-19 epidemic, we must support and promote the “green recovery” of the economy, that is, in the post-epidemic era, the production and consumption return to the pre-epidemic level in terms of quantity and quality and achieve further growth while increasing the proportion of green consumption and green production, and thereby ultimately transforming the economic structure toward a green and sustainable direction.

From the perspective of economic theory, the economic recovery period after the COVID-19 epidemic impact is an excellent opportunity to promote structural transformation and “green recovery” of the economy: on the one hand, the COVID-19 epidemic impact leads to a cliff-like decline in pollution emissions in production, and a large number of backward production capacity has been naturally eliminated; on the other hand, government departments can use less green product subsidies to stimulate more green R&D investment in the context of declining production yield, thus creating more green production capacity at a lower policy cost.

As the blood of the entity economy, finance is the core of the modern economy. Therefore, finance should play an irreplaceable role in the process of economic “green recovery” in the post-epidemic era. Green finance bears the mission of providing investment and financing, project operation, risk management, and other services for economic activities supporting environmental improvement, coping with climate change, and resource conservation and efficient utilization. Because there is a limited amount of financial funds and the need for complex relief should be given priority during the epidemic crisis, green finance can help fill the financing gap faced by green investment in the process of “green recovery” in the post-epidemic era.

To give superior support to “green recovery,” green finance needs the sustenance of micro-enterprises. Only when the value of enterprises, especially those engaged in green and low-carbon related industries, improves the practice of green finance can micro-enterprises actively participate in green investment and transformation, and relevant practices can thereby be implemented stably and achieve the far-reaching effect. China's green finance started earlier. In 1995, the former State Environmental Protection Administration of China (SEPA) and the People's Bank of China respectively, issued the Notice on Using Green Credit to Promote Environmental Protection and the Notice on Implementing Credit Policy and Environmental Protection. In 2012, the former China Banking Regulatory Commission (CBRC) issued the Guidelines for Green Credit and gradually improved it into a statistical system for green credit. In 2015, the Integrated Reform Plan for Promoting Ecological Progress promulgated by the State Council proposed to build a green financial system. In August 2016, the People's Bank of China, the Ministry of Finance, the National Development and Reform Commission (NDRC), the former Ministry of Environmental Protection, the former China Banking Regulatory Commission (CBRC), the China Securities Regulatory Commission (CSRC) and the former China Insurance Regulatory Commission (CIRC) jointly issued the Guidelines for Establishing the Green Financial System, which constructed the top-level design of green financial development. The report of the 19th National Congress of the Communist Party of China put forward the requirement of vigorously developing green finance. Under the guidance of this spirit, the 5th Plenary Session of the 19th National Congress deliberated and adopted the Proposal of the Central Committee of the Communist Party of China on Formulating the 14th Five-Year Plan for National Economic and Social Development and the Long-term Goals for 2035, which made further arrangements for ecological civilization construction and green development and further emphasized the critical role of green finance in promoting the green transformation and development of economy and society. Under such a top-level design, the pilot practice at the grassroots level also serves as a magic weapon for successful reform. On June 14, 2017, the State Council executive meeting decided to build green financial reform and innovation pilot zones with different emphasis and characteristics in provinces and autonomous regions, including Zhejiang, Jiangxi, Guangdong, Guizhou, and Xinjiang, and put forward five major reform pilot tasks. At the practical level, China has carried out the construction of the green financial innovation pilot zone and continuously expanded the scope of the pilot and made a series of beneficial explorations in green financial policy and tool innovation, which laid a solid pilot foundation for promoting the further development of green finance.

With the promotion of policies and practices, green finance has gradually become a hot topic for scholars to study. Existing academic studies have achieved many research results in terms of the definition of green finance (1–5), impact effect (6), and relevant policy tools to support the development of green finance (7–11). However, the existing research focuses on the macro-impact of green finance on economic and social development and the meso-impact on industries, while there is relatively little research on the impact on micro-enterprises, which needs further exploration.

On June 14th, 2017, the State Council executive meeting decided to build green financial reform and innovation pilot zones with different emphasis and characteristics in provinces and autonomous regions, including Zhejiang, Jiangxi, Guangdong, Guizhou, and Xinjiang. Meanwhile, five major reform pilot tasks were proposed, including supporting financial institutions to set up green financial departments or green sub-branches, encouraging the development of green credit, exploring the establishment of environmental rights and interests trading markets, opening government service channels with priority for green projects and establishing green financial risk prevention mechanisms. As for the concrete situation of pilot zones, five provinces and autonomous regions actively introduced policies and measures, designed incentive mechanisms according to local conditions to promote green finance development, and achieved remarkable development efficacy. For example, Guizhou Province explores green finance supporting green agriculture and ecological environment governance; Huzhou City, Zhejiang Province, vigorously develops green credit, which accounts for 22% of the total credit balance, and improves the statistical system of green finance and starts the service of “Lvdaitong.” Jiangxi Ganjiang New District innovates various financial products and services such as credit, securities, and insurance to provide relevant financial services for investment and financing of green ecological industries. Regional Green Finance Development Index and Evaluation Report compiled by the International Institute of Green Finance, CUFE (Central University of Finance and Economics), shows that with the policy pilot promotion, the scores of the five pilot zones in green finance development and policy promotion measures are in the first echelon in China, and the relevant pilot zones have laid a solid pilot foundation for the further development of green finance.

However, what impact does this pilot policy have on micro-green enterprises? Does it bring about a long-term value promotion to green enterprises? In order to answer this question, this paper resorts to the quasi-natural experimental scenario of green finance pilot in China and the data of green enterprises in listed companies to test the impact of green finance pilot on the value of green enterprises from long-term perspectives. Firstly, this paper uses the Differences-in-Differences (DID) method to test the impact of green finance pilots on the long-term value of green enterprises measured by Tobin Q. The results of benchmark regression and a series of robustness tests show that the pilot policy of green finance has significantly improved the long-term value of green enterprises in the pilot zones. At the same time, if a region has a more vigorous intensity of environmental regulation and a higher level of financial development, green finance pilots in the region will achieve a more obvious promotion effect for the value of local green enterprises. The above results show that China's green finance pilot policy has promoted the value of green enterprises in the pilot zones in the long run, and the pilot policy has achieved specific expected outcomes. Then, this paper tests the mechanism of green finance pilot enhancing the long-term value of green enterprises. It is found that the green finance pilot not only increases the enterprise value by improving the capital market effect of stock return and trading activity of green enterprises but also improves the value of green enterprises by relieving financing constraints, increasing the technological innovation level and improving profitability. Finally, heterogeneity analysis shows that for non-state-owned enterprises, enterprises in traditional industries, large-scale enterprises, and enterprises in the eastern region, the pilot policy of green finance has a more pronounced effect on the long-term value of green enterprises.

Such a particular institutional arrangement of green finance pilot zones in some areas in China provides a rare opportunity for quasi-natural experiments to test the microeconomic consequences of the development of green finance. Meanwhile, empirical evidence from China's pilot areas will further enrich the relevant literature on the impact effect of green finance. Compared with the available literature, this paper may have the possible marginal contributions as follows: first, from the perspective of micro-enterprises, it tests the impact of green finance development on the long-term value of green enterprises, and more comprehensively describes the micro effect of green finance development. Second, a quantitative evaluation is made for the effect of green finance regional pilot policies in China. The results of this study show that China's green finance pilot improves the value of green enterprises in the pilot areas in the long term, which manifests that from the perspective of micro-enterprises, China's green finance pilot has achieved sound policy effects. Thirdly, this paper analyzes the influence mechanism of green finance development on the value of green enterprises and finds that green finance adds value to green enterprises through capital market effect and real effect.



LITERATURE REVIEW AND THEORETICAL ANALYSIS

China's experience in the reform lies in the successful use of experimental (pilot) methods, which is also reflected in the development of green finance. On June 14th, 2017, the executive meeting of the State Council decided to build green financial reform and innovation pilot zones with different emphasis and characteristics in five provinces and autonomous regions, including Zhejiang, Jiangxi, Guangdong, Guizhou, and Xinjiang, and put forward five major reform pilot tasks, aiming at exploring replicable and scalable experiences and enriching green financial tools and policies through the green financial pilot zones. Whether the green finance development and policy promotion measures in the five pilot zones have facilitated the development of green enterprises and industries in the current period? How to objectively and comprehensively evaluate the pilot zones' experimental effect to develop green finance better is in urgent need of in-depth academic research.

In terms of the definition of green finance, there are many related concepts. However, most of them emphasize that green finance is based on innovative financial products, markets, policies, and institutions to support energy-saving and environmental protection industries and the economy (1–5). More related studies are commenced with the real effect of green finance and the supportive policies promoting the development of green finance: Alexander (7), Campiglio (8), Thoma and Hilke (9), Monnin (10), and Campigli et al. (11) discuss the supportive policies from the aspects of fiscal and taxation policies, macro-prudential supervision and bank capital supervision, and more. Through theoretical and empirical tests, Fan et al. (6) found that enterprises with higher pollution levels could obtain fewer credit resources, and their output would also decrease with the introduction of green credit policies. Some other studies have proposed to incorporate green finance factors into traditional macro models (12–14) and thereby develop dynamic stochastic general equilibrium models (15–17) and integrated assessment models (18) used for interdisciplinary studies of economy, finance, and environment.

Finance has a significant impact on the structure and development of the entity economy, and this issue has been sufficiently discussed in the classical view of financial functions (19, 20). The above studies on green finance undoubtedly further deepen and expand this subject. Currently available studies have carried out extensive discussion on the concept, development effect, and supporting policies of green finance from qualitative and quantitative perspectives. However, these studies emphasize the macro impact of green finance on economic and social development and its mesoscopic impact on the industry sector. At the same time, there are relatively few studies on the micro impact on enterprises, lacking the discussion on enterprise value. At the same time, the existing literature on the policy effect of green finance pilots is relatively insufficient, resulting in that the green finance pilot lacks rigorous academic evaluation of policy effectiveness. Based on the quasi-natural experimental scene of green finance reform and innovation pilot zone, this paper explores the impact of green finance pilots on micro-green enterprises.

From a long-term perspective, finance is the core and blood of the modern economy. For micro-enterprises, the development of finance enhances enterprises' value and development degree mainly by relieving financing constraints and improving investment efficiency, thereby improving the operational efficiency of the micro-enterprise economy. For enterprises engaged in green eco-industry and environmental protection, due to great environmental externalities in their own business and significant uncertainties in market demand, R&D of green environmental protection technology, the traditional financial business often lacks incentives and motives to support the development of the green ecological industry. Aimed at solving the “market failure” of the financial market, with the nature of public welfare finance, the concept and practice of green finance are positioned to serve the investment and financing needs of green industries and projects, support ecological environment protection, and respond to climate change risks. Therefore, green finance can support the operation of green enterprises in alleviating financing constraints, reducing transaction friction, and reducing risks, thus improving the value of green enterprises.

Specifically, green enterprises building a green production system must take green technology innovation and progress as the basic premise and need a large amount of capital investment to support it. However, the R &D and innovation of green technology are exposed to enormous uncertainties and risks, including positive environmental externalities, resulting in that the traditional financing system has an insufficient supply of financial resources for green technology innovation. Green finance opens a new path outside the traditional financial system, which increases the financing channels for green enterprises. Various types of green financial instruments and guarantee support policies also reduce the risks for enterprises in carrying out green technology innovation. With the support of green financial resources, green enterprises can enjoy tremendous success in technological innovation, thereby realizing more output of green patents and higher value of enterprises. Second, the financial system has the function of transmitting information and reducing transaction costs. For example, under the background of financial disintermediation, commercial banks hold a more critical position in the financial system because they hold a large amount of financial transaction data, which helps alleviate information asymmetry and other problems.

Similarly, the green financial system can effectively collect and process the relevant information related to green development in the market, and the financial system has a scale economy effect in the process of collecting information so that it can accurately identify potential green projects and enterprises, and provide financial resources support for the orientation of relevant targets, thus reducing the cost of green enterprises participating in financial transactions and helping to enhance enterprise value. Third, market-oriented financial transactions help to achieve effective matching of risks and benefits. For green enterprises, a significant obstacle to their financing for green technology innovation lies in more significant uncertainty and risks. In contrast, the green financial system can provide diversified financing for green enterprises, disperse related R&D risks, and provide investors with diversified investment and risk management tools, thus expanding the scale of investment in green enterprises and ultimately enhancing their value. In addition, the development of green finance may also expand the product market of green enterprises by supporting green consumption, thus enhancing the value of green enterprises.

To sum up, with the continuous promotion of green finance pilot policy, pilot zones usher in the continuous development of green finance and provide long-term financial support for green enterprises. Therefore, the impact of the green finance pilot produces long-term, lasting effects. Based on the above analysis, this paper puts forward the hypothesis H1:

H1: The pilot policy of green finance is conducive to enhancing the long-term value of green enterprises in the pilot zones.

According to the above analysis, green finance considers both “environment” and “finance.” Therefore, the smooth development of green finance needs the support of sound financial infrastructure and the coordination of relevant environmental policies. Suppose a region adopts relatively strict environmental regulation policies. In that case, it will help to restrain the development of enterprises in polluting industries and guide resources to flow to enterprises in green and low-carbon industries to play a synergistic effect with the pilot policies of green finance and jointly promote the development of green enterprises. At the same time, the relatively developed financial development level can also provide excellent financial infrastructure and data support for the development of green finance, thus giving full play to the pilot role of green finance. Based on this, this paper puts forward hypothesis H2:

H2: If a pilot zone implements more vigorous environmental regulation intensity and has a higher level of financial development, the green financial pilot will achieve a more significant policy effect.

Studies on the channels and mechanisms that affect enterprise value primarily focus on the capital market and entities. For example, in terms of the studies on the influence of patents on the enterprise value, Long (21), Levitas and Mcfadyen (22) all maintain that patents can improve enterprise value not only by enhancing enterprise profitability but also by the channel of transmitting signals to the capital market and rising stock prices. Kruger (23), when studying the influence mechanism of carbon emission information disclosure on enterprise value, also thinks that there are capital market effects (CME) that affect the long-term trading activity of enterprise capital market and real effects (RE) that affect the operation of enterprise entities. With regards to the green finance pilot policy studied in this paper, on the one hand, the green finance pilot can convey signals of supporting the long-term development of green enterprises in the pilot zone to the capital market to reduce information friction and affect the capital market's judgment on the future business operating environment and performance of green enterprises. Thereby, green enterprises can obtain a higher market attention index (MAI) and greater market liquidity in the capital market, thus affecting enterprise value, which is the CME capital market effects channel of green finance pilot affecting the value of green enterprises. On the other hand, it is the channel of real effects (RE), that is, green finance pilot can alleviate the financing constraints faced by green enterprises to improve the investment scale and innovation R&D input and output level of green enterprises, improve the investment efficiency, reduce the agency cost, to enhance the profitability of enterprises and ultimately elevate the value of enterprises. Based on the above analysis, this paper proposes hypothesis H3:

H3: The pilot policy of green finance affects the long-term value of enterprises through two mechanisms: capital market effects and real effects.



SAMPLE SELECTION AND EMPIRICAL MODEL


Sample Selection

This paper mainly aims to test the impact of the green financial reform and innovation pilot area established in 2017 on the value of green enterprises in the pilot zones. Based on the consideration of data availability, this paper takes the green enterprises in A-share listed companies from 2014 to 2019 as the research object. In this paper, “green enterprise” is defined in benchmark regression by manually matching the main business disclosed in the enterprise's annual report with the green industries listed in the Green Industry Guidance Catalog (2019 Edition) issued by the National Development and Reform Commission. If the enterprise's primary business is included in the Green Industry Guidance Catalog, it will be regarded as a “green enterprise.” Green Industry Guidance Catalog classifies green industries into energy-saving, environmental protection industries, clean production industry, clean energy industry, eco-environmental industry, green upgrading of infrastructure, and green services, with each industry contains specific industries sub-items. In the part of robustness test, this paper further takes the pollution intensity of the industry in which the enterprise is located and the social responsibility score of the enterprise as the standard to classify “green enterprises.” For the measurement of enterprise value, this paper uses Tobin Q to measure the long-term value of the enterprise (23). There are several reasons why Tobin Q is used to measure the value of an enterprise: First, from the definition of Tobin Q, the concept of Tobin Q covers two aspects of capital market valuation and physical investment. It can realize the organic combination of capital market and real industry. The impact of the green finance pilot zone covers the above two aspects. Therefore, using Tobin's Q to measure corporate value can better reflect the policy effects of the green finance pilot, and it is consistent with the mechanism analysis of this paper. Second, with the increase in Tobin's Q value, the company's capital market valuation is gradually higher than the company's replacement cost, which will encourage companies to increase investment expenditures. The research theme of this paper is how green finance can promote green recovery. From a micro level, the green recovery of the economy after the epidemic will inevitably require green companies to expand their production and investment scale. Therefore, using Tobin's Q to measure corporate value can reflect the incentive effect of green finance pilots on green corporate investment, and thus better fit the research theme of this paper. The relevant data are from different sources. The relevant data are sourced from the WIND database and RESSET database, respectively. The control variables selected in this paper include enterprise development ability, enterprise price-earnings ratio, cash flow, asset size, book-to-market ratio, ROA, leverage ratio, and sales revenue growth rate, etc. The relevant data comes from the iFind database of Hithink RoyalFlush Information Network Co., Ltd.



Model Setting and Descriptive Statistics

In this paper, a DID model is established as shown in the formula (1):

[image: image]

In which: qit stands for Tobin Q of the enterprise, and the dummy variable Treati has a value of 1 for the processing group and 0 for the control group; In this paper, 2014–2019 is selected as the sample interval, and 2017 is taken as the base year. The dummy variable Timet takes the value of 1 after introducing the pilot policy (2017–2019); otherwise, it is 0. The main observation variable is coefficient β1 of interactive item Treati × Timet, which reflects the impact of green finance pilot policy on enterprise value. ∑Controli is a group of control variables, including P/E ratio (PE), relative Cash flow (Cash), return on assets (ROA), leverage ratio (lev), sales revenue growth rate (sales < uscore > growth), ownership concentration (con), assets scale (lnassets), enterprise development ability (DAexpressed as the growth rate of business revenue) and enterprise's book-to-market(BM). μi represents the fixed effect of individual enterprises, Yeart represents the fixed effect of years and ϵit is the stochastic error term. The definition and descriptive statistics of long-term value research-related variables are shown in Table 1.


Table 1. Descriptive statistics.
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EMPIRICAL RESULTS AND ANALYSIS


Benchmark Regression Results

For the long-term effect of the green finance pilot, the results of benchmark regression are shown in Table 2. Among them, Column (1) is the regression result without added control variables, Column (2) is added with enterprise-level financial data as control variables, Column (3) is only added with enterprise capital market and governance data as control variables, Column (4) is added with various control variables, and the benchmark regression is clustered to the individual level of enterprises. From the regression results in Table 2, it can be seen that the coefficients of the core explanatory variables of benchmark regression are all significantly positive, indicating that the green finance pilot policy has a significant role in promoting and enhancing the long-term value of green enterprises measured by Tobin Q. It is proved that for green enterprises, the pilot policy of green finance enhances the long-term value of enterprises. Thus, it belongs to a “lining project” with a practical development effect.


Table 2. Results of benchmark regression.
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Dynamic Effect Analysis

The difference-in-differences model aims to evaluate the policy effect through the quasi-natural experiment of public policy, so it must satisfy the parallel trend hypothesis, i.e., without policy intervention (before the pilot policy), the development trend of the explained variables in the treatment group and the control group is consistent. Concerning relevant literature, this paper constructs the following model (2) to test the dynamic effect of green finance pilot policy:

[image: image]

In which, year_t = Treat × year is the product of the dummy variable of the pilot area and the dummy variable of time, and year is the dummy variable of time. Figure 1 shows the results of the parallel trend test, in which the year before the introduction of the pilot policy is taken as the base period. Before the pilot policy and when the policy is implemented, the coefficient of the time dynamic cross-product term is not significant, which indicates that there is no significant difference between the treatment group and the control group before the pilot policy. Hence, the parallel trend hypothesis is satisfied. In the 2 years (2018 and 2019) after the implementation of the policy, the corresponding coefficient is significantly positive, so it meets the relevant requirements of the parallel trend test.


[image: Figure 1]
FIGURE 1. Parallel Trend.




Robustness Test

To ensure the robustness of the regression results of the above-mentioned long-term value benchmarks of green enterprises, this paper has carried out robustness tests in the following aspects:

(1) Replace the definition criteria of “green enterprise.” Benchmark regression in this paper manually matches the main business of an enterprise with the green industries listed in the Green Industry Guidance Catalog (2019 Edition) issued by the National Development and Reform Commission [F.G.H.Zi (2019) No.293]. Suppose the main business is included in the Green Industry Guidance Catalog. In that case, it will be regarded as a “green enterprise.” Furthermore, this paper replaces the definition of “green enterprise.” It uses industrial pollution intensity and corporate social responsibility score respectively as the criteria to delimit “green enterprise.”

As for the industrial pollution intensity, this paper selects six industrial pollution discharges, including sulfur dioxide, smoke dust, nitrogen oxide, chemical oxygen demand (wastewater), ammonia nitrogen, and solid waste. Firstly, calculate the discharge of pollutants per unit output value of the industry, i.e., UEij = Eij/Oi, in which, Eij is the emission of major pollutant j in the industry, and Oi is the total output value of the industry i. Then, standardize each industrial sector's maximum and minimum pollutant emissions per unit output value: [image: image]. Finally, the emissions per unit output value of various pollutants are summed up, and the obtained industrial pollution emission intensity is [image: image].

After calculating the industrial pollution emission intensity, the industrial departments are classified according to the median. If the pollution intensity is lower than the median, the enterprises in the industry are regarded as “green enterprises.” Otherwise, they are regarded as “non-green enterprises.” The data of pollution emission and the output value of industrial sectors in this paper come from China Industry Statistical Yearbook.

For the corporate social responsibility score, this paper uses the social responsibility index of listed companies compiled by hexun.com to calculate its average score over the years in the sample period and classifies enterprises according to its median. If the average score of corporate social responsibility is higher than the median, it shows that it performs well in environmental protection and pollution reduction, so it is defined as a “green enterprise”; otherwise, it is regarded as a “non-green enterprise.”

The regression results after replacing the definition standard of “green enterprise” are shown in column (1) and column (2) of Table 3. The regression results of “green enterprises” defined by industry pollution emission intensity are reported in column (1) and the regression results of “green enterprises” defined by social responsibility score are reported in column (2). It can be seen from Table 3 that the coefficient of core explanatory variables remains positive at the significance level of 1%, which shows that after changing the definition standard of green enterprises, the corresponding regression results are still consistent with the results of benchmark regression.

(2) Placebo Test. In order to further exclude the influence of other unknown factors on the selection of pilot areas and ensure that the green finance pilot causes the conclusions obtained in this paper, this paper further carries out the placebo test. Specifically, this paper takes 1,000 samples from 31 provincial administrative regions, randomly selects five provincial administrative regions as the virtual experimental group, the remaining administrative regions as the virtual control group, and carries out regression according to the benchmark model. The corresponding results are shown in Figure 2, where the horizontal axis is the t-value of the estimated coefficient, and the vertical axis is the corresponding distribution. It can be seen from Figure 2 that the absolute values of t values of most sampling estimation coefficients are all within 2, far less than the value t of the benchmark regression in this paper, and value p is above 0. It shows that random sampling regression has not achieved significant regression results. Therefore, the conclusion of benchmark regression in this paper has passed the placebo test, and it further proves the robustness of benchmark regression results.

(3) Adding the control variables at the regional level. In this paper, the control variables selected by the benchmark regression are all variables at the company level, and the macroeconomic variables of the company's location will also impact the enterprise value. Therefore, this paper further incorporates the indicators that measure the economic development level of each region, including GDP, per capita GDP, fiscal expenditure, total import and export volume, and the proportion of secondary and tertiary production into the control variables. The corresponding regression results are shown in column (3) of Table 3, and the regression results are still consistent with the benchmark regression.

(4) Change the standard clustering error. In this paper, the benchmark regression clustering is to the individual enterprise level, and then clustering standards are set to the regional and industry levels, respectively. The corresponding regression results are shown in columns (4) and (5) of Table 3. Column (4) reports the regression results of clustering the benchmark regression to the regional level, while column (5) clusters to the industry level. It shows that the corresponding regression results are consistent with the benchmark regression after changing the clustering criteria.

(5) PSM-DID Test. To further test the robustness of the benchmark regression of the first group of control experiments, this paper uses the tendency score matching method to match the characteristic variables of the enterprises in the control group and those in the control group to overcome the influence of sample selection bias and then carries out PSM-DID test. The corresponding regression results are shown in column (6) of Table 3. The regression results are consistent with the benchmark regression results, which is in line with expectations.

(6) Change control group and experimental group. In order to more fully explain green pilot financial policies for the influence of the green enterprise value, this paper further changes in the control group and experimental group, green businesses within the pilot provinces as the treatment group, with the non-green enterprise within the pilot provinces and regions as the control group, to compare the pilot areas within a green and not green enterprises in long-term value differences. Thus, it illustrates the influence of green finance pilot policy on the long-term relative value of green enterprises. The corresponding regression results are shown in column (7) of Table 3. It can be seen from Table 3 that compared with the non-green enterprises in the pilot provinces, the green finance pilot policy has significantly enhanced the value of green enterprises in the pilot provinces. This result further supports the conclusion drawn from the benchmark regression results that the green finance pilot has significantly enhanced the value of green enterprises from the perspective of relative value.


Table 3. Robustness test.
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FIGURE 2. Results of Placebo Test. kernal = epanechnikov, bandwidth = 0.2256.




Analysis of Regulatory Effect

This paper further analyzes the regulatory effect of the related factors that may affect the benchmark regression conclusion. Since green finance has two significant factors, namely “environment” and “finance,” this paper focuses on the influence of regional environmental regulation and financial development level. The greater the environmental regulation in a region, the higher the environmental compliance costs faced by enterprises in the region, eventually reducing the production resources and market share allocated to polluting enterprises. The green enterprises will be able to obtain more abundant resources accordingly. Therefore, the intensity of environmental regulation and green finance pilot policy have a synergistic effect in theory, which can jointly promote the improvement of green enterprise value. For the level of financial development, if a region has a high level of financial development, it has an excellent financial development foundation to carry out green finance pilot in this region, better to play the role of the existing financial infrastructure, more accurately meet the financing needs of green enterprises, and promote the value of green enterprises. In order to test whether the above synergistic effect exists, the following interaction model is constructed in this paper (3):

[image: image]

In which, AJit is the regulated variable, including the environmental regulation intensity ER and financial development level Fin of a region. The environmental regulation intensity is measured by the number of environmental penalties that have been standardized by the maximum and minimum over the years in the province where the enterprise is located, while the ratio of loans to GDP measures the level of financial development.

(1) Environmental regulation intensity of region. The regression results of the regulatory effect of environmental regulation intensity are shown in column (1) of Table 4. It can be seen from the table that the coefficient of a cross-product term is positive at the significance level of 10%, indicating that environmental regulation intensity has a positive moderating effect on green finance pilot policies. The greater the intensity of environmental regulation in a region, the more significant the promotion effect of green finance pilots on the value of green enterprises. The empirical results of this moderating effect are consistent with the above theoretical analysis.

(2) Financial development level. The regression results of the regulatory effect of regional financial development level are shown in column (2) of Table 4. It can be seen from the table that the coefficient of a cross-product term is positive at the significance level of 5%, indicating that the financial development level of a region has a positive moderating effect on green finance pilot policies. The higher a region's financial development level is, the more significant it is to promote the value of green enterprises by launching green financial pilot projects in the region. The empirical results of this regulatory effect are consistent with the above theoretical analysis.


Table 4. Analysis of regulatory effect.
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In conclusion, the stronger the environmental regulation and the higher the financial development level in a region, the more significant the policy effect of carrying out a green financial pilot in the region to enhance the value of green enterprises.



Mechanism Test

According to the analysis of the theoretical part of this paper, the pilot policy of green finance mainly affects the value of green enterprises through two types of channels: on the one hand, it is the capital market channel, which can send the signal of supporting the development of green enterprises to the capital market, reduce the information friction, and affect the judgment of the capital market on the future business environment and performance of green enterprises, thus enabling green enterprises to gain higher market attention and greater market liquidity in the capital market, thus affecting the enterprise value; on the other hand, it is the real effect channel, that is, the green finance pilot improves the technological innovation level of green enterprises by alleviating the financing constraints faced by green enterprises, thus enhancing their profitability and ultimately enhancing their value. For this reason, this paper examines the mechanism from the above two aspects.

(1) The effect of capital market. This paper comprehensively uses the practices of relevant literature (23, 24) as a reference, uses annual stock return rate and transaction size to measure the capital market effect of green finance pilot, and constructs the following empirical model (4):
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CMEit is the explained variable, including annual stock return rate (yrr) and trading size adjusted by market value (tv). The core explanatory variable is did, it mainly focuses on the coefficient β1 and reflects the impact of green finance pilot policies on relevant variables.

The corresponding regression results are shown in Table 5. It can be seen from Table 5 that the green finance pilot policy has significantly improved the annual rate of return and trading scale of green enterprise stocks in the pilot area. The regression results show that the pilot policy of green finance has significantly improved the active degree of trading in the capital market of green enterprises in the pilot areas, made the stocks of green enterprises in the pilot areas more popular in the capital market, and significantly improved their annual rate of return, which ultimately made the value of green enterprises in the pilot areas higher.

(2) Real effect. According to the above theoretical analysis, the green finance pilot project alleviates the financing constraints of green enterprises in the pilot area, reduces information asymmetry, reduces financing costs, and then increases their R&D investment and investment scale, realizing green technology innovation and improving the profitability of enterprises. Therefore, this paper uses SA index (sa) (25), the logarithm of the number of technology patents held (patents), and the net profit rate of sales(sales_rate) that indicates the profitability of enterprises to test the real effect of the green finance pilot policy. This paper constructs the following empirical model (5):
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Table 5. Mechanism test—capital market effect.
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In which, REit is the explained variable, including the above indicators to measure the real effect. The core explanatory variable is Treati×Timet, it mainly focuses on the coefficient β1 and reflects the impact of green finance pilot policies on relevant variables.

The corresponding regression results are shown in Table 6. Table 6 shows that green pilot financial policy significantly reduced the pilot areas green enterprise financing constraints faced by index, pilot areas significantly increased investment scale as well as research and development of the green enterprise of input and output, and reduced the pilot areas green enterprise financing facing premium level, improve the profitability of the green enterprise's pilot areas. The regression results show that the pilot green finance policy for the pilot area green enterprise has a promoting effect on the level of essence, relieve the pilot areas of green enterprise financing constraints, promote the scale of the input and output of technology innovation, and reduce the financing premiums, and ultimately increase the value of the pilot area of green enterprise.


Table 6. Mechanism test—real effect.
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In conclusion, the pilot policy of green finance enhances the attractiveness of green enterprises in the pilot area in the capital market through the channels of capital market effect and real effect, and reduces the financing constraints faced by green enterprises at the entity level, improves the input and output of innovation and research and development, reduces the level of financing premium and improves profitability, thus ultimately promoting the value of green enterprises in the pilot area.



Heterogeneity Analysis

For green enterprises with different characteristics and regions, green finance pilot policies may have heterogeneous impacts. Therefore, this paper further conducts a heterogeneity analysis based on different characteristics of enterprises.

(1) Heterogeneity analysis based on enterprise ownership. According to the nature of ownership, enterprises can be divided into state-owned enterprises and non-state-owned enterprises. Since there are significant differences between state-owned enterprises and non-state-owned enterprises in terms of R&D resources, contact with government departments, and financing constraints, the ownership nature of enterprises may affect the role of green finance pilot in enterprise value. Compared with non-state-owned enterprises, state-owned enterprises face relatively lower financing constraints. Green enterprises in state-owned enterprises can meet their financing needs through various forms even without developing green finance, while green enterprises in non-state-owned enterprises often face considerable financing constraints. Therefore, through the pilot of green finance, the financing constraints faced by green enterprises in non-state-owned enterprises have been marginally improved to a greater extent, making the impact of the pilot policies on their enterprise value more significant. From the perspective of technological innovation, there are some differences in technological innovation efficiency between state-owned enterprises and non-state-owned enterprises: Wei et al. (26) found that the R&D efficiency of state-owned enterprises is lower than that of private enterprises on the premise of the same scale and resource mismatch. From the above mechanism analysis, it can be seen that the green financial pilot is helpful to promote the technological innovation of green enterprises. As the technological innovation efficiency of non-state-owned enterprises is higher, the expected result is that the green financial pilot has a more noticeable effect on promoting the technological innovation of non-state-owned enterprises, thus significantly enhancing the value of green enterprises in non-state-owned enterprises.

Columns (1) and (2) of Table 7 report the grouped regression results of state-owned and non-state-owned enterprises. It can be seen from Table 7 that the coefficients of core explanatory variables of both state-owned enterprises and non-state-owned enterprises are positive, but state-owned enterprises fail to pass the significance test. This result indicates that the effect of green finance pilot on enhancing the value of green non-state-owned enterprises is more significant.


Table 7. Heterogeneity analysis results 1.

[image: Table 7]

(2) Heterogeneity analysis based on enterprise industry type. On the one hand, green finance should support the development and growth of emerging green industries, and on the other hand, it should promote the green transformation and upgrading of traditional industries. Therefore, whether it is a new or traditional industry, green finance plays a supporting role to a certain extent. In this paper, the sample is divided into high-tech industry enterprises and traditional industry enterprises for grouping regression. The industry classification standard refers to China High-tech Industry Statistical Yearbook, and the corresponding regression results are shown in columns (3) and (4) of Table 7. The regression results show that the pilot policy of green finance has significantly promoted the value of both types of enterprises, which shows that green finance has played a supporting and promoting role for both high-tech enterprises and traditional enterprises. In addition, in comparison, the green finance pilot plays a more significant role in enhancing the value of enterprises in traditional industries, which indicates that the green finance pilot policy meets the needs of enterprises in traditional industries for green transformation and transformation and upgrading to a greater extent.

(3) Heterogeneity analysis based on enterprise size. Enterprises can be divided into large enterprises and small, medium, and micro-enterprises according to enterprise size. There are significant differences between them in enterprise size and various constraints. The corresponding regression results are shown in Columns (1) and (2) of Table 8. The regression results show that the green financial pilot policy can enhance the value of large enterprises and small and medium-sized enterprises in green enterprises. However, it has a more significant impact on large enterprises, while the regression results of small and medium-sized enterprises fail the significance test. The possible reason is that the existing green-finance-pilot policy design process did not fully consider solving the financing difficulties and expensive problems of small, medium, and micro-enterprises. The green finance policy plays a less prominent role in alleviating the financing constraints of small, medium, and micro enterprises, so it still mainly supported the development of large enterprises like traditional finance, thus enhancing the value of large green enterprises more obviously.

(4) Region-based heterogeneity analysis. Finally, this paper divides enterprises into the eastern, central, and western regions according to their registered addresses and discusses the impact of green finance pilot policies in different regions. The corresponding regression results are shown in columns (3–5) of Table 8. From the regression results, it can be seen that the green financial pilot has the most significant effect on the promotion of the value of green enterprises in the eastern region, while it has no apparent effect on the promotion of the value of green enterprises in the central region. For green enterprises in the western region, the impact of the green financial pilot is even harmful. The regression results show that from the point of view of promoting the value of the green enterprise, east green pilot financial policy effect is best, in the central and western regions is poorer, may cause of this result is that due to our country economy presents the apparent characteristics of plate ladder, east to the Midwest in the different stages of development, so China's relatively developed eastern region focus more on developing green transformation. However, the central and western regions pay more attention to the speed and scale of economic development, and green transformation is not in a priority position. Meanwhile, the eastern region is superior to the central and western regions in terms of infrastructure, financial development, and environmental law enforcement. Therefore, the green finance pilot can play a more significant role in the eastern region, that is, to significantly enhance the value of green enterprises, while the pilot policies in the central and western regions have little effect.


Table 8. Heterogeneity analysis results 2.
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CONCLUSIONS

This paper takes the policy of green finance reform and innovation pilot zone in June 2017 as a quasi-natural experiment, and based on the relevant data of green enterprises in A-share listed companies; it examines the impact of green finance pilot policies on the long-term value of green enterprises in pilot areas by using double-difference method. The results show that the green finance pilot has significantly improved the enterprise value measured by Tobin Q in the long run and has a more significant impact on private enterprises, traditional industries, large enterprises, and green enterprises in the eastern region. At the same time, the greater the intensity of environmental regulation and the higher the level of financial development in a region, the more pronounced the effect of green finance pilot. The mechanism analysis shows that the green finance pilot policy mainly promotes the long-term value of green enterprises through the capital market effect of increasing the activity level of stock trading and the real effect of improving enterprise operation. The research results of this paper show that the policy of green finance reform and innovation pilot area promotes the development and value enhancement of green enterprises in the pilot area for a long time, and the regional pilot of green finance has achieved sound policy effects. The research results of this paper show that the development of green finance ultimately enhances the value of green enterprises by improving the capital market performance and actual operating performance of green enterprises, and provides a huge incentive for the green transformation and development of micro enterprises. Under the impact of the Covid-19, the above-mentioned effects of green finance will promote the green transformation of the economy at the micro-enterprise level, and then realize the green recovery of the economy.

Based on the research conclusions of this paper, policy implications can be obtained from the following three aspects: first, further, expand and promote the scope of green finance pilot to promote the development of green enterprises and green economic transformation. The research of this paper shows that the pilot policy of green finance can significantly enhance the long-term value of green enterprises in the pilot area and has a substantial policy effect. It is necessary to support the development and growth of green enterprises to promote the green transformation of the economy. The policy support of green finance is helpful to enhance the value and operational capability of green enterprises. Therefore, the next step should be to expand the coverage of green financial policies in industries and regions, further improve relevant institutional mechanisms, and alleviate the financing constraints faced by green enterprises. Especially in the post-epidemic era, vigorously developing green finance will help promote the green recovery of the economy.

Second, in developing green finance, attention shall be paid to the coordination of policies in other aspects. This study shows that the stronger the environmental regulation policy and the higher the level of financial development, the stronger the policy effect of the green financial pilot. Green finance has dual attributes of “environment” and “finance.” Therefore, when formulating policies and measures to support the development of green finance in the next step, on the one hand, environmental law enforcement should be strengthened to curb the development of highly polluting industries firmly; on the other hand, financial infrastructure should be improved to lay a solid foundation for the development of green finance, to play a synergistic effect and jointly promote the green transformation of the financial system.

Third, the formulation of green financial policies should fully consider the heterogeneity and regional characteristics of enterprises. The heterogeneity analysis of this paper shows that the pilot green finance has little impact on small and medium-sized micro-green enterprises and green enterprises in the central and western regions, indicating that the effect of the pilot green finance on alleviating the financing constraints of small and medium-sized micro-green enterprises is still not noticeable, and it has little effect on the central and western regions which are still in the underdeveloped stage. At present, it is more urgent to solve the requirements of financing difficulties and expensive financing for small, medium, and micro-enterprises, and the related problems are also urgent for green enterprises in small, medium, and micro-enterprises. Therefore, the next step in the design of green financial policies should be more inclined to support the green transformation and development of small, medium, and micro-enterprises and alleviate the financing constraints of the small, medium, and microgreen enterprises, to achieve a win-win policy of green transformation and to alleviate the problematic financing of small, medium and micro-enterprises. Because the central and western regions are relatively underdeveloped, they pay more attention to the speed and scale of economic development. The green transformation is not in a priority position, which ultimately makes the green financial pilot in the central and western regions have little effect.” lucid waters and lush mountains are invaluable assets,” therefore, in the next step, the assessment criteria should be improved. The weight of green development and environmental improvement in local development assessment indicators should be further enhanced. Meanwhile, efforts should be made to improve the financial development level and environmental law enforcement in the central and western regions to promote the green transformation of the central and western regions.

Finally, at present, for a developing country like China, to achieve green recovery, it is still facing real difficulties such as high green transition costs and insufficient technological innovation capabilities. Therefore, the next step should be to vigorously develop green finance as an important guarantee for green recovery. On the one hand, in terms of corporate investment and financing, China should formulate calibrated quantitative standards as soon as possible, form a complete green investment and financing standard system, and provide support and guidance for corporate green financing, so as to standardize the development model and direction of green industries. In response to the difficulties faced by enterprises in the process of green recovery, green finance should focus on supporting enterprises' technological upgrading and digital transformation. On the other hand, climate and environmental risk management is also a problem that needs to be addressed in the next step for green finance. Innovative green insurance and green financial derivatives markets can provide risk protection for the green and low-carbon transformation of enterprises, thereby ensuring a stable economic recovery in the post-epidemic era.
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The spread of COVID-19 has significantly dampened global economic activity and has also wreaked havoc on the industrial sector. Understanding the disparity and convergence of global industrial outputs is important in assessing the effectiveness of concurrent development policies. This study investigates the spatial distribution of global industrial output to unveil the disparity in industrial development and the feasibility of achieving convergence over time. Stochastic kernel analyses are carried out for national regimes to study the overall pattern of industrialization for all the countries in the world. Countries are then classified into different groups to further analyse the geographical and income effects on industrial development. The results show that disparity between the Global North and the Global South will enlarge further in the future. Industrial development in the Global North will continue to prosper, while the industrial output in many countries in the Global South just cannot reach the global average.
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INTRODUCTION

The World Health Organization (WHO) officially declared the novel coronavirus (COVID-19) outbreak a global pandemic on March 11, 2020. The virus has triggered a series of behavioral and social changes. It is expected that these changes may persist after the pandemic and may have long-term effects on health and productivity (1–3). The coronavirus disease COVID-19 pandemic is caused by severe acute respi-ratory syndrome coronavirus type 2 (SARS-CoV-2) (4). National and local societies around the world are battling the most dramatic global public health emergency of our time, which has quickly become an economic, social, and human crisis that touches all key dimensions of our lives (5). The spread of COVID-19 has significantly dampened global economic activity and has also wreaked havoc on the industrial sector. Recently, numbers of studies have focused on the effects of COVID-19. Some scholars have investigated the effects of COVID-19 on industrial sector (6, 7). The spread of COVID-19 has exacerbated the development inequality of industrial sector. However, studies on disparity and convergence feasibility of industrial development around the globe are limited. This study investigates the spatial distribution of global industrial output to unveil the disparity in industrial development and the feasibility of achieving convergence over time.

Structural issues were once at the core of thinking on economic development policies. Understanding how the industrial development shifts during the development process, affecting the pattern of growth of the economy, has been at the core of economic thinking for decades. The attention has been focused on the process of industrialization as the development of the manufacturing sector has driven the advent of modern economies not only in Europe and North America, but also more recently in East Asia and in Latin America.

Globalization has greatly increased the premium on manufacturing (8). In recent decades, developing countries such as China and India have been able to grow much faster than earlier antecedents (such as Britain and the United States). This is due to the world markets provide near limitless demand for manufactured exports from developing countries. However, the industrial development inequality still exists in the world. Understanding the disparity and convergence of global industrial outputs is important in assessing the effectiveness of concurrent development policies.

There are several gaps in the literature. First, the existing studies on the convergence of industrial output, such as Beyer and Hassel (9), Jefferson et al. (10) and Cheong and Wu (11) still used single country data for the analysis. Neither reveal the industrial development in a global scale. Second, regression models were employed in many previous studies which analyse the impacts of different independent variables on the industrial value added and industrialization (12–14). However, due to the problems of multicollinearity, a major shortcoming is that such regression models cannot include many independent variables. This would cause many of other relevant factors are neglected. Also, the output of regression models is the forecasted value of the dependent variable. This cannot be used to forecast the evolution of a distribution. Moreover, regression models fail to provide information on the value of the convergence and the number of the convergence clubs in the distribution (15). However, this information is important for policy makers.

Many studies have investigated the nature of industrial development and impact of industrialization (13). However, there is limited concerns has been dedicated to whether differences in industrial development among different countries vanish over time, and if convergence can be realized. This study contributes to the existing literature from three perspectives. First, it uses a new stochastic kernel approach in the transition dynamics analysis, which provides an in-depth understanding of the disparity and convergence feasibility of industrial development around the globe. Second, this study utilizes a new framework to analyse the upward development mobility of countries; this mobility analysis helps reveal the mechanism behind the disparity and the convergence. Third, the distribution dynamics and convergence patterns for countries in the Global North and Global South and in different income and geographical regimes are analyzed individually; this helps us to understand the geographical and income effects on industrial development. The findings foster a better understanding of the role of industrialization and provide relevant information for formulating industrial policies.

Policy maker would find this research provide rich policy implications. A comprehensive study on the distribution of the Relative Industrial Value-Added per Capita (RIVAPC) of global countries provide policy makers with reliable reference to improve global industrial development strategies by prioritizing supportive policies across the countries. The world organization for industrial development can encourage capital and technology resources directed to these lagging countries with imbalance RIVAPC. Moreover, the distribution dynamics approach would forecast on the future pattern of country-level RIVAPC, this will show the governments an effective way to promote the rationalization of RIVAPC transition.

The rest of the paper begins with a brief review of the literature in Literature review. Data and Methodology describes the data and methodology. Discussions investigates the dynamics of the spatial distribution of RIVAPC, while Conclusions and Implications summarizes the findings and discusses the policy implications.



LITERATURE REVIEW

In recent decades, industrial development, industrial output, and industrialization have become the hot topics in the literature. In terms of a global scale, Romano and Traù (16) has used a sample of 63 countries covering the period 1989–2011 to discuss the relationship between industrial development and structural change. They found that industrial development of South of the world might slow down in the future. Xing et al. (17) used GIVCN-WIOT models based on World Input–Output Database to measure the structural indicators of the social and economic system. Fan and Liu (18) used a multi-regional input-output table to estimate the pattern of global industrial trade. Fan and Liu found that in China, the scale of manufacturing relocation has slowed significant; extractive industry has begun to shift to the US and the EU. Landa-Arroyo (19) used international input-output table to identify the position of each country-sector in global value chains. The author found that industrial policies have the significantly effect in Pacific Alliance economies. Although there are only limited studies covers those topics in a global scale in the literature, the authors will still list the relevant literatures based on the large economies in the world below.

Andreoni and Tregenna (20) has evaluated the industrial policy implications for countries such as China, Brazil and South Africa and they found that industrial policy implications for those middle-income countries more widely. Ciccarelli et al. (21) used a historical dataset with annual 1861–1913 data on regional railways endowment and manufacturing value-added to evaluate the relationship between early diffusion of railways and industrial growth in Italy's regions. The result revealed that the contribution of railway developments on industrial development was increasing over time. Liu et al. (22) used Chinese industrial sector data from 2005 to 2016 to study how Artificial Intelligence (AI) affects carbon intensity. They found that AI has significantly reduced carbon intensity in Chinese industrial sector. Tsai (23) has applied Markov regime switching mechanism to evaluate the dynamics of industrial development and structural changes in Taiwan. The results suggested that to improve industrial competitiveness, industries should adopt more sustainable practices. Yuan et al. (24) evaluated the inclusive and sustainable industrial development for 30 provinces in China, the data covers the period from 2011 to 2016. They found that Beijing and Tianjin are the benchmark provinces for promoting inclusive and sustainable industrial development. Liu et al. (25) compared the sustainable development of industrial park between China and Canada and the authors found that industrial parks in Canada appear to be moving more slowly in their adoption of sustainable development. Guo et al. (26) used panel data from 2003 to 2016 studied the relationship between industrial agglomeration and green development efficiency in China and they found that industrial agglomeration has promoted green development efficiency. Zhu et al. (27) proposed a novel integrated approach, taking the provincial data of China from 1999 to 2016 as an example, explored the effect of industrial structure adjustment on green development efficiency. The results revealed that the industrial structure has great impact on green development efficiency. Basakha et al. (28) used econometric models with annual data from 1967 to 2015 and they evaluated the relationship between industrial development and social welfare in Iran. The result revealed that industrial development had a significant impact on the Iranian social welfare and this impact has been stronger in the long run. Nguyan and Ye (29) evaluated sustainable industrial development in the Mekong Delta in Vietnam. They found that industrial development in the Mekong Delta is unsustainable. Tian et al. (30) analyzed the impact of industrial structure change on CO2 emission in southwest China during period of 2002–2012. The results indicated that diversification in development and competitive industries had different impacts on CO2 emission trends.

Convergence in industrialization has attracted many attentions and most of those studies have focused on China. Arrighi (31) demonstrates empirically that widespread convergence in the degree of industrialization between former First and Third World countries over the past four decades. Kohsaka (32) studied the industrial sector's labor productivity convergence in East Asia countries. Yu et al., (33) found that beta-conditional convergence exists across the carbon intensities of all 24 industrial sectors in China by considering capital intensity and per-capita sectoral value added. In terms of industrialization and inequality, Kuznets (34) suggests that industrialization will lead to an increase in inequality in the early stages of economic development. His argument is widely accepted, and many scholars have studied the relationship between China's industrialization and regional inequality (12, 35–41). Those studies all confirm that industrialization in different countries is positively correlated with inequality.

Other scholars have focused on the study of industrial output inequality and its impact on overall regional inequality, and China has attracted enough attention on this issue. For example, Huang et al. (42) used China's provincial data and performed a decomposition of the Gini coefficient. They found that the inequality in the secondary industry sector was the main contributor to the inequality in aggregate economic development. Cheong and Wu (43) also found that the inequality in the secondary industry sector was the principal contributor to regional inequality in China. Wei (44) examined regional inequality of industrial output in China from 1952 to 1990. The author found that interregional inequality has gradually increased since 1978, but the interprovincial inequality decreased.

Although the inequality in industrial output is worth to investigate, no research has been conducted on the distribution dynamics of industrial output in a global scale. In terms of methodology, σ-convergence and β-convergence are two popular technologies applied in the economic growth studies (45). σ-convergence indicates that the dispersion of real per capita income across countries tends to fall over time while β-convergence applies if a poor country or region tends to grow faster than a rich one (46). However, σ-convergence and β-convergence not been applied to industrial development literature. Recently, such as LM and RALS-LM unit root test have used to test for stochastic convergence (47, 48). However, Quah (49) concluded that these parametric studies are often misleading due to wrong assumptions about the distribution and could not provide the much-needed information of the entire shape of the distribution and its changes. In fact, there are some scholars applied a distribution dynamic approach in studying convergence of different economic characteristics. For example, He (50) investigated the Chinese agricultural sector. Herrerias (51) studied the regional growth in China. Sakamoto and Fan (52) evaluated the regional income disparity in China. Villaverde and Maza (53) studied the Chinese per capita income distribution. Liu and Zuo (54) also studied the dynamics of income distribution in China.

The distribution dynamics is making no assumptions about the underlaying distribution of the population and it allow us to understand the transitional dynamics of RIVAPC over time. This method could provide the intra–distribution mobility for the countries. It can even offer detailed information on each spatial grouping by revealing their distinguishing features in terms of RIVAPC (55). In addition, this approach can be used to offer a forecast for the shape of the distribution of RIVAPC in the long run, which is an issue particularly relevant from the policy implications perspective.

In summary, parametric methods has always been used in the existing literature and there has been no application of a global scale. It is demonstrated below that a distribution dynamic approach which does not assume the underlying distribution of the population has some advantages over the parametric methods. By analyzing the convergence and distribution dynamics of RIVAPC in a global scale and whether such convergence process occurs within a group of regions may show the government an effective way to promote the rationalization of RIVAPC transition.

We try to bridge the gap between the different strands of literature, uses a new stochastic kernel approach in the transition dynamics analysis to estimate the disparity and convergence feasibility of industrial development around the globe. The COVID-19 could exacerbate the inequality in global industrial development and this study has important enlightenment to the Post Covid Era.



DATA AND METHODOLOGY

The data of the study were obtained from the World Development Indicators provided by the World Bank. The data of value added (constant 2010 US$) for industry (including construction) of each country were collected with its population data. The data cover the time from 2000 to 2017. Frist, the value of value added for industry per capita was computed for each country. The global average of each year was then computed by taking an average of all the value added for industry per capita of all the countries in that year, and the Relative Industrial Value-Added per Capita (RIVAPC) was derived by dividing the data of value added for industry per capita by the average. Almost all the countries in the World Bank database were included in the analysis, though a few countries were excluded due to data unavailability.

This study is based on RIVAPC for each country and distribution dynamics approach was employed to investigate the changes in the distribution and the future steady state distribution in the long run. Moreover, probability of moving upward was also computed for the entities so that one can know about the future development path of the countries and the underlying tread behind the changes in the distribution.

Quah (49) first suggested the use of distribution dynamics approach in his paper in the 1990s. After that, many scholars have employed this innovative analytical technique in their research. This approach can be broadly divided into two categories, the first is called the Markov transition matrix analysis, and the other one is the stochastic kernel analysis. The former has attracted a lot of criticisms as the demarcation of state in the grid selection process is arbitrary. In fact, the analytical results may be affected strongly by this process. Therefore, the stochastic kernel approach is adopted in this study. It is an improved version of the former and the grid selection process can be performed objectively.

The formula of the bivariate kernel estimator is defined as below:

[image: image]

where h1 and h2 are values of bandwidth which were computed by following the approach proposed by Silverman (56), K is the normal density function, n is the total number of observations in the database, Xi,t is an observed value of RIVAPC at time t, x is RIVAPC at time t, Xi,t+1 is the observed value of RIVAPC at time t+1, and y is RIVAPC at time t+1.

It is worth noting that the data are not evenly distributed for many economic measurements, so a lot of observations may cluster around some specific values, while other values may have only a few observations. Therefore, a two-step procedure suggested by Silverman (56) was used to take the sparseness of the data into consideration. This procedure is called the adaptive kernel and the first step of the process is to compute a pilot estimate for the model, while the second step is to rescale the bandwidth according to the sparseness of the data.

Following the general practice of other distribution dynamics analysis, and assuming first order, and time invariant for the evolution trend. The formula of the relationship between the RIVAPC at time t and time t+1 is:

[image: image]

where ft(x) is the kernel density function of the distribution of RIVAPC at time t, gτ(z|x) is the probability kernel which maps the distribution from time t to t +τ, and ft+τ(z) is theτ-period-ahead density function of z conditional on x.

The ergodic distribution is the steady-state distribution in the long run and it can be estimated by:

[image: image]

where f∞(z) is the ergodic density function when τ is infinite. The ergodic distribution is a forecast into the future and it can reveal the final distribution given that the distribution dynamics remain unchanged.

It is worth noting that the probability of the movement of the entities is difficult to observe by naked eye. Therefore, Cheong and Wu (11) developed a new technique, namely the Mobility Probability Plot (MPP) for studying the probability of future movement of the entities. After the invention of this technique, it has been applied widely in many different areas, including industrial output (11) and consumption of electricity (55).

The MPP is defined as p(x) which is the net upward mobility probability:

[image: image]

The MPP plots the net upward mobility probability against RIVAPC. It is expressed in percentage term and so the value is from −100 to 100. A positive value of MPP suggests that the country will move upward and so it will have a higher RIVAPC in the next period, whilst, a negative value of MPP implies that the country has a net probability of moving downward in the distribution and will have a lower RIVAPC in the next period [please refer to (11) for details].



DISCUSSIONS

In this section, the distribution dynamics analysis on global industrial development will be presented. The findings can reveal overall pattern of industrialization for all the countries in the world, thereby unveiling the disparity in industrial development and the feasibility of achieving convergence over time. However, in order to investigate this important issue in further details, the full dataset was separated into different groupings. Distribution dynamics analyses were conducted separately for each of these groupings so as to provide an in-depth analysis. The groupings are based on the Global North and Global South, levels of income, and geographical locations.


All Countries

The three-dimensional kernel-based transition probability for the Relative Industrial Value-Added per Capita (RIVAPC) of all countries is demonstrated in Figure 1. Along with the transition dynamics, a contour map of the national units is presented in Figure 2. The relative frequency—that is, the height of the three-dimensional graph—in Figure 1 shows the probability of transition at the country level from one specific RIVAPC value in year t to another RIVAPC value in year t+1. Note that the RIVAPC is measured relative to the global average; hence, the average of the RIVAPC is one. It follows that a value less than one indicates a below-average RIVAPC, whereas a value larger than one implies that the value is above average. In Figure 1, two different probability mass concentrations of the transition probability are shown; the tallest peak appears at around the RIVAPC value of 0.2, and the secondary peak appears at around the value of 2.5. This pattern of concentration indicates that most countries have a below-average RIVAPC, whereas a small group of countries have a high industrial output. Consequently, it is concluded that there is a noticeable imbalance in industrial development worldwide. This imbalance suggests that most countries possess an extremely low level of RIVAPC.


[image: Figure 1]
FIGURE 1. Three-dimensional plot of transition probability kernel for the relative RIVAPC of all countries with annual transitions. Source: authors' calculation. N.B. The vertical axis indicates the probability of transition at the country level from one particular RIVAPC value in year t to another RIVAPC value in year t + 1.



[image: Figure 2]
FIGURE 2. Contour map of transition probability kernel for the RIVAPC of all countries with annual transitions. Source: authors' calculation.


The contour map in Figure 2 provides a top view of the three-dimensional graph. Thus, each vertical intersection of Figure 2 at period t denotes a probability density function that shows the transition probabilities of going from a particular RIVAPC value at period t to another value at period t + 1. For countries situated on the diagonal line, the RIVAPC levels will be the same before and after transitions. In this regard, first, the higher the concentration of the probability mass along the diagonal line, the higher the probability of continuing in the status quo. Second, the higher the concentration of probability mass above the diagonal line, the higher the probability of upward movement in the next period. Third, the higher the concentration of probability mass below the diagonal line, the higher the probability of downward movement in the next period. Likewise, it can also be asserted that the more dispersed the probability mass, the higher the variability, and vice versa. Figure 2 shows that the peaks of the probability mass lie along the diagonal line; however, the variability is still quite pronounced. Moreover, perseverance is more severe for countries with relatively low or relatively high RIVAPCs, as the variability in probability mass is lower for countries with a RIVAPC less than half of the global average or more than twice the global average. Hence, it is clear from Figures 1, 2 that the progress of industrial development was sluggish for countries with extremely high and extremely low RIVAPC values, thereby suggesting that global industrial patterns are uneven. The disparity and rigidity inherent in the transition dynamics in Figures 1, 2 will eventually translate into a country-level long-run steady-state RIVAPC distribution.

The long-run steady-state ergodic distribution of the countries is shown in Figure 3. It can be observed that many countries will converge toward a RIVAPC value of 0.17—the highest peak that can be observed from the distribution. The global average is one; this means that many countries will have very low industrial development if the transition dynamics remain unchanged. Convergence clubs at higher levels can be found as two minor peaks can be observed. These countries will congregate at the RIVAPC values of 2.4 and 4.5, respectively. Although these RIVAPC values are higher than the global average, this will not make the situation more impressive, as it suggests that low production capacity will become the norm for countries worldwide with few exceptions.


[image: Figure 3]
FIGURE 3. Ergodic distribution for the relative RIVAPC of all countries with annual transitions. Source: authors' calculation. N.B. The vertical axis indicates the density of probability and the horizontal axis indicates RIVAPC values.


Given that industrial development is vital for promoting economic growth, the United Nations and the governments should provide more support to those underdeveloped countries in a more targeted manner through technical co-operation with developing countries. With regard to the issues of low and uneven production capacity, the ideal overall situation would be a gradual convergence to the global average. For this, below-average countries will be required to move upwards and/or above-average ones to move downwards. However, it is undesirable for high-production countries to reduce their output; therefore, more attention should be paid to those countries that are below average, particularly those that do not have the capability of moving up. This study helps identify these countries by looking at the MPP.

The MPP in Figure 4 plots the probability of net upward mobility as a percentage against the values of RIVAPC. The net upward mobility ranges from −100 to 100; a positive value denotes that the country has a positive net probability of moving upward, while a negative value indicates that a country has a negative probability of moving up. It can be observed that the MPP intersects at the horizontal axis at the RIVAPC value of 0.12; after that, the MPP remains negative (or nearly zero with the RIVAPC values around 0.7) until it intersects the horizontal axis again at the RIVAPC value of 1.95. Thus, among countries which had below-average industrial development, that is, those with a RIVAPC less than one, only those countries which had extremely low output levels (i.e., a RIVAPC < 0.12) had a positive chance to move upward within the distribution. Conversely, countries with slightly higher output levels (i.e., a RIVAPC >0.12) cannot maintain their progress in industrial development. This finding is alarming and suggests that more support should be provided to this group of countries to promote industrialization and provide growth opportunities to people living in these underdeveloped countries.


[image: Figure 4]
FIGURE 4. Mobility probability plot (MPP) for the RIVAPC of all countries. Source: authors' calculation. N.B. The vertical axis indicates net upward mobility (%) and the horizontal axis indicates RIVAPC values.


The MPP will intersect the horizontal axis whenever it moves from above the horizontal axis to the region below the horizontal axis. It is worth noting that the countries on the left-hand side of the intersection point have a positive chance to move upwards and countries on the right-hand side of the intersection point have a net probability of moving downwards; hence, many countries will converge around the intersection points. Consequently, the shape of the ergodic distribution in Figure 3 is explicable through the transition dynamics underlying the MPP in Figure 4.



Comparison Between the Global North and the Global South

To extensively explore industrial growth, the database is split into the wealthier Global North and the poorer Global South to analyse the impacts on industrial development. The three-dimensional kernel-based transition probabilities for the RIVAPC of the Global North and the Global South with annual transitions are shown in Figure 5, and the corresponding contour maps are shown in Figure 6.


[image: Figure 5]
FIGURE 5. Three-dimensional plot of transition probability kernel for the relative RIVAPC of countries for the Global North and the Global South with annual transitions. Source: authors' calculation. N.B. The vertical axis indicates the probability of transition at the country level from one RIVAPC value in year t to another RIVAPC value in year t + 1. (A) Global North. (B) Global South.



[image: Figure 6]
FIGURE 6. Contour map of transition probability kernel for the RIVAPC of countries for the Global North and the Global South with annual transitions. Source: authors' calculation. N.B. The vertical axis indicates the RIVAPC value in year t and the horizontal axis indicates RIVAPC value in year t + 1. (A) Global North. (B) Global South.


Figure 5A demonstrates two peaks in the three-dimensional graph for the Global North. One is situated at a RIVAPC value of 1.25, while the other is situated at around the level of 4.5, suggesting that industrial development for most of the countries within the Global North was well above the global average with a discrete group of countries enjoying 4.5 times above the average capacity for production. Additionally, Figure 5B shows a contrasting scenario. The two peaks: one situated at an extremely low RIVAPC value of 0.05, and the other situated at 0.62, both are far below the global average. This indicates that most of the countries within the Global South suffered from severe underdevelopment, with a few exceptions. As such, the degree of industrial development globally is very unbalanced.

Figures 6A,B show that the variability (i.e., the likelihood of moving upward/downward in the following period) is larger in the Global North than in the Global South. Moreover, variability increases with the increase in production capacity in both the Global North and the Global South. Additionally, observations can hardly be found above the RIVAPC value of 2 in the Global South, indicating that the rigidity at around this value of 2 in Figure 2 is contributed to by countries with relatively higher RIVAPC values. This evidence, together with the evidence in Figure 2, suggests that rigidity is more pronounced in countries with extremely high and extremely low RIVAPC values, which is a potential source of unbalanced industrial development.

The transition dynamics translate into the long-run steady-state ergodic distribution shown in Figure 7. From Figure 7A, it is visible that the two most obvious peaks appear at around the RIVAPC value of 1.2 and the 4.5 levels, implying that future industrial development in the Global North is very encouraging. Meanwhile, Figure 7B shows that the two peaks are situated at levels of 0.06 and 0.7, respectively. This is a disturbing finding, as it indicates that the Global South countries will have exceptionally low RIVAPC levels in the future. Moreover, the ergodic distribution is more dispersed in the Global North than in the Global South; this implies that countries are highly tied and concentrated around the two below-the -average peaks with very few exceptions in the Global South.


[image: Figure 7]
FIGURE 7. Ergodic distributions for the RIVAPC of countries for the Global North and the Global South with annual transitions. Source: authors' calculation. N.B. The vertical axis indicates the density of probability and the horizontal axis indicates RIVAPC values. (A) Global North. (B) Global South.


Looking at the MPP in Figure 8, it is clear why the ergodic distributions take their current forms. Figure 8A shows that countries in the Global North with a RIVAPC <1.2 have a positive net probability of moving upwards. The first peak in the ergodic distribution is evident at this intersection. The second intersection point presents at a RIVAPC level of 3.5, and it indicates the secondary peak in the ergodic distribution. These two peaks are above the global average. Thus, the MPP demonstrates how the transition dynamics drive high industrial development in the Global North region. Conversely, almost the entire MPP in Figure 8B is below the horizontal axis. Note that the net probability of moving upward is negative below the horizontal axis. The first intersection point appears at around a RIVAPC value of 0.07, which is far below the first intersection point in the Global North (i.e., RIVAPC value of 1.2). Although, it is visible that a secondary intersection point appears at around the 2.7 level. However, this does not lead to the appearance of another peak in the ergodic distribution. The reason behind this myth is that, in the Global South, a few countries (e.g., China) have a high production capacity and high upward mobility. However, these sporadic cases offer less help in the development of the overall industrial growth in the Global South region. If the sporadic cases in the Global South region are ignored, the entire MPP of the Global South region is below the horizontal axis, except for those countries with a RIVAPC value <0.07. It follows that if and only if countries in the Global South have no industrialization at all (those countries with a RIVAPC value <0.07), they have a chance to move upward. Countries with RIVAPCs >0.07 will fail to maintain their industrial progress.


[image: Figure 8]
FIGURE 8. Mobility probability plot (MPP) for the RIVAPC of countries for the Global North and the Global South. Source: authors' calculation. N.B. The vertical axis indicates net upward mobility (%) and the horizontal axis indicates RIVAPC values. (A) Global North. (B) Global South.


The findings are alarming, suggesting that the disparity between the Global North and the Global South will enlarge further in the future. Industrial development in the Global North will continue to prosper, while the industrial output in many countries in the Global South just cannot reach the global average. This calls for a re-examination of the industrialization policy in the Global South countries, and the governments should formulate pragmatic industrial policies to promote industrial development to close the gap between the two groups.



Comparison Between Countries Based on Income Groups (World Bank Classification)

To avoid sporadic cases in the Global South region and to analyse the relationship between income and industrial development, the ergodic distributions for different income groups of countries are observed. Figures 9, 10 provide the ergodic distributions and the MPP for the four income groups, respectively.


[image: Figure 9]
FIGURE 9. Ergodic distributions for the RIVAPC of countries for different income groups of countries with annual transitions. Source: authors' calculation. N.B. The vertical axis indicates the density of probability and the horizontal axis indicates RIVAPC values. (A) Low-Income Countries. (B) Lower-Middle Income Countries. (C) Upper-Middle Income Countries. (D) High-Income Countries.



[image: Figure 10]
FIGURE 10. Mobility probability plot (MPP) for the RIVAPC of countries for different income groups of countries. Source: authors' calculation. N.B. The vertical axis indicates net upward mobility (%) and the horizontal axis indicates RIVAPC values. (A) Low-Income Countries. (B) Lower-Middle Income Countries. (C) Upper-Middle Income Countries. (D) High-Income Countries.


It is apparent that for the low-income countries, the entire ergodic distribution in Figure 9A is compressed to the left of the global average, with the convergence clubs at the 0.03, 0.06, and 0.12 levels. Due to the distribution being highly concentrated, the peaks are visibly pronounced, and the convergence clubs are very close to each other. Looking at the MPP for the low-income countries in Figure 10A, only when the RIVAPC value is <0.03 do the countries have an upward-moving chance, while countries with RIVAPC values more than 0.03 have a negative net upward mobility. When the RIVAPC value reaches 0.3, the net upward mobility reaches −100. This implies that low-income countries cannot transit through the threshold of a RIVAPC value of 0.3. When countries reach a RIVAPC level of 0.3, a level less than half of the global average, the RIVAPC is going to decline, which will move the country downwards in the distribution. This implies that there might be a development trap in low-income countries. The situation is alarming, as industrialization is one of the major pathways for low-income countries to attain developed countries' living standards. The findings signify that poverty, if it exists, will persist unless there is outside interference.

For the lower-middle-income countries, in Figure 9B, although there are some observations around the global average, all the convergence clubs are below it, namely, 0.17, 0.29, and 0.59. Compared with low-income countries, the ergodic distribution of the lower-middle-income countries is more dispersed, and thus, countries will congregate around the three convergence clubs with a wider range, namely, 0.17 and 0.59. However, the third minor peak with the highest RIVAPC value of 0.59 is only slightly more than half of the global average. This demonstrates that the industrial development of lower-middle-income countries is far from encouraging. The MPP for the lower-middle-income countries in Figure 10B confirms the implications of the ergodic distribution. The first intersection point is situated at a very low RIVAPC level of 0.18, the second and the third range of positive net upward mobility are situated at RIVAPC levels of ~0.24–0.28, and 0.39–0.57, respectively, and the net upward mobility is −100 when the RIVAPC value reaches 1.6. In other words, when the low-middle-income countries have no or very low levels of industrialization, they have a better chance of having proper industrial development. When their level of industrialization is slightly more than half of the global average (i.e., a RIVAPC level of 0.57), they fail to maintain their development progress. Moreover, when the lower-middle-income countries have a RIVAPC level of 1.6, the net upward mobility reaches −100. It follows that when the countries reach a RIVAPC level of 1.6, it is going to have a decline in RIVAPC, which will bring the country downwards in the distribution. Although negative net upward mobility appears at a later stage of industrialization, as in the low-income countries, there seems to be a development trap in lower-middle-income countries. After reaching a slightly higher level of economic growth, the lower-middle-income countries fail to subsequently achieve further economic or industrial transformation required for sustainable development.

The situation is better in upper-middle-income countries. Three convergence clubs in Figure 9C can be observed. The first two peaks, 0.37 and 0.65, are below the global average. However, the third peak is just above the global average, which is level 1.12. Although the overall shape of the ergodic distribution for the upper-middle countries is quite similar to that in the low-income and lower-middle-income countries, they are not comparable as they are more dispersed and have a relatively higher average level of RIVAPC than the previous two distributions. Looking at the MPP in of Figure 10C for the upper-middle-income countries, positive net upward mobility can be seen within the range of RIVAPC values from 0.9 to 1.1, indicating that some countries are capable of maintaining sustainable development around the global average. Yet, as in the previous two income groups, a development trap can be found, as the net upward mobility is −100 when the RIVAPC value reaches 3.85. To avoid the upper-middle-income development trap, it is critical for upper-middle-income countries to reach and sustain a high rate of industrial development.

In high-income countries, the first peak of the ergodic distribution in Figure 9D appears at 1.37, while the second peak appears at 4.5. This indicates that many countries within the high-income group will have above the average industrial development and a few of them even have a production capacity that is 4.5 times higher than the rest of the world. Looking at its MPP in Figure 10D, the first intersection point appears at the RIVAPC level of 1.28, and the second intersection point is situated at the RIVAPC level of 3.4. These two intersection points give the two convergence clubs appearing in the ergodic distribution. Unlike the previous three MPPs for the low-income, lower-middle income, and upper-middle-income countries, no obvious development traps can be observed within the high-income countries group. The most negative net upward mobility is ~-50 when the RIVAPC reaches the 5.7 level.

Referring to the income groups evidence, this suggests that the primary peaks of the ergodic distribution for all income groups are far below the global mean with only one exception, the high-income group; suggesting that income level and industrial output might be related.



Comparison Between Regions

Figure 11 shows the regional ergodic distributions and Figure 12 shows the MPP. The ergodic distributions and the MPP for the East Asia and Pacific region and the Middle East and North Africa region are quite similar. Within these two regions, it can be observed from their ergodic distribution that many countries cluster around RIVAPC levels around half of the global average, while a few countries cluster at RIVAPC levels around 4–5 times the global average. Their MPP shares similar momentum with the first and the second intersection points situated around the RIVAPC levels of 0.5 and 3.7, respectively. This implies that most countries will have output levels far below the mean, while a few will have an output level almost four times higher than the global average; this indicates that a high level of disparity appears in these regions.


[image: Figure 11]
FIGURE 11. Ergodic distributions for the RIVAPC of countries for different geographical regions with annual transitions. Source: authors' calculation. N.B. The vertical axis indicates the density of probability and the horizontal axis indicates RIVAPC values. (A) East Asia and Pacific. (B) Europe and Central Asia. (C) Latin America and Caribbean. (D) The Middle East and North Africa. (E) North America. (F) South Asia. (G) Sub-Saharan Africa.
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FIGURE 12. Mobility probability plot (MPP) for the RIVAPC of countries for different geographical regions. Source: authors' calculation. N.B. The vertical axis indicates net upward mobility (%) and the horizontal axis indicates RIVAPC values. (A) East Asia and Pacific. (B) Europe and Central Asia. (C) Latin America and Caribbean. (D) The Middle East and North Africa. (E) North America. (F) South Asia. (G) Sub-Saharan Africa.


A similar situation can be observed in the Europe and Central Asia region, apart from the fact that the first peak of the ergodic distribution in the region is situated at around a RIVAPC value of one; this indicates that most countries will converge to the global mean in this region. Thus, the region has done a relatively good job in maintaining its industrial growth around the global average. The MPP of the region confirms the implications of the ergodic distribution. The first intersection point appears around the RIVAPC value of one, and the second intersection point appears around the RIVAPC value of 3.2. These intersection points show that the primary and the secondary peaks, namely 0.9 and 4.1, appear in the ergodic distribution; this means that most of the countries will converge to the global mean, while a few will converge to a value 4 times higher than the global average. These findings are encouraging as the degree of disparity is tolerable as long as most countries within the regions maintain their industrial progress in line with the global average.

Unlike the previous three regions, the ergodic distribution in the Latin America and Caribbean region has four peaks, namely, 0.3, 0.6, 1.02, and 4.7. However, the second and the third peaks are not obvious; thus, most countries will converge to a RIVAPC value slightly >0.3. Almost the entire MPP of the region is situated below the horizontal axis after a RIVAPC value of one, which is the global average, with a positive region within the RIVAPC values of 4–5. This signifies that most of the countries in the region will have limited production capacity, while a small group of countries will enjoy an enormously high level of industrialization.

The ergodic distributions and the MPP for the North America and South Asia regions share similar shapes. However, they are incomparable, as the entire distribution for the South Asia region is located below a RIVAPC value of 0.6, while the entire distribution for North America is located above a RIVAPC value of 2. Comparing their MPP, the first and second intersection points for the North America region are 3.7 and 4.8, respectively, whereas the first and the second intersection points for the South Asia region are 0.02 and 0.37, respectively. The North America region is the only region where all countries have a RIVAPC more than the global average. In South Asia, most, if not all, countries within the region have a RIVAPC less than one. Indeed, the North America region represents the most industrialized region among the seven regions, whereas the South Asia region is the least industrialized region among the seven regions. Note that both regions suffer from development traps; the net upward mobility is −100 when the RIVAPC value reaches 6.3 and 0.53 in North America and South Asia, respectively. The development traps that appear in the South Asia region will hinder industrial development in the region, while development traps in the North America region will impede breakthroughs in the world industrial development.

The Sub-Saharan Africa region has the most compact ergodic distribution compared with the other regions, implying that the two peaks, 0.03 and 0.63, are very pronounced. Note that the primary peak of its ergodic distribution is just slightly higher than the South Asia region, which is the least industrialized region. This implies that most countries in this region will have very low industrial output. Note also that the net upward mobility value is −100 when the RIVAPC value reaches 3.88, and there is a positive net upward mobility region within the RIVAPC values of 1.41–1.72. Although the positive net upward mobility fails to translate into a third peak in the ergodic distribution, it indicates that there are few countries in the region enjoying a higher than the average production capacity.

Referring to the regional evidence, this suggests that the peaks of the ergodic distribution for most regions are far below the global mean with only two exceptions, North America and Europe and Central Asia. This means that convergence to the global mean is unattainable in almost all regions. Note also that convergence clubs can be observed in all regions, suggesting that disparity in industrial development at the regional level is universal. Attention must be paid to removing upward-moving obstacles for countries with low RIVAPC levels and negative net upward mobility.




CONCLUSIONS AND IMPLICATIONS

Many researchers have investigated the industrialization, industrial output and industrial development, little attention has been paid to whether differences in industrial development among different countries vanish over time, and if convergence can be realized. Most of the previous studies on convergence of industrial output or industrial development used single country's data and thus could not reveal many policy insights.

This paper examined the convergence patterns and dynamics of relative industrial value-added per capita in a global scale. It is the first study to investigate the convergence and dynamics of industrial value-added per capita in the world. With the consideration of heterogeneity in industrial value-added per capita, the results are useful to policy makers in identifying the key groups for priority interventions.

It was found that, in the all-countries analysis, among countries which had below-average industrial development, that is, those with a RIVAPC less than one, only those countries which had extremely low output levels (i.e., a RIVAPC <0.12) had a positive chance to move upward within the distribution. Conversely, countries with slightly higher output levels (i.e., a RIVAPC >0.12) cannot maintain their progress in industrial development.

In the comparison between the Global North and the Global South, it was found that only countries in the Global South have no industrialization at all (those countries with a RIVAPC value <0.07), they have a chance to move upward. Countries with RIVAPCs >0.07 will fail to maintain their industrial progress.

In terms of Income Groups (World Bank Classification), it was found that the primary peaks of the ergodic distribution for all income groups are far below the global mean with only one exception, the high-income group; suggesting that income level and industrial output might be related. This study also found that the peaks of the ergodic distribution for most regions are far below the global mean with only two exceptions, North America and Europe and Central Asia.

Based on the findings, the following policy implications can be drawn: first, policy makers need to pay more attention to the countries that have an RIVAPC level below global average. For those countries that will converge to RIVAPC of <0.5, industrial development planning and policy measures need to be implemented. Governments should provide more support to those underdeveloped countries in a more targeted manner through technical co-operation with developing countries.

The results of distribution of the Relative Industrial Value-Added per Capita (RIVAPC) of global countries provide policy makers with reliable reference to improve global industrial development strategies by prioritizing supportive policies across the countries. In order to eliminate the inequalities in industrial development among regions, United Nations and the governments should provide more support in the Latin America region, Caribbean region, South Asia region and the Sub-Saharan Africa region.
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Empirical studies suggest that globalization (FDI and international trade) has been greatly affected by the COVID-19 and related anti-pandemic measures imposed by governments worldwide. This paper investigates the impact of globalization on intra-provincial income inequality in China and the data is based on the county level. The findings reveal that FDI is negatively associated with intra-provincial inequality, intra-provincial inequality increases as the primary industry sector (agriculture) declines. The result also finds that the increase in inequality stems not from the development in the tertiary or secondary industry sectors per se, but the unevenness in the distribution of these sectors.
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INTRODUCTION

Since opening and economic reforms in 1978 Chinese GDP (GDP per capita) experienced a period of unprecedented growth, increasing from 367.9 billion Yuan (385 Yuan) in 1978 to over 90 trillion Yuan (64,644 Yuan) in 20181. During the same period, over 850 million Chinese were lifted out of poverty (1). Many attribute this impressive achievement to the successful implementation of globalization in the reforms [e.g., (2–6)].

However, income inequality in China escalated in unison with the reduction in aggregate poverty levels. Thus, Chinese policymakers tried to combat income inequality. Against this backdrop, after 7 years of a moderate decline (from 2008 to 2015), income inequality has been on the rise (7). The increase in inequality at different spatial levels questions the benefits of globalization. Therefore, it is of interest to investigate if globalization is responsible for the increase in intra-provincial (county-level) inequality in China2.

According to the Asian Development Bank (8), spatial inequality accounted for 54% of China's income inequality in 2007. Cheong and Wu (9) show that intra-provincial regional inequality in China grew substantially between 1997 and 2007. Regrettably, most of the studies on China's income inequality focus on national [e.g., (10, 11)] or inter-provincial level [e.g., (12, 13)]. To the best of our knowledge, there is no study examining the association between globalization and county-level intra-provincial regional inequalities in Chinese provinces. Thus, the above studies and their findings remain impractical for the Chinese policymakers tackling regional inequality amongst counties and county-level cities within each province.

This paper contributes to the literature by studying the impacts of globalization on intra-provincial regional inequality in China from 1997 to 2007. Our findings might help to derive pragmatic and efficient policies mitigating regional inequality within Chinese provinces. Moreover, the results contribute to the ongoing scholarly debate [e.g., (13–15)] as to whether the link between globalization and inequality is justified. Our findings suggest that FDI negatively affects intra-provincial inequality. Furthermore, we find that industrialization and development of the secondary industry sector (manufacturing and construction) and the tertiary industry sector (services) are positively associated with regional income inequality in China. Moreover, the results suggest that the transportation infrastructure decreases intra-provincial inequality.

Empirical (16–18) and anecdotal evidence suggests that globalization (FDI and international trade) has been greatly affected by the COVID-19 and related anti-pandemic measures (e.g., quarantines, lockdowns, and social distancing) imposed by the governments worldwide. Furthermore, COVID-19 in conjunction with the ongoing US-Sino trade war poses an unprecedented threat to China's social and economic prosperity. In particular, high-income inequality in pre-pandemic China documented at various spatial levels (9, 19, 20) might become more acute in the short- and long-run post-pandemic perspective. For instance, COVID-19 related closures and lockdowns have a larger knock-on effect on jobs and incomes of the lower-income, less-educated households from poor regions who are less likely to work remotely and unable to relocate to the rich regions (21–24). On the other hand, lower-income people who were allowed to commute to work were more likely to be infected with COVID-19 while less likely to receive adequate healthcare provision than high-income patients (25). On top of that, unlike many governments in developed economies (e.g., the U.S., the U.K., Germany), Chinese governments did not offer cash support to the affected vulnerable households.

While the above-listed factors can be considered as mainly short-term, COVID-19 might also affect the labor market and income disparity in the long-term due to a persistent increase in the online and teleworking sector requiring IT skills and access to technology. This, in turn, works to the advantage of a better-educated labor force from richer regions [e.g., (26)]. Moreover, social distancing measures brought prolonged closures of schools and distance/online learning. Such arrangements are expected to have a disproportionately large negative effect on the education of pupils from low-income families, and thus their future employment opportunities (27). Summing up, empirical and anecdotal evidence suggests that COVID-19 hampered globalization but increased poverty and income inequality globally and in China. While it is still too early for empirical research examining the long-lasting effect of COVID-19 on the association between globalization and regional income inequality in China, our study documents such association in earlier years and thus constitutes an important reference for the post-COVID-19 studies.

The remainder of this paper is structured as follows. Section Literature Review presents a review of the literature. Section Methodology delivers the discussions of the econometric model and introduces the data. Section Results and Discussions presents the results and interpretations, while Section Robustness Tests delivers and discusses robustness tests. Section Conclusions concludes the paper and offers policy recommendations.



LITERATURE REVIEW

Foreign direct investment (FDI) and international trade are the most common proxies of globalization. According to NBSC (7), inward FDI in China increased enormously from US$1.96 billion in 1985 to US$135 billion in 2018. The positive impact of FDI on economic growth can be linked with the efficiency spillovers to domestic firms [e.g., (28, 29)]. Furthermore, FDI can bring in new products and managerial technologies as well as advanced organizational arrangements. Many cross-country studies suggest that FDI boosts economic growth [e.g., (30, 31)]. Focusing on China, Tian et al. (5) find that the provinces with a high FDI ratio experience faster technology updating and higher economic growth. In tandem with inward FDI, Chinese international trade surged from US$20.6 billion in 1978 to US$4.62 trillion in 2018 (7). Numerous studies show that international trade exerts a positive impact on economic growth in China [e.g., (2–4, 6)].

Against this backdrop, the Chinese government established preferential policies to boost FDI and international trade. For instance, special-economic zones (e.g., Shenzhen), open cities, preferential exchange rates, and taxes all aim to attract foreign investors and promote international trade (32). However, it is argued that globalization could be harmful in developing countries [see (33, 34)]. Based on a sample of 1,254 empirical results from 123 peer-reviewed studies, Heimberger (15) documents a moderately positive effect of globalization on inequality in developing countries.

With regards to China, many studies report that FDI spurs inequality (35–37). Furthermore, FDI can exert different impacts on growth across regions. Tian et al. (38) document that the productivity of Chinese firms in the peripheral inland region is adversely affected by the FDI flowing into coastal regions. They argue that FDI is positively associated with regional inequality in China. Huang and Wei (19) and Zhang et al. (20) find that FDI contributes to income inequality and the formation of convergence clubs across prefectural-level Chinese cities. On the contrary, Ma and Jia (39) document a positive association between FDI and regional income convergence.

Another major component of globalization: international trade is reported by some as a major force behind the growing disparity between the inland and coastal regions [e.g., (40, 41)]. Furthermore, Zhang and Zhang (35), Gries and Redlin (42), and Wang and Chen (43) find that regional inequality in China increases with exposure to international trade. However, in a study on international trade and rural-urban inequality in Chinese prefectural-level cities, Wei and Wu (44) document that trade openness significantly reduces inequality. Additionally, some researchers report no effect of international trade on regional inequality [e.g., (13, 45)].

In summary, the common consensus is that globalization brought about by FDI can increase the output of a region. However, the effect is bi-directional. On the one hand, inequality is reduced if FDI is accurately directed at the poor and underdeveloped regions. On the other hand, inequality increases if globalization further reinforces the economic growth of the already globalized regions. Moreover, both facets of globalization (FDI and international trade) are found to exert different impacts on economic growth across the regions. This, in turn, exacerbates regional inequality in China. Importantly, most of the studies on China use provincial-level data, while the impacts of globalization on intra-provincial regional inequality remain largely unexplored by the academic community3.



METHODOLOGY


Econometric Specification

To examine the determinants of regional income inequality at the county-level in China, the regression approach is used with a baseline model presented in equation (1) below.
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where GINIi, t is the Gini coefficient for province i at time t, Xi, t is the matrix for the provincial characteristics, βk is the k x 1 vector of the coefficients on Xi, t, φi represents the fixed effects for province i, vt is the set of time dummy variables. εi, t is the idiosyncratic disturbance term, uncorrelated across the provinces.

The results presented in this study are based on the generalized method of moments (GMM) estimator developed by Arellano and Bond (46) and Blundell and Bond (47). GMM is recognized as successful in handling endogeneity [e.g., (48, 49)]. The endogeneity is especially common in studies on income inequality, as the problems of simultaneity, unobserved heterogeneity, reverse causality, and omitted variables may all contribute to it (13, 50). One example is government expenditure supporting underdeveloped regions. It can be expected that higher expenditure will lead to a reduction in income inequality (the dependent variable). However, higher inequality may also lead to higher expenditure (the explanatory variable).

GMM estimator can overcome the endogeneity problem, control for fixed effects and time effects. Furthermore, it is recommended for unbalanced panel data with multiple endogenous variables (48, 51). Thus, the GMM estimator is often employed in the recent empirical literature on income inequality [e.g., (13, 45, 52)]. We employ the two-step system GMM (2S-SGMM) estimator by Blundell and Bond (47) which is asymptotically efficient and robust to any pattern of cross-correlation and heteroskedasticity (52).

Furthermore, to mitigate the problem of potentially downward-biased standard errors, in all specifications, we use small-sample corrected standard errors (53). Besides, because the panel dataset is unbalanced, the transformation of orthogonal deviations is used to minimize the number of gaps in the transformed equations (52). Moreover, all explanatory variables are treated as endogenous. To combat the problem of instrument proliferation (51, 52), the instruments are combined into smaller sets by collapsing blocks in the instrument matrix. Additionally, we use “collapsed” instruments.



Data Sources and Explanations of Variables

Intra-provincial regional inequality amongst the counties and county-level cities (measured by the Gini coefficient) is the dependent variable. The Gini coefficient ranges from zero to 100, with zero (100) representing perfect income equality (inequality). In the baseline model (Table 2 in Section Results and Discussions), we employ a set of 11 explanatory variables based on provincial characteristics4. All the provinces and autonomous regions in China are included in this study5. The dataset is an unbalanced panel covering the 1997–2007 period and the dataset is from Cheong and Wu (50). There is no previous research focused on the intra-provincial data and it is the first paper to apply the intra-provincial data to investigate the relationship between globalization and inequality. In addition, China's international trade was booming during that period and it is worth examining the relationship between globalization and inequality for that period. Explanatory variables are compiled from China Statistical Yearbook and augmented with data from China Statistical Yearbook for Regional Economy and Provincial Yearbook (7). When appropriate, data series have been adjusted for inflation by converting them to 1997 constant prices using provincial consumer price index (CPI) as the deflator.

Based on prior empirical research [e.g., (37, 43)] we use the FDI and a combined value of exports and imports (XIM) as explanatory variables proxying for the effects of globalization on intra-provincial inequality. Both variables are expressed as a share of provincial gross regional product (GRP). Furthermore, we control for the potential effect of domestic trade (DOMTR) measured as the ratio of retail sales to provincial GRP.

The share of the tertiary (secondary) industry outputs in Chinese national GDP changed from 43.0 (46.9%) in 2010 to 52.2% (40.7%) in 2018 (7). This means that especially the development of the tertiary industry sector has been fast in recent years6, which, in turn, may affect regional income inequality. Some studies find that Chinese industrialization led to a surge in inequality (40, 54) and the formation of income convergence clubs (20). Therefore, we control for the potential effects of the secondary (SECIND) and tertiary (TERIND) industry sectors on income inequality.

GDP and GRP per capita are routinely employed as a determinant of income inequality in cross-country [e.g., (14, 55, 56)] and China-focused studies [e.g., (10, 13)]. Thus, we include the real GRP per capita (GRPPC)7 explanatory variable in the model of regional inequality.

Chen and Groenewold (57) and Fan et al. (58) document a positive impact of transportation infrastructure on regional development in China, while Gries and Redlin (42) find that transportation aggravates inequality. However, the above studies are based on provincial-level data. We examine the impact of transportation infrastructure (TRANSP) on intra-provincial inequality8. Lau (6) shows that high inflation is detrimental to economic growth, while many studies suggest that there is a positive association between income inequality and inflation [e.g., (13, 60)]. Following prior studies, we include the INLF term in our models.

Wan (61) states that the effects of fiscal transfers on inequality are generally negligible and sometimes negative at the provincial level. Fang and Rizzo (62) claim that government transfers are ineffective in inequality reduction in rural China. On the contrary, Zhuang and Li (63) and Jain-Chandra et al. (10) argue for an important role of fiscal transfers in reducing inequality. However, the association between government expenditure and intra-provincial inequality has not been studied. Given the above, we employ the GOVEX term calculated as a ratio of government expenditure supporting underdeveloped areas to provincial GRP. Another variable (ECOSIG) is the share of provincial GRP to national GDP. We use the ECOSIG term to test the association between the relative provincial output and intra-provincial inequality.

Shindo (64) concludes that education subsidies in the eastern, coastal province of Liaoning and Jiangsu boost economic growth and welfare. However, he also argues that due to “large differences in productivity between the regions, the growth gap widens with evenly raised education subsidy rates.” (p. 1061). Prior studies suggest that the income disparity can be largely explained by educational levels [e.g., (10, 65)]. We investigate the impact of education on intra-provincial inequality by including the ratio of educational funding in each province to provincial GRP (EDUFND) in our baseline model.



Descriptive Statistics

Figure 1 presents the plot of Gini coefficients for China from 1981 to 2018. Overall, inequality has been on the rise, except for three periods of decline: 1981–1983, 1994–1996, and 2008–2015. Furthermore, in 2008 a Gini coefficient peaked by reaching a value of 0.491. Figure 1 also indicates that income inequality increased moderately from 0.462 to 0.468 during the most recent 3 years. Moreover, comparing the Gini coefficient for 1981 and 2018, it has grown by over 50%. Overall, Figure 1 questions the effectiveness of policymakers' efforts to combat China's high and persistent inequalities.
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FIGURE 1. Income inequality in China from 1981 to 2018 measured by Gini coefficients. Source: Ravallion and Chen (32) and NBSC (7).


Looking at Table 1, we can observe that the regional inequality for Chinese provinces between 1997 and 2007 ranges from 0.141 to 0.469, while the dispersion of GINI (coefficient of variation CV) equals 0.254. This means that the standard deviation accounted for around 25% of the GINI's mean value. Summing up, there are substantial disparities in the sample's intra-provincial income inequality.


Table 1. Descriptive statistics.
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RESULTS AND DISCUSSIONS

The correlation between two measures of globalization (FDI and international trade) and intra-provincial regional inequality can be observed in Figures 2, 3. The scatterplot and the line of best fit shown in Figure 2 (3), suggest that regional inequality is somewhat negatively (positively) correlated with FDI (international trade). These observations suggest that although FDI and international trade are major components of globalization, they have potentially different effects on Chinese intra-provincial regional inequality.


[image: Figure 2]
FIGURE 2. Intra-provincial regional inequality (GINI variable) and the ratio of FDI to provincial GRP (FDI variable).
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FIGURE 3. Intra-provincial regional inequality (GINI variable) and the ratio of the total value of imports and exports to provincial GRP (EXIM variable).


Empirical results corresponding to equation (1) shown in Table 2 are based on the 2S-SGMM estimator9,10. Sargan and Hansen tests suggest that the instruments are valid, while the AR (2) test indicates the absence of the second-order autocorrelation in differenced residuals Δεi, t in the transformed equation, i.e., the 2S-SGMM estimator is correctly specified.


Table 2. Regional inequality and globalization.
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The estimated coefficient on FDI (-3.526) is statistically significant at the 5% level and negative which indicates that FDI can alleviate intra-provincial inequality. Given the sample average value of FDI (0.013) and GINI variable (0.283), we can expect that a 10% increase in FDI to provincial GRP ratio brings about a 0.016 decrease in intra-provincial inequality (measured by GINI coefficient), ceteris paribus11. The result corroborates the findings of Gries and Redlin (42), and Ma and Jia (39). However, our finding differs from studies based on inter-provincial data [e.g., (35, 37)] and prefectural-level cities data (19) documenting that FDI increases inequality.

Mixed findings at different spatial levels are reported in studies on international trade. Many studies based on provincial-level data show that trade increases inequality [e.g., (35, 40, 43)]. However, Wei and Wu (44) reach the opposite conclusion using prefectural- and municipality-level data. Hence, our results pinpoint that policy formulation at the county-level should not be based on research carried out at the provincial- or prefectural-level, and vice versa. Furthermore, research on regional inequality should be carried out at various spatial levels.

Table 2 shows that the proportion of retail sales of consumer goods to provincial GRP (DOMTR) is negatively associated with regional inequality. The DOMTR variable refers to the sum of retail sales of commodities sold by wholesale and retail trades, catering services, publishing, post and telecommunications, and other services to urban and rural households' consumption and social institutions' public consumption. It might be, that as most of these services do not require highly skilled labor, the expansion of these sectors can absorb the surplus of unskilled labor. Consequently, the backward regions within a province can enter these services easily, which, in turn, improves the living standards of poor regions. In other words, our findings suggest that the promotion of domestic trade in the underdeveloped regions can increase their outputs, and thus alleviate intra-provincial inequality.

The statistically significant and positive estimated coefficient on SECIND and TERIND terms imply that inequality increases with the decline of agriculture (primary industry sector). Given the sample mean value of SECIND (0.450) and TERIND (0.369), we can expect that a 1% increase in a share of the secondary (tertiary) sector in provincial GRP brings is associated with a rise of 0.011 (0.013) in regional inequality, holding all else constant. This finding agrees with other studies [e.g., (32, 57, 62, 65)]. The returns of the secondary and tertiary industry sectors are higher than that of the primary industry sector. Therefore, coupled with the documented uneven distribution of industrialization and development across the regions, an expansion of these sectors can increase intra-provincial regional inequality.

Table 2 shows that the estimated coefficient of GRPPC is statistically significant and positive, which is in line with e.g., Xiong (13). This implies that the inequality levels in rich provinces are higher than those in poor provinces. Our results suggest that, when governments formulate a policy for inequality alleviation, they should focus on the poor and the rich provinces alike. This also calls for the design of a comprehensive intra-provincial map of China and a coherent strategy combating inequality in all the provinces.

The estimated coefficient on the TRANSP variable is positive and statistically significant at the 5% level. This is consistent with e.g., Gries and Redlin (42). The regions with agglomerated industries tend to be richer and have higher tax revenues, thus can finance new infrastructure, which, in turn, attracts more industries. This circularity can lead to a further increase in regional inequality. Therefore, our findings are important and call for a concerted strategy of equalizing access for all the regions. In other words, the governments should provide better access for the poor regions by improving their transportation infrastructure.

It is often suggested that income inequality and inflation are positively associated (13, 60). Contrary to these expectations, Table 2 shows that inflation is negatively associated with regional inequality. One reason we can think is that inflation has a much greater impact on regions relying on secondary and tertiary industries than those relying on primary industries. Thus, the population in the urban (industrialized) areas might be experiencing larger reductions in their real incomes due to an increase in e.g., food prices. Therefore, richer county-level units with a high level of urbanization, become poorer in real terms, while the county-level units with a low level of urbanization (agrarian-oriented) are less affected and remain similarly low levels of income. Hence, inflation's equalizing side-effect on intra-provincial income distribution.



ROBUSTNESS TESTS

We test if the results are robust to different proxies and specifications. OECD (67) suggests the use of exports only, without the value of imports, in assessing the degree of globalization. Therefore, we use the proportion of the total value of exports to provincial GRP (EX variable). Besides, because GRPPC and ECOSIG variables are similar in their construct, we check if the results remain robust if one of them is removed from the model. Consequently, column (1) and column (2) in Table 3 lacks the GRPPC and the ECOSIG term, respectively. Moreover, Column (3) shows the results from the specification with both GRPPC and ECOSIG terms.


Table 3. Robustness tests for regional inequality and globalization.
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Column (1) in Table 3 shows that the coefficient on the EX variable (unlike on EXIM term in Table 2) is statistically significant and has a positive sign. Furthermore, coefficients on SECIND and TERIND (FDI and INFL) terms are statistically significant, positive (negative), and carry similar magnitudes as their equivalents in Table 2. Column (2) and (3) shows that the coefficients on GRPPC (DOMTR) gain statistical significance at the 5% level and carries a positive (negative) sign. In summary, the robustness tests show that the variables of FDI, SECIND, TERIND, and TRANSP (INLF) retain statistical significance in all (two out of three) specifications. Therefore, we can conclude that overall, the results are robust.

The XIM term from models in Tables 2, 3 is based on the proportion of provincial GRP. In Table 4, we test whether the results are robust to the effects of international trade based on a per capita basis: the total value of exports and imports per capita (EXIMPC) and exports per capita (EXPC). To test the robustness of the effects of education on intra-provincial inequality we use two alternative proxies for education: the number of secondary school enrolments (EDUENR), and secondary school graduates (EDUGRA) as a share of the provincial population. The estimated results are shown in Table 4 which shows that all three proxies of education (EDUFND, EDUENR, and EDUGRA) are statistically insignificant. Therefore, there is not enough evidence that education plays a major role in intra-provincial inequality in China. The coefficients on EXIMPC and EXPC are also insignificant. However, the coefficients on FDI, SECIND, and TRANSP (TERIND, GRPPC, and INFL) retain their significance, direction, and have a consistent magnitude in all (two out of three) specifications.


Table 4. Robustness test (ii) for regional inequality and globalization.
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CONCLUSIONS

This paper investigates the impact of globalization on intra-provincial income inequality in China during the 1997–2007 period. Unlike most prior studies based on inter-provincial data, our findings are based on county-level data. Therefore, this study pinpoints the importance of studying regional inequality at different spatial levels, as the necessary precondition to formulate pragmatic and effective policies. The results indicate that FDI is negatively associated with intra-provincial inequality, whereas international trade does not seem to have a significant effect. The COVID-19 has significantly affected the FDI and globalization, most of the countries were shut down the border and this would enlarge the inequality in China. However, the FDI would increase after COVID-19 and we proposes the following policy implications. First, FDI should be encouraged by the government, especially in poor regions. Second, more preferential administrative policies, tax incentives, and improved transportation infrastructure should be provided to the underdeveloped regions, to enable easier access and to attract more FDI.

We also document that intra-provincial inequality increases as the primary industry sector (agriculture) declines. This suggests that the Chinese government can reduce regional inequality by stimulating growth in the primary industry sector as suggested by e.g., Ravallion and Chen (32) and Chen and Groenewold (57). However, it would be inappropriate to restrict the development of the secondary and tertiary industry sectors in redressing inequality because the development in these sectors can greatly reduce the poverty at the aggregate level. Moreover, restricting the development of the above sectors can make the population in the poor regions worse-off, even if intra-provincial inequality is reduced. In other words, the increase in inequality stems not from the development in the tertiary or secondary industry sectors per se, but the unevenness in the distribution of these sectors. Therefore, the policymakers should not abandon globalization, industrialization, and development in secondary and tertiary industries, but instead, direct them toward disadvantaged regions and ensure that they benefit the poor, i.e., spread far into the poor regions within a particular province.
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FOOTNOTES

1According to the National Bureau of Statistics of China (thereafter NBSC).

2The word ‘globalization' could mean different things. In this study we refer to economic globalization measured by the scope of foreign direct investment (FDI) and international trade (imports and exports).

3The noticeable exceptions are studies based on prefectural-level regional data conducted by Wei and Wu (44), Huang and Wei (19), and Zhang et al. (20) who examined income inequalities amongst prefectural-level Chinese cities.

4For the list of all the variables and their definitions see Table A1 in the Appendix.

5We exclude four municipalities: Beijing, Tianjin, Shanghai and Chongqing because the majority of their administrative regions are districts, not counties or county-level cities.

6China's GDP composes of three broad sectors: primary industry (mainly agriculture), secondary industry (manufacturing and construction) and tertiary industry (services).

7The regional inequality indicator (GINI) used in this study refers to the inequality amongst the cities and counties within a province excluding the districts. Therefore, for the sake of consistency, the GRPPC factor for each province is also based on data from all the cities and counties in that province, while excluding the districts.

8To handle the problem of unequal capacities (volumes of transport per mile) in three major modes of transportation, i.e., highways, railways, and waterways, we follow the approach used by Yao and Wei (59). That is, we convert railways (waterways) into equivalent highways using the conversion ratio of 4.27 (1.06).

9All the data series were tested for the presence of unit root using the Fisher ADF and Fisher PP test. Most of the data series fail both tests which constitutes another argument for using 2S-SGMM estimator.

10Untabulated estimated results from ordinary least squares (OLS), fixed effects (FE), random effects (RE), and two-way fixed effects are used as a robustness measure. Most of the untabulated estimated coefficients have similar statistical significance and signs to those in Table 2. Therefore, our estimated results are fairly robust.

11Following e.g., Firth et al. (66), this result is calculated as follows: 0.013*0.1*-3.526/0.283.
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APPENDIX


Table A1. Variables used in the baseline model (presented in Table 2).
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This paper investigates the effects of pandemics sentiment (the World Pandemics Discussion Index) on the returns of the global art market from 1998Q1 to 2021Q2 at the global level. The Ordinary Least Squares and the Quantile Regression estimations indicate that global pandemics sentiment positively affects the returns of the global art market. This evidence means that investing in the art market can hedge the uncertainty shocks related to pandemics at the global level.
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INTRODUCTION

The COVID-19 pandemic has significantly affected all aspects of economics and social life since the first quarter of 2020. The pandemic has rolled out many public health problems and has been the leading issue in the twenty-first century (1). According to Hasell et al. (2), the COVID-19 pandemic has caused the death of 4.5 Million people from January 2020 to July 2021. At this juncture, economic, financial, and social indicators have also been affected by the COVID-19 pandemic. Baker et al. (3, 4) indicate that uncertainty related to the COVID-19 has been the great source of uncertainty that the modern economies have exposed.

It is important to note that fiscal stimulus packages and expansionary monetary policy implications during the COVID-19 pandemic have created higher inflation risks. Therefore, investors seek to diversify their portfolios. At this stage, art materials can also be an alternative instrument to diversify portfolios or hedge against inflation risk. Therefore, the global art market is expected to grow from $347B in 2020 to $405B in 2021 (5).

Indeed, previous papers have shown that art pieces (especially paintings) have been categorized as investment instruments [see, e.g., (6–27)]. These papers have indicated that arts are using an alternative investment to traditional financial assets to diversify portfolios, or art investments can be used for hedging against the inflation risk at the global or the country levels.

Furthermore, during the COVID-19 pandemic, policymakers have implemented lockdowns and closures of public areas, including art galleries shopping centers (28). Social distancing measures have also negatively affected the interactions among the people (29). Meanwhile, various international activities have been limited during the COVID-19 pandemic (30). These modern lifestyle changes could have also affected the way of behaving, including purchasing and selling decisions. On the one hand, the art markets also experienced various changes and uncertainties during the COVID-19 pandemic. Art galleries and auction houses are typically the leading venues in the art markets, and auctions lead to an efficient price level in art markets (31, 32). However, restrictions on meetings and international travel restrictions have significantly affected the size of art events in the art galleries and auction houses.

On the other hand, online auction platforms have enhanced, increasing the interest in art pieces. Various art galleries and museums have opened up online view options, and lots of people can visit the convention center without payment. Auction houses have increased their infrastructure and online platforms for promoting art pieces.

Given these backdrops, we investigate the effects of pandemic sentiment on the global art market. As we have discussed, there can be a negative or a positive impact of pandemics on the global art market. It is important to note that our data capture the quarterly sample from 1998Q1 to 2021Q2, including the COVID-19 pandemic (2020Q1–2021Q2). Besides, the sample includes other pandemics, such as Avian Flu, Bird Flu, Ebola, Middle East Respiratory Syndrome (MERS), Severe Acute Respiratory Syndrome (SARS), and Swine Flu. Even though most of the pandemics have remained regional, they can also affect the global art market due to their significant impact on regions like China and the Middle East. These regions also have an increasing interest in investing in art materials.

To the best of our knowledge, this is the first paper in the literature to analyze the effects of pandemics sentiment on the returns of the global art market. For this purpose, we utilize the Ordinary Least Squares (OLS) and the Quantile Regression estimations and find that global pandemics sentiment positively affects the returns of the global art market. Our findings indicate that investing in art markets can be used to hedge against the uncertainty shocks related to global pandemics.

The remaining parts of the paper are structured as follows. Section Data and Methodology includes the data details and explains the econometric methodology, such as the unit root tests and the OLS and Quantile Regression estimations. Section Empirical Findings discusses the empirical findings, and Section Concluding Remarks presents the concluding remarks.



DATA AND METHODOLOGY


Data

This paper focuses on the relationship between two indicators: Global Arts Market (Global_USD) and Global Pandemics Sentiment (GLOBAL_PANDEMICS). The paper uses the quarterly frequency data from 1998Q1 to 2021Q2. Thus, we have 94 observations, which are suitable for time-series analysis.

The global art market is measured by the “global art market” index (1998Q1 = 100), which is based on the real prices of the United States Dollar (USD). The related data are obtained from artprice.com. Note that Artprice.com calculates the global art market index based on the prices of more than 30 million materials. The global price index also covers more than 700,000 artists. The price data comes from 6,300 auction houses all over the World (33).

Global pandemics sentiment is measured by the World Pandemics Discussion Index (WPDI), and the related data are obtained from https://worlduncertaintyindex.com/data/ introduced by Ahir et al. (34). The WPDI measure is based on searching for words related to the discussion of pandemics in the Economist Intelligence country reports, including Severe Acute Respiratory Syndrome, SARS, Avian Flu, H5N1, Swine Flu, H1N1, Middle East Respiratory Syndrome, MERS, Bird Flu, Ebola, Coronavirus, COVID-19, Influenza, H1V1, World Health Organization, and WHO. A higher level of the WPDI indicates a higher pandemics sentiment.

We also consider the logarithmic returns of the global art price index and the global pandemics sentiment following the unit root test results. We report the level and the returns of the global art price index and the global pandemics sentiment in Table 1. There are positive returns of the global art market on average, and the change in global pandemics sentiment is positive during the period under concern.


Table 1. Descriptive summary statistics (1998Q1–2021Q2).
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In Table 2, we also provide the correlation matrix between the global art price index and the global pandemics sentiment. We observe a positive correlation (0.19) between the returns of the global art market and the global pandemics sentiment, and the correlation is statistically significant at the 5% level.


Table 2. Correlation matrix (1998Q1–2021Q2).
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Econometric Methodology

We start with utilizing the unit root test procedures. For this purpose, we run the Augmented Dickey-Fuller (ADF) unit root test of Dickey and Fuller (35, 36) from 1998Q1 to 2021Q2. The ADF test results are based on (i) constant term, (ii) trend term, and (iii) both constant and trend terms. The results are based on the global art market's level and returns and the global pandemics sentiment. We provide the one-sided p-values calculated by MacKinnon (37).

It is also important to note that the OLS regression measures the impact of a one per cent change in the global pandemics sentiment on the mean of the returns of the global art market. In other words, the OLS regressions estimate the conditional mean of the returns of the global art market, given the value of the global pandemics sentiment. At this stage, we are also interested in analyzing the effects on certain quantiles (e.g., the median, the 90th percentile, and the 10th percentile) of the distribution of the returns of the global art market instead of the mean. At this stage, the statistical properties of the conditional quantiles are significantly different from that of the conditional mean. Therefore, the classical OLS technique breaks down in the quantile regressions. At this point, we implement the Quantile regression in STATA by using the qreg command. Therefore, we estimate the following model:

[image: image]

Where Global_USDt is the index of Global Arts Market, GLOBAL_PANDEMICSt is the Global Pandemics Sentiment measured by the WPDI, and is the error term.




EMPIRICAL FINDINGS

Table 3 reports the results of the ADF unit root tests from 1998Q1 to 2021Q2. The ADF results are based on the level and the first differences of the series. The results are based on the model of (i) the constant term, (ii) the trend term, and (iii) both constant and trend terms. MacKinnon (37) one-sided p-values are reported. The global art price index follows a unit root process at the level series in all three models. In addition, the global pandemics sentiment is stationary. Therefore, we consider the returns of the global art price index and the global pandemics sentiment to capture the stationarity of the series during the estimations. We confirm that both the returns and the first differences of the series are stationary.


Table 3. Results of the ADF unit root tests (1998Q1–2021Q2).
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Furthermore, Table 4 provides the findings of the OLS and the Quantile Regressions estimations from 1998Q1 to 2021Q2. It is observed that the global pandemics sentiment positively affects the global art returns at all quantiles and the OLS estimations. According to the results of the OLS estimations, there is a positive impact of the global pandemics sentiment on global art returns. The coefficient is 0.031 in the OLS estimations, and it is statistically significant at the 5% level. The results of the Quantile Regressions also show the positive effects of the global pandemics sentiment on the global art returns in every quantile. However, the coefficients are only statistically significant for the quantiles from 10 to 50%. According to the results of the quantiles from 60 to 90%, the coefficients are statistically insignificant. This evidence means that a higher jump in the global pandemics sentiment does not significantly affect the global art returns.


Table 4. Results of the OLS and the quantile regression estimations of global art returns (1998Q1–2021Q2).

[image: Table 4]



CONCLUDING REMARKS

In this paper, we analyse the effects of global pandemics sentiment (the World Pandemics Discussion Index) on the returns of the global art market from 1998Q1 to 2021Q2. We utilize the OLS and the Quantile Regression estimations. We find that global pandemics sentiment has a positive impact on the returns of the global art market. This evidence means that investing in art markets can be used for hedging against the uncertainty shocks related to global pandemics.

However, it is important to note that our evidence is limited to the global art market and pandemic sentiment. There are also available datasets for the advanced arts markets, such as France, the United Kingdom, and the United States. Therefore, future papers can focus on the country cases with the sub-indices of art markets data. Future papers can also utilize new methods, such as the Quantile Coherency measure provided by Barunik and Kley (38). In so doing, future papers can measure the dependency among pandemics sentiment, financial markets, and art markets.
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In the COVID-19 pandemic, the bidirectional policy adopted by the governments to stimulate domestic economy and reinforce foreign trade control is making the trade environment abnormally complex. China is facing a new challenge in export trade growth. Based on the continuous monthly data from January 2002 to April 2021, this paper uses the time-varying TVP-SV-VAR model to study the impulse response of China's export trade to economic policy uncertainty (EPU). It is found that (1) on the whole, the shock of global EPU and China's EPU on China's export to the OBOR/RCEP member countries is time-varying, different, and structurally significant; (2) during the pandemic, EPU has a significant short-term negative shock on China's gross exports and export to OBOR/RCEP members, and this shock is especially big in the case of global EPU. In the post-pandemic era, China should strengthen pandemic control and economic risk monitoring, continue with execution of multilateral FTAs and create a sustainably stable export trade environment.

Keywords: post-pandemic era, economic policy uncertainty (EPU), China's exports, dynamic relations, TVP-SV-VAR model


INTRODUCTION

The outbreak of the COVID-19 pandemic has brought intense shocks on normal economic activities and economic exchange among nations. To moderate the shock, upon the pandemic breaking out the governments released stimulation policies which resulted in an upsurge of economic policy uncertainty (EPU). If we observe the global EPU index and China's EPU index (shown in Figure 1), we can identify an obvious upsurge in the trend of both, with the peaks corresponding respectively to the SARS epidemic (2003), the financial crisis (2008), the China-U.S. trade war (2018), and the COVID-19 pandemic (2020). China has an EPU index greater than the globe, because the 2018 China-U.S. trade friction worsened this EPU. The subsequent pandemic drove the EPU index to a new high which was characterized by extremely obvious fluctuations at the height of the pandemic. As China's preventive and control measures achieved a stable effect, its EPU dropped remarkably with the dawn of the post-pandemic era, with these measures becoming the normal.


[image: Figure 1]
FIGURE 1. EPU index trend chart: Global vs. China.


As opposed to the 2008 financial crisis when the governments responded with unidirectional domestic and foreign policies, the COVID-19 pandemic forced the governments to implement a fiscal stimulus approach to pandemic alleviation at home as well as stringent foreign trade control, e.g., trade protection, to get the contagion under control as part of foreign policy. Unquestionably the post-pandemic era is confronting China with a much more complex context of policy. Figure 2 provides the overall change in China's gross exports. On the whole, since the financial crisis, gross exports have slowed up in growth with a remarkably widened range of fluctuations, let alone the pandemic whose short-term shock on export trade hit the extrema. Thanks to the governments' effective control, China's export trade rebounded rapidly following a short-lived extreme shock, promising largely long-term stability.


[image: Figure 2]
FIGURE 2. China's gross exports trend chart.


In the post-pandemic era, bidirectional policy adopted by the governments to stimulate domestic economy and reinforce foreign trade control is making the trade environment abnormally complex. Besides, possible repeal of the stimulus policy combined with the Delta mutant-caused local recurrence may pose a new challenge to China's export growth. In order to explore the shock mechanism of internal and external uncertainties concerning China's export trade as well as how it evolves dynamically, this paper took the pandemic as an important event. A time-varying parameter stochastic volatility vector autoregression model (TVP-SV-VAR model) is developed to include the global EPU index, China's EPU index, global gross exports, China's gross exports, global gross outputs, China's gross outputs, and the continuous monthly history of renminbi (RMB) exchange rates. By setting up equal intervals and the time point-based impulse response function, this paper analyzes at length the shock of China's EPU on China's gross exports, including exports to OBOR/RCEP member countries, as well as the relevant differentials. Based on empirical research, this paper further investigates the practicable approaches China should take in response to the internal and external EPU risks in the post-pandemic era with the aim of making export trade grow steadily.

The paper has three contribution margins. First, the time-varying parameter vector autoregression (TVP-VA) model is constructed in place of the traditional vector autoregression (VAR) model so that highly time-effective monthly data from January 2002 to April 2021 help observe EPU's dynamic shock on China's export trade. Second, the pandemic is chosen as an important event and the continuous month-based history of RMB exchange rate changes and the financial crisis as contrast events so as to dynamically clarify the shock of post-pandemic EPU on China's export trade. Third, a study is made to investigate the heterogeneity of the shock of the internal and external EPUs on export trade between China and the OBOR/RCEP members.



LITERATURE REVIEW

EPU is an important component of economic uncertainty. Specifically, it means the failure of the government to clarify the direction and intensity of economic policy anticipation, and why implementation and stance change cause economic entities to fail to precisely predict whether, when, and how to change uncertainties brought by existing economic policy (1, 2). EPU has an obvious effect on the main macroeconomic variables. A short-term EPU rise has a negative shock on China's overall economic growth, investment, and consumption (3), with the latter two reacting most saliently (4). EPU disturbs the smooth flow of international capital (5) and there is an nonlinear influence on normal capital flow in emerging economies (6). EPU decreases the employment rate by a large margin and there is a big differential in this inhibitive effect between differently-owned firms (7). The negative effect is thought to be closely correlated with a country's economic development level (8). More research indicates that in the context of EPU, the behavioral anomaly of market entities is the microfoundation of negative shocks. EPU produces an inhibitive effect on a firm's investment behavior through cash cost and marginal income (9). EPU, such as trade protection policy uncertainty, has an inhibitive effect on the firm's investment behavior (10). A time-varying parameter factor-augmented auto regression (TVP-FAVAR) model-based study found that EPU increases often come with overall bank credit falls and this effect is obviously time-varying (11).

EPU's shock on export trade is represented, first of all, in terms of trade volume and product quality (12). Rises in an export country's EPU drive up the export intention and gross exports of a domestic firm, while for the EPU of the country of destination, there is an inhibitive effect (13). EPU of the country of destination not only inhibits China's gross exports (14) but also affects export product quality (15). Increases in a country's EPU have a remarkable inhibitive effect on the price and quality of its export goods (16). An empirical study introduced the augmented gravity model, proving EPU constrains the intensive margin and extensive margin of China's export trade (17). It was further proved that this uncertainty will have repercussions on global trade (18). Some scholars suggested that EPU increases result in remarkable decreases in high-tech product exports while impacting positively on price margin (19).

EPU impacts a country's export trade mainly through the change in export demand and import demand. When global EPU climbs, the governments concentrate more on domestic economy than on import demand in consideration of rational expectations in order to smooth the adverse shock of global EPU (20). When China's EPU rises, the financial ripple effect will aggravate corporate financing constraints, so the upstream firm may find it difficult to meet normal export demand (21). In the post-pandemic era, the discretionary approach taken by the governments to mitigating the various hazards that might arise at any time adds to EPU to a certain degree, whereas if a member country joins a regional trade organization or signs a preferential trade agreement, EPU will fall, thereby lowering the pressure on export trade on both the supply and the demand sides (22).

The above investigations differentiate internal uncertainty from external uncertainty and reveal the effect on China's export trade and the relevant mechanism. However, most are based on traditional annual data, so the findings represent the population mean, rather than the time-varying characteristics of the shock. In fact, both EPU and gross exports are time-varying concerning the difference between the short-term fluctuation and the long-term trend. For this reason, this paper uses the time-varying TVP-SV-VAR model and time-effective monthly data for the complex, volatile post-pandemic context of trade. This is intended to more precisely unveil how the shock of external EPU and internal EPU on China's export trade evolves dynamically. As a result, a scientific decision-making basis is provided for stable export trade.



MODEL SPECIFICATION AND VARIABLE SELECTION

In time series vector auto regression (VAR), the assumption of homoscedasticity leads to the result being only statistically significant and the time-varying characteristics cannot be reflected. The time-varying parameter stochastic volatility vector auto regression (TVP-SV-VAR) model cancels this assumption while assuming that the time-varying parameters are stochastically variable. If we take samples using the Markov chain Monte Carlo method (MCMC) in Bayesian inference, we can correctly identify dynamic evolution characteristics of the economic variables. In order to analyze the shock of China's export trade to EPU during the pandemic, a TVP-SV-VAR model is specified as follows:

[image: image]

Where, parameters β, A, and Σ are assumed to follow a first-order random walk and are time-varying; and yt are the K× one-dimensional vectors with four k-dimensional endogenous variables, including China's gross exports, EPU, gross outputs, and the RMB exchange rate.

EPU can be global EPU or China's EPU. Global EPU is worked out as the current GDP-weighted mean of the EPU indices of 21 countries and regions, including the U.S., Japan, and China, based on PPP adjustment, with January 1997 as the base period. According to Baker et al. (23), China's EPU, with January 1995 as the base period, is expressed in terms of standard South China Morning Post report frequency. Figure 3 provides the mind map of the research.


[image: Figure 3]
FIGURE 3. Mind map of the research.


This paper chooses 232 samples in all from the sample interval from January 2002 to April 2021 in order to better observe the pandemic's shock. Before empirical analysis, we make a seasonal adjustment using the Census X-12-ARIMA method and normalize the parameters in order to eliminate the potential effect of dimensions on model estimation. Table 1 provides the design of variables.


Table 1. Variable design and specification.

[image: Table 1]



EMPIRICAL FINDINGS ANALYSIS


Stationarity and Co-Integration Analysis

An augmented Dickey-Fuller (ADF) unit root test is conducted prior to parameter estimation. The result in Table 2 shows that except for global EPU, the horizontal series of all other variables are non-stationary. The first-order differential equations of the variables are chosen for a test and it is found that the equations are stationary.


Table 2. ADF unit root test result.

[image: Table 2]

Considering the use of differential equations of the variables may cause the loss of a large amount of data and the leak of key information, the co-integration analysis of the variables is once again conducted. Even if they are co-integrated, i.e., the horizontal series are non-stationary, the TVP-SV-VAR model still applies. The result of the Johansen co-integration test in Table 3 shows that because each variable has at least one co-integration relationship, their horizontal series can be chosen for estimation.


Table 3. Johansen co-integration test result.

[image: Table 3]



Parameter Estimation Sample Analysis

A TVP-SV-VAR model with a second-order lag is built. MCMC is used to make 10,000 samplings and the first 1,000 burn-ins are rejected so as to prevent non-stationarity of early iterations in effective sampling. As is shown by the parameter estimation result in Table 4, each parameter has a mean value located in a 95% confidence interval and the Geweke value is smaller than 1.96, indicating that the null hypothesis that the parameters converging to the a posteriori distribution cannot be rejected at a 5% significance level. As for invalid factors, except for sh2 in system 2 which is greater than 100, all others meet the requirement of the a posteriori extrapolation. Overall, MCMC simulation is valid.


Table 4. TVP-SV-VAR parameter estimates.
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Impulse Response Analysis


Gross Export's Shock on EPU

As shown in Figure 4, the following provides impulse response analyses with different periods. For the model, there are three periods set up, i.e., short-term (3-month), mid-term (6-month), and long-term (12-month), in order to observe the dynamic time-varying characteristics of the shock on China's gross exports.


[image: Figure 4]
FIGURE 4. Equal-interval impulse response of China's gross exports to EPU.


On the whole, the impulse response curve of the shock of EPU on China's gross exports is obviously trended and fluctuating, especially in terms of time-varying characteristics. Seen from the left chart, the impulse response of the shock of global EPU on China's gross exports is greater in the mid-term, and seen from the right chart, the impulse response of the shock of China's EPU on its gross exports in the short-term. The impulse response exhibits structural fluctuations with time. The range of the shock of global EPU on China's gross exports was greater. Before 2005, the shock of global EPU and China's EPU on China's gross exports was stable. In 2005-2008, the impulse response fell by a large margin. From the outbreak of the pandemic in early 2020 to the post-pandemic era, there was an upsurge in EPU after a short-term fall, because the multiple policies taken by the governments against the pandemic had a superimposed effect that contributed directly to a surge in global EPU and China's EPU and drove down China's gross exports at both the supply side and the demand side. Still, the gradual drop in the EPU index resulted in an upsurge in China's gross exports.

We will conduct time point-based impulse response analysis. The pandemic is taken as an important event. We can make a comparative analysis between the RMB exchange rate reform and the financial crisis to observe the shock on China's export trade in the post-pandemic era, as shown in Figure 5.


[image: Figure 5]
FIGURE 5. Impulse response of China's gross exports to time point-based EPU.


On the whole, the shock response curves of different events and points in time were isolated, indicating that EPU's shock on China's gross exports was remarkably different from those of other events. In the framework of the RMB exchange rate reform, the short-term positive shock of China's gross exports to global EPU was strongest, but it weakened significantly as the lag lengthened, as shown in the left chart; by contrast, the shock of China's EPU was negative all the time after four lags. In the framework of the financial crisis, the negative shock of China's EPU on gross exports to EPU lasted by as many as 12 lags (or for 1 year), indicating that the crisis had a long-term negative response on China's gross exports through the medium of EPU. However, a positive response occurred from the first lag onwards, and the positive response to EPU was reinforced as the lag increased. The phenomenon arose to a great degree from China's effective pandemic prevention measures that contributed to a rapid return to work. The recovery of the upstream supply chain effectively addressed supply inadequacy at the early stage of the pandemic. Global EUP caused the relative shift of global orders to China and ensured China's export trade resumed growth after a short-term shock.



Heterogeneity of the Impulse Response Associated With Export Trade to Trade Members

As shown in the above analysis, as opposed to the long-term nature of the shock of EPU on China's export trade in the financial crisis, the shock of China's exports to EPU is of a short-term nature. Here we take the example of the OBOR/RCEP members to investigate the heterogeneity of the shock of global EPU and China's EPU on China's export. For the purpose of comparability, the lag-based equal interval and the specified points in time are the same as the above.


OBOR Members

This paper provides an impulse response analysis of different periods. In order to investigate the time-varying characteristics of EPU's shock on China's export to OBOR members, the following observation in Figure 6 provides the trend of the impulse response curve at equal intervals.


[image: Figure 6]
FIGURE 6. Equal-interval impulse response of export to OBOR members to EPU at equal intervals.


From the perspective of the whole sample interval, global EPU and China's EPU had a significant short-term shock on the OBOR members. As the trends show, EPU at early sampling led to gross exports to OBOR changing in the same direction; however, from 2005 onwards, EPU changed in an increasingly intensified reverse direction until 2013 when it resumed stability and climbed in the direction of the zero axis before a negative-to-positive structural change. This can be attributed to the introduction of the 2013 OBOR initiative that intensified China's further communication with the members and reduced the negative shock of EPU on export to the OBOR members.

Then we will conduct an analysis to analyze EPU's shock at specific points in time. In order to capture the shock of EPU in the post-pandemic era precisely, we focus on the impulse response of export to OBOR members to the pandemic (see Figure 7).


[image: Figure 7]
FIGURE 7. Impulse response of export to OBOR members to time point-based EPU.


During the pandemic, the shocks of global EPU and China's EPU on export to the OBOR members differ. The negative impulse response of export to global EPU is greater than China's EPU (see the left chart). All negative impulse responses occurred as short-term responses and those of the contrast events were primarily mid-term or long-term in nature. It is probably because the pandemic negatively affected the global trade environment, led to damage to the global supply chain and industries, and dealt a heavy short-term blow to China's export to its OBOR members. Fortunately, the OBOR policy buffered the adverse shock arising from the pandemic, the trade facilitation-associated dividend defended against multiple external risks, and China took advantage of the regional cooperation platform to propel economic policy coordination among the OBOR members. Besides, the dawning of the post-pandemic era is expected to still the export fluctuations quickly.



RCEP Members

The following is an impulse response analysis based on different periods. A unit of positive shock was exerted on each of the three periods at each time point to observe the impulse response of China's export to the RCEP members at each time point (see Figure 8).


[image: Figure 8]
FIGURE 8. Equal-interval impulse response of China's export to RCEP members to EPU.


In the temporal dimension, the shock of global EPU on China's export to the RCEP members proves strongest in the mid-term (see the left chart) and the shock of China's EPU proves strongest in the short-term (see the right chart). The shock of EPU on China's export to the RCEP members took a remarkable turn in 2012, very likely because of a free trade agreement signed by ASEAN, China, and Japan the same year. The agreement provided external propulsion to the formation of RCEP, therefore sending a positive signal to other regional members to smooth the negative effect of EPU and increase China's gross exports to the RCEP members. However, the pandemic brought about a short-term fall in the impulse response in both systems, and the fall was especially big because of the shock of global EPU.

We will carry out an impulse response analysis at specific time points. A standard unit of positive shock was exerted on EPU in order to observe China's gross exports to the RCEP members as they changed with time in the post-pandemic era (see Figure 9).


[image: Figure 9]
FIGURE 9. Time point-based impulse response of export to RCEP members to EPU.


Unlike the contrast event where the mid- and long-term structural shock switched from positive to negative, EPU's shock on export to the RCEP members changed quickly from negative to positive in the short-term. This is in line with the expectations. Apart from effective preventive measures, China coordinated the initiation of RCEP and provided a more stable business-friendly environment. The transparent mechanism in the free trade agreement helped China circumvent EPU-associated export risks, consolidate the export supply chain, and restore its trade relations with other RCEP members step by step.




Robustness Test


Replacement of the Method of Measurement of the EPU Index

In order to eliminate the measurement deviations of the EPU index, this paper redefines two indices: the global EPU index is replaced with GDP at current prices, and China's EPU index is replaced with the quantitative index based on Chinese mainland newspapers Guangming Daily and People's Daily (24). As shown in Figure 10, there was basically no change in the fluctuation trend and shock direction of global EPU and China's EPU. In this respect, the replaced index was the same as the pre-replacement index. China's gross exports remained the most remarkable from the short-term negative shock from EPU, so the model passed the robustness test satisfactorily.


[image: Figure 10]
FIGURE 10. Impulse response of China's gross exports to the change in the EPU measurement index.





Adjustment of the Order of Variables in the Model

We can extrapolate from the TVP-SV-VAR model that the order of the endogenous variables in the model will affect the impulse response. In order to investigate the impact, gross output, the RMB exchange rate, global EPU, China's EPU, and China's gross exports were rearranged for parameter estimation. As shown in Figure 11, there was no obvious difference in impulse response from the original findings before the readjustment. It indicates that the aforesaid core conclusion is tenable.


[image: Figure 11]
FIGURE 11. Impulse response of China's gross exports to EPU after variable readjustment.






CONCLUSION AND ENLIGHTENMENT

This paper uses the continuous monthly data from January 2002 through April 2021 to build a TVP-SV-VAR model and apply it to two systems. The pandemic is taken as an important event, and the RMB exchange rate reform and the financial crisis are taken as contrast events to study the shock of China's EPU on China's gross exports (including exports to the OBOR/RCEP members) in the post-pandemic era. The empirical analysis returns three conclusions. First, on the whole, the shock of EPU on China's gross exports is time-varying, different, and is remarkably structural. Second, from the perspective of the whole sample interval, EPU has a significant short- to mid-term shock on China's gross exports and export to the OBOR/RCEP members. Third, in the post-pandemic era, the short-term shock on China's gross exports and export to OBOR/RCEP members is subject mainly to EPU, especially the negative shock of global EPU.

At the critical juncture of post-pandemic economic revival, China should take action more actively to respond to the dual-circular challenge and the increasingly complicated international economic situation. That is why it is important for China to study EPU's impact on export and find appropriate solutions. First, free trade should be promoted and international bilateral/multilateral trade dialogues should be introduced so that China can benefit from a stable and well-regulated trade environment. Second, both external and internal economic risks should be more closely monitored and controlled, and sustainable economic policies should be made for the pandemic in order to ensure the export market develops stably and in an orderly way. Third, China should continue to push ahead with the OBOR initiative, apply RCEP agreement stipulations, and employ regional advantages to eliminate EPU-associated export risks.



DATA AVAILABILITY STATEMENT

The original contributions presented in the study are included in the article/supplementary material, further inquiries can be directed to the corresponding author.



AUTHOR CONTRIBUTIONS

GH: conceptualization, methodology, formal analysis, writing—original draft preparation, project management, and funding acquisition. SL: conceptualization, methodology, writing—original draft preparation, and funding acquisition. All authors have read and agreed to the published version of the manuscript.



FUNDING

The authors acknowledge financial supports from National Social Science Fund of China (award number 21BJY084).



REFERENCES

 1. Le Q V, Zak P J. Political risk and capital flight. J Int Money and Finance. (2006) 2:308–29. doi: 10.1016/j.jimonfin.2005.11.001

 2. Gulen H, Ion M. Policy uncertainty and corporate investment. The Rev Finance Stud. (2016) 3:523–64. doi: 10.1093/rfs/hhv0

 3. Huang N, Guo P. The impact of economic policy uncertainty on macroeconomy and its regional difference—evidence from China with the panel VAR Model. Financ Econ. (2015) 6:61–70. doi: 10.3969/j.issn.1000-8306.2015.06.007

 4. Liu SL, Wang XJ, Wang H. Economic policy uncertainty to macroeconomics empirical analysis of impact. Stat Decis. (2020) 36:115–7. doi: 10.13546/j.cnki.tjyjc.2020.06.026

 5. Wang DM, LU CY. Economic policy uncertainty, financial development, and international capital flows. Econ Perspect. (2019) 12:75–93.

 6. Tan XF, Zhang K, Geng YY. The impact of global economic policy uncertainty on capital flows in emerging economies. Finance and Trade Economics. (2018) 39:35–49. doi: 10.3969/j.issn.1002-8102.2018.03.003

 7. Yang M, Gan XD. The impact of economic policy uncertainty on the effectiveness of monetary policy: from the perspective of employment. Statistics and Information Forum. (2018) 33:54–61. doi: 10.3969/j.issn.1007-3116.2018.07.007

 8. Xie TY, Zhang LY. Research on the influence of economic policy uncertainty on employment rate: empirical evidence from 21 economies. East China Economic, Management. (2020) 34:86–93. doi: 10.19629/j.cnki.34-1014/f.190517007

 9. Chen J, Wang SQ. How Does Economic Policy Uncertainty Influence Corporate Investment Behavior? Finance and Trade Economics. (2016) 5:5–21. doi: 10.19795/j.cnki.cn11-1166/f.2016.05.001

 10. Carballo J, Handley K, Limão N. Economic and policy uncertainty: export dynamics and the value of agreements. SSRN Electronic J. (2018). doi: 10.2139/ssrn.3199943

 11. He FM, OuYang ZG, Dou ZJ. Whether economic policy uncertainty inhibit china's bank credit. Contemporary Finance and Economics. (2019) 12:61–72. doi: 10.13676/j.cnki.cn36-1030/f.2019.12.007

 12. Greenland A, Ion M, Lopresti J. Exports Investment and Policy Uncertainty. Can J Econ. (2019) 52:1248–88. doi: 10.1111/caje.12400

 13. Xie SX, Feng YJ. Economic policy uncertainty and corporate export: an empirical study based on the data of China's industrial enterprises. Contemporary Finance and Economics. (2018) 9:91–101. doi: 10.13676/j.cnki.cn36-1030/f.2018.09.010

 14. Yang Y, Zhu YC, Zhang XT, Zhang B. External economic policy uncertainty and china's export. Journal of China University of Geosciences. (2020) 20:105–20. doi: 10.16493/j.cnki.42-1627/c.2020.03.009

 15. Zhang BB, Tian X. How does economic policy uncertainty of the destination country affect the quality of products exported by Chinese companies? World Economy Studies. (2018) 12:60–71+133. doi: 10.13516/j.cnki.wes.2018.12.005

 16. Zhang Y, Zhu XM. Impact of Economic Policy Uncertainty on Export Quality and Price. J Int Trade. (2018) 5:12–25. doi: 10.13510/j.cnki.jit.2018.05.002

 17. Liu ZQ, Tong JD. Domestic policy uncertainty foreign policy uncertainty and chinese export. Economic Theory and Business Management. (2018) 7:16–30. doi: 10.3969/j.issn.1000-596X.2018.07.002

 18. Tam PS. Global trade flows economic policy uncertainty. Applied Economics. (2018) 50:3718–34. doi: 10.1080/00036846.2018.1436151

 19. Qu LN, Liu JT. The effects of economic policy uncertainty on the three margins of China's exports: evidence from high-tech products. International Economics and Trade Research. (2020) 36:35–50. doi: 10.13687/j.cnki.gjjmts.2020.05.003

 20. Jin XJ, Zhong Y, Wang YZ. Macroeconomic consequences of policy uncertainty. Economic Theory and Business Management. (2014) 2:17–26. doi: 10.3969/j.issn.1000-596X.2014.02.002

 21. Taglioni D, Zavacka V. Innocent bystanders : how foreign uncertainty shocks harm exporters. Social Science Electronic Publishing. (2013) 6. doi: 10.1596/1813-9450-6226

 22. Novy D, Taylor AM. Trade and uncertainty. NBER Working Paper Series. (2014). doi: 10.1162/REST_A_00885

 23. Baker SR, Bloom N, Davis SJM. Uncertainty quarterly. J Econ. (2016) 131:1593–636. doi: 10.1093/qje/qjw024

 24. Davis SJ, Liu D, Sheng XS. Economic policy uncertainty in China since 1949: the view from mainland newspapers. Work. (2019) 1–35.

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Publisher's Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2021 Hu and Liu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.












	
	BRIEF RESEARCH REPORT
published: 04 January 2022
doi: 10.3389/fpubh.2021.816561






[image: image2]

What Determine the Corporate Tax Rates During the COVID-19? Evidence From 113 Countries

Ronghua Li1,2, Zhenhui Li3* and Lin Guo4


1School of Business, Henan Normal University, Xinxiang, China

2Soft Science Research Base for Industrial Transformation and Upgrading, Henan Normal University, Xinxiang, China

3School of Economics and Management, Communication University of China, Beijing, China

4School of Economics, Tianjin University of Commerce, Tianjin, China

Edited by:
Giray Gozgor, Istanbul Medeniyet University, Turkey

Reviewed by:
Yuhua Song, Zhejiang University, China
 Jianzhong Yu, University of International Business and Economics, China

*Correspondence: Zhenhui Li, zhenhuili2021@yahoo.com

Specialty section: This article was submitted to Health Economics, a section of the journal Frontiers in Public Health

Received: 16 November 2021
 Accepted: 08 December 2021
 Published: 04 January 2022

Citation: Li R, Li Z and Guo L (2022) What Determine the Corporate Tax Rates During the COVID-19? Evidence From 113 Countries. Front. Public Health 9:816561. doi: 10.3389/fpubh.2021.816561



Fiscal policy implications become an important tool to soften the negative consequences of the COVID-19 pandemic. Given this backdrop, this paper analyses the drivers of corporate tax rates during the COVID-19 pandemic (i.e., in 2020 and 2021). The results from 113 advanced and developing economies show that a higher level of the COVID-19-related uncertainty is positively associated with the corporate tax rates. Similarly, the country size (measured by total population) increases the corporate tax rates. Per capita income is negatively related to the corporate tax rates, but this evidence is insufficient to consider different estimation techniques. The paper also discusses potential fiscal policy implications for the driving mechanism of corporate tax rates for the post-COVID-19 era.
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INTRODUCTION

The COVID-19 pandemic has significantly affected economic indicators and societies (1). The pandemic has also created various problems in the business environment. Therefore, policymakers have put forward various measures to slow down the spread of the virus, and they have closed down public areas, restaurants, and schools (2). Most countries have implemented lockdown policies to change the spread of the COVID-19.

Notably, lockdown and other closure policies have increased the level of economic uncertainty related to the pandemic. According to Altig et al. (3), Baker et al. (4, 5), the COVID-19 related uncertainty has provided major economies. Besides, the COVID-19 related uncertainty has created both demand and supply shocks (6, 7). Policymakers have implemented fiscal policy (8, 9), income policy (10), monetary policy (11), and tax policy (12) implications. These implications are also supported by stimulus packages to promote business investments and household consumption (13, 14). These stimulus packages have created cash crunch and fiscal deficit problems in some countries (15). Therefore, countries have implemented different taxes, government debts, and other fiscal operations. The fiscal deficits have also raised the interest on corporate tax rates, providing minimum corporate tax rates globally (16).

Given this backdrop, this paper aims to examine the drivers of corporate tax rates during the COVID-19 pandemic era of 2020 and 2021. Several papers show that uncertainties significantly affect the corporate tax rates [see, e.g., (17, 18)]. Previous papers also analyse the determinants of the tax policies during the COVID-19 era. For instance, Bredemeier et al. (19) illustrate that reducing labor taxes can be an effective policy tool to promote employment in the United States during the COVID-19 era. Clemens and Veuger (20) observe that the COVID-19 pandemic has caused a significant reduction in income tax collections in the United States.

At this stage, we analyse the drivers of corporate tax rates during the COVID-19 pandemic. Previous papers have generally focused on specific tax measures in developed economies, such as the United States. For this purpose, we use the sample of 113 developed and developing economies in 2020 and 2021. To the best of our knowledge, this is the first paper in the empirical literature to examine the determinants of corporate tax rates across the countries during the COVID-19 era. We find that a higher level of the COVID-19-related uncertainty is positively associated with the corporate tax rates. Similarly, the country size (measured by total population) increases the corporate tax rates. Per capita income is negatively related to the corporate tax rates, but the evidence is insufficient to consider different estimation techniques.

The remaining parts of the study are structured as follows. Section Empirical Model, Econometric Procedures, and Data provides the details of the empirical model, the econometric procedures, and the data. Section Empirical Findings reports the empirical findings, and section Conclusion concludes.



EMPIRICAL MODEL, ECONOMETRIC PROCEDURES, AND DATA

This paper estimates the following model in 113 advanced- and developing economies1 in 2020 and 2021:

[image: image]

In Equation (1), CTRi, t is the corporate tax rates in 2020 and 2021, Xi is the vector for independent variables, such as the per capita income, total population, and the World Pandemic Uncertainty Index, i captures the country, and μi represents a random error term.

We consider two econometric methods of cross-sectional data to estimate the Equation (1) for 113 countries. Country selection is based on data availability. The first is the Ordinary Least Squares (OLS) method, and the second is the Kernel-Based Regularized Least Squares (KRLS) method introduced by Hainmueller and Hazlett (21, 22).

The dependent variable is the corporate tax rates, which are the rate in 2020 and 2021, and the related data are accessed from the source of KPMG (23). We also include three independent variables at the cross-country level. Specifically, we include the per capita GDP (based on the constant $ prices) and total population in millions. These data are downloaded from the World Development Indicators dataset of the World Bank (24). In addition, we include the World Pandemic Uncertainty Index (WPUI). The WPUI measure was introduced by Ahir et al. (25), and we downloaded the data from their website (https://worlduncertaintyindex.com/data/). The WPUI measure counts the number of articles in Economist Intelligence Unit (EIU) country reports related to uncertainty due to global pandemic (the COVID-19 in our case) in different countries. Note that a higher WPUI reflects a higher uncertainty related to the global pandemic. We consider the WPUI measure in the natural logarithmic form. Note that the WPUI in 2021 is the average of the values in 2021Q1 and 2021Q2.

On the other hand, we summarize descriptive statistics (i.e., mean, standard deviation, minimum, and maximum values) in Table 1 for five indicators in the sample for 113 countries.


Table 1. Descriptive statistics.

[image: Table 1]

We also report the pairwise correlations in Table 2.


Table 2. Correlation matrix.

[image: Table 2]

Table 2 indicates the positive correlation between corporate tax rates in 2020 and 2021, the total population, and the WPUI. There is a negative correlation between corporate tax rates and per capita GDP. The WPUI is negatively correlated with the per capita GDP, but the WPUI and total population are positive. The correlation is negative between per capita GDP and population.



EMPIRICAL FINDINGS

Table 3 reports the findings of the cross-sectional OLS estimations for the corporate tax rates during the COVID-19 pandemic in 113 countries.


Table 3. OLS Results: Corporate Tax Rates during the COVID-19 pandemic.
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The columns from (1) to (3) report the results in 2020, and the columns from (4) and (6) provide the findings in 2021. Columns (1) and (4) merely include the log per capita income (LnGDPC). Columns (2) and (5) both include the log per capita income (LnGDPC) and the log total population (LnPOP). Columns (3) and (6) include the log per capita income (LnGDPC), the log total population (LnPOP), and the log World Pandemic Uncertainty Index (LnWPUI).

The findings show that LnGDPC is negatively related to the corporate tax rates and all coefficients are statistically significant at the 10% level at least. The coefficients change between −1.02 and −1.78 and meaning that a 1% increase in the per capita GDP leads to more than a 1%-point decrease in the corporate tax rates. In addition, LnPOP increases the corporate tax rates, and all coefficients are statistically significant at the 1% level. The coefficients change between 1.41 and 1.63, implying that a 1% rise in the total population yields more than a 1%-point increase in the corporate tax rates. Finally, LnWPUI is positively associated with the corporate tax rates, and all coefficients are statistically significant at the 10% level at least. The coefficients change between 5.04 and 7.42, meaning that a 1% increase in the World Pandemic Uncertainty Index leads to a more than 1%-point increase in corporate tax rates.

Furthermore, Table 4 provides the results of the cross-sectional KRLS estimations for the corporate tax rates during the COVID-19 pandemic in 113 countries.


Table 4. KRLS results: corporate tax rates during the COVID-19 pandemic.

[image: Table 4]

The columns from (1) to (3) provide the findings in 2020, and the columns from (4) and (6) report the results in 2021. Columns (1) and (4) only consider the log per capita income (LnGDPC). Columns (2) and (5) both include the log per capita income (LnGDPC) and the log total population (LnPOP). Columns (3) and (6) include the log per capita income (LnGDPC), the log total population (LnPOP), and the log World Pandemic Uncertainty Index (LnWPUI).

The results indicate that LnGDPC is negatively associated with corporate tax rates, but some coefficients are statistically insignificant. The coefficients change between −0.04 and −0.56 and meaning that a 1% increase in the per capita GDP leads to a less than a 1%-point reduction in the corporate tax rates. In addition, LnPOP increases the corporate tax rates, and all coefficients are statistically significant at the 1% level. The coefficients change between 0.87 and 0.99, implying that a 1% rise in the total population yields less than a 1%-point increase in the corporate tax rates. Finally, LnWPUI increases the corporate tax rates, and all coefficients are statistically significant at the 10% level at least. The coefficients change between 3.75 and 6.25, meaning that a 1% increase in the World Pandemic Uncertainty Index causes more than a 1%-point increase in corporate tax rates.

Overall, we observe that a higher log WPUI is positively related to the corporate tax rates. Similarly, the log total population increases the corporate tax rates. The per capita GDP is negatively associated with the corporate tax rates, but this result is not robust to utilize different estimation techniques, such as the OLS and the KRLS.



CONCLUSION

In this paper, we analyzed the determinants of the corporate tax rates during the COVID-19 pandemic. For this purpose, we focused on the data for 2020 and 2021 in 113 developed and developing economies. We found that a higher level of the COVID-19-related uncertainty, which the World Pandemic Uncertainty Index measures, is positively related to the corporate tax rates. Similarly, the country size, measured by the log of the total population in millions, increases corporate tax rates. However, the per capita GDP is negatively associated with the corporate tax rates, but this result is not robust to utilize different estimation techniques. Therefore, we concluded that the COVID-19-related uncertainty and the country size were the main driving mechanisms of corporate tax rates during the COVID-19 era. It seems that COVID-19-related uncertainty shocks have increased the fiscal costs, and governments have increased the corporate tax rates to finance the fiscal cost due to the pandemic. In addition, the spread ratio of the COVID-19 is generally higher in large countries than in small countries; therefore, the pandemic's economic costs should be higher. Therefore, the country size can be positively related to the corporate tax rate increases, and the evidence aligns with theoretical backgrounds. In addition, we observe that the change in corporate tax rates is not significantly associated with the per capita GDP.

At this stage, it is important to note that our results are limited by considering the corporate tax rates. Therefore, future papers should focus on the changes in other tax measures, such as the indirect tax rates and the individual income tax rates in developed and developing economies. Given that per capita income is not the main driver of corporate tax rate change, future papers can analyse determinants of tax rates changes in natural resource-abundant and natural resources scarce countries that may be a driver of the change in tax rates during the COVID-19 era.
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This study aimed to assess the cost-effectiveness of various public health measures in dealing with coronavirus disease 2019 (COVID-19) in China. A stochastic agent-based model was used to simulate the progress of the COVID-19 outbreak in scenario I (imported one case) and scenario II (imported four cases) with a series of public health measures. The main outcomes included the avoided infections and incremental cost-effectiveness ratios (ICERs). Sensitivity analyses were performed to assess uncertainty. The results indicated that isolation-and-quarantine averted the COVID-19 outbreak at the lowest ICERs. The joint strategy of personal protection and isolation-and-quarantine averted one more case than only isolation-and-quarantine with additional costs. The effectiveness of isolation-and-quarantine decreased with lowering quarantine probability and increasing delay time. The strategy that included community containment would be cost-effective when the number of imported cases was >65, or the delay time of the quarantine was more than 5 days, or the quarantine probability was below 25%, based on current assumptions. In conclusion, isolation-and-quarantine was the most cost-effective intervention. However, personal protection combined with isolation-and-quarantine was the optimal strategy for averting more cases. The community containment could be more cost-effective as the efficiency of isolation-and-quarantine drops and the imported cases increases.
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INTRODUCTION

The global number of reported cases of coronavirus disease 2019 (COVID-19) has surpassed 256 million in more than 200 countries as of November 23, 2021 (1). The 21st century has witnessed several large-scale outbreaks of infectious diseases caused by coronaviruses. However, the number of COVID-19 cases is significantly higher than cases of severe acute respiratory syndrome (SARS) and Middle East respiratory syndrome (MERS). Statistics show that SARS caused more than 8,000 morbidities and MERS more than 2,200 morbidities in over 25 countries (2).

To prevent person-to-person transmission of COVID-19, several measurements have been implemented globally, including non-pharmaceutical interventions (NPIs) and pharmaceutical interventions (PIs). However, given humans' limited immunity, NPIs are necessary in the fight against COVID-19. The isolation of infected cases and quarantine of humans exposed to these cases were the most common public health measures. From an individual perspective, susceptible humans needed to wear masks and maintain good hygiene practices; from a national perspective, authorities introduced restrictions on public gatherings, movement, and public transportation.

The decline in the number of COVID-19-infected cases in many countries has demonstrated that NPIs are successful in preventing COVID-19 transmission. However, these measurements also bear a heavy economic burden. A previous study estimated that the cost of suppression policies might have been between US$ 632 billion and US$ 765 billion during the first wave of COVID-19 in the United States (3). The cumulative loss in the global gross domestic product (GDP) in 2020 and 2021 is estimated at ~US$ 9 trillion (4). Generally, strategies need to be developed based on epidemiological characteristics, intervention feasibility, and economic cost. However, economic evaluations of NPIs are rarely being performed. A study in South Africa has suggested that a combination of interventions could be cost-effective (US$ 340 per lifetime years of lives saved). However, it is difficult to generalize the findings because of the different resources, threats, and living environments (5).

The suppression and mitigation were main non-pharmaceutical measures (6). This study aimed to assess the cost-effectiveness of different public health measures and provide suggestions and assist authorities and policymakers in making better decisions and resource allocations in the fight against the COVID-19 outbreak in China.



METHODS


Model

A stochastic agent-based model (ABM) was used to simulate the COVID-19 outbreak with different interventions. NetLogo software (Wilensky, Northwestern University) was used to build the model and run the simulation. We constructed the domain with the total number of agents, following a susceptible-latent-infectious-recovered (SLIR) framework. In the domain, each agent was initially susceptible, and then COVID-19 cases were introduced into the agents. The infectious agent can infect susceptible agents with an infectious ability following the distance transmission probability function of β (r) (7). The simulation stopped when there was no exposed or infected agent in the space. We assumed that the recovered agents would not become susceptible again. One or four COVID-19 cases were introduced randomly to the simulated space with 2,000 individuals in two scenarios to represent sporadic (one imported case) and cluster (four imported cases) outbreaks.



Comparator Strategies

In this study, we included measures for personal protection, isolation-and-quarantine, and community containment. These single measures were combined to develop various joint intervention strategies. Two joint interventions were formulated: (1) program A: personal protection and isolation-and-quarantine; (2) program B: personal protection and community containment. We compared different single and joint strategies vs. no interventions.

Systematic reviews have proved that it is useful to reduce the transmission of respiratory viruses through personal physical interventions (8–10). In our study, we defined personal protection as mask-wearing and frequent handwashing. Isolation was defined as the isolation of symptomatic and infected individuals and quarantine as the tracing and quarantine of close contacts of symptomatic and infected individuals for a certain period (11, 12). These practical tools have been used for hundreds of years in the fight against infectious diseases (13). In previous outbreaks, such as SARS in 2003 and Ebola in 2014, controlling the spread of infectious diseases has been proven effective by using isolation-and-quarantine (14–17).

Community containment is a form of social distancing, which was designed to reduce personal interaction and thereby transmission risk (18). In this study, the enforcement of community containment was a restriction on the movement of people within a community, thereby minimizing human contact (19).



Epidemiological Parameter

The incubation period and serial interval came from the estimation of the Chinese Center for Disease Control and Prevention (China CDC) and Guangdong Provincial CDC in the fieldwork (20, 21) and were considered fitting for the gamma distribution in the model (3). The parameter of distance transmission probability has been reported in a previous study (7). The protective effectiveness of personal physical interventions was derived from cluster randomized controlled trials (22). In our study, we converted the odds ratio (OR) of handwashing and mask-wearing into the relative risk (RR) and calculated the (1–RR)/RR as personal protection effectiveness (23).

In the model, we set the probability and delay time for isolation-and-quarantine. The isolation delay time referred to the time dealing with patients lagged behind the infection onset; the quarantine delay time referred to the time of handling close contacts lagged behind the time of exposure. Initially, we assumed that the index case (initial imported case) would be 100% isolated with no time delay (infecting others and isolation were conducted within the same day, and infecting others preceded isolation). The quarantine probability was 100%, and the delay time was 2 days. In the sensitivity analysis, the probability of quarantine of close contacts was set between 25 and 100%, and the delay time was set between 0 and 21 days (3 weeks).



Cost

The economic data were derived from fieldwork and previous literature (Table 1). The cost of personal protection included masks and handwashing (water and soap). The price of the mask was set at US$ 0.14, and we assumed that two masks were used per person per day (24). Given that soap would be used for handwashing, the cost of handwashing per person per day was calculated as the formula provided in the previous study (29):

[image: image]


Table 1. Parameters in the ABM model.
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where Costpp is the cost of handwashing, f is the times of handwashing per day, which we set to 6, v is the volume of handwashing per time, which we set to 1,000 cc/ml, Cwater is the water cost per liter and was US$ 0.00041, Csoap is the cost of soap and was US$ 2.85, and t is the number of days soap was available, which was set to 60. We assumed that the day of personal protection was equal to the time from the day of the first case to the day the last case in the area recovered plus 14 days.

The cost of the cases included direct medical costs and indirect costs. Based on previous studies, the average medical cost of each COVID-19 patient was estimated to be US$ 6,500 (25, 26). Referring to the human capital approach in disease burden (30), we estimated the indirect cost of infected patients using per capita disposable income (PCDI)/365.25* (hospitalization days and added rest days). The average hospital stay ranged from 14 to 27 days (25, 26), and we set 17 days as the baseline value. The average rest time was estimated as 7 days. We assumed that the cost of isolation would be included in hospitalization costs. The cost of quarantine of close contacts included both direct and indirect costs. The cost of quarantine (daily accommodation and surveillance) per day was US$ 50 for each close contact. Similar to the human capital approach in disease burden (30), the indirect cost of quarantine of close contacts was calculated as PCDI/365.25* days of quarantine. For COVID-19, the quarantine time for close contacts was ~14 days in China.

There is considerably limited research on providing an estimation method for the cost of community containment. Referring to the human capital, we posed the following formulas to roughly estimate the cost of community containment during the current COVID-19 outbreak in China.
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where the Costcc is the cost of community containment, t is the days of containment, n is the total number of individuals in the space, PCDI is the per capita disposable income, and w is the weight of calculation, which we set to 0.8. We assumed that the day of containment was equal to the period from the day the first case occurred to the last case recovered in the region plus 14 days. We used the PCDI in 2018 from the National Bureau of Statistical (27). In our study, all costs (RMB) were converted into US$ based on the 2018 currency conversion rate, namely 1 US$ is the 6.879 RMB (http://www.safe.gov.cn/safe/2018/0928/10272.html).



Measurement of Cost-Effectiveness

The main health benefits of our study were avoidance of infection by taking preventative measures vs. no intervention. The incremental cost-effectiveness ratios (ICERs)—the main cost-effectiveness outcome—were calculated as the difference in the total costs between the intervention and non-intervention cohorts divided by the difference in total avoided infections. Positive ICERs showed the incremental costs required to avoid an infected person. We used “cost-saving” to replace with reporting negative ICERs values to avoid wrong interpretations of negative ICERs. The strategy was considered cost-effective if the ICERs were lower than three times per capita GDP. In 2018, China's per capita GDP was US$ 9,595 (28). We did not discount the cost because of the short period of the analysis. We performed 1,000 Monte Carlo simulations and reported the mean and SD of the results of the runs. Reporting on the methods and results conformed to the Consolidated Health Economic Evaluation Reporting Standards (Supplementary Table A.1) (31).

One- and two-way sensitivity analyses were performed to explore the impact of the parameters in the range to test the robustness of the findings, including the epidemiological characteristics, intervention implementation, and economic parameters.




RESULTS


Effectiveness of Measures in Scenario I (One Case)

With the introduction of one case, each strategy would avoid the number of cases and be cost-effective compared with no intervention (Table 2). Isolation-and-quarantine was the most cost-effective intervention, as it prevented 1,696 cases and saved US$ 11,515,944. The most effective single protective strategy was community containment, which avoided one more case than isolation-and-quarantine at an additional US$ 549,186. In other words, program A could avert one more case compared to single isolation-and-quarantine.


Table 2. The cost-effectiveness of intervention measures in different scenario (US$1,000)*.
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Effectiveness of Measures in Scenario II (Four Cases)

In scenario II (Table 2), personal protection was not cost-effective when compared with no intervention (ICERs > three times per capita GDP). Isolation-and-quarantine was still the most cost-effective strategy, preventing 1,990 cases and saving US$ 13,372,397. Compared with isolation-and-quarantine, community containment could avoid one more case with an additional US$ 600,044. Similarly, program A vs. single isolation-and-quarantine could avert one more case.



One-Way Sensitivity Analysis


Transmission Constant

The number of cases depended on the transmission constant in scenario I (Supplementary Table A.2); it remained stable after changing the transmission constant in scenario II (Supplementary Table A.3). The cases increased as the transmission constant increased in scenario I. The basic reproduction number (R0) was 1.84 (95%CI: 1.81, 1.87) and 3.80 (95%CI: 3.53, 4.06), respectively, when the transmission constant was one in scenarios I and II (Supplementary Table A.4). When the transmission constant was changed from 0.25 to 2, isolation-and-quarantine was the most cost-effective single intervention, and program A was the most cost-effective joint intervention.



Initial Introduced Cases

The number of imported cases was a key parameter influencing the effectiveness and cost-effectiveness of the analysis. There were no significant differences in effectiveness between programs A and B when the number of imported cases was set to 10 or 20 (Figure 1A and Supplementary Table A.5). When the number of imported cases was >50, program B (including community containment) could effectively decrease the cases compared to program A (including isolation-and-quarantine), but the former was not cost-effective. The threshold analysis showed that program B became cost-effective (ICERs < three times per capita GDP) compared to program A when initial cases increased to 65 imported cases (Supplementary Table A.6).
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FIGURE 1. The impact of different parameters on interventions effectiveness. (A) The comparisons of infections in programs A and B in different introduced cases. (B) The impact of isolation delay day in program A in different scenarios. (C) The impact of quarantine probability in program A in different scenarios. (D) The impact of quarantine delay day in program A in different scenarios. Program A: personal protection and isolation-and-quarantine; Program B: personal protection and community containment. ICERs: incremental cost-effectiveness ratios (US$1,000 per case avoided). #The interval extends out of the plotting region.




Isolation Delay Time

The isolation delay time did not contribute to the spread of infections in scenario I (Figure 1B); however, the increase in isolation delay time caused a significant increase in the number of infections in scenario II. When the isolation delay of the four index cases reached 4 days, more than 15 people were infected, which was three times higher than without isolation delay. When the isolation delay of the initial index cases reached 7 days in the scenario II, the program B was more cost-effective than program A; when the isolation delay reached 10 days in the scenario I, program B dominated program A (Supplementary Table A.7).



Quarantine Probability

The effectiveness of isolation-and-quarantine was sensitive to low quarantine probability. When the tracing probability of close contact was reduced to 25%, the number of infected people increased significantly, especially in scenario II (Figure 1C). In scenarios I and II, the effectiveness of outbreak control measures in programs A and B was similar when the probability of tracing was above 50% (Supplementary Tables A.8, A.9). In scenario I, program B was not cost-effective compared to program A. The ICERs of program B were close to three times per capita GDP when the quarantine probability was 25% in scenario II. The threshold analysis showed that program B became cost-effective (ICERs < three times per capita GDP) compared to program A when the quarantine probability was below 28% (Supplementary Table A.10).



Quarantine Delay Time

Varying the quarantine delay time from 0 to 4 days had little influence on averting infected cases (Figure 1D). When the tracing delay time of close contacts was extended to 6 days, the number of infected people increased significantly (Supplementary Tables A.11, A.12). In scenario II, when the quarantine delay time reached 6 days, more than 500 people were likely to be infected, accounting for a quarter of the space's population. Program B was more cost-effective than program A when the delay time was more than 5 days in scenario I and 4 days in scenario II (ICERs < three times per capita GDP).



Cost of Patients

Varying the cost of patients from US$ 2,900 to US$ 10,000, the ICERs of interventions compared to the non-intervention decreased (Supplementary Tables A.13, A.14). The most cost-effective strategy was isolation-and-quarantine in scenarios I and II.




Two-Way Sensitivity Analysis


Transmission Constant and Quarantine Probability

In scenario I, the effectiveness of outbreak control was not sensitive to the transmission constant or quarantine probability (Supplementary Table A.15). When the transmission constant was set to two, the outbreak could be controlled by a 25% probability quarantine. However, as the transmission constant increased in scenario II, the control of the outbreak required a higher quarantine probability. When the quarantine probability was 25%, and the transmission constant was two, it was likely that about a quarter of the people would be infected in scenario II (Supplementary Table A.16). Program A was superior to program B in scenarios I and II. When the transmission constant was above one, and the quarantine probability was below 25%, program B was cost-effective (ICERs < three times per capita GDP).



Isolation Delay Time and Quarantine Probability

In scenario I, the quarantine probability and isolation delay time in the range of our analysis did not have a significant effect on the cost-effectiveness results. However, when the quarantine probability was 25% and the isolation delay time reached 3 or 4 days, the variability in the effect of infection control increased (Figure 2A and Supplementary Table A.17). In scenario II, the cases increased significantly with a decrease in quarantine probability and an increase in isolation delay time (Figure 2B and Supplementary Table A.18). In scenario II, when the quarantine probability decreased to 25%, program B was more cost-effective than program A (ICERs < three times per capita GDP). When the probability reached 50%, program B was cost-effective at an isolation delay time of more than 2 days.
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FIGURE 2. Impact of isolation-and-quarantine parameters on interventions effectiveness. (A) The impact of isolation delay time and quarantine probability in scenario I; (B) the impact of isolation delay time and quarantine probability in scenario II; (C) the impact of quarantine delay time and quarantine probability in scenario I; (D) the impact of quarantine delay time and quarantine probability in scenario II. Program A: personal protection and isolation-and-quarantine.




Quarantine Delay Time and Quarantine Probability

The low quarantine probability and long quarantine delay time contributed to the outbreak of COVID-19, especially in scenario II (Figures 2C,D). At 25% probability and a 5-day delay time, there were more than 800 people infected in scenario II. The cases increased significantly as the quarantine probability decreased and the isolation delay time increased. In scenario I, program B was more cost-effective than program A when the probability reached 25% and the delay time was more than 2 days, or when the probability reached 50% and delay time was more than 4 days (Supplementary Table A.19). In scenario II, program B was cost-effective when the probability reached 25% or when the probability reached 50% and delay time was more than 3 days (Supplementary Table A.20).



Cost Parameter and Quarantine Probability

With an increase in the cost of quarantine per close contact per day, the ICERs of program B compared to those of program A decreased. In scenario I, program A was superior to program B (Supplementary Table A.21). In scenario II, program B was more cost-effective at 25% quarantine probability. Compared with program A, the ICERs of program B increased with an increase in the cost of community containment (Supplementary Table A.22). However, the optimal strategy was not affected by the cost of community containment.



Cost Parameter and Quarantine Delay Time

Similarly, the cost of quarantine and that of community containment were considered in the analyses (Supplementary Tables A.23, A.24). A change in the cost parameter did not affect the choice of the optimal strategy.





DISCUSSION

Our study provided an assessment of different measures to control the community transmission of COVID-19. In sporadic (one imported case) and cluster (four imported cases) outbreaks, the isolation of infectious cases and quarantine of individuals exposed to the infected were the most cost-effective measures. In the virtual environment, isolation-and-quarantine could significantly reduce the number of infections and avoid the disease outbreak at a lower cost. From the perspective of effectiveness and cost-effectiveness of controlling the spread of COVID-19, the joint strategy of personal protection and isolation-and-quarantine was the optimal choice, averting more cases than only isolation-and-quarantine.

In sporadic outbreaks, the effectiveness of isolation-and-quarantine was most sensitive to the quarantine delay time. A one-way analysis revealed a marked increase in the number of infections when the quarantine delay time reached 6 days. There was no significant difference in numbers in the sporadic area when the quarantine probability changed from 25 to 100%. However, the two-way analysis suggested that at 25% probability, more infections were likely to occur when the quarantine delay time was >2 days. In the cluster area, these parameters played an important role in the effectiveness of the interventions. The probability of contact tracing decreased, and the delay time of isolation-and-quarantine increased, leading to fewer cases averted by the intervention. The long delay time and low quarantine probability could accelerate the outbreak of COVID-19.

The effectiveness and cost-effectiveness of the interventions were sensitive to initial imported cases. The increase in imported cases could lead to an increase in the risk of COVID-19 infection, even when conducting strict interventions. We found that the cases avoided by isolation-and-quarantine and community containment were not significant when the imported cases were below 20. When the number of imported cases reached 50, community containment could avoid more cases significantly. A strategy that included community containment was cost-effective when imported cases reached 65, resulting in 3.25% of the community population (2,000 people) infected. This study found that the initial number of cases had an effect on the effectiveness of interventions (32).

The choice of optimal strategy depended on the setting of the intervention parameters. We compared the strategy of personal protection and isolation-and-quarantine (program A) with that of personal protection and community containment (program B). Generally, program A was more cost-effective than program B. However, program B was cost-effective at 25% probability and more than 2 quarantine delay days or 50% probability and >5 quarantine delay days in a sporadic outbreak area. Program B was better than program A at 25% quarantine probability or a quarantine delay time of more than 3 days in a cluster outbreak.

The effectiveness of isolation and contact tracing was associated with the extent of transmission before symptom onset (33). The proportion of asymptomatic infections contributes to the outbreak of COVID-19 (32), which is consistent with our findings. In our study, community containment would be more efficient and cost-effective when the quarantine delay time is greater than the latent period. We found that the increase in quarantine time delay was similar to the presence of asymptomatic infection. For asymptomatic infection or latent infection, failure to detect in time leads to the absence of isolation and continuation of transmission. We found that this phenomenon was similar to the low probability of quarantine or quarantine delay time, which caused the infection to continue to spread. The proportion of asymptomatic infections had a significant effect on the choice of controlling strategy.

There are some limitations to this study. First, the cost of societal interventions is difficult to estimate. In our study, a human capital approach was used, which might estimate the cost more conservatively. The cost of the disease could also be higher than the actual situation in China. Second, the generalizability of the model might be limited due to small simulated population. Third, more strategies need to be taken into consideration in the future, including “hybrid” type including different measures. For example, isolation-and-quarantine was used firstly and community containment would be taken when infected cases reached a threshold. Finally, the simplification of the model will have some biases compared with the real situation because the flow of people will be affected by many factors.



CONCLUSIONS

Isolation-and-quarantine was the most cost-effective intervention in sporadic and cluster outbreaks of COVID-19. Personal protection, isolation, and quarantine were the optimal joint strategies to prevent more cases than single isolation-and-quarantine strategies. Rapid and effective isolation-and-quarantine can control the outbreak of COVID-19. The community containment could be more cost-effective as the efficiency of isolation-and-quarantine decreases and the outbreak increases in size.
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Building a market-oriented green technology innovation system is important for China's green development. In this system, the government, enterprises, and consumers promote green innovation. Given this backdrop, this study constructs an evolutionary game model that combines the government, enterprises and consumers to analyse their evolution trend of strategy by simulating theoretical analyses. It is found that government subsidies for enterprises and consumers, benefits of enterprises speculation, and green consumption costs affect the enterprise decisions of green innovation. These factors significantly affect the enterprises' decision-making of green technology innovation. It is also observed that the market mechanism motivates enterprises' green technology innovation under pandemics. It is suggested that adopting more green consumption subsidy policies, improving the supervision mechanism and formulating more incentive policies from other aspects will be useful policy implications.
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INTRODUCTION

Green technology innovation also plays an important role in developing ecological civilisation construction. The report of the 19th Chinese Communist Party (CCP) National Congress indicates that to fulfil the green development concept of “two mountains,” persist in the basic state policy of saving resources and protecting the environment, develop a green way of development and a green way of life, cultivate the green product consumption concept. Meanwhile, the report also proposed to build a market-oriented system of green technology innovation. Market orientation of green technology innovation system refers to the specific network composed of relevant factors in green technology, based on the main market part, market rules, market system, market mechanism, to promote green technology research and development, diffusion and applications.

Expanding the scale of green product consumption and enhancing green product consumption is an effective way to improve ecological civilisation and green development. There is a constructional imbalance between lack of high-end product demand and excess supply of low-end in the green product market. On the supply side, the enterprises have less motivation to research and production green products, innovation ability and the core competitiveness is not strong, which leads to insufficient products supply; On the demand side, the price of a green product is too high to afford, the market demand remains to be further explored. Therefore, market orientation needs to solve the imbalance between green product supply and demand. Especially, enterprise's green technology innovation should be paid more attention. In this paper, a three-party evolutionary game model of government, enterprises and consumers is established to deeply analyse enterprises' green technology innovation behaviour under the guidance of the market.

Because of environmental pollution and ecological destruction, sustainable development has become the primary goal and strategy of social development. Under this background, firms began to change the traditional mode of production at the expense of the consumption of resources into making a green technology innovation strategy, guided by the scientific concept of development, to develop green products and a green market (1).

The issues of green technology innovation also gradually aroused the attention of many scholars. The research on this problem mainly focuses on the following aspects. Firstly, about the concept of green technology innovation. Scholars have defined green innovation from different perspectives, like product life cycle, environmental value, ecological benefit, and sustainable development (2). Different scholars' definitions of green innovation suggested that the concept of green innovation mainly covers six aspects, including innovation objects, market orientation, environmental aspects, phase, impulse, motivation, and level (3).

Secondly, scholars' studies mainly focus on green innovation's driving forces and influencing factors. In particular, the research of government policies on enterprises' green technology innovation has gained more attention. Because the enterprise green innovation behaviour has strong externality characteristics, the government's environmental policy for promoting green innovation is necessary. The government environmental policy can be mainly divided into two types: “market-oriented incentives policy” and “commanding regulation policy” (4). Through the comparative empirical analysis of two kinds of policy effects of green technology innovation, Jaffe et al. (5) proved that the incentive effect of market-oriented incentives environmental policy is more significant than that of commanding regulatory policies. However, He (6) observed that combining the Research and Development (R&D) subsidy policy and environmental regulation policy affects green technology R&D. The diffusion of enterprises in parallel by constructing a green technology innovation inducement mechanism model with the dual interaction between R&D subsidies and environmental regulatory policies.

Meanwhile, Li et al. (7) revealed the interactive process between the government and enterprises in green innovation activities by establishing an evolutionary game model between the government and enterprises under the joint mechanism of rewards, punishments and compensations. They analysed the evolutionary impact of innovation subsidy and failure compensation rates on the green innovation system. Shao et al. (8) studied the government subsidy policy in the new-energy automobile industry, divided the subsidy into two stages: R&D subsidy and production subsidy, and concluded that the utility of R&D subsidy was better than that of production subsidy.

Thirdly, because of increasing green demand, scholars' research perspective has gradually turned into the issues of enterprises' green innovation based on market-oriented. It elaborates on the scientific connotation and significance of building a market-orientated green technology innovation system and analyses the current problems in the green technology innovation system in china. Some suggestions were put forward to constructing a market-oriented green technology innovation system (9). De Medeiros et al. (10) provided the driving factors for the success of green innovation in the market, like consumer expectation and consumer behaviour variables were both key indicators of the internal relationship between innovation performance and green consumption preference. The authors proposed that the mechanism of price and competition, the allocation of innovation factors could be further optimised to promote green technology innovation of enterprises and described the influence path of market mechanism on enterprises' green technology innovation. In general, there are still few research results on green innovation from the perspective of market orientation, and this issue should be further studied in future.

From the above analysis, some research achievements have been made in green enterprise innovation, relations between government regulation and green innovation, market-orientated green innovation, and green consumption. However, the existing research has some insufficiencies. The research objects of most kinds of literature are single, and there is a lack of systematic analysis combing with all the participants in green innovation activities (11). Although the enterprise is the main body in the green technology innovation system, green technology innovation should be promoted through the integration, penetration and interaction between different system elements. Therefore, it is necessary to systematically analyse the issues of green technology innovation. This paper will analyse the influencing factors of enterprises' green innovation decision-making based on market orientation by constructing a three-party evolutionary game model of government, enterprises and consumers.

The rest of the paper is organised as follows. Section 2 explains the green innovation by a model construction. Section 3 provides the evolutionary game equilibrium analysis, and section 4 concludes.



GREEN INNOVATION AND MODEL CONSTRUCTION

Market orientation is an important driving force for enterprises' green technology innovation. In the face of consumers' demand for green products, enterprises may not necessarily invest in green product innovation because the cost is too high. So, there should be a mutual game between enterprises and consumers. At the same time, the government subsidy policy also has a certain impact on enterprises' green innovation-decision and consumers' purchasing decision-making. The relations are shown in Figure 1.


[image: Figure 1]
FIGURE 1. The relationships among the government, enterprises and consumers under market orientation.


Therefore, this paper selects the government, enterprises and consumers as participants from the perspective of market demand and assumes that all three parties meet bounded rationality and make optimal decisions. The strategies of the three parties are government (subsidy, no subsidy); enterprise (innovation, no innovation); consumers (buy, do not buy). Suppose the government implements green innovation subsidies for enterprises and green consumption subsidies for consumers. When enterprises invest in green technology innovation, they will supply green products to the market. Nevertheless, no green innovation strategy means that they will still supply ordinary products produced to the market without green innovation. Consumers' purchase decision refers to the buying green products provided by enterprises in their green innovation. In contrast, the not-buying decision refers to the decision of consumers to buy traditional products instead of green products. The variables are assumed as follows.


The Government

g1 is the basic benefit of the government. Assuming enterprises do not carry out green technology innovation, the government still obtains basic benefits, mainly from tax revenue. Δg1 is the government's potential benefits brought by enterprises' green technology innovation, consuming green products, and developing the industry because green technology innovation can increase the optimisation of the social environment. If consumers do not buy green products, then Δg1 = 0. s1 is government R&D subsidies to encourage enterprises to carry out green technology innovation and s2 consume subsidies to encourage consumers to carry out green consumption. If enterprises do not make any green innovation, consumers have to buy ordinary products, then, s1 = 0 and s2 = 0.

Suppose that the enterprise does not make any green technology innovation. In that case, they will adopt traditional technology for production, which will bring certain pollution and energy consumption to the society, the government will have extra cost on environmental governance. In this case, p1 is assumed to be the governance cost on environment pollution caused by producing in traditional non-green innovation technology, and p2 is assumed to be the governance cost on environment pollution when consumers purchase ordinary products. The government's strategy is subsidy and no subsidy, and the probabilities are, respectively, x and 1 − x, where 0 < x < 1.



Enterprises

π1 is the basic income of the enterprise without green technology innovation. That is, the enterprise sells ordinary products produced by traditional technology. It can also be regarded as the opportunity cost of green technology innovation because enterprise innovation can be saved. However, in some cases, because of consumer preference for green products, the enterprise may deceive consumers and falsely claim they are selling green products to gain extra profits. Instead, they can change product packaging or increase advertising investment to gain the consumers' trust.

Δπ1 is assumed to be the revenue increment brought by the increase of sales after the implementation of green technology innovation, but if consumers do not choose green products, then Δπ1 = 0. [image: image] is the potential benefits obtained by enterprises under government subsidies for green innovation. Due to the green technology innovation, enterprises' market power and brand influence should be improved, and overall economic and social benefits will increase. c1 is the production cost of ordinary products without green technology innovation, Δc1 which is the cost increment generated by green products under green technology innovation. The probabilities of innovation and non-innovation are y and 1 − y, respectively, where 0 < y < 1.



Consumers

π2 is the expected utility of consumers who buy ordinary products instead of green products [image: image] is the expected utility of purchasing green products. The expected unity of consumers mainly refers to the difference between the use-value and the purchase cost of the product. We assumed that [image: image]π2 if the enterprise does not innovate green technology, the potential loss when consumers purchase fake or low-tech “green products” can be an opportunity cost c2. The consumer's strategy is to buy or not to buy, and the probabilities are z and 1 − z, respectively, where 0 < z < 1.

Based on the above assumptions of profit and loss variables, the game tree is constructed, as shown in Figure 2.


[image: Figure 2]
FIGURE 2. Tripartite game model of government, enterprises and consumers.


According to the decision tree model of the three parties in Figure 2 above, there are eight combined options for the government, enterprises, and consumers. The income matrix is obtained as shown in Table 1.


Table 1. Revenue matrix of government, enterprises and consumers.

[image: Table 1]




EVOLUTIONARY GAME EQUILIBRIUM ANALYSIS

Expected revenue analysis of the three parties: According to the revenue matrix in Table 1, the expected revenue of the three parties of government, enterprise and consumer can be obtained as follows:

Expected revenue of the government: Suppose that the government's expected revenue is U11 when the subsidy policy is implemented and is the government's expected revenue when the subsidy policy is not implemented. The average expected return of the government is [image: image], [image: image]. Calculate U11 and U12:

[image: image]

[image: image]

Expected revenue of the enterprise: Suppose that the expected revenue of the enterprise is U11 when they have green technology innovation; if not, the expected revenue is, and the average expected revenue of the enterprise is [image: image]. Then, [image: image]. Calculate U21 and U22:

[image: image]

[image: image]

Expected revenue of the customer: Suppose U31 is the expected revenue when customers choose to buy green products instead of ordinary products, while U32 is the expected revenue when they do not buy green products. Then, [image: image]. Calculate U31 and U32.

[image: image]
 
Dynamic Replication Equation of Tripartite Game

According to the tripartite revenue function, construct the game dynamic replication equation:

[image: image]

Solving the above equation, we can get nine equilibrium points: (0,0,0); (0,01,); (0,1,0); (0,1,1); (1,0,0); (1,0,1); (1,1,0); (1,1,1); (x*, y*, z*).

[image: image]

Analysis of tripartite dynamic equilibrium: Because there is information asymmetry in the market, in the long term, the government, enterprises and consumers will adjust their strategies based on other subjects' decisions, so the game among the three parties has dynamic characteristics. Therefore, to determine the stability strategy of the system, we can establish a Jacobi matrix, judging by the stability criterion of the Jacobi matrix. J is for the Jacobi matrix.

[image: image]

According to evolutionary game theory, a Nash equilibrium is the system's dynamic balance, the evolution equilibrium must be a Nash equilibrium, and the equilibrium state must be pure strategy equilibrium (12). So in the analysis of the asymptotic stability of the system, the hybrid strategy could be excluded. Therefore, we just need to analyse combining the following eight equilibrium points. E1 (0,0,0), E2 (0,0,1), E3 (0,1,0), E4 (0,1,1), E5 (1,0,0), E6 (1,0,1), E7 (1,1,0), E8 (1,1,1).

Then, plug the eight equilibrium points into the matrix. According to Liapunov's stability criterion, the equilibrium point satisfying all the eigenvalues of the matrix are non-positive is the evolutionarily stable strategy (ESS), which is the dynamic equilibrium point of the system.

From Table 2, it can be seen that when the values of equilibrium points E1 (0,0,0), E2 (0,0,1), E5 (1,0,0), E6 (1,0,1) are substituted into the matrix, the eigenvalues are identically vanishing. There is no asymptotically stable point in the system at these equilibrium points. Therefore, we need to determine the values of eigenvalues at the equilibrium points E3 (0,1,0), E4 (0,1,1), E7 (1,1,0), E8 (1,1,1). Among them, the eigenvalues at the point E3 and E7 are positive, and the system does not have asymptotic stability. So we only need to discuss the eigenvalues at the point of E4 (0,1,1) and E8 (1,1,1). According to the above hypothesis [image: image], we can get [image: image]. The asymptotic stability point can be determined by the values of s2 − s1 and [image: image]. Hypothesis analysis of relevant variables is discussed in the following four cases in Tables 3–5.


Table 2. Eigenvalues of the matrix corresponding to equilibrium points.

[image: Table 2]


Table 3. Case 1.

[image: Table 3]


Table 4. Case 2.

[image: Table 4]


Table 5. Case 3.

[image: Table 5]

Suppose s2 − s1 > 0 and [image: image], then E8 (1,1,1) is the asymptotic stability point of the system.

A. Suppose s2 − s1 > 0 and [image: image], then E8 (1,1,1) is the asymptotic stability point of the system.

B. Suppose s2 − s1 > 0 and [image: image], then [image: image] , at this time, E8 (1,1,1) is the asymptotic stability point of the system.

C. Suppose s2 − s1 < 0 and [image: image], then E4 (0,1,1) is the asymptotic stability point of the system.

D. Suppose s2 − s1 < 0 and [image: image], then there is no asymptotic stability point of the system.

In summary, if s2 − s1 > 0, then, [image: image] or [image: image] [image: image], E8 (1,1,1) is the asymptotic stability point of the system. On the contrary, when s2 − s1 < 0 E4 (0,1,1) is the asymptotic stability point of the system. So we will analyse the dynamic evolution feature at the point of E8 (1,1,1) to simulate the three parties' dynamic evolution trend at a certain time.



Simulation Analyses

Based on the dynamic replication equation and equilibrium analysis above, we simulate the dynamic evolution of the game strategy of the three parties. By setting parameters, analyse the influence of key parameters on the strategy of all the parties.

The initial value of the main parameters is set as: x = 0.4, y = 0.3, z = 0.2, and the other parameters are set as

[image: image]

Initial time t = 0 and the end time of evolution is t = 300. Simulation results are shown in Figure 3.


[image: Figure 3]
FIGURE 3. Three-party dynamic evolution simulation with an initial value setting.


As shown in Figure 3, the government, enterprises and consumers are gradually making an optimal decision over some time. The system tends to the equilibrium point (1,1,1). The government chooses to implement different levels of subsidy policy both on enterprises and consumers to encourage enterprises to make more green technology innovations and encourage consumers to have more green consumption. In the case of government subsidies and consumers' preference for green consumption, the increment of visible and invisible benefits of green innovation is larger than the increment of costs, so the optimal strategy of enterprises will eventually be having green technology innovation. After comparing the cost and benefit of green consumption, rational consumers will also decide when the benefit is greater than the cost. To analyse the impact of these valuables changes on their evolutionary decisions, relevant parameters of governments, firms and consumers will be adjusted in the following.



Values of s1 and s2

In the first case, it is assumed that s1 < s2 as the initial setting, s1 = 0.3, s2 = 0.4, the simulation results are shown in Figure 4A, and the system tends to the stable point (1,1,1). However, the second case is assumed to be s1 > s2, set s1 = 0.4, s2 = 0.3, its simulation results in Figure 4B. The system tends to the unstable point (0,1,1). By comparing the result of the two cases, it proved that when the government's subsidies for green consumption are less than the innovation subsidies to enterprises, the government will give up the strategy of implementing subsidies, resulting in policy failure eventually. Because when green consumption subsidies are getting less, consumers' demand for green products will decrease.


[image: Figure 4]
FIGURE 4. (A) Evolution simulation in case of s1 < s2. (B) Evolution simulation in case of s1 > s2.


On the other hand, high green innovation subsidies will make enterprises have a higher level of innovation and provide more green products, which will lead to market failure, that is, supply exceeds demand. So in this situation, the final decision of the three parties is (no subsidies, innovation, buy). Based on the result, it can be suggested that the government should consider the different subsidy levels for enterprises and consumers when implementing subsidy policies, and the system equilibrium is reached only when the consumption subsidy is greater than the innovation subsidy.



Values Related to Enterprises

Assuming that other variables remain unchanged, adjust the values of enterprise variables, and the initial value setting Δπ1 = 0.7, Δc1 = 0.2 is adjusted Δπ1 = 0.8, Δc1 = 0.5. Then the system simulation results are shown in Figure 5A. It shows that neither the benefit increment of green innovation decrease nor cost increment increase will not have a big impact on the three parties' decision. The equilibrium point of the system is still (1,1,1). Although the innovation cost is crucial, there is still big market demand for green products to motivate the enterprise to innovate green technology.


[image: Figure 5]
FIGURE 5. (A) Δπ1 = 0.8, Δc1 = 0.5. (B) [image: image] Δc1 = 0.5.


Next, assume that adjust [image: image] to [image: image], Δc1 = 0.2 to Δc1 = 0.5. As can be seen from Figure 5B, values of [image: image] and Δc1 have a certain influence on the evolution trend of the system. Deceiving consumers can bring much more extra profits (the opportunity cost of innovation), enterprises become the opportunist, in the long run, they will lose its motivation of green innovation, that is why many companies will falsely claim they have carried on the green innovation, not only deceive the consumers, and defraud the government for the green innovation subsidies. Under such circumstances, the government will take a cautious attitude toward the subsidy policy and exert its supervision function to prevent the speculative behaviour of enterprises.

Values of consumer-related variables: Assuming the other variables remain unchanged, adjust the variables related to consumers, adjust the initial value c2 = 0.3 to c2 = 0.8, and the system simulation results are shown in Figure 6. It is shown that the system equilibrium tends to (0,0,0). In this case, considering the high cost of green consumption, consumers finally give up the consumption of green products, which will lead to low demand for green products. Eventually, the enterprise will lose the motivation to carry out green technology innovation, and the government will give up the subsidy policy due toineffectiveness.


[image: Figure 6]
FIGURE 6. In case of c2 = 0.8, [image: image].





CONCLUSION

In the simulation process of the above model, adjustments were made to variables such as government subsidies, related benefits of enterprises and cost benefits of consumers. It was found that the adjustment of some variables would change the change of the equilibrium of the whole system, which means that these variables greatly influence the strategies of the government, enterprises, and consumers. According to the setting and analysis of the above parameters, the following conclusions are drawn: Firstly, the government's incentive effect of green consumption subsidies is more significant than green innovation subsidies for enterprises. The green consumption subsidy of the government stimulates and increases the demand of consumers for green products, thus further improving the sales profit of green products for enterprises and overall social welfare. When the government's subsidies for green consumption are greater than those for enterprises' green innovation, the three parties will evolve into a system equilibrium point. On the contrary, when consumption subsidies are less than the green innovation subsidies, the government's subsidies policy effect will not be obvious. Green innovation and green consumption cannot be effectively motivated.

Secondly, the opportunity cost of green innovation will influence enterprises' green innovation decisions. Due to the lack of supervision and punishment mechanism in the market, driven by profits, enterprises will take opportunistic behaviours or adverse selection in the process of green innovation, which will fail the market mechanism, and enterprises will eventually give up the decision of green technology innovation. Therefore, the government should strengthen the supervision and punishment of opportunistic behaviour of enterprises, and regulate market competition to prevent adverse selection or moral hazard behaviour, so that the market mechanism can be more effective.

Thirdly, green consumption costs significantly affect enterprises' green technology innovation decisions. From the above analysis, the high cost of green consumption will lead consumers to give up green consumption and make enterprises lose the motivation of green technology innovation. This conclusion reflects that market orientation is necessary for enterprises' green technology innovation. Under the market orientation, consumers' green demand has a reversed t in the transmission of pressure to make enterprises' have green technology innovation. By reducing the cost of green consumption, consumers' demand for green products can be stimulated to improve enterprises' motivation for green innovation.

Based on the above analysis, the following enlightenment can be drawn: market orientation is a necessary condition for enterprises to carry out green innovation; however, the role of the government in enterprises' green technology innovation with the market-oriented mechanism cannot be ignored, as it plays the role of “pushing hand” in coordinating and ensuring the green innovation activities (13).

To more effectively stimulate enterprises' green technology innovation, the government should implement the following policy implications given the significant impact of the COVID-19 pandemic. Firstly, adopt more green consumption subsidy policies to stimulate consumer demand for a green product, create a good market-oriented external environment, and form a benign interaction between green technology innovation, green consumption demand and industrial development. Secondly, the government and society should establish and improve the supervision mechanism, strengthen the supervision and punishment of opportunistic enterprise behaviour, prevent the occurrence of adverse behaviour and moral hazard, reduce the phenomenon of “market failure,” and make the market mechanism play a better guiding role in promoting green enterprise innovation. Thirdly, formulate more incentive policies from other aspects. The government should formulate various incentive policies to promote the development of the green product market to force enterprises to have green technology innovation. For example, on the supply side, through the formulation of a green financial policy system, enterprises can optimise the allocation of green technology innovation resources, reduce their innovation costs to lower the price of green products; On the demand side, the government should increase the publicity of green consumption and green products, to raise consumers' cognitive of green products and cultivate consumers' concept of green consumption.

By establishing an evolutionary game model among the government, enterprises, and consumers, this paper analyses the three parties' equilibrium strategy and uses the Matlab software for simulation. By adjusting the model's key variable parameters, we determine the key variables affecting consumers' green product consumption and enterprises' green innovation decision-making under the market orientation. Based on this, relevant policy suggestions are put forward to promote the driving effect of market mechanisms on the green technology innovation of enterprises. The deficiencies of this paper are as follows: firstly, to simplify the analysis, the variable assumption of consumer green product consumption is relatively simple. Only the cost and expected income of green consumption are generally considered; Secondly, although the key variables that determine the consumers' green consumption and enterprises' green innovation decisions have been found through evolutional simulation analysis, their influencing mechanism is not elaborated problem remains for future research.
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This paper studies whether the market can recognize the value of corporate governance mechanisms (ownership structure, board structure, and managerial incentives) of Chinese listed companies. We find that when companies are faced with “black swan” events, such as COVID-19, non-state-owned enterprise are found to be more valuable, that is, the stock price of non-state-owned enterprises are more immune to the negative shocks of COVID-19. For board structure, the arrangement of the duality of chairman and CEO is found to be more valuable and can effectively alleviate the negative shocks of the epidemic on the stock price. For managerial incentives mechanisms, it shows that management shareholding, management compensation, and executive stock options are all effective mechanisms and can better withstand the negative shocks of the COVID-19 epidemic on the stock price of companies. This paper sheds light on the value of corporate governance mechanisms in the Chinese capital market from the perspective of investors, which enriches literature in the field of corporate governance.
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INTRODUCTION

The Coronavirus Disease-2019 (COVID-19) epidemic in 2020 as the “black swan” exogenous event not only severely endangered the lives and health of the people but also had a serious impact on the capital market. It has caused widespread negative sentiment and led to market turbulence, harming the interests of investors and aggravating the instability of the capital market. In this case, which kind of corporate governance mechanisms are more effective? That is, which kind of corporate governance mechanisms make some companies more “immune” to the COVID-19 shock than others? So far, this issue is still not well-studied.

In this paper, we have examined the relationship between corporate governance mechanisms and stock price reactions to the COVID-19 pandemic using Chinese data as the COVID-19 first broke out in China, which offers a totally exogenous event to establish a clear causal relation between corporate governance characteristics and stock price reactions to the COVID-19 pandemic. Using theories of corporate governance to frame our study and data on over 3,000 Chinese listed firms during the first two quarters of 2020, we consider three important aspects of corporate governance mechanisms: (1) ownership structure, such as ownership concentration, multiple blockholders, and nature of ownership, (2) board structure, such as board size, board independence, board gender diversity, and the duality of Chairman and CEO, (3) managerial incentives, such as managerial ownership, managerial compensation, and executive stock options.

Based on a sample of Chinese listed firms, this paper finds that the pandemic-induced drop in stock prices was milder among firms with (a) non-SOEs, (b) Chairman and CEO duality, (c) higher managerial compensation, but ownership concentration, multiple blockholders, the board size, board independence, and board gender diversity have no significant effect on mitigating the negative impact of the epidemic on stock prices.

This paper contributes to the scant literature by shedding empirical light on the value of corporate governance mechanisms in the Chinese capital market from the perspective of investors. Although existing studies have conducted in-depth discussion on the role of corporate governance mechanisms in China's capital market, they mainly focus on the impact of corporate governance mechanisms on the company's decision-making and behaviors, few studies pay attention to whether the market can recognize the value of corporate governance mechanism of Chinese listed firms. This paper helps to fill in this gap. Moreover, existing works of literature have not reached a consensus on the role of internal corporate governance mechanisms, which is mainly due to the problem of endogeneity. Using COVID-19 as an exogenous shock helps us find a causal relationship between corporate governance mechanisms and firm value.



THEORETICAL BACKGROUND

Corporate governance is a series of institutional arrangements to reduce corporate agency problems, so as to ensure that investors can get returns from their investments. As China is moving away from a planned economy to a market-oriented one, more and more scholars pay attention to the effectiveness of China's corporate governance mechanisms. The most important internal corporate governance mechanisms include ownership structure, board structure, and manager incentive mechanism. Existing literature has formed different theories and views on these corporate governance mechanisms of Chinese listed companies through theoretical and empirical research.

First, ownership structure. Concentrated ownership or large shareholders within firms is the most important governance feature of Chinese listed companies (1). Alignment effects encourage large shareholders to manage the company or monitor managers more actively. On the other hand, the existence of large shareholders can also bring additional costs by tunneling the listed companies. In face of COVID-19, whether large shareholders help companies tide over the difficulties or conspiracy to infringe on the interests of small investors, needs to be empirically tested.

A growing literature proposes that relative to diffuse ownership and concentrated ownership, an optimal ownership structure may be to have multiple blockholders. These multiple blockholders provide oversight to the firms and also over each other, which not only minimizes the agency cost between owners and managers, but also the agency cost between blockholders and small investors (2, 3). However, multiple blockholders may also conspire to infringe on the interests of minority shareholders. Moreover, major shareholders can form a control alliance with the least cash flow right through collusion, so as to have a greater incentive to carry out more predatory behavior (4, 5). Therefore, whether the existence of multiple blockholders represents an optimal ownership structure in the COVID-19 epidemic is an empirical question.

The nature of ownership in Chinese listed companies plays a key role in terms of governance. State-owned enterprises (SOEs) pursue political objectives rather than maximizing profit, such as investing in projects that are beneficial to society but not cost-effective to the companies, thus damaging the value of the company. In addition, there are often complex principal-agent relationships in SOEs. This complex principal-agent relationship not only causes the problem of insufficient incentive in SOEs but also leads to the problem of weak supervision in SOEs However, private enterprises are more profit-oriented and have more perfect manager market and profit-oriented supervisors, so they have comparative advantages in supervision (6, 7). On the other hand, SOEs are less restricted by government policies, have easier access to monopolistic industries, and are more likely to receive subsidies from the government when they are in difficulties. It can be seen that SOEs and private enterprises have their own advantages and disadvantages in the face of “black swan” incidents, such as the COVID-19 epidemic.

Second, board structure. The board of directors perform the critical function of monitoring and advising the managers. A strand of literature suggests that a greater level of board size, board independence, board gender diversity, and the separation of Chairman and CEO allow for more effective monitoring and provide more valuable advice (8–10). However, with the changes in the internal and external environment of the company and the emergence of large multinational corporations, the above views began to be questioned. Based on the principal-agent theory, scholars believe that too large board size can not only promote the growth of enterprise performance, but will also reduce the efficiency of the company because of high coordination costs and organizational costs (11, 12). Therefore, which kind of board structure can help firms withstand the negative impact of COVID-19 on stock price requires an empirical test.

Third, managerial compensation. The optimal contract theory believes that pay arrangements aim to maximize shareholders' value and a higher level of manager compensation, such as shareholding, cash compensation, and executive options, can alleviate the agency problems between managers and shareholders (13). However, the entrenchment theory believes that manager compensation contract deviates from optimal contracting as directors are often captured or subject to influence by managers, and a higher level of manager compensation provides suboptimal incentives and thereby damage shareholders' value (14–16). During the COVID-19 pandemic, whether managerial compensation is more consistent with optimal contract theory or the entrenchment theory, and whether it can alleviate the impact of COVID-19 on stock prices are empirical questions.



DATA, VARIABLES, AND METHODOLOGY

Our sample consists of all Chinese A share listed companies between January 20 and April 8 in 2020. The reason for choosing this special research interval is that On January 20, 2020, Hubei Province initiated a secondary response to public emergencies and Wuhan was locked down on January 23, indicating that the epidemic broke out, and Wuhan was unblocked on April 8, indicating that the epidemic was basically controlled. The financial and the confirmed cases of COVID-19 data are from the CSMAR database. Following extant literature, we exclude financial services firms and firm-year observations with an incomplete financial date for the control variables. Continuous variables are winsorized at 1% in each tail.

To study the effect of corporate governance on stock price during the period of the COVID-19 pandemic, we follow Ding et al. (17) and use the following regression model:

[image: image]

Where i refers to the individual of the company, p refers to the city where the company is registered, and t refers to the number of weeks. Reti,t is the weekly stock return of company i from the last trading day of week t−1 to the last trading day of week t. COVID19p,t is the growth rate of the number of confirmed cases of COVID-19 over week t in province p as follows.

[image: image]

Confirmed Casesp,t represents the cumulative number of confirmed cases in province p as of Friday in week t.

Gi,pre2020 is corporate governance characteristics, such as ownership structure, board structure, and managerial compensation.

We consider three characteristics of ownership structure: (1) SOE equals 1 if controlling shareholders is state-owned, and zero otherwise. (2) Top1 equals the percentage of shareholdings of controlling shareholders in total shares. (3) Multiple equals 1 if there are two or more shareholders holding more than 10% of the shares and zero otherwise.

We examine four measures of board structure: (1) BoardSize is the logarithm of numbers of board members. (2) IndepRatio is the percentage of independent directors in the board of directors. (3) FemaleRatio is the percentage of female directors in the board of directors. (4) Dual equals 1 if the chairman of the board serving as CEO and zero otherwise.

We consider three features of managerial compensation: (1) Msh equals the percentage of shareholdings of managers in total shares. (2) CashPay equals the logarithm of management cash compensation. (3) StockPay equals 1 if managers have a stock option, and zero otherwise.

Fi,pre2020 is control variable, such as Size (natural logarithm of the book value of total assets), Roa (ratio of net profit to total assets), Lev (debt-to-asset ratio), and Cash (the total amount of cash holding divided by total assets). We also include firm and week dummies. The SEs are clustered at the firm level. β1 captures the effect of COVID-19 on the stock price. β2 captures the effect of corporate governance on stock price during the period of the COVID-19 pandemic.

Table 1 presents descriptive statistics on the main variables of this paper. Among them, the average weekly rate of return (Ret) of the sample companies is 0.03%. Its minimum value is −17.54%, and the maximum value is 25.69%. For the confirmed cases of COVID19, the average weekly increase (COVID19) was 18.4%, and the maximum increase was 368.89%. The SOEs accounted for 29.5% of the total sample. The average shareholding ratio of the largest shareholder is 33.08%, the descriptive statistical results of other variables will not be repeated here.


Table 1. Descriptive statistics.

[image: Table 1]



EMPIRICAL RESULTS


Ownership Structure

Table 2 presents the estimation results for the effect of ownership structure on stock price sensitivity to COVID-19. As a preliminary benchmark, we simply assess the relationship between stock returns and economies' exposure to the COVID-19 pandemic. The result in column (1) of Table 2 shows that the coefficients of COVID19 are significantly negative, suggesting that exposure of a province to the pandemic has a negative impact on the stock market performance of firms in that province.


Table 2. Ownership structure and stock price reactions.
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We then assess the differential sensitivity of stock price reactions to COVID-19 as a function of firms' pre-existing levels of ownership structure. The results in column (2) of Table 2 show that the coefficient of interactive item between SOE and COVID-19 is significantly negative, indicating that firms controlled by the government tend to experience more stock price declines during the COVID-19 crisis. This may be because SOEs take more social responsibilities, such as solving unemployment issues and making more donations when facing economic stagnation caused by the COVID-19 epidemic. These social responsibilities will further increase the economic burden of SOEs, thereby triggering investors to sell the stocks of SOEs. However, the result in columns (3) and (4) of Table 2 indicates that ownership concentration and multiple blockholders do not exhibit any significant role in resisting the negative impact of the COVID-19 epidemic on the company's stock price. In column (5) of Table 2, we simultaneously examine all three pre-2020 ownership structure characteristics. Each of the indicators enters statistically significantly, with the same sign and similar estimated coefficient as the earlier findings.



Board Structure

We test whether board structure characteristics could alleviate the impact of the COVID-19 epidemic on the corporate stock prices. Table 3 presents the results. Columns (4) and (5) of Table 3 show that the coefficient of interactive item between the duality of chairman and CEO and COVID-19 is significantly positive, indicating that the duality of chairman and CEO can help. This conclusion supports the concept of “Stewardship Theory”, that is, when the CEO serves as chairman of the company, the CEO has the absolute leadership of the company, can more effectively make decisions, and allocates resources to withstand the negative impact of the COVID-19 epidemic. Therefore, investors respond better to this mechanism. However, the coefficients of interactions between other board structure characteristics and COVID-19 are not significant, indicating that these characteristics are not effective in resisting the negative impact of the COVID-19 epidemic.


Table 3. Board structure and stock returns in response to COVID-19.
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Managerial Incentives

Similarly, we test whether managerial compensation contracts can resist the impact of the COVID-19 epidemic on the corporate stock prices. Table 4 shows that the interactions between COVID-19 and management ownership, management cash payment, and executive option are all significantly positive. These results indicate that managerial compensation contracts can help withstand the negative impact of the COVID-19 epidemic. This conclusion supports the “optimal contract theory” of managerial compensation, that is, managerial compensation contracts alleviate the agency conflict between managers and shareholders, encouraging the management to maximize shareholders' wealth.


Table 4. Managerial compensation and stock returns in response to COVID-19.
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CONCLUSION

Based on a sample of Chinese listed firms, this paper finds that non-SOEs and firms with Chairman and CEO duality and high managerial compensation can better withstand the impact of the epidemic on corporate stock price, but ownership concentration, multiple blockholders, the size of the board, the proportion of independent directors, and female directors have no significant effect on mitigating the negative impact of the epidemic on stock prices. This paper helps to understand the role of corporate governance characteristics in stock price reactions to COVID-19 in 2020. In addition, for listed companies, the research conclusions of this paper have important enlightenment significance for them to formulate an effective corporate governance mechanism to reduce the impact of the “black swan” phenomenon in the capital market.
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This study investigates the impact of coronavirus disease 2019 (COVID-19) on economic development of China by measuring the HP financial index as an alternative variable of the digital economy. This study shows that economy of China developed further with the dissemination of COVID-19. Furthermore, the digital economy increased the level of economic development more prominently at the onset of COVID-19 pandemic. Moreover, an analysis of regional heterogeneity reveals that the eastern region maintained economic stability through its digital economy during COVID-19, while the central region improved its digital economy during COVID-19 pandemic. Although the economically underdeveloped western region has not suffered too seriously from COVID-19 pandemic, considering the sustained impact of disease and the uncertainty of its transmission speed, the region should vigorously develop its digital economy to manage public risk.

Keywords: COVID-19, digital pneumonia, China economy, sustainability, uncertain public risks


RESEARCH BACKGROUND AND LITERATURE REVIEW

The news about coronavirus disease 2019 (COVID-19) broke out in Wuhan, China in December 2019 and spread to the whole country at an extremely rapid rate. As of 29 August, 2021, the number of confirmed cases in China has reached 151,122,891 million. The emergence of COVID-19 outbreak has had a serious negative impact on economy of China. The growth rate of gross domestic product (GDP) of China decreased by 5.25% in 2019 compared to that in 2020 and the impact on the secondary and tertiary industries is the greatest. According to the data of the National Bureau of Statistics, the GDP of secondary industries shows negative growth from 2019 to 2020. Despite the news of the outbreak of COVID-19 rapidly spreading in China, the impact on its economy has not been so severe owing to the vigorous development of the digital economy.


Coronavirus Disease 2019 Pandemic and the Digital Economy

Coronavirus disease 2019 pandemic has seriously affected secondary and tertiary industries in China. China has essentially overcome the short-term impact of COVID-19. The negative impact on the public will endure; however, it will simultaneously increase development opportunities of enterprises. Zhou et al. (1) and others pointed out that the digital economy can help in economic recovery and development of China through the dual path of efficiency improvement and innovation and development, even though COVID-19 pandemic persists. For example, fresh food e-commerce website, Hema Xiansheng, illustrates the premise that the service industry can be supported by digital technology, save production costs and operating costs, and improves resource allocation efficiency. Its continuous innovation trend conforms to the opportunity derived from COVID-19 pandemic. Ma (2) indicated that the emergence of COVID-19-related information has advanced the development of e-commerce to a certain extent and the subsequent development of e-commerce has played a huge role in driving economic growth. According to statistics on e-commerce, the proportion of GDP increased from 20.8 to 34.8%. The development of e-commerce helps to eliminate the negative impact of COVID-19 pandemic on economic development and plays a “complementary” role in the real economy. Lou (3) posits that the emergence of the digital economy has strengthened cooperation between China and Latin American countries in the context of the information shared about COVID-19. It has played a vital role in resolving the downward pressure on the bilateral economic and trade cooperation affected by COVID-19 pandemic and in deepening the cooperation between China and Latin America, thus strengthening the “one belt and one way” cooperation and acquiring a higher level and wider area after the outbreak of COVID-19. Cheng (4) revealed that COVID-19 pandemic has severely impacted traditional industries such as manufacturing and tourism in China, but the digital economy has strongly developed. Several traditional economic operations, such as offices and educational institutions, have transformed into the digital economy enterprises, using the cloud and online activities, which have stimulated the development of digital technologies and infrastructure such as artificial intelligence and 5G in China.

Lu (5) presented the opportunities and challenges of the digital economy during COVID-19 pandemic. He believes that during COVID-19 pandemic, the demand for online services has increased and, therefore, traditional enterprises need to achieve digital transformation, state governance needs to be smart, and the public health sector needs to be transformed using smart technology, promoting the development of the digital economy. However, simultaneously, there are great obstacles to the development of the digital economy, including, slow intelligent transformation in the manufacturing sector, insufficient core technology innovation, and insufficient construction of new infrastructure. To make the digital economy better serve economy of China, we should concentrate efforts on solving the current problem. Economic cooperation of China has been restored through the digital platform. The “China-ASEAN Digital Economic Cooperation Year” has boosted the economic and trade cooperation between the two sides, providing a very convenient platform to develop digital economic cooperation and the digital economy along the “one belt and one road” area (6).



Digital Economy and Level of Economic Development

Wei (7) pointed out that the development of the digital economy has penetrated daily travel patterns of residents and the development of the digital economy of China has maintained a growing trend with rapid development and great potential. With the development of the internet in the 21st century, the world entered the information age and many industries supervise and manage their business links based on the digital economy. Its diversified-related businesses are also expanding rapidly and its business functions are becoming increasingly powerful. In addition, he indicated that the development of the digital economy must improve laws and policies, support its upstream and downstream industries from many aspects, and promote the digital economy to increase economic construction. Wu (8) concurred through empirical analysis that the digital economy is the general trend of future development and an effective strategy to promote economic growth. By changing the information flow, the transaction costs of buyers and sellers are reduced, which change consumption patterns and promote economic growth in China. Furthermore, Li et al. (9) analyzed the coupling relationship between the two groups of data of “e-commerce development level—high-quality economic development” in 31 provinces and cities and concluded that there is a complex correlation between them. This study shows that the degree of coupling between the level e-commerce development and high-quality economy in the eastern region is better. The central and western regions can refer to the development of e-commerce in the eastern region and emulate it. Therefore, it is necessary to develop the digital economy and lay foundations for e-commerce growth.

In addition, Mclean (10) studied the encouragement of the digital economy for economic growth by applying the successful DeLone and McLean model to digital economic measurement. They indicated that the dimensions of the digital economy success and the choice of measures should depend on the objective and background of empirical investigation, but tested and proven measures should be used as far as possible. It is important to measure the possible interactions among the dimensions of success to isolate the influence of independent variables on one or more of them such as individuals, groups, organizations, and industries. Walden (11) pointed out in an article on the research direction of economics and the digital economy that the digital economy will eventually change business behavior and structure as we know it. They described a series of interesting developments and innovations in emerging industries. Furthermore, they expressed that with the development of the digital economy, the gradual improvement of information has made consumers more actively inclined toward lower-priced products. This user tendency increases during product promotion activities because users have established lower price expectations.

Thus, this study proposes hypothesis 1.

H1: The digital economy has a positive impact on economic development level of China.



Coronavirus Disease 2019, the Digital Economy, and Levels of Economic Development

The development of the digital economy has offset the negative impact of COVID-19 pandemic on economy of China. Wang (12) and others systematically expounded the opportunities for the digital economy industry development of China during COVID-19 pandemic from the perspective of industrial transformation and upgrading. They achieved this by scrutinizing the relationship between COVID-19 pandemic situation and the economy and analyzed COVID-19 pandemic as a catalyst of the development of the digital economy industry from dual perspectives of market and government. It is stressed that the digital economy has played an active role under the outbreak of COVID-19 in four aspects: expanding social distance, monitoring population mobility, enhancing information transmission and public policy efficiency, and enriching the form of stimulating the economy.

Researchers (1, 2, 4, 13) discussed the mechanism on how COVID-19 affected the development of the digital economy in China. First, epidemic prevention provides new space for the rapid development of the digital economy. 5G communication, block chain, artificial intelligence, and other new generation information technologies play an important role in the safe and orderly resumption of work and production. 5G provides effective network guarantee for the smooth operation of remote services such as online medical treatment, video conference, and online office. Second, manufacturing enterprises actively rely on the digital platform to gather resources and accelerate the overall resumption of work and production of the manufacturing industry. For example, Haier Group has established a medical material information sharing resource aggregation platform to provide epidemic information management and analysis services. Some companies provide free remote video communication, remote collaborative office, high-definition (HD) video conference system, and other services. Face recognition, intelligent infrared thermometry, big data analysis, and comparison technology are also important means to ensure effective personnel control after returning to work. Third, it has stimulated healthy and green consumption, further expanded online consumption content, consumption forms, and new market space in terms of online education, online office, online medical treatment, and digital marketing. With the iteration of consumption habits of residents, the traditional industry development model and interest chain may be changed, which will promote the continuous enrichment of online consumption content and scenes, the stickiness to online channels, and the continuous growth of the digital economy.

Studies reveal that COVID-19 pandemic provides many opportunities for the rapid development of the digital economy of China. The driving force is mainly the changes in market demand and the improvement of the governance capabilities of the government during COVID-19 pandemic. Implementing structural reforms to “enhance motivation” is an important response strategy for the government to transform COVID-19 pandemic crisis into a new driving force for industrial development and to cultivate long-term economic development potential.

Furthermore, Li et al. (9) and others hold that the platform economy is the most important business mode and economic form in the digital economy era. The influence of the development of the digital economy during COVID-19 on economy of China is analyzed from demand and supply perspectives. The study shows that in the short term, platform enterprises have performed well during COVID-19 pandemic, but the overall platform economy has been negatively impacted due to some factors such as macroenvironment, industrial chain, and supply chain; however, overall, COVID-19 pandemic has accelerated the development processes of platform economies. Therefore, to promote its healthy development after COVID-19 pandemic, we should strengthen the support for platform enterprises in science, technology, and finance and pay attention to information security.

Luo and Lu (14) and others posited the use of the digital technology to accelerate the group transformation and upgrading of small and medium-sized enterprises (SMEs) from a microperspective to enhance the level of economic development of China. This study shows that the digital technology provides the direction and path for SMEs to accelerate their transformation and upgrade in the fight against COVID-19 pandemic, which includes five aspects: technical sources, financial support, industrial collaboration, market application, and talent team building.

Moreover, Qian et al. (15) and others have summarized the economic stimulus plans of countries around the world in the context of COVID-19 pandemic and found that the development direction always revolves around two keywords, “digitalization” and “greening” and proposed that the digital economy can be combined with the green economy. With respect to coordinated development, on one hand, the digital economy can effectively promote the green transformation of the global economy. On the other hand, the green economy can help the digital economy to achieve green, low-carbon, and sustainable development. Therefore, best strategy of China for economic development in the postpandemic period is to include both the economy and digital economy in the policy, which will be able to furthering maximize its role in economic recovery of China after COVID-19 pandemic.

Analysis by Joseph et al. (16) shows that COVID-19 is a great accelerator to speedily track existing global trends, namely, embracing modern emerging technologies, leading to changes in lifestyle, working patterns, and business strategies. Therefore, COVID-19 has evolved into a catalyst, which has led to the increased application of the digital economy in organizations and offices and has brought foreseeable and unforeseen opportunities, challenges, and costs. Yushan et al. (17) and others believe that the global spread of COVID-19 has significantly impacted healthcare, social life, and the economy. However, the digital economy plays a vital role in realizing ubiquitous and accessible digital health services during COVID-19 pandemic and in preventing the recurrence of COVID-19 in the postpandemic era. Moreover, Mustafa and Mohamed (18) explores modern medical technology and artificial intelligence development trends during COVID-19 pandemic. Study indicates that interventions in the digital economy have strengthened the response to COVID-19 and magnified the role of medical imaging in the information about the related crisis and gives medical professionals access to noncontact care opportunities. Study shows that COVID-19 information platform must be adjusted rapidly with the support of digital technology. With the new “normal” situation consumers and retailers are finding themselves in, the development of the digital economy is crucial to recovery of China.

Thus, this study proposes hypothesis 2.

H2: During COVID-19 outbreak, the development of the digital economy increased level of economic development of China.

Previous study on COVID-19, the digital economy, and levels of economic development generally focus on theoretical study and policy suggestions and seldom discuss the relationship among them through empirical study. Therefore, this study examines 31 provinces in China as study objects to study the impact of the digital economy on the level of economic development of China during COVID-19 pandemic.



Digital Economy Index System and Measurement

The definition of the digital economy by scholars mainly includes two aspects: (1) with respect to form, the digital economy is an economic form that guides and realizes the rapid optimization and regeneration of resources and achieves high-quality economic development; (2) at the technical level, the digital economy includes big data. A collection of emerging technologies includes cloud computing, the Internet of Things, block chain, artificial intelligence, and 5G communication. At the application level, “new retail” and “new manufacturing” are both typical representatives. According to the definition of the digital economy, it is difficult to quantify it. Therefore, this study uses the digital inclusive financial index used by Guo et al. (19) to represent the digital economy. The digital inclusive financial index is a comprehensive definition based on the connotation and characteristics of the digital economy. Each index and dimension reflects a certain perspective of the digital economy. Table 1 shows specific index system construction.


Table 1. Digital economy index system.
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It is difficult to measure the digital economy using a single index, so we select indicators from different dimensions and use the entropy method to calculate the comprehensive score of the digital economy. The steps of the entropy method are as follows:

(1) Construct the original evaluation matrix: assuming there are t years, a province, and b evaluation indicators, the original evaluation matrix is X = (xθij). j = 1,..., b. For example, X = (xθij) in the matrix represents the jth index value of province i in the θth year of the system.

(2) Dimensionless processing of indicators, for positive indicators, using formula 1, for negative indicators, using formula 2, to avoid the occurrence of zero values, this study standardizes each indicator and shifts 0.1 units.

[image: image]
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(3) Calculate the proportion of each index in the corresponding sample. See (3) for the formula:

[image: image]

(4) Calculate the entropy value and difference index of the index. See (4) for the formula:

[image: image]

Where [image: image], where n is the number of research samples and t is the year interval.

(5) Calculate the weight of each indicator and calculate the comprehensive score, see formula (5), where wj is the weight of indicator j and DEθi is the comprehensive score of the ith province in the digital economy of the θ year. The specific scores are shown in Table 2.
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The results in Table 2 reveal that the level of digital economic development in 16 provinces, municipalities, and autonomous regions in China are above the average, indicating that during the outbreak of COVID-19, level of the digital economic development of China is relatively balanced and relative to 2019, there are varying degrees of growth, indicating that the digital economic industry is indeed survivable during the outbreak of COVID-19.


Table 2. Results of the entropy method.
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EMPIRICAL RESEARCH


Variable Selection
 
Interpreted Variable

The variable explained in this study is the level of economic development, which is measured by per capita GDP. In the robustness test, the number of night lights is used to measure the level of economic development.



Explanatory Variables

The main explanatory variables in this study are the digital economy and COVID-19 pandemic. The data selection for the digital economy refers to the results of the entropy method explained above. For COVID-19 pandemic impact analysis literature, the explanatory variable usually uses the number of confirmed patients or the number of deaths as a measure of the severity of COVID-19 pandemic. This study selects the number of confirmed cases in 31 provinces in China as the explanatory variable.



Control Variable

In this study, the levels of urbanization, industrialization, foreign direct investment, and industrial structure upgradation are selected as control variables. The ratio of the resident population to the total area of each region in the current year is used to indicate the level of urbanization. The number of industrial enterprises above the scale in each region in the current year is used to measure the level of local industrialization. The amount of foreign direct investment is a measure of it. Moreover, the ratio of the tertiary industry total output value to the second industry total output value measures the level of industrial structure upgrading. Relevant data come from the provincial and municipal statistical yearbooks.




Model Building

Based on the above choices of explanatory and control variables, this study establishes a multiple linear regression model to explore the direct impact of COVID-19 pandemic and the digital economy on level of economic development of China and the indirect impact of the digital economy on economic development level of China during COVID-19 pandemic. Logarithmically, the model is processed as follows:
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Gross domestic product represents the level of economic development, DE represents the digital economy, COV represents COVID-19 outbreak, FDI represents foreign direct investment, SIZE represents the level of industrialization, CITY represents the scale of the city, and ADV represents the advanced industrial structure. α0 is a constant and ζit is a random error term.



Data Sources and Descriptive Statistics

Since this study uses the per capita GDP of each province, municipality, and autonomous region to measure the level of economic development, economic units have been treated as price reductions. Descriptive statistics for each variable are shown in Table 3.


Table 3. Descriptive statistics of variables.
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According to the descriptive statistical results in Table 3, the average value of the level of economic development is 11.08 and the maximum and minimum values are 10.40 and 12.01, respectively. It is found that current economic development level of China is relatively overall balanced. The average value of the digital economy is 5.8 and the maximum and minimum values are 6.07 and 5.64, respectively, indicating that the overall level of the digital economy of China is relatively balanced and there is little difference in the digital economy investments among different regions. The average value of COVID-19 pandemic situation was 4.26 and the maximum and minimum values were 11.13 and 0, respectively. Except for Hubei province, the confirmed cases of COVID-19 are similar.

Observation of the descriptive statistical results of the control variables reveals that the average value of the industrialization level is 1.834 and the maximum and minimum values are 4.182 and −1.064, respectively, indicating that during COVID-19 pandemic, industries in some regions of China were severely affected. The average urbanization level is 7.664 and the maximum and minimum values are 8.749 and 5.225, respectively, indicating that level of urbanization of China is relatively balanced. The average value of FDI is 3.258 and the maximum and minimum values are 8.749 and 5.225, respectively, indicating that overall level of foreign investment attraction of China is high. The average value of industrial structure upgrading is 4.624 and the maximum and minimum values are 6.193 and 3.230, respectively, indicating that the production scale and technology level of some industries are still at a low level.




EMPIRICAL ANALYSIS


Direct Impact of COVID-19 Pandemic and the Digital Economy on Level of Economic Development of China

Table 4 shows the impact of COVID-19 pandemic and the digital economy on level of economic development of China. The coefficient of the digital economy is significantly positive at the 1% level and shows an increasing trend, which indicates that the development of the digital economy significantly stimulated economy of China during COVID-19 pandemic and the coefficient of the digital economy is larger than at the beginning of COVID-19 pandemic in 2019, which verifies hypothesis 1. Moreover, the coefficient for COVID-19 information is significantly negative at the 1% level and the coefficient has always shown an increasing trend. This shows that after the outbreak of the news about COVID-19 in Wuhan, it spreads swiftly to the whole country and the negative impact on level of economic development of China started intensifying.


Table 4. The direct impact of coronavirus disease 2019 (COVID-19) pandemic and the digital economy on the level of economic development of China.
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The results of the control variables indicate that the coefficient of the level of industrialization is significantly positive at the 1% level and the promotion effect is significant. Moreover, the coefficient for the level of urbanization is significantly positive at 1% probably because it is a solid foundation for economic development with an improvement of infrastructure. FDI is significantly negative at the level of 10%, which may be due to crowding out the domestic investment level, the decline of the overall domestic investment level, and insufficient innovation ability, which hinders level of economic development of China. The level of industrialization is significantly positive at 1%, which means that economic development of China cannot be separated from its development of industrialization. With COVID-19 pandemic, industry has been hit hard and the digital economy should be urgently developed to transform industry intelligence and stimulate economic development of China.



Indirect Impact of COVID-19 Outbreak and the Digital Economy on Level of Economic Development of China

Table 5 presents the indirect impact of the information spread about COVID-19 and the digital economy on the level of economic development in China. This result reveals that the crossover between COVID-19 outbreak and the digital economy at the 1% level is significantly positive and shows an increasing trend. On one hand, it proves that the development of the digital economy has increased level of economic development of China. On the other hand, it proves that the positive effect of the digital economy on level of economic development of China gradually strengthened while COVID-19 was circulated. Observing the coefficients of the novel coronary pneumonia pandemic and the digital economy, we can see that compared with the coefficients of COVID-19 pandemic and the digital economy in Table 4, the coefficients of explanatory variables in Table 5 are significantly unchanged, but are only slightly reduced. This proves that the digital economy plays an intermediary role during COVID-19 pandemic, affecting the level of economic development.


Table 5. Indirect impact of COVID-19 pandemic and the digital economy on level of economic development of China.
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By observing the coefficients of the control variables, we can see that they are reduced to varying degrees on the premise of unchanged significance, which indicates that the effect of COVID-19 on the digital economy has reduced the influence of other variables on the level of economic development, which further illustrates the important role of the digital economy in restoring level of economic development of China during COVID-19 pandemic.



Regional Analysis

An analysis of regional heterogeneity is given in Table 6. From it, we can see that the eastern region has the highest level of digital economic development, the central region is second, and the western region has the lowest level, though it is above the 1% significance level. The results show that the eastern region with its higher level of economic development is more suitable to bring the effect of the digital economy into play and it maintains its own economic stability through the digital economy during COVID-19 outbreak. COVID-19 pandemic in the central region is too serious because it is the origin of COVID-19 pandemic. However, compared with the eastern region, the central region has better developed the role of the digital economy during COVID-19 pandemic such as through online office working and online education. The government judged the situation in the central region the first time and chose the most suitable strategy for its development. Therefore, COVID-19 pandemic did not cause drastic economic losses to China and the growth of its digital economy revived economic development of China. The western region is economically underdeveloped, but the unique geographical location of its provinces, municipalities, and autonomous regions protects it from extensive damage by COVID-19 pandemic. However, considering the sustained impact of COVID-19 and the uncertainty of its spread, the western region should vigorously develop its digital economy to face uncertain public hazards.


Table 6. Regional heterogeneity of the impact of COVID-19 and the digital economy on level of economic development of China.
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CONCLUSION AND POLICY RECOMMENDATIONS

Through the empirical study of the direct impact of COVID-19 pandemic and the digital economy on level of economic development of China, the findings revealed that the development of the digital economy considerably increased economic development of China and compared with the early pandemic of 2009, the digital economy enhanced economic development during current COVID-19 pandemic. Furthermore, with the outbreak of the novel coronary pneumonia virus in Wuhan, the speed of transmission to the whole country was accelerated and severely impacting economic development of China.

Through an empirical analysis of the indirect impact of COVID-19 and the digital economy on level of economic development of China, this study found that progress of the digital economy during COVID-19 pandemic enhanced level of economic development of China and compared to previous pandemics, the positive effect of the digital economy gradually strengthened. The digital economy played an intermediary role during COVID-19, affecting level of economic development of China.

An analysis of regional heterogeneity indicates that the eastern region with a higher level of economic development is more suitable for the digital economy in terms of capital and technology and has maintained its economic stability through the digital economy during COVID-19 outbreak. The central region is excessively affected because it is where COVID-19 originated. However, compared with the eastern region, the central region has greater success with the digital economy such as through online office work and online education. The government judged the situation of the central region at the beginning of COVID-19 pandemic and chose the most suitable strategy for it. Therefore, the novel coronary pneumonia pandemic has not caused serious economic losses to China. The rise of the digital economy has fortified the restoration of economic development of China. Though economically underdeveloped, the unique geographical location of the western region alleviated the provinces, municipalities, and difficulties of autonomous regions during COVID-19 pandemic. However, the lasting effects and the uncertainty of COVID-19 pandemic with respect to its swift spread, it requires the western region to develop the digital economy to face possible public endangerment. In view of the conclusions drawn in this study, the following policy suggestions are proposed:

(1) Formulate macropolicies: we must discern and influence the domestic and international trends of COVID-19 pandemic, steadily coordinate and promote various domestic economic and social development postpandemic initiatives, pay close attention to the development of COVID-19 pandemic, and actively plan response measures. The central level must formulate economic development policies such as fiscal policies, monetary policies, and industrial policies after COVID-19 pandemic and fully consider the long- and short-term impact of COVID-19 outbreak on economic development of China. To give full play to the leading role of fiscal policy, the Ministry of Finance, together with other departments, shall propose supporting policies to stabilize economic and social development and the relevant departments shall cooperate in their implementation. All the levels of financial departments should prioritize the financial advantage of all the levels and localities and provide discounts on special loans to key enterprises for COVID-19 pandemic prevention and control from the People's Bank of China.

(2) Policy formulation for the digital economy: there is need to transform effective short-term pilot policies of the digital economy into long-term policies to consider “digital industrialization, industrial digitalization, and digital governance” as the main line of development, to speed up the upgrade of the “Guiding Opinions on Accelerating the Development of Digital Economy” in various provinces and to promote pilot policies conducive to the development of the digital economy. COVID-19 pandemic has further highlighted the importance and vulnerability of SMEs in employment and in economic development of China. Some short-term government policies are required, at all the levels, to support the development of SMEs and can be transformed into long-term policies on the basis of coordination and perfection.

(3) Strengthen the ability of the digital economy to cope with risks: first, in response to the shortcomings exposed in COVID-19 pandemic response, large data, artificial intelligence, block chain, smart supply chain and other technologies can be used for the emergency prevention and control of major public health crises and effectively improve the efficiency and effectiveness of major pandemic prevention and control. Second, it systematically assesses the short board of the national reserve system, improves the reserve efficiency, optimizes the distribution of key material production capacity, and improves the emergency plan. Third, is to learn from the loopholes in the public health governance system, exposed by this pandemic, thoroughly investigate, and rectify similar problems in governance systems in other fields, enhance the capacity building of digital science and technology to support emergency response, and further establish and improve modern public safety emergency management system of China.

(4) Improve the digital system: first, strengthen talent support; increase cutting-edge technology research and cutting-edge talent-training; strengthen strategic scientific and technological resources, and strategic reserve capabilities in the field of COVID-19 pandemic prevention and control and public health. Second, accelerate the construction of a platform support system for the development of the digital economy. Make efforts from both the supply and demand sides to accelerate the construction and promotion of industrial internet platforms and the popularization of industrial Internet applications for SMEs; form a multilevel and systematic platform development system; promote the connection of all the industrial elements and the optimal allocation of resources. Third, accelerate the improvement of policies and provide a support system for the development of the digital economy. Establish and improve policies and regulations to adapt to the development of the digital economy, further deepen the reform of custody, promote the continuous optimization of business environments, strengthen the supervision of digital transactions, and improve the data security system.
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This study analyzes the conflicting effects of investors' sentiment caused by public health emergencies and uses event analysis methods and linear regressions to examine the impact of such emergencies on the stock prices of insurance companies. The study shows that public health emergencies have a positive and significant impact on insurance companies' portfolios through investors' sentiment, which is persistent. However, the investor fear index triggered by public health emergencies is negatively associated with insurance stock portfolio returns. Meanwhile, insurers with smaller market capitalization are more strongly influenced by investors' sentiment than those with larger market capitalization.
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INTRODUCTION

It is well documented that the pricing of certain assets is affected by people's emotions, which, in turn, are influenced by certain events, such as sunlight, moon phases, sporting events, and major aviation disasters. Argued that sunlight is a driver of people's moods and is positively related to daily stock returns. Yuan et al. in addition, international sporting events, especially soccer matches, can seriously affect investors' sentiment and, consequently, stock market investment returns. They also pointed out that major aviation disasters tend to generate negative sentiments within 2 days of the event. Moreover, many studies have shown that investors' sentiment may influence the institutional investors' investment decisions (1). Was the first to suggest that irrational emotions have a significant impact on the investors' actual financial market transactions and financial product choices, and emphasized the significant role of psychology in financial market behavior.

From the perspective of behavioral finance, some studies have demonstrated a significant relationship between the stock prices and investors' sentiment (2, 3). In particular, certain unexpected events may generate positive or negative emotions for different investors, leading directly to psychological biases and different investment expectations, thus affecting investors' actual investment decisions and stock market prices.

Sudden events, especially public health events, are likely to have serious and unpredictable socio-economic impacts. In the context of “Internet+,” public health emergencies have become a key topic of research for many scholars because of their rapid spread, wide scope, high hazard, and deep impact. A sudden public health event includes a major infectious disease epidemic, mass unexplained disease, major food poisoning, and other events that seriously affect public health (4). Major public health emergencies, such as SARS, Influenza A (H1N1), and Ebola, are viewed by the general public as events that generate tremendous negative sentiment and panic, but can create positive investor sentiment for certain institutions, such as the Wall Street, Morgan Stanley, and other institutional investors, which, in turn, can affect the stock prices of certain types of industries. Although the same unexpected public health event can generate a positive or negative sentiment, so far, there is little literature to explain the difference in the perception of the same event by different interest groups. Therefore, the novelty of this study is that it examines how the same public health emergency can have a devastating socioeconomic impact on the one hand, but on the other hand, the stakeholders in certain financial sectors, such as individual investors or institutional investors, may perceive this devastating event as a new investment opportunity for them, and institutional investors' sentiment is more affected than individual investors' sentiment (3).

This contradictory nature of investors' sentiment in the wake of a public health emergency is central to the era of “Internet+.” By combining online news media information with behavioral finance theories, the textual content of the online news media can be extracted more profoundly, and a media chain dominated by public opinion and emotions can be established to influence the actual investment behavior of different investors. Through an analysis of the extent of the use of positive and negative words in corporate news reports by online media, it can be found that investors use such online news media reports as reference content for investment decisions to guide their actual behaviors. Therefore, this study constructs new sentiment variables, namely disease-related news (DRNs), through official statements of the World Health Organization (WHO) and news media reports related to dangerous infectious diseases, which are used to examine the effect of investors' sentiment on the stock prices of the insurance companies.

Although public health emergencies spread fear and have a negative impact on public sentiment, the insurance companies take advantage of such public health outbreaks to promote and increase the sale of various insurance programs or insurance portfolio programs by marketing them as means to protect and fight against the deadly infectious diseases. This increase in publicity leads to irrational expectations on the part of investors, who start thinking that such policies will increase the cash flows of insurance companies, thereby giving a boost to their stock prices. Therefore, the main hypothesis of this study is that investors' fears induced by DRNs have a negative correlation with the stock prices of insurance companies; however, for some specific investors, DRNs have a positive impact on the stock prices of insurance companies.

In addition, after the outbreak of public health emergencies, the public pays extra attention to insurance products related to such diseases because of the panic psychology and risk aversion, which tends to increase the sales of insurance companies and the investment in the R&D cost of the corresponding products to a certain extent, making some investors feel optimistic about investing in such companies. Therefore, another hypothesis in this study is that some investors have a persistent positive sentiment toward the stock returns of insurance companies. Moreover, some scholars argue that the impact of investors' sentiment is more pronounced for smaller firms (5). Therefore, the final hypothesis of this study is that the smaller firms with relatively lesser market capitalization are more affected by investors' sentiment than the larger firms.

Based on the above analysis, to test the correctness of the hypothesis, this study uses the stock prices of 17 insurance companies listed on the Shanghai Stock Exchange, Shenzhen Stock Exchange, and Hong Kong Stock Exchange to construct three different types of stock portfolios, and the CSI 300 index is selected to test the robustness of the paper. In addition, two common empirical research methods, namely event analysis and multiple linear regression, are used to examine the impact of investors' sentiment generated by DRNs on the stock prices of insurance companies.



REVIEW OF THE LITERATURE


The Insurance Industry and the Investor Sentiment

The insurance industry has always been important for China's economy and society. After 2011, with the gradual regulation of the Internet in the insurance industry, a multi-layered protection system for Internet insurance was slowly realized. In 2015, when the usage of Internet in the insurance industry showed signs of growth, the China Banking and Insurance Regulatory Commission (CIRC) had clarified the responsibilities of the Internet insurance businesses, insurance institutions, self-owned online platforms, and third-party online platforms, and carried out industry further regulation of competition. From the perspective of personal insurance, health insurance and other protection-type insurance have high long-term growth potential. The penetration of Internet health insurance continues to increase, and it mainly relies on third-party channels. In the property insurance space, strict government regulations tend to limit the growth of Internet auto insurance to a certain extent, and auto insurance sales channels show a mobile trend. In the overall insurance industry, the high-quality Internet insurers have gradually become competitive. From the perspective of asset pricing, investors' sentiment is considered a non-systematic risk factor affecting stock prices. There are also many factors that influence investors' sentiment, such as weather conditions, sunshine hours in autumn and winter (6) and international soccer matches. Moreover, a large body of literature suggests that investors' sentiment has a significant impact on the stock market returns (2, 7). Stated that the confidence index has a significant positive impact on the stock market returns in the current period. Baker and Wurgler (2) argued that investors' sentiment has a significant effect on investors' behavior in terms of actual financial market decisions. For example, if an investor holds a pessimistic sentiment at the beginning of a stock investment, the future return of that stock will be higher. Moreover, it is suggested that there is a significant negative relationship between investors' sentiment and stock returns (7). In general, investors' fearful sentiment leads to a negative correlation between the returns of various assets, while a positive sentiment increases the investors' willingness to take risks. Despite the general public's negative sentiment due to the fear of being infected, the combination of public and societal demand to contain infectious diseases and to protect the assets of the insured population may generate significant additional revenue streams for the insurance companies. In response to public health outbreaks, the insurers may take effective measures, such as increasing human research and development expenditures for their insurance portfolio, publicity expenditures, and personnel training expenditures for different types of insurance policies for such diseases. Therefore, this paper focuses on the three major infectious diseases considered by the WHO as Public Health Emergencies of International Concern (PHEIC), namely the severe acute respiratory syndrome (SARS) outbreak in 2003, the Influenza A (H1N1) outbreak in 2009, and the Ebola outbreak in 2014 and 2018.



Media Coverage

Vasterman et al. (5) suggested that the media can make a positive contribution to the prevention of infectious diseases by disseminating scientific methods of prevention and realistic information about the development of such diseases to reduce the overall level of anxiety among the general public about such infectious diseases. This has the effect of reducing public fear and maintaining social stability. However, some scholars have suggested that media may trigger excessive panic and overreaction among the public about the status of infectious diseases, which can directly lead to an imbalance between the actual and perceived risks (5). This overreaction and panic of the population can, to some extent, hinder economic development. For example, people may stay at home for long periods of time to reduce the likelihood of infection and reduce their travel time and access to public transportation, which can directly affect the revenue of the public transportation, food and beverages, and tourism industries and thus have a negative impact on the economy. For example, the SARS outbreak in 2003 cost China approximately 0.5% of its gross domestic product (GDP) (8) and the global economy between $30 billion and $100 billion (9).

To better understand the scale, timing, and importance of information salience of public health emergencies, based on the methodology of indicated that the frequency of news related to the official WHO PHEIC statement increases significantly on the day of the event, and the intensity of the news coverage increases over the following 3 days, reaching a peak. The findings suggest that the absolute number of news announcements remains above average for 6 days after the PHEIC announcement. This indicates, to some extent, that there is a linkage between the official news and media coverage, which has a constant effect on investors' sentiment.

In summary, DRNs may have two conflicting emotional effects simultaneously: the positive effect and the fear effect. For example, documented a negative and significant “war sentiment effect” and a positive and significant “holiday sentiment effect” in the 1973 Arab-Israeli war in Israel. First, the overemphasis of the media coverage on public health emergencies indirectly leads to a panic effect on the public and investors and can even trigger excessive anxiety, depression, and pessimistic selling attitudes among investors. Moreover, this sentiment of extreme anxiety and fear may spread to different sectors and lead to panic selling in the stock market, which, in turn, triggers a sharp decline in stock prices. Therefore, in Hypothesis 1, this study assumes that the investor fear index induced by DRNs may lead to a decline in insurance stock returns.

Hypothesis 1. DRNs may lead to low investor sentiment, which, in turn, negatively affects the returns of the insurance-based equity portfolios.

Second, although DRNs may have a panic effect on the stock market, they may be perceived by some institutional investors as a lucrative investment opportunity for certain interest groups. Some investors believe that the occurrence of public health emergencies reignites the public's concern about the insurance industry, and more households may invest their idle funds in insurance programs from the perspective of risk aversion, which will help improve the profitability of insurance companies. At the same time, to better meet the needs of insurance allocations of families, the insurance companies will further increase the setting of different insurance product portfolios, which will increase their labor costs and investment in research and development (R&D). Continuous investment in R&D costs will generate positive investor sentiment, which, in turn, will increase the demand for insurance stocks and further enhance the overall valuation of insurance portfolios. Therefore, in Hypothesis 2, this study assumes that there is a positive relationship between DRNs and the returns of insurance stock portfolios.

Hypothesis 2. DRNs have a positive impact on the return of the insurance equity portfolios.

Suggested that investors' sentiment is stronger for the small-cap stocks than for the large-cap stocks. Based on this proposed view, the third hypothesis in this study is that investors' sentiment may be stronger for the smaller market capitalization insurance companies than for the larger market capitalization insurance companies. Edmans et al. (10) suggested that the shares of smaller companies are largely held by local investors, who tend to be more influenced by specific events. In addition, as the smaller insurance companies have inherent limitations of cash flows, they prefer to keep costs low to have decent profit margins in response to public health emergencies. Therefore, when it comes to developing their own product portfolio and investments, these companies tend to imbibe a “herding effect” and follow the larger insurance companies. As a result, the investors are likely to pursue the smaller insurance companies because they think that these companies are more flexible in resource allocation, which can help them in generating a higher return for a lesser investment. Therefore, this study proposes hypothesis 3, which states that investors' sentiment driven by DRNs has a greater impact on the prices of insurance stocks of companies with smaller market capitalization than of companies with larger market capitalization.

Hypothesis 3. DRNs have a greater impact on the stock returns of insurance companies with smaller market capitalization compared to insurance companies with larger market capitalization.

In the early stages of a public health emergency, the public usually does not anticipate the development and spread of the event sufficiently, which may lead to underreaction for some investors. However, as news coverage of the event continues to be broadcast and the disease becomes more serious, some investors may overreact. The degree of investor overreaction ultimately depends on the relative significance of the information in the announcements reported by the media. The outbreak of a sudden public health event is bound to be over-interpreted by a significant number of investors, which, in turn, affects the market valuation of the industries related to the event, and the insurance industry is no exception to this general rule. Therefore, even if the insurance industry is not directly related to an event, the media can indirectly create a significant impact on its stock prices through an uninterrupted broadcast of news. Therefore, the following Hypothesis 4 is proposed in this paper.

Hypothesis 4. DRNs have a persistent effect on the return of insurance stock portfolios due to the influence of relevant media reports.




DATA AND RESEARCH METHODOLOGY

This section describes the collection process of DRNs, the construction method of insurance class portfolios, and descriptive statistics. In addition, two commonly used empirical research methods, that is, event analysis and multiple linear regression, are used to verify the impact of DRNs on the insurance class portfolio returns. Due to the wide variety of public health emergencies, this paper only focuses on the major infectious disease categories as data research objects. By considering the data of the past 20 years, the top 10 major infectious diseases are summarized and outlined (as shown in Table 1). Among them, SARS, Influenza A (H1N1), Ebola in West Africa, and Ebola in the Democratic Republic of the Congo (DRC) were declared as PHEIC events by the WHO. The data in this paper cover the entire period considered as a PHEIC event by the WHO, that is, from February 1, 2003 to December 31, 2018. Furthermore, the scope of the data includes the major infectious diseases, that is, SARS, Influenza A (H1N1), and Ebola, covering 153 DRNs (see Appendix 1). In this study, this part of DRNs is studied and analyzed as event days.


Table 1. Global timeline of the top 10 major infectious disease related conditions.
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As shown in Appendix 1, this paper classifies major events into the following categories: WHO statements, WHO outbreak news, approvals, research grants, and announcements. A WHO statement is a document that is obtained directly from the official WHO website and is formally announced by the WHO. It is a statement made to the public in the official capacity of the WHO that communicates all substantive news about the infectious disease in question. For example, on March 12, 2003, the WHO made an official statement and issued a global warning, which was followed immediately by another related health warning from the U.S. Centers for Disease Control and Prevention, illustrating the importance of the WHO statement and the level of attention it received worldwide. Moreover, the WHO recommended isolation and treatment of suspected cases and the establishment of a network of health care workers to assist in the study of the SARS outbreak. As a result, many media outlets use these WHO statements as a basis for disseminating news to the public.

The WHO outbreak news is information obtained from the official WHO website that describes the progress of the infectious disease in question and, to some extent, provides regular updates on the current situation. For example, for the Influenza A (H1N1) outbreak in the United States in April 2009, there were 43 WHO outbreak news articles within a 6-month period; every week, there was an official WHO news report on the outbreak. Moreover, 29 countries were affected by SARS during the outbreak, while the spread of Influenza A (H1N1) was even more alarming, with more than 210 countries involved in official announcements by August 2010, creating a global epidemic situation. The rapid spread of infectious diseases and the regular updates of WHO disease outbreak news are bound to attract the attention of capital market investors, which, in turn, affects investors' sentiment and capital market stock valuations.

In addition to the WHO statement and WHO outbreak news, major events categories include approvals, research funding, and announcements. Approvals relate to the government approvals for the development of new vaccines related to the company. Research funding is the official WHO announcement and grant of policy funding for the development and production of new vaccines, with the date of official funding determined as the date of research funding. Statements are lower-level announcements than WHO statements and include influential statements from relevant government agencies and companies regarding the current status of infectious diseases. All events are obtained through a rigorous online news search, and all relevant DRNs' announcements are categorized, summarized, and listed in Appendix 1.


Portfolio Construction

To better examine the impact of DRNs on the stock prices of insurance companies, this study considers a total of seven insurance companies listed on the Shanghai Stock Exchange, Shenzhen Stock Exchange, and 10 insurance companies listed on the Hong Kong Stock Exchange, as shown in Appendix 2.

All the data are obtained from the Wind database in the classification of insurance in non-banking finance belonging to Shenyin Wanguo.

As the event date is from February 1, 2003 to December 31, 2018, the daily stock returns of 17 insurance listed companies from February 2003 to December 2018 are selected as data samples in this study. Moreover, three portfolios of insurance stocks are constructed in this study. The first one is the equally weighted insurance portfolio (EW), which can assess the overall returns of the insurance companies. In Table 2, this study sorts the 17 insurance stocks in order from the highest to the lowest total market capitalization as of December 31, 2018. Further, it divides these stocks into two types of portfolios according to their market capitalization. The second portfolio is the weighted portfolio of the top 10 insurance stocks by market capitalization (TOP), which shows the weighted market capitalization of the stocks most prominent in the insurance industry. The third portfolio is the weighted portfolio of the remaining seven stocks, which have a comparatively smaller market capitalization (BOTTOM).


Table 2. Breakdown of the total market capitalization of insurance stocks as of December 31, 2018.

[image: Table 2]



Descriptive Statistics

By calculating the daily stock returns for the three types of insurance stock portfolios described above from February 2003 to December 2020, a total of 6,544 observations are generated. Table 3 presents the descriptive statistics for these three types of portfolios. During the sample period, the average return of all three types of portfolios, EW, TOP, and BOTTOM, is negative, and the average return of the BOTTOM portfolio is −0.00885%, which is higher than the average return of the EW and TOP portfolios. The TOP portfolio has the highest variation between the maximum and minimum values, while the EW portfolio has the lowest variation. By comparing the values of the standard deviation, it can be concluded that the TOP portfolio has the highest unsystematic risk (10.98%); however, the BOTTOM portfolio has the lowest standard deviation (6.45%).


Table 3. Descriptive statistics of the three insurance-based stock portfolios.
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Empirical Study
 
Event Analysis Approach

This study first investigates the impact of the average cumulative excess return (CAR) of DRNs on the price of insurance stocks through an event analysis approach. The excess return (AR) is the difference between the actual return of an insurance class stock portfolio and its expected return over the course of the entire event window, and CAR is the accumulation of excess returns over a specified time period. Generally, CAR is considered an important indicator to evaluate the increase in the shareholder value. In this study, the release date of the relevant infectious disease searched by the official news of the WHO and other online platforms is selected as the date of the event. In addition, (−10, 10) is selected as the event window period, that is, 10 days before and 10 days after each DRNs event date. Assuming that there is a stable linear relationship between the individual stock returns and market returns, this study adopts the market model approach, that is, the capital asset pricing model (CAPM), to estimate the expected return of the portfolio. This approach avoids the effects associated with stock market volatility and aims to reduce the spread of prognosis.

Due to the multiple characteristics of infectious diseases, such as rapid spread, wide range, and complexity, there are numerous related news reports in a short period of time, which poses new requirements for this paper in terms of the method of selecting the date of the occurrence of the same type of news event. If all DRNs are considered within the event analysis method, the CAR faces the impact of overlapping event windows. To solve the problem of multiple occurrences of repetitive news reports within a short period of time, this paper now uses the “first event” as the criterion for selecting DRNs, that is, after the first DRN appears, all DRNs appearing within 20 days are ignored, and only the impact of CARs generated by the first event is focused on, and so on until the screening of the entire sample of DRNs is completed. For example, as shown in Figure 1, suppose there are six DRNs occurring on the date. According to the criteria of the “first event” in this paper to filter the occurrence date of DRNs, that is, to select and as the occurrence date of DRNs.


[image: Figure 1]
FIGURE 1. DRNs event selection criteria—“first event” approach.




The Linear Regression Approach

This study follows the existing empirical studies (7, 10) to test the effect of DRNs on the insurance class stock returns. Therefore, the following regression model is constructed in this study:

[image: image]

In equation (1), Rp, t is the daily return of the insurance class stock portfolio p at moment t, β0 is the intercept, Rp, t−1 is the daily return of the insurance class stock portfolio p at moment t-i, Dt is the dummy variable for the number of weeks, Et represents the dependent variable of DRNs, VIXt represents the investor fear index, which reflects the degree of investor pessimism about securities investment, and ξit is the error term.

As most DRNs selected in this study are from the official reports released by the WHO, there are time zone differences in the impact of DRNs on the Chinese stock market. This study assumes that the effect on the Chinese stock market occurs from the date of the release of DRNs. The returns of the previous days of each portfolio are also used as independent variables to ensure the correlation of all series. In addition, dummy variables are used to measure the “Monday effect,” which is common in the stock market. This study draws on the market volatility index proposed by and the S&P 500 Volatility Index (VIX), which measures the volatility of stock market prices. Generally speaking, when the VIX index is below 20, it indicates that the investors are positive and optimistic about the market, and the market performance will be relatively stable; when the VIX index is above 20, it indicates that the investors are divided about the current market scenario, which will cause significant market volatility to some extent. When the VIX index is below 15, it indicates that the investors are extremely optimistic about the market, and the market may appear irrationally positive. But when the VIX index is above 40, it means that the investors are extremely pessimistic about the market, and the market may appear to be in the grip of irrational panic, causing it to fall sharply.





EMPIRICAL RESULTS AND DISCUSSION


Event Study Methodology

Figures 2–4 depict the CARs of the different insurance portfolios based on the “first event” criteria for the pre- and post-event DRNs, respectively. First, the CARs of the three insurance portfolios remain negative throughout the window, indicating that the actual returns of the insurance portfolios are much lower than the expected returns, which also provides new trading strategies for different types of investors. Second, the returns of both EW and BOTTOM stock portfolios increase incrementally on the day of the DRNs event, and this persistent increase remains unchanged for 10 days afterward, which confirms the validity of Hypothesis 4 that DRNs have a persistent effect on insurance stock portfolio returns. Third, comparing Figures 3, 4, we can see that the CAR of the BOTTOM insurance portfolio is much higher than that of the TOP portfolio after the DRNs event date, mainly because the investors, who hold small-cap insurance stocks have a more positive sentiment, which drives the stock returns higher, proving the validity of Hypothesis 3. Overall, the event analysis method shows that DRNs have a persistent effect on the insurance stock returns and more positive investor sentiment for smaller-capitalization insurance stocks. However, due to a significant time horizon and subjective criteria for classifying DRNs, only 42 DRNs are selected to represent the impact of 153 DRNs on the insurance portfolio returns based on the “first event” criterion. Therefore, the results of the event analysis method are much weaker than those of the linear regression method.
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FIGURE 2. EW insurance equity portfolio cumulative excess return line chart.
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FIGURE 3. Cumulative excess return of the TOP insurance equity portfolio on a line chart.



[image: Figure 4]
FIGURE 4. BOTTOM insurance equity portfolio cumulative excess return line chart.




Linear Regression Method

Table 4 shows the regression results based on all DRNs on the stock returns of insurance companies. As shown in Table 4, the linear regression results for all three portfolios show a significant negative impact of the investor fear index (VIX), that is, there is a negative relationship between the investor fear index and insurance class stock returns, which verifies the validity of Hypothesis 1. This finding is consistent with the conclusion reached by, who stated that the investor fear index caused by the 1973 Arab-Israeli war had a negative impact on the stock market returns of the Tel Aviv Stock Exchange.


Table 4. Linear regression results based on all DRNs.
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Second, as shown in Table 4, the coefficients of DRNs fluctuate from 0.1508 to 0.2653, and the p-values are all significant at the 5% level, indicating that all DRNs have a significant positive impact on the insurance equity portfolio, while verifying the correctness of Hypothesis 2. In the short term, the outbreak of such a contagion will have a certain degree of impact on the expansion of new policies in the life and property insurance industry and casualty insurance industry due to the restriction of offline marketing activities of the insurance agents, which, in turn, will limit the growth in new policy premium, thereby resulting in lesser growth in the insurance industry compared to the investors' expectations. However, in the medium to long term, the outbreak of such infectious diseases will once again stimulate the general public's awareness of insurance, especially health insurance, and increase the demand for insurance, which will have a positive effect on the development of health insurance. At the same time, it provides opportunities for the insurance companies to develop new types of protection products in response to the outbreak of infectious diseases, as well as, new growth points for their online business. In addition, on the basis of adjustable rates for the demand of long-term medical insurance, the government will further provide support for the innovation of new medical and health insurance products and develop a more flexible health insurance product portfolio. The outbreak of such infectious diseases may be seen as a new round of potential development opportunities in insurance development, along with an increase in the manpower-related costs and R&D investments of the insurers and government support. Thus, while the outbreaks of infectious diseases may have a non-negligible cost for national economies, DRNs can generate an optimistic and positive sentiment effect among investors and, in turn, influence the stock prices in the capital markets.

Third, although the insurance equity portfolio returns have been at negative return levels for a long time, they have shown an upward trend since the outbreak of the contagion. As shown in Table 4, the insurance portfolios with smaller market capitalization (BOTTOM) have higher investment returns than the portfolios with larger market capitalization. Moreover, as the coefficient of the investor fear index ranges from −0.0635 (TOP) to −0.1005 (BOTTOM), it indicates that investors' sentiment is stronger for the insurance companies with smaller market capitalization, but weaker for the insurance companies with larger market capitalization. This finding supports Hypothesis 3 that the returns of the insurance stock portfolios with smaller market capitalization are more strongly influenced by investors' sentiment than those with larger market capitalization, which is also consistent with and Edmans et al. (10).

Fourth, to test Hypothesis 4, this study uses six lagged returns of DRNs to capture the long-holding impact of DRNs on the insurance stock portfolios. Based on the previous findings of, 6 days after the PHEIC event, the number of media articles is still higher than the average number of media articles. In addition, noted that the announcements would typically make headlines a few days after the event. As the increase in the number of media articles will continue to inject a large amount of information into the capital market, this study assumes that investor optimism and positive investor sentiment will continue for six more days. As shown in Table 5, the coefficients of DRNs range from 0.4293 to 0.6871.


Table 5. Linear regression results based on all DRNs.
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The coefficients of DRNs are significant at the 1% level, and the duration of positive investor sentiment is stronger for the insurance companies with smaller market capitalization, while the effect of positive investor sentiment is weaker for the insurance companies with larger market capitalization. Therefore, DRNs have a persistent effect on the return of the insurance stock class portfolio, and this finding verifies the validity of Hypothesis 4.

Finally, we verify the results of this study through robustness tests. First, the CSI 300 index is added as the fourth portfolio category to verify the findings of this study. As a cross-market index reflecting the overall trend of the Shanghai and Shenzhen markets, the CSI 300 index can better reflect the capital market conditions and evaluate the investment performance of companies, which is of great significance for studying the impact of investors' sentiment on the capital market through DRNs. Second, this study selects some DRNs instead of all DRNs to conduct multiple linear regressions on insurance stock portfolios. Finally, we re-run the regression model by changing the lag order in Equation 1. As shown in Table 6, through robustness testing, this study verifies the above four hypotheses and finds that investors' sentiment induced by DRNs has a negative impact not only on the insurance industry but also on the insurance stock portfolios. Further, it concludes that investors' sentiment may have a certain degree of impact on the valuation of the whole capital market, even at the global level.


Table 6. Linear regression results based on all DRNs.
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CONCLUSION

Based on the theory of behavioral finance, numerous studies have shown that the occurrence of specific events, such as war, disease, terrorism, and international sports competitions, inevitably has a significant impact on investors' sentiment. Therefore, this study tests the importance of investors' sentiment in the capital markets by examining the effect of DRNs on the stock prices of insurance portfolios. It is found that DRNs have a positive and significant impact on insurance class stock portfolios with persistent effects from February 2003 to December 2018, and this persistence is associated with the influx of media messages related to the category of DRNs into the market. In addition, the negative correlation between the fear index and insurance portfolio returns suggests that the influx of news about DRNs into the capital market causes some psychological pressure on investors and may generate negative investor sentiment and panic selling, which will directly lead to diminishing insurance portfolio returns. Moreover, the impact of DRNs on the smaller companies is greater than that on the larger companies in terms of market capitalization.

In general, DRNs can trigger both positive and pessimistic investor sentiment, which, in turn, can get combined in the capital market. Therefore, the findings of this study will support investors, especially institutional investors, fund managers, and financial analysts, in objectively viewing stock pricing and making proper investment decisions. The findings also show that in the context of DRNs, the insurance companies need to properly analyze their own business fundamentals and the strengths and weaknesses of their products to develop a product portfolio that suits the market demand.
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The COVID-19 pandemic has caused great shocks on economic activities and carbon emissions. This paper aims to monitor the CO2 emission trajectory in China before and after the pandemic outbreak, and analyze the emission reduction effects by ETS and its market performances, which are important determinants underlying the trajectory and key drivers for emission reductions. We firstly find out a rather consistent trajectory of CO2 emissions in pre- and post-pandemic China over a 2-year time horizon, using the near-real-time datasets of daily CO2 emissions by Carbon Monitor and applying the Cox-Stuart trend test and mean equality test. We then examine the emission reduction effects by China's carbon ETS and its pilot market performances, using the methodologies of DID and PSM-DID as well as pre-pandemic region-level emission datasets by CEADs. Furthermore, it's found that the ETS pilot markets, which are immature with defects, have been performing more vulnerably in terms of liquidity and transaction continuity under pandemic shocks, thus undermining the emission reduction effects by ETS. These findings are providing insights into further mechanism design of the carbon ETS to the end of steady emission reductions even under shocks for post-pandemic China. It's of particular importance now that the nationwide market has been launched and needs to be enhanced based on lessons learned.

Keywords: COVID-19 pandemic, CO2 emission reduction, emission trading scheme (ETS), pilot market performances, propensity-score-matching difference-in-differences (PSM-DID)


INTRODUCTION

The COVID-19 pandemic has caused tremendous losses of human lives and wellbeing ever since its first outburst at the beginning of 2020. Enforced lockdowns and voluntary cut-down in inessential activities led to huge reductions in energy consumption and recession of the global economy. Anthropic greenhouse gas emissions dropped drastically all over the world (1–3). In China where the virus was first spotted and contained with strong measures, CO2 emissions fell sharply by more than −10% in 2020Q1 over 2019Q1 (4–6). In this first wave of the pandemic, daily global CO2 emissions decreased by −17% on average by early April 2020 compared with the mean in 2019, equivalent to levels last seen in 2006. At the peak, daily emission reductions in individual countries averaged to −26%. Median of the estimates from a number of studies show that global emissions fell by −7% in 2020 compared to 2019, including reductions by −12% in the US, −11% in the EU, −9% in India, and −1.7% in China. The year 2020 witnessed the largest absolute annual decline in CO2 emissions ever recorded, as well as the largest relative fall since World War II (7–10).

This decline in emissions seemed to be temporary though, as mostly due to reduced economic activities and energy use during lockdowns. Le Quéré (10) devised a confinement index on a scale of 0 to 3 to quantify the levels of restrictions to normal activities during the pandemic, and estimated its effects on CO2 emissions for six sectors of the economy. Their analysis, covering 85% of the world population and 97% of global CO2 emissions, found that confinement had been significantly determining the reduction in emissions for January through April 2020. This strong correlation between containment and emission reductions would herald a resurgence of emissions all over the world when containment gets relaxed (11). Emissions are expected to return to their normal trajectory and even make things worse, unless more profound changes are induced toward a cleaner energy structure and less carbon-intensive economic system (12).

Take China for instance. As the crisis unfolded since December 2019, the Chinese government has implemented forceful containment measures, including shutting down factories, schools and cities. The economy was shocked heavily in late January 2020, and CO2 emissions fell sharply by −25% over a 4-week period commencing 3 February 2020 after the lunar new-year break, compared with usual levels (13). Estimates of China's daily CO2 emissions further revealed that the monthly variations between 2020 and 2019 were −18.4 and −9.2% in February and March, respectively (14). Then as China slowly emerged from the first wave, work and production resumed, energy use resurged, and emissions began to return to normal. By late March when lockdowns gradually lessened, the pandemic effects on emissions had begun to diminish. Monthly variations between 2020 and 2019 turned out to be +0.6% in April and +5.4% in May, indicating that CO2 emissions have returned to and even bounced higher than their pre-pandemic levels. Similar findings have been reported by several studies (15, 16).

As after previous financial crises, there are chances that governments' stimulus in response to the disruption generate a retaliatory rebound in emissions. It was predicted that global CO2 emissions could exceed the pre-crisis levels over a 2-year horizon commencing 2020Q1, even if another wave of pandemic was to occur within a year. The bouncing trend has been observed even in countries renewing containment measures due to pandemic rebounds (17–21). In this very likely event of emission resurgence worldwide, prospects of meeting the objectives of global warming control to 1.5–2°C above pre-industrial levels under the Paris Agreement could seem worsened. Thus, apart from observing the short-run decline and rebound, it is high time to probe further into the pandemic impacts on carbon emissions and their drivers underlying. Whether the pandemic is changing the emission trajectory and the main driving forces for emission reductions are key questions in concern.

This paper aims to monitor the CO2 emission trajectory in China before and after the pandemic, and analyze the emission reduction effects by ETS and its market performances, which are important determinants underlying the emission trajectory and key drivers for emission reductions. We firstly examine the pre- and post-pandemic trajectory of CO2 emissions in China over a 2-year time horizon, using the daily CO2 emission datasets by Carbon Monitor and applying the Cox-Stuart trend test and mean equality test. We then look into the emission reduction effects by China's carbon ETS, using the methodology of PSM-DID and pre-pandemic region-level emission datasets by CEADs. Considering the ETS is market-based and pilot markets have been experiencing shocks from the pandemic, we further study the emission reduction effects by pilot markets, which are immature with ever-existing defects and have been performing more vulnerably in terms of liquidity and transaction continuity under pandemic shocks than normal times. These findings are providing insights into the emission reductions by ETS and its market performances with further mechanism design for post-pandemic China.



PRE- AND POST-PANDEMIC EMISSION TRAJECTORY IN CHINA


Data and Descriptive Statistics

We use the near-real-time sector-specific region-level estimates of daily CO2 emissions based on activity data by Carbon Monitor. The dataset covers emissions from fossil fuel use and industry including process emissions from cement production. Figure 1 illustrates the daily CO2 emissions in China over 2 years commencing 1 January 2019. Despite of severe shocks in the short run, the trajectory of emissions was consistent before, during and after the pandemic outbreak over the 2-year time horizon.


[image: Figure 1]
FIGURE 1. China's daily CO2 emissions in 2019 and 2020, based on datasets by Carbon Monitor covering emissions from sectors of power, industry and cement production, ground transport, aviation, international shipping, residential, and commercial buildings. The dark-shaded area illustrates the lunar new-year break, while the light-shaded area illustrates the lockdown of Wuhan City, quite a representative of the first wave of the pandemic in China.


The COVID-19 was first sporadically spotted in late December of 2019 and soon evolved into an unprecedented nationwide pandemic by late January 2020, represented by the lockdown of Wuhan City on 23 January 2020 which lasted for 76 days. The Chinese government immediately imposed forceful containment measures, including calling off economic and social activities especially during the lunar new-year break from 24 January till 2 February 2020. Normally CO2 emissions stay low with the economy during the lunar new-year break, the year 2020 was without exception, only to see a drop more acute and lasting than pre-pandemic times. Average daily emissions declined by −3.98% during the lunar new-year break in 2020 compared with the break in 2019. The economy was shocked severely in 2020Q1, and CO2 emissions didn't recover after the break as usual. Compared to pre-pandemic 2019 when daily emissions bounced back to pre-break levels only 4 days after the beginning of the break, daily emissions during the break in 2020 returned to pre-break levels until 38 days later. The changes in CO2 emissions before and during the first wave of the pandemic were apparent.

The emission trajectory turned out to be quite stable though. Fluctuations in daily emissions before and after the pandemic outbreak were roughly synchronous over a longer time horizon. With the rapid economic recovery, the short-run impacts on emissions had diminished by the end of March, and daily emissions have returned to their normal trajectory ever since. Table 1 gives the descriptive statistics of China's daily CO2 emissions during same periods between 2019 and 2020. The mean and median (P50) of daily emissions are not much different in specific periods of 2020 compared to 2019. The standard deviation (SD) and coefficient of variation (CV) from January to August 2020 compared to the same period in 2019 indicate changes related to the pandemic. However, such changes began to diminish since September, and have almost vanished throughout the rest of 2020, with the SD and CV being quite close to the levels in 2019.


Table 1. Descriptive statistics of China's daily CO2 emissions in 2019 and 2020.
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Cox-Stuart Trend Test

We apply two diagnostic tests to verify the consistency in the trajectory of China's daily CO2 emissions before and after the pandemic. We firstly use the Cox-Stuart trend test (22, 23) for the following two sets of hypotheses.

(HypothesisTesting1)

H0: no downward trend in data

H1: downward trend in data

(HypothesisTesting2)

H0: no upward trend in data

H1: upward trend in data

Let X denote a data set with size n, namely X = {x1, x2, …, xn}. Take xi and xi+c to form a pair of data (xi, xi+c), i = 1, 2, …. When n is an even number, c groups of data pair are generated; otherwise, c-1 groups of data pair are generated, where

[image: image]

Let Di = xi − xi+c. S+ and S− are the numbers of positive or negative number of Di, respectively. K is the test statistic, and α is the nominal significance level. Further, when verifying HypothesisTesting1, then K = S−; when verifying HypothesisTesting2, then K = S+.It is easy to prove that if the H0 in the above hypothesis testing problems is true, then K follows the binomial distribution b(m, 0.5), where m = S++S−. Finally, when considering HypothesisTesting1, then p = Pr(S− ≤ s−); when considering HypothesisTesting2, then p = Pr(S+ ≤ s+), where s+and s−, respectively, represents the observed values of S+ and S−. If p < α, then we reject H0 at the nominal significance level α.

Table 2 gives the results of Cox-Stuart trend test for four specific periods between 2019 and 2020. For January and September, there seemed to be a downward trend in daily CO2 emissions as illustrated in Figure 1, and we hereby consider HypothesisTesting1. Results show that the p-values of the Cox-Stuart trend tests in January 2019 and 2020 are equal (namely, 3.05e-05), and H0 is rejected at the nominal significance level of 5%. Daily emissions in January 2020 and 2019 were both showing the downward trend, and so were emissions in September 2019 and 2020.


Table 2. Cox-Stuart trend test.
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For February through August, and for October through December, daily CO2 emissions seemed to be on the rise on the whole, and we consider HypothesisTesting2. The p-values for February through August in 2019 and 2020 are 6.26e-07 and 1.31e-24, respectively, and H0 is rejected at the nominal significance level of 5%. Daily emissions from February to August in 2020 and 2019 were both showing the upward trend. Similar results are observed for the periods from October to December in 2019 and 2020.



Mean Equality Test

Based on the Cox-Stuart trend test indicating downward or upward trends of daily CO2 emissions in certain periods between 2019 and 2020, we further apply the mean equality test to verify the consistency between trends with the same direction. Calculate the monthly mean variations in emissions as sums of daily variations divided by the numbers of days within a month, and Figure 2 shows the contours of monthly mean variations between 2019 and 2020. We then conduct the equality test to examine whether the two contours are overlaps. With the p-value being 0.81, the null hypothesis (H0: two contours are overlaps) was not rejected. This mean equality test combined with the Cox-Stuart test verifies that daily emissions in the same periods between 2019 and 2020 shared the same downward or upward trends with variations statistically indifferent from each other.


[image: Figure 2]
FIGURE 2. Monthly mean variations in CO2 emissions between 2019 and 2020.


For the time being, we find no signs of significant changes in the trajectory of China's daily CO2 emissions, even though there were abrupt shocks in the first wave of the pandemic. This finding is based on near-real-time estimates of pre- and post-pandemic emissions from fossil fuel use and industry using the same methodology by Liu et al. (4, 14). In other words, when measured on the same scale, CO2 emissions in China before and after the pandemic were following a consistent trajectory over a 2-year time horizon. Even so, it's necessary to look further into the pandemic impacts on forces underlying the emission trajectory and driving for emission reductions, before we can get a clearer picture about the pandemic impacts on CO2 emissions.




PRE-PANDEMIC EMISSION REDUCTION EFFECTS BY ETS

Amongst the driving forces of carbon emissions and their reductions (24–27), the emission trading scheme (ETS) has been regarded as of particular importance. As a market-based environmental regulation mechanism, carbon ETS works on firms' incentives and behavior in emission abatement, including cleaner technology innovation and application, through prices of emission permits or allowances tradable on the market. Being a key driver for emission reductions, ETS's reduction effects have been empirically analyzed with a variety of methodologies (28–31). In this section we apply the methodologies of propensity-score-matching (PSM) and difference-in-differences (DID) to examine the reduction effects of China's carbon ETS based on pre-pandemic data. The results will hopefully provide us with insights into the emission reductions effects by this key driver for post-pandemic China, which are discussed in the next section.


PSM-DID Methodology
 
Baseline Model

China's carbon ETS pilots have been running several compliance cycles since their successive launch from 2013 to 2016 in eight municipalities and provinces of Shanghai, Beijing, Tianjin, Chongqing, Guangdong (with Shenzhen included herein), Hubei, and Fujian. Although a nationwide ETS covering the power generation industry was introduced in 2017 and began its the first compliance cycle starting from 2021, the region-specific pilots with a broader coverage of sectors and enterprises are still going to play important roles in China's ETS. We take these pilot regions as treatment and the other provinces in mainland China (except for Tibet due to missing data) as control, and use the DID model as in Equation (1) to study the effects on CO2 emissions by ETS policies.

[image: image]

where ln (emissionit) denotes the log of CO2 emissions for region i in year t. DIDit is the interaction term of piloti × postit. piloti is the group dummy, piloti = 1 if i ∈ treatment and piloti = 0 if otherwise. postit is the time dummy, postit = 1, if t = 2013 for Beijing, Tianjin, Shanghai, and Guangdong, if t = 2014 for Chongqing and Hubei, if t = 2016 for Fujian; and postit = 0 if otherwise. Then, the coefficient β1 of piloti × postit indicates the average change in the log of CO2 emissions in pilot regions relative to that in non-pilot regions post policy implementation. provincei denotes the region-fixed effects on CO2 emissions from unobserved region-specific time-invariant determinants, while yeart denotes the time-fixed effects.

A set of control variables denoted by controlit captures the main determinants of CO2 emissions.

ln(realGDPpc) and ln(popden), respectively, denote the log of real GDP per capita calculated at prices in 2005 and population density, controlling impacts on emissions related to the economic scale and population agglomeration.

indshare and coalshare denote the proportions of added value from the secondary industry to GDP, and coal consumption to total energy consumption, respectively, representing the structure of the economic and energy system.

Energy consumption intensity denoted by ecintensity, calculated as consumption of standard coal equivalent per unit of real GDP, could be regarded as a proxy for technology advancement related to energy conservation and emission reduction.

urbanshare, eximshare, rdshare, and indpoinvestshare denote the proportions of urban population to total population, trade value to GDP, industrial enterprises' expenditures on R&D to GDP, and investment completed in the treatment of industrial pollution to GDP, respectively, controlling impacts on emissions related to urbanization, trade, technology innovation and environmental regulation.



Descriptive Statistics

We use the region-level CO2 emission inventories in China by CEADs, and datasets on regional economy, energy use, and environment by NBS. See Section Data Availability Statement for details. Table 3 summarizes the descriptive statistics of variables across treatment and control groups from 2005 to 2019. On average, the absolute magnitude of CO2 emissions in pilot regions is lower than that in non-pilot regions by almost 20%. It's reasonable with the mean of indshare, coalshare, and ecintensity being smaller and the mean of rdshare being greater in pilot regions, indicating positive effects in reducing CO2 emissions in an economic structure featured by less-intensive fossil fuel use and greater investment on technology innovation, which more than offset the emissions from a larger scale of economic output, population agglomeration and urbanization.


Table 3. Descriptive statistics of variables by group.
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Propensity Score Matching

The DID estimates indicate the emission reduction effects induced by ETS, with the control group providing effective counterfactual changes to emissions of the pilot regions. It's important to identify parallel trends in emissions across treatment and control groups over time, before we attribute variability across groups to the effects induced by ETS policies rather than pre-existing time trends. Since the ETS pilots were not randomly selected, it might not be appropriate if we take all non-pilot regions as control. For this concern, we use the Probit model as in Equation (2) to calculate propensity scores and match pilot regions to non-pilot regions that have similar characteristics in covariates of CO2 emissions. Table 4 gives the results.

[image: image]


Table 4. Probit regression.
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Then, we match pilot and non-pilot regions year by year, using the estimated propensity scores and a most-commonly-used matching algorithm, the k-nearest neighbor matching (NNM) within radius, with k=2 and [image: image], where [image: image] denotes the SD of estimated propensity scores. Table 5 reports the differences in the mean values of variables across treatment and control groups after matching. For all variables used in this study, mean values across groups are much more balanced after matching. Results of t-test further show that for most variables the mean values across groups are insignificantly different, suggesting the validity of matching.


Table 5. Mean of variables before and after PSM (2-NNM within radius of 0.174).
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PSM-DID Results of Average Treatment Effects

Columns (3)–(8) in Table 6 give the PSM-DID results using NNM within radius of [image: image]. For reference, we also report the DID baseline regression results as in Columns (1)–(2). The coefficients of pilot × post under various regression scenarios are all statistically significant and negative, indicating significant effects in reducing emissions by ETS in pilot regions. Moreover, the PSM-DID coefficients (ranging from −0.04 to −0.09) are smaller in magnitude than DID coefficients (−0.13, approximately), indicating that the emission reduction effects by ETS could have been exaggerated if we simply applied the DID methodology without caution. With more reliable estimates after PSM, we calculate the average treatment effects on the absolute magnitude of CO2 emissions in pilot regions post ETS implementation, relative to control groups of non-pilot regions (pre- or post-ETS) and pilot regions pre-ETS. Measured with different sizes of matched samples using the same matching algorithm, CO2 emissions in pilot regions post ETS are reduced by 4–8.6%.


Table 6. PSM-DID results.
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Robustness Checks
 
Parallel Trend Test

We apply two diagnostic tests for parallel trend across treatment and control groups. Firstly, we calculate the average ln(emission) within each group year by year from 2005 to 2019. Figure 3 shows similar upward trends in emissions over time across pilot and non-pilot regions before 2013, indicating that those regions would have similar trends after 2013 if there weren't any ETS policies.


[image: Figure 3]
FIGURE 3. Year-to-year average of ln(emission) within groups before and after ETS.


To further verify parallel trend, we follow the methods by Chen et al. (32) and estimate the model as in Equation (3).

[image: image]

where [image: image] is a dummy denoting k-year(s) before ETS implementation with k = 1, 2, …, 11 covering the years from 2005 to 2015. Then, if the coefficient βk of [image: image] is statistically insignificant, we consider pilot and non-pilot regions as having parallel trend before policy implementation.

Table 7 gives the results estimated from the sample after PSM using the algorithm of 2-NNM within radius of [image: image]. The estimated coefficients of [image: image] (k = 1, 2, …, 11) are all statistically insignificant, or statistically not different from 0. This finding verifies that the assumption of parallel trend is not violated, and estimates using the PSM-DID methodology capture the emission reduction effects by ETS.


Table 7. Parallel trend test.
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Placebo Test

We conduct a placebo test to further check robustness of our estimation results. Based on Monte Carlo simulation, regions and years are randomly selected to generate a virtual treatment group for 1,000 times. With these random permutations, we then use the DID regression to estimate β1 as in Equation (1). Figure 4 shows the kernel density of coefficients estimated from counterfactual treatment groups. The estimates from the real treatment group (as reported in Table 6) fall at the tail of the distribution, indicating significant differences in estimates from real and virtual treatment groups. Hence, we exclude the placebo effect and consider the estimates of emission reduction effects by ETS as valid.


[image: Figure 4]
FIGURE 4. Kernel density of estimated DID coefficients in 1,000 random permutations based on Monte Carlo simulation.






FURTHER CHECKS ON PILOT MARKET PERFORMANCES AND POST-PANDEMIC IMPLICATONS


Reduction Effects by Pilot Market Performances

Since the ETS is a market-based mechanism for emission reduction, the reduction effects are bound to vary with the performances of pilot markets [See (33) for a recent review]. To capture the pandemic shocks on emission trading markets and their implications for post-pandemic emission reductions, we hereby estimate as in Equation (4) the emission reduction effects by pilot market performances regarding the trading price, liquidity and transaction continuity.

[image: image]

where performanceit is a set of variables capturing the characteristics of transactions on pilot markets if i ∈ treatment, and takes the value of 0 if otherwise indicating no market performances whatsoever in non-pilot regions. Following Liu et al. (33) and Cui et al. (34), the set includes the log of yearly average trading prices and volumes of emission allowances, denoted as ln (priceit) and ln (volumeit), respectively. Considering that a market with greater trading volumes tends to be more active and maintains prospects for assets to be more easily exchanged, we use ln (volumeit) to capture the liquidity of pilot markets (35, 36). To represent transaction continuity, we use the counts of continuous trading days and their proportions to total trading days within a year, denoted as continuitycountsit and continuitypropit, respectively.

Table 8 reports the effects on CO2 emissions by pilot market performances, estimated from the datasets as used in the previous section and datasets of emission allowance transactions on various pilot exchanges. In accordance with literature, we find statistically negative coefficient of DID × ln(price) as in Column (1), indicating the pilot markets are working in emission reductions through the fundamental signals of carbon prices, which reflect marginal abatement costs and provide incentives for emission reductions. Still, to increase the odds of trading prices efficiently reflecting marginal abatement costs, we rely on a moderate liquidity with reasonable trading volumes on pilot markets. As Column (2) reports, the coefficient of DID × ln (volume) is also statistically negative, indicating the emission trade in pilot regions is working in emission reductions through liquidity of carbon assets. Furthermore, we find statistically negative coefficients of DID × continuitycounts and DID × continuityprop. As the proportion of continuous trading days to total trading days within a year increases by 1 unit on pilot markets post implementation of ETS, the log of CO2 emissions are estimated to reduce by 0.167%. Apart from the trading prices and liquidity, the continuity of transactions on pilot markets is another important determinant for emission reductions. These findings are of particular importance for us to better understand the post-pandemic emission reductions by ETS.


Table 8. Effects by pilot market performances.
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Implications for Post-pandemic Emission Reductions by ETS

As important determinants for emission reduction effects by ETS, pilot market performances, especially in terms of liquidity and transaction continuity, have been experiencing severe shocks during the pandemic.

Take the pilots of Shanghai and Beijing for instance. Figure 5 shows that the trading volumes for most months in 2020 were lower than the monthly volumes in pre-pandemic 2018 and 2019 on both pilot markets. A total amount of 2.14 million tons of emission allowances were traded on the Shanghai Exchange in 2020, a fall by −20.78% compared to 2019. During the first wave of the pandemic, the trading volume shrank especially dramatically, falling by −78.3% in 2020Q1 compared to 2019Q1. The Beijing Exchange experienced a very similar decrease in trading volumes, by −63.38% throughout 2020 compared to 2019.


[image: Figure 5]
FIGURE 5. Monthly trading volume and continuity in 2018–2020.


Transactions even halted for months on some markets in 2020. Take the pilot of Fujian for instance. There were no transactions at all for the first 6 months, compared to a total trading volume of 3.34 million tons for the same period in 2019. This transaction halt lasted for 187 days until July 2020 with a rather small trading volume of 3,748 tons, almost 98.25% less compared to the same period in 2019. Throughout 2020, total trading intervals without transactions amounted to 302 days on the Fujian Exchange.

The pilot markets suffered from great shocks during the pandemic, including markedly decreasing trading volumes and long-lasting transaction halts. Considering the negative coefficients of liquidity and continuity as in Table 8, neither shrinking volume nor discontinuity on pilot markets is a good sign for emission reductions, which could otherwise have been realized or augmented through better performances of ETS.

If regarded as a natural experiment, the pandemic, or indeed any crisis whatsoever, is intensely exposing the ever-existing defects of China's carbon ETS and its pilot markets. Low liquidity with trading volume usually concentrated right before compliance deadlines, few and non-diverse participants and their lack of incentives in emission trading, and regulated firms' tendency to reserve emission allowances for upcoming stricter policies rather than trading, as well as regional barriers among exchanges due to differential regulation and technical methods, have contribute to the weak market performances. When shocked by the pandemic, the markets would only perform even more vulnerably. Consequently, the ETS, as a key driver for emission reductions, might just end up with limited reduction effects. Unless handled properly with careful and effective mechanism design, the defects and immaturity of ETS markets would continuously undermine the emission reduction efforts in post-pandemic China.




CONCLUSIONS

There have been shocks on the economic activities and carbon emissions all around the world since the outbreak of the pandemic. They could be only temporary, though, if there are no fundamental changes in the emission trajectory and its determinants by reason of the pandemic. To examine the CO2 emission trajectory for pre- and post-pandemic China, we use the near-real-time datasets of daily CO2 emissions by Carbon Monitor, and apply the Cox-Stuart trend test and mean equality test. A fairly consistent trajectory is observed over a 2-year time horizon before and after the pandemic outbreak, despite abrupt shocks in the first wave. Although for the time being we find no signs of significant changes in the emission trajectory, we believe it's necessary to further investigate the pandemic impacts on key forces underlying the trajectory and driving for emission reductions.

Amongst these drivers, particular importance has been attached to the market-based ETS. China's carbon ETS, however, has been working mostly through the eight pilot markets, which are immature and bound to undergo shocks during the pandemic. The effects on CO2 emissions by China's carbon ETS and its pilot market performances still need to be examined, especially when under pandemic shocks. To this end, we firstly estimate the reduction effects by ETS for pre-pandemic China, and then check on the pandemic impacts on pilot market performances with implications for emission reductions in post-pandemic China.

Using the methodology of PSM-DID and pre-pandemic region-level CO2 emission datasets by CEADs, we find statistically significant emission reduction effects by China's carbon ETS. Estimated with different sizes of matched samples using the algorithm of k-NNM within radius, CO2 emissions in pilot regions post the implementation of ETS are significantly reduced, with the average treatment effects ranging from 4–8.6%. For robustness checks, we apply two diagnostic tests for parallel trend across treatment and control groups, as well as a placebo test with 1,000 random permutations based on Monte Carlo simulation.

We also find statistically significant emission reduction effects by pilot market performances regarding the trading price, liquidity, and transaction continuity. The pilot markets are working in emission reductions through the fundamental signals of carbon prices, as well as the liquidity and continuous transactions of emission allowances. The pilot markets, however, have been experiencing great pandemic shocks. With markedly decreasing trading volumes and long-lasting transaction halts, the pilot markets have been performing more weakly and vulnerably under pandemic shocks compared to usual times. Consequently, the emission reduction effects by ETS during and after the pandemic could just end up undermined. Rather than being the root for such performance deterioration, however, the pandemic shocks are more like catalyzer, exposing the ever-existing defects on immature pilot markets intensely and aggravating the limited emission reductions by ETS.

If regarded as a natural experiment, just as previous crisis were, the pandemic might as well provide some lessons on the mechanism design of the carbon ETS for post-pandemic China. It's critical to ensure and maintain the market liquidity and transaction continuity, so as for the market-based ETS to fully realize its emission reduction effects. More efforts need to be devoted to increasing the trade varieties and introducing more and diverse participants into the markets. Encourage firms to get more involved in emission trading by the price discovery function of trading prices as they reflect the marginal abatement costs and provide incentives for emission trading, rather than just requiring them to meet control goals by compliances deadlines. Now that based on pilot operations, the nationwide market has entered into its first compliance cycle and started to play an increasingly core role in the carbon ETS, it's of particular value that we learn the lessons and improve the mechanism design of the national ETS for post-pandemic China. There are still a lot to be explored, especially regarding the desired properties of heterogeneous emission trading markets to the end of steadily reducing emissions even under shocks. We're to further our research, and expect to be in a better position to study with future access to more detailed datasets of CO2 emissions at all levels covering a longer time horizon.
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The rapid spread of COVID-19 worldwide makes an uncertain impact on the development of digital finance in China. In this background, the measurement of digital financial risk and analysis of influence factor become the focus of the financial field. Therefore, this article builds the indicator system of digital financial risk and uses the Lagrange multiplier method to obtain the optimal comprehensive weight of AHP and entropy weight. Then, this article measures the digital financial risk indexes of China's major regions with high-level economic development from 2013 to 2020. Furthermore, the maximum likelihood estimates of the unknown parameters of skew-normal panel data model are obtained based on the EM algorithm, and the comparative study of the normal and skew-normal panel data models is conducted under AIC and BIC. Finally, based on the result of the model, the influence factors of digital financial risk of China's economically developed regions under COVID-19 are analyzed to provide data support for the prevention and governance of digital financial risk.

Keywords: COVID-19, digital financial risk, AHP, entropy weight, skew-normal panel data model, EM algorithm


INTRODUCTION

With the outbreak of COVID-19, although China has taken various prevention and control measures to contain its spread, the development of finance is still affected to varying degrees, and digital finance is especially influenced, which may cause systemic digital financial risk. In this background, it is of great academic value and practical significance to measure the digital financial risk statistically and construct the statistical model to explore the influence factors of the risk.

At present, many scholars have studied digital financial risk from the aspects of business, indicator, and measurement. For example, Fang et al. (1) used the accelerator and feedback mechanisms of traditional financial systemic risk to analyze fintech systemic risk from the aspects of business and technology. Wu (2) and Wei (3) analyzed the risk of digital inclusive finance from the perspective of combining digital technology and inclusive finance and explored the regulatory problem brought by digital inclusive finance. Further, Zhang and Zhang (4) and Ma and Li (5), respectively, constructed an internet financial risk evaluation index system from five different dimensions and used the analytic hierarchy process (AHP) to measure internet financial risk. Lv (6) established the risk index system of online loan platforms and applied R-type cluster analysis to reduce the dimension of the index system and then used the DEA model to rate the efficiency of the platform's risk control ability. Based on this, Ouyang and Mo (7), and Wei (8), respectively, used the Pareto-type extreme-value distribution and Monte Carlo model to measure the risk of internet finance and proved the excellent fitting property of the model.

The existed models in applied fields often assume that random variables are normally distributed. However, the actual data more often and frequently show the characteristics of asymmetrically skew-normal distribution. Therefore, some scholars have further conducted researches on the theory and application of the skew-normal model. For example, Ye and Wang (9) gave the density function, moment generation function, and independence condition of the linear mixed models with skew-normal random effects and constructed the exact tests of fixed effects and variance components. Jin et al. (10) proved that the penalized maximum likelihood estimator is strongly consistent when the putative order of mixture is not less than the true one. Ye et al. (11), Meng and Xiao (12), respectively, explored the influence factors of the efficiency of China's green economy and measurement of credibility premium based on the skew-normal panel data model and skew-normal random effect model. Arellano-Valle et al. (13), Huang and Dagne (14), and Wang (15) applied the skew-normal linear mixed model to the case studies of cholesterol data set, HIV data, and insurance loss data, respectively, and found that the data are better fitted in this model under the assumption of the skew-normal distribution. However, the existed studies have not analyzed the influence factors of digital financial risk under the skew-normal model, which has become a focus of finance under COVID-19 especially. Therefore, this article measures the digital financial risk index under COVID-19 and studies the influence factors of digital financial risk in China's economically developed regions based on the skew-normal panel data model.

The structure of this article is as follows. In the second section, the Lagrange multiplier method is used to obtain the optimal comprehensive weight of AHP and entropy weight, and the digital financial risk indexes of China's major regions with high-level economic development from 2013 to 2020 are measured. In the third section, the normal and skew-normal panel data models are constructed and compared under Akaike information criterion (AIC) and Bayesian information criterion (BIC), and the influence factors of digital financial risk of China's major regions with high-level economic development under COVID-19 are analyzed. Additionally, the fourth section gives the conclusion and suggestion.



MEASUREMENT OF DIGITAL FINANCIAL RISK


Construction of Indicator System

Digital financial risk includes both traditional financial risk and internet technology risk. Therefore, combined with the characteristics of digital financial business, this article uses the risk category enumeration method to identify and summarize the potential risk types of digital finance of China's major regions with high-level economic development. Additionally, the indicator system of digital financial risk is constructed, which includes 5 first-level indicators and 12 second-level indicators, as shown in Table 1.


Table 1. Indicator system of digital financial risk of China's economically developed regions.

[image: Table 1]



Method of Weight Determination
 
AHP Method

Based on the indicator system of digital financial risk of China's economically developed regions, we construct the goal layer, criteria layer, and subcriteria layer. The goal layer is digital financial risk, the criteria layer is 5 first-level indicators, and the subcriteria layer is 12 second-level indicators. Then, the judgment matrix is constructed as below.

[image: image]

where the scale value aij represents the importance of index i relative to index j, aij > 0, [image: image], and aii = 1. The scaling of aij refers to Saaty scale method (16), which is shown in Table 2.


Table 2. Saaty scale method.

[image: Table 2]

To calculate the indicator weight, we normalize each column in the judgment matrix A to get [image: image], sum the rows of ãij and get [image: image], and normalize [image: image] to obtain the index subjective weight [image: image] and the weight vector (p1, p2, ... , pn)′.

Then, to test the consistency of the judgment matrix, we obtain the maximal eigenroot λmax of the judgment matrix A by AP = λmaxP, calculate the consistency index CI=[image: image], and get the consistency ratio by CR = CI/RI. Here, RI is the random consistency indicator (16), as shown in Table 3.


Table 3. Value of the random consistency indicator RI.

[image: Table 3]

Particularly, if the consistency ratio CR < 0.1, then the judgment matrix A meets the consistency condition. If CR > 0.1, then the judgment matrix A needs to be adjusted until it meets the condition.



Entropy Weight Method

The entropy weight method is an objective method that determines the weight of the indicator according to the variability. If the information entropy of the indicator is smaller, the difference degree of the indicator value is larger, the information provided is more, and thus, the weight is larger.

First, due to the different dimensions of indicators, it is necessary to standardize the original index data matrix X = (xij)n × m of n indicators and m years. If the i-th indicator is a positive indicator, then

[image: image]

If the i-th indicator is a negative indicator, then

[image: image]

where ximin and ximax are the minimum value and maximum value of the indicator i in the m years, respectively. Further, we calculate the proportion of the index i in the j-th year

[image: image]

and the entropy value of the index i

[image: image]

Finally, we obtain the weight coefficient of the index i

[image: image]
 

Comprehensive Weight Method

The comprehensive weight method not only overcomes the subjective defect of AHP, but also makes up for the lack of professionalism of the entropy weight method. First, we calculate the comprehensive weight [image: image] based on the subjective weight pi obtained by AHP and objective weight qi obtained by the entropy weight method

[image: image]

Then, to make [image: image] as close to pi and qi as possible, we construct the objective function based on the principle of minimum information entropy

[image: image]

Finally, the optimized comprehensive weight is obtained by the Lagrange multiplier method

[image: image]

where [image: image].




Measurement of the Digital Financial Risk Index
 
Data Selection

This article selects the annual data of China's major regions with high-level economic development, Beijing, Shanghai, Zhejiang, and Jiangsu1 from 2013 to 2020 for a total of 8 years. The operation risk data come from China Internet Network Security Report, and the data of credit risk, market risk, and liquidity risk come from Flush, Wangdaizhijia, and the statistical yearbooks of the above four regions, and the policy risk data come from government websites.



Indicator Weight Determination

First, the weight of each indicator under AHP is calculated. According to the principle of AHP, the weight of each indicator pi is calculated, and the consistency test results show that the CR of all indicators are < 0.1, and thus, the weights are considered to have passed the test. The weights of indicators are shown in Table 4.


Table 4. Weights of indicators under AHP pi(i = 1, 2, ⋯ , 12).

[image: Table 4]

Second, the weight of each indicator under the entropy weight method is calculated. Finally, the subjective weight under the AHP is modified to obtain the comprehensive indicator weight, as shown in Table 5.


Table 5. Weights under entropy weight method qi and comprehensive weights [image: image].

[image: Table 5]



Index Measurement

To calculate the digital financial risk indexes of the four regions of Beijing, Shanghai, Zhejiang, and Jiangsu Y1, Y2, Y3 and Y4 from 2013 to 2020, the comprehensive weight in Table 5 is multiplied by the value [image: image] after the standardized treatment, then we obtain that

[image: image]

where [image: image], [image: image],Ya=[Y11, Y12, …, Y18]. The calculation results are shown in Table 6.


Table 6. Digital financial risk indexes of China's major regions with high-level economic development.

[image: Table 6]

To further investigate the impact of COVID-19 on digital financial risk, this article takes December 31, 2019 as the starting point of COVID-19 and presents the line chart of digital financial risk indexes of four regions from 2013 to 2020, as pictured in Figure 1.


[image: Figure 1]
FIGURE 1. Line chart of digital financial risk indexes of China's major regions with high-level economic development from 2013 to 2020.


From Figure 1, before the outbreak of COVID-19, digital financial risk in all regions showed an overall upward trend. In 2016, due to the influence of policies and regulations of the digital finance industry, the values of digital financial risk in some regions showed a downward trend. After the outbreak of COVID-19, to continuously improve its digital operation and management capabilities and promote the sound development of the digital finance industry, the industry has made full use of its prominent advantages in online channels, full-time services, operation platforms, and process automation. Therefore, digital financial risk in all regions has gradually decreased.





INFLUENCE ANALYSIS OF DIGITAL FINANCIAL RISK UNDER COVID-19


Test of Skew-Normal Distribution

Let Mn×n represent the set of all matrices n×n in the real number field R, and [image: image]. From Azzalini and Valle (17) and Azzalini and Capitanio (18), if the n-dimensional random vector Y follows the skew-normal distribution with location parameter μ, scale parameter Σ and skewness parameter α, which can be denoted as Y~SNn(μ, Σ, α), where μ ∈ Rn, Σ ∈ Mn×n, α ∈ Rn. Then, the density function is

[image: image]

where φn(x; μ, Σ) represents the n-dimensional normal density function with mean value μ and covariance matrix Σ, and Φ(·) represents the cumulative distribution function of the standard normal distribution. When α = 0, the skew-normal distribution degenerates into the normal distribution.

This article first verifies the skew-normal distribution of the data including 32 digital financial risk indexes of Beijing, Shanghai, Zhejiang, and Jiangsu. The histogram of digital financial risk indexes is given in Figure 2. For testing the normality of the data, the p-values for Shapiro–Wilk, Kolmogorov–Smirnov, and Shapiro–Franci test are 0.0363, 6.8635e-13, and 0.0456, respectively. We can conclude that the data are not normally distributed at 5% significance level. Also, the chi-square goodness-of-fit test is used to test the null hypothesis that the data are skew-normally distributed. The value of the test statistic is χ2 = 0.4661, which is less than [image: image], so the null hypothesis is not rejected at 5% significance level. Hence, the distribution of the digital financial risk indexes can be considered approximately skew-normal. Based on the method of moment estimation, the data are approximately distributed as SN (0.3405, 0.22752, 3.6801) and its density curve is given in Figure 2.


[image: Figure 2]
FIGURE 2. Histogram and probability density curve of digital financial risk indexes of China's major regions with high-level economic development.



Construction of Skew-Normal Panel Data Model Setting

To study the influencing factors of digital financial risk under COVID-19, this article selects the impact of COVID-19, digital finance development level, population size, fixed asset investment level, national economic development level and inflation level as independent variables, and regional digital financial risk index as dependent variable to construct the model, as shown in Table 7.


Table 7. Variable description.

[image: Table 7]

The development level of digital finance reflects the comprehensive development degree of digital inclusive finance in the region, and the size of population indicates the development potential of digital finance in the region. Because these two variables are large in value, logarithms are taken to reduce the heteroscedasticity of the model. The level of fixed asset investment reflects the development of regional investment. Reasonable fixed asset investment can effectively promote the regional economic growth and healthy development of digital financial platforms. The levels of national economic development and inflation reflect the investment enthusiasm of local residents and further indicate the investment level of the digital financial platform.

For the skew-normal characteristic of digital financial index, this article constructs the skew-normal panel data model to investigate the influencing factors of digital financial index of China's major regions with high-level economic development. The specific model is as follows

[image: image]

where yit represents the digital financial risk index of region i (i = 1, 2, 3, 4) and year t (t = 1, 2, ⋯ , 8), and COVID-19, ln DFD, ln POP, FAI, GDP, and INF, respectively, represent the impact of COVID-19, digital financial development level, population size, fixed asset investment level, national economic development level, and inflation level. β0 is the intercept, βj (j = 1, 2, ⋯ , 6) is the regression coefficient, μi is the individual effect, and εit is the random error.

[image: image]

and [image: image], then Equation (1) can be written in matrix form as follows

[image: image]

where [image: image], [image: image], μ and ε are independent of each other.



Parameter Estimation

In this article, the digital financial risk index of China's major regions with high-level economic development is modeled and analyzed under the condition that the random error follows the normal distribution and skew-normal distribution, respectively. In addition, the maximum likelihood estimates of unknown parameters in the skew-normal panel data model are given based on the expectation-maximization (EM) algorithm (11), and then, the corresponding logarithmic likelihood values, AIC, and BIC are obtained. The results of parameter estimation are shown in Table 8.


Table 8. Parameter estimation results of normal and skew-normal panel data models.

[image: Table 8]

From Table 8, under the condition that the random error follows the skew-normal distribution, the logarithmic likelihood value of the model is higher than that of the normal model, and AIC and BIC values are less than those of the normal model. Based on the above results, we know that the skew-normal panel data model is superior to the normal one under the AIC and BIC.

According to the simulated skew-normal panel data model, the coefficients of ln DFD, ln POP, INF, COVID-19, FAI, and GDP are 0.3047, 0.0939, 0.0424, −0.0970, −0.0096, and −0.0100, respectively. The results show that the development levels of digital finance and population size have positive impacts on the digital financial risk index. The existing digital finance industry has a low threshold and an imperfect regulatory system. Therefore, the potential risk of digital finance is continuously accumulated with the rapid development of digital finance and continuous expansion of population size. Moreover, the inflation level positively influences the digital financial risk index, which shows that the rise of regional inflation will raise the digital financial risk because of the increase of cost and operating pressure of some digital finance enterprises.

In contrast, the level of fixed asset investment and level of national economic development have negative impacts on the digital financial risk index. It shows that reasonable fixed asset investment and good national economic development level can reduce the liquidity risk of the digital finance industry. In addition, the impact of COVID-19 negatively influences the digital financial risk index. The reasons can be concluded as follows. First, financial customers have gradually increased the use of online financial products during the COVID-19, improving their operation level. As a result, the operation risk of the digital finance industry has been reduced. Second, the more demand for intelligent production and online office promotes the development of digital finance enterprises, increasing the liquidity funds. So, the liquidity risk of the digital finance industry is reduced. Finally, the outbreak of COVID-19 has made the government pay more attention to macroregulation of the digital finance industry by formulating some vigorous regulations and policies. Therefore, the policy risk of the digital finance industry is reduced. For example, successive regulations have made clear provisions on loans and deposits of the digital finance industry since 2020, which include the Interim Measures for the Administration of Commercial Bank Internet Loans, Interim Measures for the Administration of Online Micro-finance Business, and Deposits on Third-Party Internet Platforms.





CONCLUSION AND SUGGESTION

This article investigates the influencing factors of digital financial risks of China's economically developed regions under COVID-19, which aims to provide data support for China's digital financial risk prevention and governance practices. First, the financial risk index system of China's economically developed regions is constructed from the five aspects of operation risk, credit risk, market risk, liquidity risk, and policy risk. The Lagrange multiplier method is used to obtain the optimal comprehensive weight of AHP and entropy weight method, and then, we measure the digital financial risk indexes of China's economically developed regions from 2013 to 2020. The results show that the level of digital financial risk index presents a downward trend under COVID-19. Second, the maximum likelihood estimates of unknown parameters of the skew-normal panel data model are obtained based on the EM algorithm, and the normal and skew-normal panel data models are compared under the AIC and BIC, which indicate that the skew-panel data model fits better. Finally, the results show that the level of digital finance development, population size, and inflation level have positive impacts on the digital financial risk, whereas the impacts of COVID-19, fixed asset investment level, and national economic development level are negative.

Based on the above analysis, this article gives the following suggestions. First, Chinese government should improve the digital financial regulatory mechanism and credit system. Strengthening the standard construction of the digital finance industry can reduce the policy risk and credit risk of digital finance. Second, it is suggested to take the concept of financial digitization one step further. Taking COVID-19 as an opportunity, the digital finance industry should popularize the concept of digital finance to customers actively to promote its development and reduce the operational risks for customers. Third, it is essential for the financial industry to accelerate the digital transformation. Upgrading internet technology and financial application software development capabilities can accelerate the application of advanced technology, improve the risk management mechanism of financial institutions, and respond to unexpected public health events actively.
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FOOTNOTES

1Beijing, Shanghai, Jiangsu, Fujian, Tianjin, and Zhejiang topped the list of the top six provinces in terms of per capita GDP in 2020 released by the National Bureau of Statistics. For the data missing of Tianjin and Fujian, this article only conducts the research on the four provinces of Beijing, Shanghai, Jiangsu, and Zhejiang.
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The COVID-19 pandemic has spread across the country negatively impacting on the economy. This paper uses the panel data of 14 prefecture-level cities from 2015 to 2020 in Hunan to determine the factors and effects of economic downturns based on the spatial econometric model. We calculate the Moran index, so-called the Moran's I, to analyse the impact of each factor on the economy. The results show that the spatial correlation of the cities around Chang-Zhu-Tan is high, and the economic growth of the entire province can be influenced by these cities. These cities should adopt strategies to improve the economy, such as reducing the tax revenues, improving the local financial revenues, and reducing the ineffective educational input. These results can also be helpful for policymakers, who will attempt to retransform the Hunan economy during the post-COVID era.

Keywords: The post-COVID era, spatial econometric model, national economy, spatial autocorrelation analysis, LM test, panel data regression analysis


INTRODUCTION

The COVID-19 pandemic affects economic development. In addition, we found that economic growth rate development in Hunan Province has declined after the outbreak of the epidemic in late 2019. What caused the economic change? How did these changes occur? What are the effects? In this paper, we select 14 prefecture-level cities in Hunan Province as a sample. Based on the spatial econometric model, we analyze the factors influencing the economy of Hunan by using general regression analysis, a spatial lag, a spatial error in MATLAB, we obtain the results of the Moran index or Moran's I, the coefficients of the general regression analysis, and the cluster map; and we further discuss the influence of variables. The variables of imports and exports, the total value of agricultural output, industry, local fiscal revenues, and educational input have led to continuous changes. Due to the epidemic, the amount of import and export trade transactions and the consumption of residents have been seriously reduced and have caused the economy of Hunan to suffer serious losses.

Research on the national economy is diverse, and the scope is quite broad, however, few researchers have studied the national economy based on the spatial econometric model. Elhorst (1, 2) proposed a spatial econometric model generalized equation, which embeds spatial parameter W for the independent and dependent variables and the error term part. In addition to this equation, the spatial lag model (SLM), spatial error model (SEM), spatial Durbin model, and others can be used. He (3) constructs a spatial econometric model to study the effects of economic opening up and international tourism development on urban-rural income and finds that the interaction of the three studied variables has significant spatial correlations, and economic opening up and international tourism development have been effective in reducing the urban-rural income gap, consumption gap, and the bias effect of the two factors on the income gap and consumption gap is significant. Urbanization also has an effect on reducing the urban-rural income gap and consumption. Suyan et al. (4) used the global Moran's I index method to analyze the spatial autocorrelation of water resources to obtain the spatial dependence and spatial heterogeneity of indicators in Shandong Province, added the spatial effect to construct a spatial econometric model, and then analyzed the water use efficiency through LM test. They proposed suggestions to promote the sustainable development of the national economy and society. Bai et al. (5) use panel data from 31 provinces in China from 2007 to 2017. This paper calculates the fertilizer use efficiency (FUE) of agricultural production using the stochastic frontier method and discusses its spatial distribution and characteristics. In addition, the spatial effects of education level, the non-agricultural employment rate, disaster rate, and income of farmers on the FUE were investigated using geographically weighted regression (GWR) model to reveal the spatial dispersion and agglomeration effects of different provinces in 2007, 2010, 2013, 2015, and 2017. In Nuari et al. (6), the multiple linear regression equation of the basic model and error correction model are used to analyze the impact of SME units, the value of SME investment, and the value of SME exports on Indonesia's economic growth. Ehlert (7) explores the relationship between socioeconomic, demographic, and health-related variables and COVID-19-related cases and deaths at the regional level. In addition, significant spillover effects of certain variables on the number of cases in neighbor regions were identified, with indications that differ from the overall impact, leading to further analysis of the regional action mechanism of COVID-19 infection. Undseth et al. (8) explore the issue of long-term sustainability with the economics of space debris by re-examining the economics of space debris and suggesting some action and original perspectives for reducing environmental pollution to policy-makers. Xu and Li (9) studied the relationship between innovative human capital and interprovincial economic growth based on panel data and spatial econometrics. Li et al. (10) measured the equalization of public services and living standards of residents in China based on a spatial econometric model and analyzed the impact of public service equalization on various regions in China. Abate (11) studies the link between macrofluctuations and economic growth from a spatial econometric perspective.



METHODOLOGY


Data Sources and Index Selection

This paper uses an index of the gross regional product (y) as a dependent variable, and six independent variables were selected: local fiscal revenues (x1), total employee wages (x2), the industrial production index (x3), the total value of imports and exports (x4), educational input (x5), and the total value of agricultural output (x6). This paper analyzes the economy of Hunan Province from various perspectives, such as industry, agriculture, and education, which reflect the degree of influencing factors. The data sources are the Hunan Province information network and Hunan Statistical Yearbook from 2015 to 2019.



Spatial Correlation Test

The spatial correlation between independent variables and the gross regional product must be tested before spatial econometric analysis can proceed. This is done to show that independent variables are spatially correlated with the gross regional product. The Moran's I index is used to determine the spatial correlation. It is calculated by the following formula:
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where, [image: image], [image: image], wij(i, j = 1, 2, …, n) are the spatial weights of regions i and j, which are used to represent the spatial relationship between regions i and j, and xi and xj are the observed values of regions i and j, respectively.



Spatial Econometric Models

We used commonly spatial econometric models—the spatial lag model (SLM) and the spatial error model (SEM). The SLM measures the spatial correlation of the gross domestic product (GDP) of neighboring regions, and the explanatory variables have spatial spillover effects. The formula for the spatial lag model is as follows.

[image: image]

i represents the region; t represents the year; W is the adjacency distance matrix of order n × n; WPgdpit is the spatial lag term of the explained variable, representing the spatial impact of the variable in one region on the other variable in its neighboring region; ρ is the spatial autoregressive coefficient; α is the constant term; βi is the parameter to be estimated for the explanatory and control variables; and εit is the random error vector, here all data are logarithmic treatment is used.

The SEM is expressed as follows:
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where ϕ is the random error vector, λ is the spatial error autoregressive coefficient, Wεit is the spatial lag term of the random error term, and μ is the random error term following a normal distribution.




EMPIRICAL ANALYSIS


Motivation Analysis

To understand each indicator, we calculate the mean, SD, and coefficient of variation of Hunan's regional GDP for 2015–2020.The results are shown in Table 1. The coefficient of variation is very small, and its value is 0.125523657, which shows that the dispersion of Hunan's regional GDP is very small over these 6 years. Furthermore, we found that Hunan Province's regional gross product grew each year, indicating that national economic development showed an upward trend. Before the outbreak of the epidemic in 2019, the growth rate of the province has reached 8%, and the annual growth rate was faster, but the growth rate took a sharp turn and dropped sharply to only 3.8% until 2020, reaching the lowest level in recent years. This shows that the economy of Hunan Province has been greatly affected by the epidemic, which damaged the national economy. Therefore, this article explores the influencing factors of the national economy.


Table 1. Regional GDP of Hunan province in 6 years.
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Analysis Steps

First, to prove the existence of a spatial correlation between cities and municipalities in Hunan Province with 2019 data, this paper measured the correlation between cities and municipalities in Hunan Province by using GeoDa software to obtain the Moran's I index, local correlation clustering map, and significance map.

Second, to prove that the independent variables have an impact on the gross regional product, we conducted a general regression analysis on the independent variables and the dependent variable with 2019 data. In addition, we need to consider the effects of the spatial error and spatial lag; therefore, we also conducted the regression analysis under the condition of a spatial lag and a spatial error. We can conclude that the SLM has the best accuracy. Therefore, we combined the SLM to analyze the correlation between the independent variable X and the dependent variable Y.

Moreover, to further obtain the positive and negative correlations between the independent and dependent variables with panel data, this paper combined the spatial lagged model and used the MATLAB software to estimate the data from 2015 to 2019 under the joint Ordinary Least Squares (OLS), time and spatial fixed effects, time fixed effects, and spatial fixed effects models. We analyzed the autocorrelation between X and Y by linking time and space. Finally, this paper proposes some strategies for Hunan Province.



Spatial Local Autocorrelation Analysis
 
Moran Index

The official data of 14 municipalities are input into the GeoDa software to find the local spatial autocorrelation. First, we integrate 2019 data and establish the spatial weight matrix of Queen's collinearity of six variables to obtain a spatial weight file. Then, we used the spatial weight file to draw a scatter plot of Moran's I. The following charts are the output of Moran's I (Figure 1).


[image: Figure 1]
FIGURE 1. The impact of local fiscal revenue (x1).


The local fiscal revenues (x1), total employee wages (x2), industrial production index (x3), the total value of imports and exports (x4), and educational input of all cities (x5) in Hunan Province are mainly concentrated in the second and fourth quadrants, while the Moran's I is negative, which indicates that the five variables have a negative spatial correlation. The scatter plot of the total value of agricultural output (x6) is mainly distributed in the first and third quadrants, and the Moran's I is positive, which shows that the variable has a positive spatial correlation. The absolute value of the total value of imports and exports is the lowest among the six variables, which shows that this variable has the weakest correlation among adjacent regions. Conversely, the absolute value of education input is the highest, which shows that this variable has the strongest correlation, and the adjacent regions have the greatest influence on each other.



Clustering and Significance Analysis

To explore the influence of six factors (the impact of local fiscal revenue, total wages of employed workers, industrial value-added index, total value of imported goods, education input, and total value of agricultural output) on economic development in space in 2019, we use the data to calculate the Moran's I and conduct cluster analysis and the significance analysis of the local spatial correlation, and we obtain the local spatial correlation cluster map and significance map of each city in the year. The cluster map of each variable is shown in Figures 2–7, respectively; and the significance maps are shown in Figures 8–13, respectively.


[image: Figure 2]
FIGURE 2. The impact of local fiscal revenue (x1).



[image: Figure 3]
FIGURE 3. The impact of total wages of employed workers (x2).



[image: Figure 4]
FIGURE 4. The impact of total value of imported goods (x3).



[image: Figure 5]
FIGURE 5. The impact of total value of agricultural output (x4).



[image: Figure 6]
FIGURE 6. The impact of industrial value-added index (x5).



[image: Figure 7]
FIGURE 7. The impact of education input (x5).



[image: Figure 8]
FIGURE 8. Significance map 1 (x1).



[image: Figure 9]
FIGURE 9. Significance map 2 (x2).



[image: Figure 10]
FIGURE 10. Significance map 3 (x3).



[image: Figure 11]
FIGURE 11. Significance map 4 (x4).



[image: Figure 12]
FIGURE 12. Significance map 5 (x5).



[image: Figure 13]
FIGURE 13. Significance map 6 (x6).


Figures 2, 3 show that the local fiscal revenues and total employee wages in Hunan Province show obvious “low-low” and “high-low” clustering, indicating that there is a high correlation among Xiangxi, Huaihua, and Changde. From LISA significance maps in Figures 8, 9, the P-value of Xiangxi and Changde is 0.05, and the P-value of Huaihua city connected with these two cities is 0.01, indicating that Xiangxi, Changde, and Huaihua are highly correlated, and the center is Huaihua. The results showed that the local fiscal revenues and the total employee wages are mutually affected by these cities.

Figure 4 shows that the total value of imported goods in Xiangtan and Zhuzhou cities shows “high-high,” Chenzhou city shows a “low-high,” and Huaihua city shows “high-low,” indicates that the total values of the imported goods from Xiangtan and Zhuzhou are highly correlated and support each other, and Chenzhou is highly correlated with Zhuzhou. However, the total values of imported goods in Chenzhou will be hindered by Xiangtan and Zhuzhou cities. Moreover, the total value of imported goods of Xiangtan, Zhuzhou and Chenzhou also affects Huaihua. If the value of imported goods increases in Huaihua, the total values of these three cities will decrease. In addition, from the LISA significance maps in Figure 10, the P-values of Xiangtan, Zhuzhou, and Chenzhou are 0.05, and P-value of Huaihua is 0.01, indicating that there is a spatial correlation among the four cities.

Figure 5 shows that the total agricultural outputs of Changde, Zhangjiajie, Xiangxi, and Huaihua present “low-low” clustering and that of Zhuzhou presents “low-high” clustering, showing that Changde, Zhangjiajie, Zhangjiajie, Xiangxi, and Huaihua are relatively concentrated. Furthermore, the agricultural GDP of these four cities negatively affects Zhuzhou. Figure 11 shows that the spatial correlation between Changde, Zhangjiajie, Xiangxi, and Zhuzhou is significant with a P-value of 0.05, while the P-value of 0.01 in Huaihua reflects the significant impacts of Changde, Zhangjiajie, and Xiangxi on Huaihua.

Figure 6 shows that the industrial value-added index of Changsha exhibits a “high-low” clustering, which indicates that the center of industrial development in Hunan Province is Changsha. Figure 12 shows that the significance of Changsha city is 0.05, which is significant; and there is spatial autocorrelation.

Figure 7 shows that the amount of education input in Xiangxi shows a “low-low” cluster. Figure 13 shows significant performance.

Overall, the local fiscal income, total employee wages, industrial production index, total value of imported goods, education input, and the total value of agricultural output reflect the obvious spatial dual structure characteristics in all cities.




Regression Analysis

We use the GeoDa Software to analyze 2019 official data. The general regression analysis does not have spatial effects, but if a spatial effect existed in the data, there will be errors in the results (12). Regression analysis is performed under the condition of a spatial error and spatial lag. The results are shown in Tables 2–4. In this paper, we compare the significance of three models to determine which regression model is better and then choose the best model for further analysis.


Table 2. Results of general regression analysis.
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In Table 2, the R2 is 0.995747, a large value. The results show that the total wages of employees, industrial production index, the total value of imports and exports, and the total value of agricultural output are positively correlated with regional GDP. The combination of the total value of imports and exports and total agricultural output is not significantly correlated with regional GDP, and the correlation between industrial production index and regional GDP is significant. However, the amount of local fiscal revenues and educational input are inversely correlated to regional GDP, and the negative correlation is more significant.

In Table 3, the R2 is 0.989472, which shows that the association between the independent variables and dependent variables is strong when using a spatial error regression. It is proven that there is a spatial effect between the independent variables and dependent variables. Moreover, we should consider the correlation between the independent and dependent variables and then conduct regression analysis using the spatial lag. Lambda under the spatial error condition is −0.0816631, indicating that there is a correlation between the independent and dependent variables, suggesting that there is some influence on the economic development among these 14 prefecture-level cities.


Table 3. Regression analysis under the condition of a spatial error.
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In Table 4, the value-added index, the coefficients of the total employee wage, industrial production index, the total value of imports and exports, and total value of agricultural output are positive, indicating a positive correlation with the regional GDP. Furthermore, the correlation of the total value of imports and exports and regional GDP is not significant, and the correlation of the industrial production index and regional GDP is significant. The coefficients of local fiscal revenues and the amount of educational input are negative, which shows their inverse correlation with the regional GDP; and the negative correlation is significant. Lambda under the spatial lag condition is 2.47702, indicating that the explanatory variables affect each other and that there is a spatial correlation. This indicates that the economic development status among the 14 prefecture-level cities is inconsistent, and we need to propose localized economic measures for the economic development of each city. The R2 is 0.996392, which means that the model with spatial lag is best. We will focus on the analysis of variables with a spatial lag and the analysis of the variable data under the spatial lag condition.


Table 4. Regression analysis with spatial lag.
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When the P < 0.01, the significance is the best and denoted with three asterisks; when the P < 0.05, the significance is good with two asterisks; and when the P < 0.1, the significance is the worst and denoted with one asterisk. Table 4 shows that the total wages, educational input, and agricultural outputs have three asterisks, indicating that these three variables are very significant and have great impacts on the regional GDP. From the above, we can conclude that the amount of educational input is inversely correlated with regional GDP, i.e., the larger the amount of educational input is, the lower the regional GDP. Hunan municipalities can moderately reduce the amount of educational input. There is a positive correlation between the total wages and the total agricultural output. We suggest increasing total wages to promote consumption and agricultural development.

From the above analysis, we know that the amount of education input is inversely correlated with regional GDP. The larger the amount of education input is, the lower the regional GDP. Therefore, we suggest that Hunan municipalities can moderately reduce the amount of education input. Furthermore, the total wages of employed workers and the total value of agricultural output are positively correlated. We suggest that the total wages should be increased to drive consumption, and at the same time, promote agricultural development.



Panel Data Analysis
 
LM Test Comparison

To further understand whether there was spatial autocorrelation, the joint OLS, time and spatial fixed effects, time fixed effects, and spatial fixed effects models were applied to data from 2015 to 2019. These models were conducted in MATLAB to diagnose spatial autocorrelation, and the results are shown in Table 5. According to the LM test, the LM spatial lag test of the OLS is 0.0002, which is much smaller than the LM spatial error of 12.3880 ***; and the value of the robust LM spatial lag test is also less than the value of the robust LM spatial error test.


Table 5. Panel data model for estimating regional GDP with no spatial effect.
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Regarding the values of the spatial fixed effects, time fixed effects, and time and spatial fixed effects, the values of the LM spatial error test are much larger than the values of the LM spatial lag test, and the values of the robust LM spatial error test are also much larger than the values of the robust LM spatial lag test. This indicates a preference for applying the SEM regardless of the effect model. In the next subsection, we will discuss the results of the SEM.



Panel Analysis

In Table 5, the R2 for the time and spatial fixed effects is 0.990, which is greater than those the other three models, indicating that the imitative effect in the time and spatial fixed effects model is the best, and the explanatory variables have a greater impact on the explained variable. The values of local fiscal revenues, total employee wages, gross agricultural product, and the amount of educational input in the four fixed effects models receive three asterisks, indicating that the four variables have very significant effects on regional GDP. Local fiscal revenues have a great influence on regional GDP regardless of time, space, or combining both together, and each city region also has an influence on each other even over the long term. In addition, the results of the industrial production index and the total value of imports and exports show that the effect is weakly significant under the four models, so the industrial production index and the total value of imports and exports have little influence on the Hunan economy.





CONCLUSION

For the short term, the 2019 data are analyzed in the GeoDa Software. Our suggestions are as follows: (1) as seen in the cluster map and the significance maps, Changde, Zhangjiajie, Xiangxi Tujia, the Miao Autonomous Prefecture, and Zhuzhou have strong spatial correlation and influence on each other. Notably, the indicators of local fiscal revenues and total employee wages are extremely significantly correlated with these cities/states. (2) Improving the local fiscal revenues in Changde, Xiangxi, Zhangjiajie, and Zhuzhou can promote Hunan's economy, increase the revenue of state-owned enterprises, and optimize the expenditure structure to improve economic development. (3) The total values of imports and exports for Xiangtan and Zhuzhou are highly correlated, which means that if the total value of imports and exports in one city is promoted, the total value of imports and exports in the other city will be positively affected. Therefore, to boost regional GDP growth, the foreign trade of neighboring cities should be strengthened, and the prices of imports and exports should be improved. Changsha city has a high correlation with industry, so Changsha should consider developing industry to drive the development of surrounding cities. According to the regression analysis, the amount of educational input can be reduced to lower local fiscal revenue and develop the industry.

For the long term, the data of Hunan Province from 2015 to 2019 are analyzed in MATLAB. According to the panel data analysis, regardless of time and space, the local fiscal revenues, the total employee wages, the total value of agricultural production, and the educational input have very significant effects on regional GDP, and we give the following suggestions: (1) increase the total employee wages, which will drive consumption in the surrounding cities; (2) reduce tax revenues to stimulate economic growth and increase local fiscal revenues; (3) invest considerably in agriculture; and (4) reduce investment in ineffective education and improve the quality of education.

In general, whether in the short or long term, we should focus on the local fiscal revenues, total agricultural output value, and educational input. If we improve these three variables, the GDP in Hunan will be improved.
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This article examines the impact of digital economy on the integration of China's cultural tourism industry in the context of COVID-19 by measuring the integration degree of cultural tourism industry as a substitute variable of cultural tourism integration. The empirical study found that the development of digital economy during the COVID-19 pandemic did promote the integration of China's cultural tourism industry, and compared with year 2019, the digital economy has strengthened the integration of cultural tourism industry. During the COVID-19 pandemic, the development of digital economy has promoted the integration of China's cultural tourism industry, and the positive effect of digital economy on the integration of China's cultural tourism industry has gradually strengthened compared to previous ones. The digital economy has played a mediating role in the impact of COVID-19 on the integration of China's cultural tourism industry. Therefore, China should formulate macropolicies and digital economy-related policies to strengthen the ability of digital economy to deal with risks and improve the digital system.
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RESEARCH BACKGROUND AND LITERATURE REVIEW

COVID-19 broke out in Wuhan in December 2019 and spread across the country at a breakneck speed. As of August 29, 2021, the number of confirmed cases in China has reached 151,122,891. The outbreak of COVID-19 has brought a huge impact on the cultural and tourism industry, especially the film industry, tourism industry, travel agencies, entertainment industry, cruise industry, and tourism transportation. With the rapid spread of COVID-19, China's overall loss scale may be stronger than that of SARS, but the loss proportion is smaller, mainly due to the emergence of the digital economy, which provides a new way for the integration of cultural tourism industry (1).


Integration of Cultural Tourism Industry

At present, scholars all over the world have different emphases on cultural tourism industry integration. Foreign scholars pay more attention to the choice of the integration path of the cultural and tourism industry. Addo (2) stressed the importance and necessity of European heritage and cultural diversity for Ghana's tourism industry. To promote the economic development of domestic tourism, tourism facilities should be improved and products should be diversified through innovation, so as to integrate cultural industry with tourism industry. Through factor analysis and reliability test, Hung (3) and other foreign scholars extracted five motivation factors, namely novelty, exploration, family reunion, restoration of balance, and socialization, to study the motivation of festival tourists and put forward that festival has become one of the fastest growing tourism modes. The research of Ling (4) shows that festival events are increasingly becoming an important tool for economic development, not only through tourism, but also by rebranding cities and regions as modern cultural centers. Krakowiak (2014) introduced the potential and importance of Museums in Poland in cultural tourism, which plays an important role in driving the tourism economy. Juzefovič (5) studied creative tourism from the perspective of philosophy, sociology, and communication and proposed that innovative tourism is a new generation of tourism. This new type of tourism no longer manipulates and develops cultural, personal, and natural resources such as traditional tourism, but adds value and enriches cultural, personal, and natural resources.

The research of domestic scholars on the integration of cultural tourism industry mainly focuses on the relationship, integration mechanism, and integration barriers among cultural tourism industries. Taking Yichang as the research object, Cao et al. (6) deeply analyzed the mutual promotion and integration of cultural tourism industries. Zhao (7) believes tourism and culture complement each other. The openness of tourism enables it to receive cultural indoctrination, and the permeability of culture enables it to transcend the boundary of industry and establish integration with tourism. This, Bao and Wang (8), Zhang (9), Feng (10), and Li and Weng (11), used quantitative methods to quantitatively study the integration relationship between cultural industries using methods such as coupling coordination degree and Herfindahl index method. Zhang (12) believes that external environment is the main reason driving the integration of cultural and tourism industry, such as diplomatic relations, government policies, and consumer's demand. Zhao (7) believes that the inherent characteristics of cultural industry and tourism, such as the openness and permeability of the tourism industry, are the main driving force for the integration of the cultural and tourism industry and the internal driving force for the sustainable development of the cultural and tourism industry. In addition, Wang and Wu (13) proposed in his research that the growth of the population's demand for spiritual civilization is the fundamental driving force for the comprehensive development of cultural tourism industry.

Zhuang (14) qualitatively analyzed the driving effect of cultural and tourism industry integration on regional economic development, social progress, and construction of spiritual civilization. Shi (15) believes that the integration of cultural and tourism industry deepens the connotation of tourism on the one hand, expands the market of cultural industry on the other hand, and provides impetus for the development of other related industries. Huo (16) put forward four positive effects in her research: the integration of cultural tourism industry will improve the independent innovation ability of the region, strengthen market competitiveness, drive consumer demand, and facilitate regional integration. However, Shi (17) found in the process of studying the integration of Sichuan's cultural and tourism industry that the integration of cultural tourism industry has great advantages. On the one hand, it can enrich cultural tourism products and open up new markets. On the other hand, it can save the operation cost of the two major industries, realize the value-added of the industrial chain, and bring innovation to the organization and management.



Integration of COVID-19 and Cultural Tourism Industry

Cui (18) believes that COVID-19 has a great impact on the cultural tourism industry, but it is not a devastating blow. The integration of cultural and tourism industry has the following advantages: consumption advantage, industrial advantage, and economic advantage. The consumption of culture and tourism has become the basic needs of the people; In addition, the productivity system of the cultural tourism industry has not been seriously damaged in the COVID-19 pandemic. Service facilities such as hotels, B&Bs, scenic spots, large restaurants, tourism transportation facilities, museums, tourism performances, cultural and creative industries, cinemas, and online tourism have not disappeared, and even the productivity level has not been substantially reduced. Our economy is now on the upswing, and consumers have plenty of spending power, and obviously, we can expect that once the epidemic disappears, these stockpiles of physical and psychological demand will rebound strongly. If not all of the damage, at least a large part of our economy will be restored. Deng et al. (19) and others conducted in-depth analysis of the impact of the epidemic on the cultural tourism industry from the perspectives of demand and supply. To find a breakthrough for the revitalization of the cultural tourism industry, they proposed that for the revitalization of the cultural tourism industry after the epidemic, government support at the macrolevel, industrial linkage at the medium level, and enterprise development at the microlevel should be combined for coordinated development. Yuan's (20) research shows that the impact of COVID-19 on the cultural and tourism industry varies in different periods. In the short term, the impact of COVID-19 will continue for some time. The state's support for medium, small, and microcultural and tourism enterprises should gradually shift from simple financial subsidies to reducing operating costs, so as to ensure the operation of medium, small, and microcultural and tourism enterprises and avoid layoffs to cut costs, resulting in a large number of unemployment. In the medium term, the government can promote government-enterprise cooperation. Cultural and tourism enterprises can develop digital content products. The government can establish a “cultural cloud” platform for integration and then connect with professional publicity companies to achieve a win–win situation. In the long run, cultural competitiveness can be enhanced by building representative cultural brands. This shows that the government has taken various measures to revitalize the cultural and tourism industry, which has been hit hard by the epidemic.

Chinese scholars have also put forward different policy recommendations for the recovery of the cultural tourism industry after COVID-19. Yao (21) believes that first of all, we should reduce taxes and fees for the cultural tourism industry, increase investment and capital introduction, enhance the transformation of characteristic culture and service infrastructure in scenic spots, and enhance project construction. It is also pointed out that the ideological transformation of people and the digital transformation of various industries during the epidemic period provide an opportunity for the integration of cultural tourism industry. Jiang et al. (22) proposed that the government should encourage the joint operation of cultural and tourism industry to increase the ability to resist risks. At the same time, it is also necessary to promote the construction of “5G+ smart tourism,” build a smart cultural tourism ecosystem, promote innovation with technology, focus on the integration of “science and technology + cultural tourism,” accelerate the digital transformation of the cultural and tourism industry based on 5G and artificial intelligence new technology, create diversified cultural and tourism products, and improve the supply structure of cultural and tourism. Zhong (23) proposed that the way to promote the integration of culture and tourism through culture and tourism consumption is to implement appropriate subsidies for consumption, tax and fee reduction, and other measures. The second way is through the digital economy to promote industrial upgrading, cultural tourism development at the same time in the form of “big data + consumption subsidy,” so as to promote to build big platform—“brigade cloud” data analysis and decision system, set up including consumer's attributes, big data, such as position and consumer's preferences to achieve precise subsidies, and also play a multiplier effect on consumption.

Based on the above analysis, this article proposes hypotheses 1 and 2:

H1:COVID-19 has negatively impacted the integration of China's cultural tourism industry in the short term

H2:COVID-19 has had a long-term positive impact on the integration of China's cultural tourism industry



Integration of Digital Economy and Cultural Tourism Industry

The impact of COVID-19 on China's economy is huge, and the impact on China's cultural tourism industry is also significant. However, with the development of modern information technologies such as 5G, artificial intelligence, and big data, digital economy provides a new way for the integration of China's economy and cultural tourism industry. Xia (24) shows that with the digital transformation of the industry and the improvement in public service and policy system, the cultural and tourism industry will achieve in-depth integration in a wider range, deeper level, and at a higher level, which will also bring about the transformation of the development mode of the cultural and tourism industry and the development of new formats. Deng et al. (19) believes that the cultural and tourism industry has been greatly impacted by the epidemic. However, in the context of the rapid development of information technology, the continuous transformation of cultural and tourism industry and the rapid change of tourism market demand, to promote the high-quality development of the industry, we should seize the opportunity of the development of digital economy and constantly improve their digital, network, and intelligent development. Cai and Ding (25) proposed the integration model of digital economy + cultural and tourism industry based on the investigation of Chengdu. They believe that the digital economy is not only a factor for the transformation and upgrading of the cultural and tourism industry and the elimination of backward production capacity, but also an ecological environment for the future development of the cultural and tourism industry. It puts forward that we should make good preparations at macro-, medium, and microlevels to promote the deep integration of China's cultural and tourism industry and digital economy. At the macrolevel, we should improve the policy system and do a good job in the top-level design; at the medium level, we should strengthen the market subjects and improve the investment and financing channels; at the microlevel, we should optimize the talent structure and strengthen the integration of resources.

Hojeghan (26) believes that digital economy is no longer limited to commercial trade and services, and the development of digital economy affects various aspects of life, from health to education, from commerce to banking. They propose that digital economy promotes the integration of cultural tourism industry through technological integration. The research of Voronkova (27) focuses on the new direction of the digital transformation of tourism. Under the impact of COVID-19, consumers are unable to travel and the demand of the tourism industry is seriously insufficient. Tourism digital transformation into virtual tourism can effectively deal with the impact of emergencies. Stelnik (28) believes that the development of digital economy will greatly improve the efficiency of tourism management and guide the development of tourism enterprises. Bozhuk (29) studied the current situation of China's tourism industry from the perspective of consumer's behavior. The development of digital economy can effectively identify consumer's needs, thus determining the main direction of tourism transformation under the digital economy.

Based on the above analysis, this article proposes hypothesis 3:

H3:COVID-19 has had a positive impact on the integration of the cultural tourism industry in the long term through the development of the digital economy

Based on previous studies on the level of integration of COVID-19, digital economy, and cultural tourism industry, scholars generally focused on theoretical research and policy suggestions, and few empirical studies were conducted to explore the connection among the three. Therefore, this article takes 31 provinces of China as the research object to study the impact of digital economy on the integration of China's cultural tourism industry in the context of COVID-19.




MEASUREMENT OF CULTURAL TOURISM INDUSTRY INTEGRATION

At present, there has not been a unified conclusion on the measurement method of industrial convergence in academia. Some scholars use the Herfindahl index method to measure industrial convergence. In the technology of the Herfindahl index method, the correlation coefficient of technology patents is used to measure, which has great advantages in measuring technology integration. However, at present, there are few patent data related to the cultural tourism industry, and it is difficult to make statistics. Therefore, this article introduces the coupling coordination degree model of cultural tourism industry integration. Since different indicators have different contributions to cultural industry and tourism, this study adopts linear weighting method to comprehensively evaluate cultural industry and tourism, and its formula is as follows

[image: image]

ui represents the comprehensive evaluation value of industry, uij represents the contribution of indicator J to industry i in this industry, wij is the weight of index j in system i, and the weight is determined by entropy method.

when uij is a positive indicator:
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when uij is a negative indicator:

[image: image]
 
Coupling Coordination Degree Evaluation Model

The degree of coupling coordination is used to measure the degree of integration between cultural industry and tourism. The coupling coordination model is used to calculate the coupling coordination scores of two industries. This is helpful to analyze the coordination level of different industries and provide a theoretical basis for promoting the integrated development of culture and tourism industry. When calculating the interaction between the two industries, the coupling degree is:

[image: image]

where C represents the coupling coordination degree of cultural industry and tourism industry, u1, u2 represent the comprehensive evaluation scores of the two industries, respectively. Coupling of the two industry systems:
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D represents the coupling coordination degree of the two industries, and P represents the evaluation index of the comprehensive development level of the two industries. To directly reflect the coupling coordination degree between the cultural industry system and the tourism industry system, this article classifies p-values according to Liao Chongbin and analyzes the coupling coordination level of various provinces and autonomous regions in China on this basis. See Table 1


Table 1. Division of coupling coordination level.

[image: Table 1]



Index Selection

In the construction of index system, cultural industry and tourism industry cannot be completely separated. Otherwise, it is impossible to give a good explanation of industrial integration. Therefore, in the construction of the index system, we should fully consider the integration of cultural tourism industry and the characteristics of the two industries, and based on the availability of data, consider the industrial scale, industrial benefits, and industrial elements. See Table 2 for details.


Table 2. Evaluation index system of cultural industry and tourism industry development level.

[image: Table 2]

The weight of each index is calculated by entropy method in this article. The steps of entropy method are as follows:

(1) Construct the original evaluation matrix: Suppose there are t years, A provinces, and B evaluation indexes, then the original evaluation matrix is X = (xθij). J = 1,..., b, for example, (xθij) in the matrix represents the jth index value of province i in year θ in this system.

(2) Dimensionless processing is carried out for indicators. For positive indicators, formula 7 is adopted, whereas for negative indicators, Formula 8 is adopted. To avoid the occurrence of zero value, each indicator is translated by 0.1 unit after standardization in this article.
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(3) Calculate the proportion of each indicator in the corresponding sample, as shown in Formula 9

[image: image]

(4) Calculate the entropy value and difference index of the index, as shown in Formula 10

[image: image]

[image: image], Where n is the number of research samples and t is the year interval.

(5) Calculate the weight of each indicator and calculate the comprehensive score, as shown in Formula 11, where wj is the weight of indicator j,
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The comprehensive score of the calculated results was used as a substitute variable for the integration degree of cultural tourism industry.




EMPIRICAL STUDY


Variable Selection
 
Explained Variable

This article uses the coupling coordination degree model to calculate the coupling coordination degree of 31 provinces and autonomous regions in China as the substitute variable CT of the integration level of cultural tourism industry.



Explaining Variable

The definition of digital economy by previous scholars mainly includes two aspects: in terms of form, digital economy is an economic form that guides and realizes the rapid optimal allocation and regeneration of resources and achieves high-quality economic development. At the technological level, digital economy is a collection of emerging technologies including big data, cloud computing, Internet of things, block chain, artificial intelligence, 5G communications, and so on. In the application level, its typical representatives are “new retail,” “new manufacturing,” and so on. According to the definition of digital economy, it is difficult to quantify the digital economy, so this article replaces the digital economy with the digital financial inclusion index used by Guo et al. (30). Digital financial inclusion index is a comprehensive definition based on the connotation and characteristics of the digital economy, and each index and dimension included should reflect a certain perspective of the overall digital economy [20]. See Table 3 for specific index system construction.


Table 3. Index system of digital economy.

[image: Table 3]

The comprehensive score of digital economy of each province was calculated by entropy method as explanatory variable.

For COVID-19, the number of confirmed cases or deaths is generally used as explanatory variables in the literature on impact analysis. As a measure of epidemic severity, the number of confirmed COVID-19 cases in 31 provinces of China was selected as an explanatory variable.



Control Variable

In this article, urbanization level, industrialization level, foreign direct investment, and advanced industrial structure level are selected as control variables. The ratio of resident population to the total area of each region in the current year is used to indicate the local urbanization level; the number of industrial enterprises above designated size in each region is used to measure the local industrialization level; foreign direct investment to measure foreign direct investment; the ratio of the total output value of the tertiary industry and the total output value of the secondary industry measures the level of advanced industrial structure. Relevant data are from the statistical yearbook of each province.




Model Specification

Based on the above selection of explanatory variables, explained variables, and control variables, this article establishes a multiple linear regression model to explore the direct impact of COVID-19 and digital economy on the integration of China's cultural tourism industry, and also the indirect impact of digital economy on the integration of China's cultural tourism industry during COVID-19. To avoid pseudoregression and eliminate heteroscedasticity in the model, each variable is processed logarithmically to obtain stable data without changing the nature and correlation of time series. The model is processed logarithmically as follows:

[image: image]

Among them, CT represents integration of cultural tourism industry, DE represents digital economy, COV represents COVID-19, FDI represents foreign direct investment, SIZE represents industrialization level, CITY represents city size, and ADV represents advanced industrial structure. α0 is a constant, and ζit is a random error term.



Data Sources and Descriptive Statistics

Descriptive statistics of each variable are shown in Table 4.


Table 4. Descriptive statistical results of each variable.
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According to the descriptive statistics in Table 3, the average integration degree of cultural tourism industry is 0.429, and the maximum and minimum values are 0.695 and 0.131, respectively. It can be found that the integration level of China's cultural tourism industry is relatively balanced. The average value of digital economy is 5.8, the maximum and minimum values are 6.07 and 5.64, respectively, which indicates that the overall level of digital economy in China is relatively balanced, and there is little difference in investment in digital economy among different regions. The COVID-19 outbreak average was 4.26, and the maximum and minimum values were 11.13 and 0, respectively. With the exception of Hubei province, there is little difference in the number of confirmed COVID-19 cases among provinces and autonomous regions.

According to the descriptive statistical results of control variables, the average value of industrialization level is 1.834, and the maximum and minimum values are 4.182 and −1.064, respectively, indicating that industry in some regions of China has been seriously affected during the epidemic. The average value of urbanization level is 7.664, the maximum and minimum values are 8.749 and 5.225, respectively, indicating that China's urbanization level is relatively balanced. The average value of foreign direct investment is 3.258, the maximum and minimum values are 8.749 and 5.225, respectively, indicating that China's overall level of attracting foreign investment is relatively strong. The average value of industrial structure upgrading is 4.624, and the maximum and minimum values are 6.193 and 3.230, respectively, indicating that the production scale and technological level of industries in some regions are still at a low level.




POSITIVE ECONOMICS


The Direct Impact of COVID-19 and Digital Economy on the Integration of China's Cultural Tourism Industry

Table 5 shows the influence of COVID-19 and digital economy on the integration of cultural tourism in China in Equation (1). The coefficient of digital economy is significantly positive at the level of 1% and shows an increasing trend, indicating that the development of digital economy during the COVID-19 epidemic has indeed promoted the integrated development of China's cultural tourism industry, and the coefficient of digital economy is larger than that in 2019, the initial stage of the epidemic. The coefficient of COVID-19 is significantly negative at the 1% level, with an increasing trend all the time. This indicates that with the outbreak of COVID-19 in Wuhan in China, it is spreading rapidly to the whole country, and the negative impact on the integration of culture and tourism in China is increasingly strong. This verifies hypothesis H1. The coefficient of the observed square term of COVID-19 is significantly positive at the level of 1%. It shows that COVID-19 has a long-term effect on the integration of China's cultural tourism industry, which presents a U-shaped trend that will promote the integration of cultural tourism industry in the long run, which verifies hypothesis H2.


Table 5. The direct impact of COVID-19 and digital economy on the integration of China's cultural tourism industry.

[image: Table 5]

Observing the results of the control variables, it can be seen that the coefficient of industrialization level is significantly positive at the level of 1%, and the promoting effect is significant. The coefficient of urbanization level is significantly positive at the level of 1%, which may be because with the improvement in infrastructure, a solid foundation has been laid for the integration of cultural tourism industry. Foreign direct investment is significantly negative at the level of 10%, which may be due to crowding out the level of domestic investment, the decline of the overall level of domestic investment, and the lack of innovation ability, which also hinders the integrated development of China's cultural tourism industry. The industrialization level is significantly positive at 1% level, which also indicates that the integration of China's cultural tourism industry cannot be separated from the development of industrialization. Under the impact of COVID-19, the industry has been hit hard, and there is an urgent need to develop digital economy, make the industry to intelligent transformation, and promote the integration of China's cultural tourism industry.



Indirect Impact of COVID-19 and Digital Economy on the Level of Integration of China's Cultural Tourism Industry

Table 6 shows the indirect impact of COVID-19 epidemic and digital economy on the integration of China's cultural tourism industry in Equation (2). In this result, the crossterm of COVID-19 epidemic and digital economy is focused, and it can be found that the crossterm of COVID-19 epidemic and digital economy is significantly positive at the level of 1% and presents an increasing trend. On the one hand, it proves that the development of digital economy during COVID-19 has promoted the integration of China's cultural tourism industry; on the other hand, it proves that the positive effect of digital economy on the integration of China's cultural tourism industry during the COVID-19 pandemic is gradually strengthened compared to previous ones. By observing the coefficients of COVID-19 and digital economy, it can be seen that, by comparing the coefficients of COVID-19 and digital economy in Table 5, the significance of the coefficients of explanatory variables in Table 6 remains unchanged, but the coefficients decrease slightly, which also proves that digital economy plays an intermediary role in the process of COVID-19 affecting the integration of China's cultural tourism industry.


Table 6. Indirect impact of COVID-19 and digital economy on the integration of China's cultural tourism industry.
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By observing the coefficients of the control variables, it can be seen that on the premise of invariable significance, the coefficients are all reduced to varying degrees. This shows that the impact of COVID-19 on the digital economy reduces the impact of other variables on the integration of cultural tourism industry. This further illustrates the importance of the digital economy to restore the integration of China's cultural tourism industry during the COVID-19 pandemic.




CONCLUSIONS AND POLICY RECOMMENDATIONS


Conclusions

Through empirical research on the direct impact of COVID-19 and digital economy on the integration of China's cultural tourism industry, it is found that the development of digital economy during the COVID-19 pandemic has indeed promoted the integration of China's cultural tourism industry, and the digital economy has promoted the integration of China's cultural tourism industry more strongly than in 2019, the initial stage of the epidemic. With the rapid spread of COVID-19 to the whole country after the outbreak of COVID-19 in Wuhan, the negative impact on the integration of China's cultural tourism industry is also increasingly strong. Moreover, COVID-19 has a long-term effect on the integration of China's cultural tourism industry, showing a U-shaped trend, which will promote the integration of cultural tourism industry in the long run.

An empirical study on the indirect impact of COVID-19 and digital economy on the integration of China's cultural tourism industry found that the development of digital economy during COVID-19 has promoted the integration of China's cultural tourism industry, and the positive effect of digital economy on the integration of China's cultural tourism industry has gradually strengthened compared to the previous situation. The digital economy has played a mediating role in the impact of COVID-19 on the integration of China's cultural tourism industry.



Policy Recommendations

In view of the conclusions drawn in this article, the following policy recommendations are put forward:

(1) Formulating macropolicies: it is necessary to control the domestic and international trends of the epidemic development, steadily and comprehensively promote the work of domestic economic and social development in the postepidemic period, pay close attention to the development of the global epidemic, and actively plan countermeasures. The central government should formulate policies for the integrated development of China's cultural tourism industry after the epidemic and fully consider the long-term and short-term impacts of COVID-19 on the integration of China's cultural tourism industry. We will give full play to the leading role of fiscal policies. The Ministry of Finance and other departments will jointly put forward supportive policies for stabilizing economic and social development, and relevant departments will cooperate in their implementation. Financial departments at all levels should give full play to the financial advantages of all levels and local governments to provide special interest loans to key epidemic prevention and control enterprises.

(2) Formulating policies related to the digital economy: transform the effective short-term digital economy pilot policies into long-term policies, take “digital industrialization, industrial digitization, and digital governance” as the main line of development, accelerate the upgrading of provincial guidance on accelerating the development of digital economy, and promote the implementation of pilot policies conducive to the development of digital economy. The epidemic has further highlighted the importance and vulnerability of small and medium-size enterprise in China's employment and economic development. Some short-term policies issued by governments at all levels to support the development of small- and medium-sized digital enterprises are considered to be timely and effective after postevaluation and can be transformed into long-term policies based on the coordination and improvement.

(3) To strengthen the capacity of the digital economy to cope with risks: First, in response to the shortcomings exposed in the epidemic response, big data, artificial intelligence, blockchain, smart supply chain, and other technologies are used to enable emergency prevention and control of major public health events and effectively improve the effectiveness of major epidemic prevention and control. Second, we will systematically identify weaknesses in the national reserve system, improve reserve efficiency, optimize the distribution of production capacity of key supplies, and improve contingency plans. Third, based on the vulnerability of the public health governance system exposed by the epidemic, we will comprehensively and thoroughly investigate and rectify similar problems existing in the governance system in other fields, enhance the building of emergency response capacity supported by digital technology, and further establish and improve China's modern public security emergency management system.

(4) Improve the digital system: strengthen talent support, intensify efforts to tackle cutting-edge technologies and train cutting-edge talents, and accelerate the improvement in strategic scientific and technological forces and strategic reserve capacity in the field of epidemic prevention and control and public health. Second, we will accelerate the development of a platform support system for the development of the digital economy. From both the supply side and the demand side, accelerate the construction and promotion of industrial Internet platform and the popularization of the application of industrial Internet for small- and medium-sized enterprises, form a multilevel and systematic platform development system, and promote the connection of all elements of industry and optimal allocation of resources. Third, we will accelerate the improvement of policy and institutional support systems for the development of the digital economy. We will establish and improve policies and regulations that suit the development of digital economy industries, further deepen reform to delegate power, improve regulation and services to promote continuous improvement of the business environment, strengthen oversight over digital transactions, and improve data security systems.
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Industry agglomeration has become a prominent feature of tourism industry development in developed and developing countries and regions in the world. According to the literature analysis, the development of industrial agglomeration has both agglomeration effect and congestion effect. This paper constructs a theoretical and empirical analysis framework for the impact of tourism industry agglomeration on the total factor productivity of Chinese urban agglomerations, and analyze the moderating effect of the public epidemic on this impact. From results of empirical analysis, a U-shaped relationship exists between tourism industry agglomeration and the total factor productivity of Chinese urban agglomerations. The public epidemic positively moderated (enhanced) the negative effect (congestion effect) of tourism industry agglomeration on total factor productivity, and negatively moderated (weakened) the positive effect (agglomeration effect) of tourism industry agglomeration on total factor productivity.
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INTRODUCTION

Industry agglomeration development is a worldwide economic phenomenon. Industry agglomeration combines the isolated small and medium-sized enterprises with an innovative development mode to maximize the integration of natural advantages and endowments, and enhance the overall production efficiency and competitive advantage of the industry. There are many industries involved in tourism, and there are many horizontal associations between industries, which is one of the industries with the most obvious agglomeration effect and the most suitable for agglomeration development (1). At the same time, Porter cites clusters examples related to tourism industry as actual clusters. For example, the California wine cluster. Tourism industry agglomeration as a strategic means of regional tourism development can effectively guide the development of regional tourism (2). The South African government used the concept of clusters to guide the country's travel tourism development. Sri Lanka, Ghana, Guyana, Croatia and other countries also tried to establish a tourism industry cluster. In recent years, regional tourism industry agglomeration have emerged continuously, and the industries within the cluster have been concentrated, which has also produced good synergies and innovation effects. Agglomeration has become a prominent feature of the development of tourism industry in developed and developing countries and regions of the world (3).

Since the 1960s, the growth rate of the global tourism economy has generally been higher than that of the global economy. Tourism has gradually developed into the world's largest emerging industry, and has even surpassed the petroleum and automobile industries to become the world's largest industry. Tourist destinations represented by emerging countries continue to appear, and the world's regional center of gravity is shifting to the east. China is the representative of this trend. After 40 years of reform and opening up, China's tourism industry has become an important part of national economy and a basic guarantee for China's sustained economic growth and stable operation (4, 5). According to data from the China Tourism Academy, in 2019, China's tourism industry contributed 11.05% to GDP and 10.31% to national employment. With the rapid development of transportation and information technology, the time and distance between regions are shortened, and the tourism economy between regions is more closely connected. This close connection and interaction has significantly strengthened the mobility of related tourism elements between regions and promoted tourism. The spatial configuration and integration of elements are constantly evolving, thereby accelerating the formation and development of tourism industry agglomeration.

Theory and practice have proved that industry agglomeration will not only produce agglomeration effect that contribute to economic growth, but also generate congestion effect that hinder economic development. There are also differences in the strength of the two effects at different stages of agglomeration changes. Therefore, the strength of the agglomeration effect and the congestion effect of the tourism industry agglomeration (TIA) determine whether it can improve the regional total factor productivity (TFP). In addition, the Williamson hypothesis believes that the agglomeration effect will significantly improve economic efficiency before the economy develops to a critical level, but then, the agglomeration effect turns into a congestion effect, which has a negative effect on economic efficiency (6). From a theoretical point of view, TIA also has agglomeration effect and congestion effect. Under the background of supply-side structural reform in China, the tourism industry, as an important industry to ensure the long-term stability of China's economy, is urgently needed to clarify the mechanism of the relationship between TIA and TFP both in terms of theoretical research and industrial practice. Whether TIA exerts the agglomeration effect or the congestion effect is related to the sustainable development of the tourism industry.

Public health emergencies not only directly cause a certain degree of health damage to the public physically and psychologically, but also have an immeasurable impact on regional development economically and politically. As a public health emergency, the global coronavirus disease (COVID-19) not only poses a serious threat to human life and health, but also has a significant impact on the development of the world's tourism industry. As the epidemic is gradually brought under control, the economy has gradually recovered, but the recovery of the tourism industry has been slower than that of other industries. The World Tourism Council estimates that it will take up to 19 months for the tourism industry to recover. Although the global epidemic has caused the global tourism industry to almost stagnate, the China Tourism Research Institute predicts that China's tourism economy will recover in a “U-shape” in 2020. At present, China's economic and social development is at a critical stage of innovation-driven transformation. In this important evolution process, China's tourism industry has undergone a transformation of “tourist spots–tourist attractions–tourist resorts–national tourist economic zones–global tourism” around core tourism resources. As one of the fastest-growing industries in China, the tourism industry is characterized by its comprehensiveness and strong relevance, which determines its spatial agglomeration characteristics. Therefore, this paper discusses the moderating effect of public epidemic in the relationship between tourism industry agglomeration and total factor productivity of urban agglomerations.

To date, tourism industry research is mainly concentrated in cities, and tourism research for urban agglomerations is also less. This paper constructs a theoretical and empirical analysis framework, taking China's 10 urban agglomerations as examples to test the relationship between TIA and TFP, and analyze the moderating effect of the public epidemic. Different from previous studies, this paper makes possible contributions in four aspects: First, this paper theoretically analyzes the mechanism of TIA on TFP. Previous studies have focused on the impact of manufacturing industry agglomeration on regional economic efficiency, but there are few studies with respect to the impact of TIA on TFP. Second, based on panel data model and econometric methods, the non-linear relationship between TIA and TFP of urban agglomerations is empirically tested. Third, this paper discusses the moderating effect of public epidemic in the relationship between TIA and TFP from the perspective of exogenous shocks. Fourth, the sample selected in this paper is multiple urban agglomerations rather than cities or a single urban agglomeration. Because the tourism industry has a high degree of regional openness and industrial relevance, urban agglomeration has become an important space carrier for the development of regional tourism industry. The urban agglomeration has a high degree of agglomeration characteristics, and the agglomeration characteristics of the tourism industry in urban agglomerations are more obvious.

The next section of this five-section paper reviews the literature and develops research hypotheses. The third section describes materials and empirical methods. The four section interprets the results. The final section summaries the major findings, contributions, followed by suggestions for future work.



LITERATURE REVIEW

With the rapid development of urban agglomerations, more and more scholars pay attention to the phenomenon of urban agglomerations, and carry out theoretical and empirical research on the economic development of urban agglomerations. It is believed that urban agglomerations are increasingly becoming one of the most important modes of economic competition. The economic efficiency of urban agglomerations is obviously better than that of non-urban agglomerations (7). As urban agglomerations have better transport and communication infrastructure, multinational corporations are connected to each other, knowledge flows and relationships are easier to establish, and companies can access a diverse and specialized workforce and global business services, which improve the economic efficiency and competitiveness of urban agglomerations (8–10). In addition, closer ties between cities within the urban agglomeration can better address their economic development issues, resulting in better economic development of the urban agglomeration (11). Thus, urban agglomerations can achieve better “centralized dispersion” (12).

Industry agglomeration development is a worldwide economic phenomenon. Since the American economist Marshall proposed the theory of industry agglomeration in the late twentieth century, industry agglomeration and economic development have been the focus of research. A series of new economic geography theoretical models reveal that industry agglomeration and economic growth are essentially mutually reinforcing endogenous processes. Industry agglomeration is beneficial to overall economic growth, and geographical location will affect economic growth (13–17). However, no consensus conclusions have been reached on relevant empirical research. Some scholars have confirmed that agglomeration does have a significant effect on industrial growth or regional economic efficiency (18–21). However, some scholars have found that the role of agglomeration in promoting regional economic growth is limited (22), and even hinders industrial growth or regional economic growth (23, 24). Some scholars believe that there may not be a simple linear correlation between agglomeration and growth. The agglomeration effect and congestion effect of industry agglomeration have been proved in related research (25–27).

The International Cluster Consortium pointed out TIA was a geographical concentration of tourism enterprises and related organizations which cooperate for a common goal and establish close ties. This enables the region to gain overall competitive advantage (28). This concept inherits Porter's idea of taking regional scale as a unit to obtain regional competitiveness as the fundamental goal. Scholars mostly agree with Porter's view when conducting research on TIA (29). Scholars believe that the combined effects of internal and external causes promote TIA. When scholars discuss the external driving factors of TIA, they mainly involve resource endowment, market demand, location conditions, and government promotion (30). Compared with the external driving mechanism, the internal driving mechanism is more concerned by researchers, including the economies of scale and scope, flexible specialization, innovative learning, externality and so on (31–33).

Whether it is TIA as a result of regional development or as a strategy for regional economic development, TIA will have a significant impact on TFP. Regarding the relationship between TIA and TFP, relevant research has been carried out. Most scholars believe that TIA has a positive effect on tourism economic development or economic efficiency (29, 34–37). For example, TIA can reduce the economic leakage of tourist destinations (38), prevent the decline of local tourism (39), and ultimately enhance the regional tourism competitiveness (32). Li and Liu (40) found that TIA could significantly improve the overall efficiency, pure technical efficiency, and scale efficiency of Chinese provincial tourism industry. However, some scholars believe that China's tourism industry at the current stage has a low level of agglomeration, and tourism industry agglomeration has no positive effect on the economic development (41). Some scholars believe that the prosperity and development of tourism industry is an industrialization process, because the income brought by tourism has attracted more manufacturers to join. On the other hand, the development of tourism industry is a process of de-industrialization because tourism industry attracts the labor force of the manufacturing industry (42). Based on theoretical analysis, this paper believes that China's TIA has both agglomeration and congestion effect. Therefore, this paper proposes the following hypothesis:

H1: It is a Non-Linear Relationship Between TIA and TFP of Urban Agglomerations.

Scholars have studied the impact of public emergency shocks on the micro and macro levels. Kaplanski and Levy (43) found that the loss of aviation stock market value caused by air crash events was much greater than the real economic loss of aviation companies caused by air crashes. Zhao (44) discussed the correlation between the information disclosure of pharmaceutical companies and the individual stock market response in emergencies based on the SARS outbreak. The study found that the positive driving effect of pharmaceutical epidemic disclosure on individual stock market effects was affected by the “conspicuous” effect of information disclosure degree of influence. The research on the COVID-19 epidemic mainly focuses on the macro level, and discusses the impact of the COVID-19 epidemic on the macroeconomic operation and its transmission path (45, 46), and the choice of government intervention strategies under the impact of the COVID-19 epidemic (47, 48). The empirical analysis results of Shen et al. (49) shown that the COVID-19 epidemic had a significant negative impact on the performance of Chinese listed companies, mainly in the reduction of investment scale and operating profit. Luo (50) found that compared with state-owned enterprises and large enterprises, the COVID-19 epidemic had a greater impact on private enterprises and small and micro enterprises, and business risks may also be transmitted along the supply chain and guarantee chain, causing localized crises. Huang et al. (51) found that the epidemic had significantly reduced the willingness of enterprises to carry out economic activities in the future. Tang et al. (52) used the SARS epidemic in 2003, the international financial crisis in 2008, and the earthquake in Japan in 2011 to investigate the impact of exogenous shocks on corporate investment and value chains, and found that supply-side and demand-side shocks affected corporate investment and value. It was found that there were differences in the impact of the chain, and the government's response policies would resist the negative impact of exogenous shocks on corporate investment to a certain extent. Xie et al. (53) found that the impact of the COVID-19 pandemic had a significant positive impact on corporate innovation bias, while credit financing support negatively moderated the positive relationship between the COVID-19 pandemic and corporate innovation bias. Through literature review, it is found that public emergencies not only have short-term impacts, but also have medium-term and long-term impacts on regional economic development. Different from one-time, localized shocks such as terrorist attacks and natural disasters, the characteristics of the COVID-19 epidemic, such as its strong transmission, wide epidemic range and long duration, make the impact of this epidemic lasting and far-reaching. Therefore, this paper proposes the following hypothesis:

H2: Public epidemic plays a moderating role in the relationship between TIA and TFP of urban agglomerations.

At the same time, some other factors of tourism industry will also have an impact on TFP. Studies have pointed out that tourism resources are an important factor in the development of natural environment-dependent tourism (54). The elements or resources of tourism industry development include many types, such as demand factors, natural resources, technical resources, and service resources. The influence of these factors on tourism economy or regional economic development has also attracted the attention of scholars. Based on the research of scholars, this paper believes that residents' disposable income (DI) (55), technological innovation (TP) (56), marketization institution (MI) (57), transportation infrastructure (TI) (58) will also affect TFP. Therefore, this paper selects these factors as control variables.



MATERIALS AND METHODS


Study Area

China's “13th Five-Year Plan” issued by the National Development and Reform Commission of China proposed to promote the sustainable development of some key urban agglomerations. Taking into account the differences in the development level of regional economy and urban agglomerations, this paper selects 10 urban agglomerations as study samples. Typical urban agglomerations are as follows: Beijing-Tianjin-Hebei, Yangtze River Delta, Pearl River Delta, Shandong Peninsula, West Taiwan Strait, Mid-southern Liaoning, Central Plains, Middle Yangtze River, Chengdu-Chongqing, and Guanzhong urban agglomerations, which include a total of 122 cities. These urban agglomerations are the most fundamental areas supporting China's land development and also play a vital role in China's participation in global competition. During the period of 2004–2019, the tourism revenue of these 10 urban agglomerations in China accounted for about 10% of the regional GDP, and the highest proportion reached 20%. Geographically, these 10 urban agglomerations involve national and regional study samples, which also involve eastern, middle, and western economic district in China with gradient differences, and can better represent the economic development level and characteristics of the three regions in China.



Data Sources

The data statistics of the sample are from 2002 to 2021. The sample includes public health emergencies such as SARS that began in 2003 and the COVID-19 epidemic that began in 2020. In this paper, most statistical data were derived from the authoritative statistical yearbooks, including the 2003–2021 China Urban Statistical Yearbook, the 2003–2021 China Statistical Yearbook on Science and Technology, and the 2003–2021 China Statistical Yearbook. Tourism revenue data for each region comes from the annual statistical bulletin of national economic and social development in each province or city in China (2003–2021). The data on the public epidemic comes from the World Pandemic Uncertainty Index (https://worlduncertaintyindex.com/data/). The marketization institutiou indicator of urban agglomerations were derived from the China Marketization Index Report published by Wang et al. (59). The data for all variables in 2021 are forecast values.



Methods

Based on literature research, this paper argues that the impact of TIA on TFP of urban agglomeration is also divided into agglomeration effect and congestion effect. The agglomeration and congestion effects of TIA will be accompanied by the entire period of TFP changes in urban agglomerations. Therefore, in the model of TIA and TFP, this paper expresses the change process by means of the square term of TIA [image: image]. If the coefficient before the square term of TIA is positive, then TIA in this period will promote TFP of urban agglomerations. If the coefficient is negative, it indicates that TIA in this period has hindered TFP of urban agglomerations. In order to analyze in detail the current stage of China's TIA on TFP of urban agglomerations, this paper constructs the panel data model as follows.

[image: image]

where TFPit is TFP of urban agglomeration i in the year t, and TIAit is the level of TIA of urban agglomeration i in the year t. Xit represents the control variables, for example, residents' disposable income (DI), technological innovation (TP), marketization institution (MI), transportation infrastructure (TI), etc. μi is the individual effect, λt is the time effect, and εit is the random error term. i =1, 2,..., 10, representing 10 urban agglomerations; t = 1, 2,..., 20, representing time 2002, 2003,..., 2021.

In order to test the moderating effect of the public epidemic, this paper adds a new variable Discussion about Pandemics Index (DPI) to the new model. The addition of this explanatory variable can help to analyze the moderating role of DPI in the relationship between TIA and TFP.Therefore, this paper adds the intersection of TIA and DPI in the above model (1) to further test the impact of TIA on TFP. The panel data model was modified as follows.

[image: image]

Calibrated variables in the panel data models are shown in Table 1.


Table 1. Calibrated variables.

[image: Table 1]



Calibrated Variables

The calibrated variables involved in the regression equation mainly include TFP, TIA, DPI, DI, TP, MI and TI.


Dependent Variable: TFP

TFP measurement methods include growth kernel algorithm, frontier analysis and index method. As a frontier analysis method, Data Envelopment Analysis (DEA) uses the optimization method to determine the weight of various input factors endogenously, avoiding the specific expression of the relationship between input and output, and eliminating the interference of many subjective factors on the measurement method. It also has advantages such as no relationship with market price, and it is especially suitable for TFP evaluation of complex economies.

This paper uses the DEA-Mamquist model to measure TFP of urban agglomerations. According to the classical Cobb-Douglas production function:

[image: image]

where the two most important input factors in economic growth are labor L and capital K. In macroeconomic output, natural resources are also a key production factor, the most important of which is the land element. The output of efficiency is the macroeconomic output of urban agglomerations. Therefore, TFP measurement model of urban agglomerations includes three input indicators and one output indicator. The first input indicator is labor factor, measured by the total number of employed people in urban agglomerations. The second input indicator is the capital factor, measured by the total capital stock of urban agglomerations in the current year. The third input indicator is the natural factor, which mainly refers to the input of the land elements of urban agglomerations, measured by the total land area of urban agglomerations. The capital stock is estimated using Goldsmith's Perpetual Inventory Method (PIM). The basic estimation formula is as follows.

[image: image]

where Kt and Kt−1 represent the regional capital stock in period t and t-1, respectively, δt is the capital depreciation rate in period t, and It is the investment amount in period t.

The DEA-Malmquist model can be used to measure the change in TFP of China's 10 urban agglomerations from 2002 to 2021. TFP of an urban agglomeration can be expressed as follows.

[image: image]

where TFPit is TFP of urban agglomeration i in the year t. TFPCHit is the Malmquist index of urban agglomeration i in the year t, which is just an index of change rate, not equal to TFPit. This paper refers to the literature research, and the TFP of the current year is expressed by multiplying the TFP of the previous year and the TFPCH of the current year. This paper sets 2001 as the base period, that is, TFPi2001 = 1. i = 1, 2,..., 10, representing 10 urban agglomerations; t =2002, 2003,..., 2021.



Core Independent Variable: TIA

Under normal circumstances, the degree of industrial agglomeration is mainly considered in two aspects: first, the concentration of industry in geographic location, that is, the degree of specialization of industry in a specific region; second, the relationship between related industries in industrial agglomeration, that is, the degree of relevance between industries. At present, the measurement methods of industrial agglomeration mainly include industry concentration, location quotient method, Gini coefficient method, and Hefendale index. Through the comparison of various research methods and the availability of relevant data, this paper selects the location quotient index to measure the level of TIA. The location quotient index has been recognized by many scholars in the study of TIA at different regional scales (60–64). The location quotient index can not only fully reflect the spatial distribution of regional industrial factors and the intensity of regional industry development, but also visually reflect the agglomeration level of relevant formats in different regions and the specialization level of different industries. This paper uses the location quotient method to measure the level of China's TIA. The calculation formula is as follows.

[image: image]

where TIAit is the location quotient index of the tourism industry of urban agglomeration i in the year t, which measures the ratio of tourism industry income to gross domestic product (gdp) in urban agglomerations to the national level. If the value of TIAit is greater than 1, it indicates that TIA in this urban agglomeration is obvious, and the larger the value, the higher the level of agglomeration. ttrit is the tourism income of urban agglomeration i in the year t, gdpit is the gross domestic product (gdp) of urban agglomeration i in the year t, ttrt is the national tourism income in the year t, gdpt is the national gdp in the year t. i = 1, 2,..., 10, representing 10 urban agglomerations; t = 2002, 2003,..., 2021.



Core Variable: DPI

This paper aims to examine the moderating effect of the public epidemic in the relationship between TIA and TFP. For this purpose, we use the dataset of World Pandemic Uncertainty Index. This dataset includes the World Pandemic Uncertainty Index and an index that measures discussion about pandemics at the global and country level. We choose the Discussion about Pandemics Index (DPI) to measure pandemic uncertainty or public pandemic, and convert monthly data to annual data.



Control Variables

Due to the characteristics of the development of tourism industry, resource accumulation factors of tourism industry will also affect TFP of urban agglomerations. Therefore, this paper selects resource accumulation factors such as residents' disposable income (DI), technological innovation (TP), marketization institution (MI) and transportation infrastructure (TI) as control variables. Among them, the data of DI comes from the China Statistical Yearbook. TP is measured by the ratio of the total number of patent application to the total land area of urban agglomerations. Referring to the practices of other scholars, this paper uses the marketization index in the “China Marketization Index Report” published by Wang et al. (59) as the maketization institution variable (MI). Therefore, MI index of each urban agglomeration is the arithmetic mean of the corresponding marketization index of the provinces or cities included in the urban agglomeration. TI is measured by the ratio of the total length of the road, railway and inland waterway to the total land area of the urban agglomeration.





RESULTS

According to the theoretical hypotheses and the panel data model, the regression Equations (1) and (2) are estimated.


Stationarity Test of Variables

Before the empirical analysis, in order to prevent the phenomenon of pseudo-regression, it is necessary to test the stability of each index. In this paper, the four kinds of stationarity test methods of Levin-Lin-Chu panel unit root test (LLC), Im-Pesaran-Shin panel unit root test (IPS), Fisher-Augmented Dickey-Fuller test (ADF-Fisher) and Fisher-Phillips-Perron test (PP-Fisher) are used to ensure the accuracy of the test conclusion. According to the results of the four test statistic of each variable sequence, it is found that after the first-order difference is involved in the initial variables of the model, all variables pass the 10% significance test. Therefore, the variables in the model are first-order monotonic, that is, obey the I (1) process. The panel data is stable, and the co-integration relationship between the dependent variable and the independent variables can be tested before the regression analysis.



Co-integration Test Between Variables

The Pedroni co-integration test method is the most commonly used test method, which can provide multiple test statistics at the same time, thus enhancing the scientificity of the test conclusion. The co-integration test results of the dependent variable and the independent variables are shown in Table 2.


Table 2. Co-integration test results of TFP and independent variables.

[image: Table 2]

From Table 2, it can be found that the Modified Phillips-Perron, Phillips-Perron, and Augmented Dickey-Fuller statistics of TFP all reject the null hypothesis that “there is no co-integration relationship”. Therefore, it can be concluded that there is a co-integration relationship between TFP and the independent variables. Therefore, this paper can select panel regression model (1) and (2) to analyze the impact of TIA on TFP of urban agglomerations.


Regression Results

According to the research hypotheses and the econometric model, the regression results are shown in Table 3.


Table 3. Regression results.

[image: Table 3]

By analyzing the estimated results of the model, this paper gets some basic results.

First, the impact of TIA on TFP of Chinese urban agglomerations is both agglomeration and congestion effects. From the estimation results of the model (1) and (2), the estimated coefficient of TIA is significantly negative, and the estimated coefficient of TIA2 is significantly positive. This result indicates that a U-shaped relationship exists between TIA and TFP of Chinese urban agglomerations. The hypothesis H1 passes the test, and the result is not consistent to Williamson hypothesis (inverted “U” curve). That is to say, in the early stage, TIA hinders TFP of Chinese urban agglomerations. After a certain stage of development, TIA will promote TFP of Chinese urban agglomerations. By calculation, the turning point is equal to 3.93. This conclusion is not consistent with some scholars. According to some scholars' research, China's TIA on TFP of urban agglomerations has a continuous agglomeration effect. As the resources of the service industry continue to be concentrated in one region, upstream and downstream enterprises in the production chain can cooperate effectively. With the convenience of transportation, enterprises and surrounding organizations vigorously cooperate to improve production efficiency, and thus continue to promote TFP of various regions.

Second, public epidemic plays a moderating role in the relationship between TIA and TFP of urban agglomerations. From the test results of model (2), the intersection of TIA and DPI (TIA*DPI; TIA2*DPI) passes the significance test. This shows that the public epidemic significantly moderates the relationship between TIA and TFP of urban agglomerations. The hypothesis H2 passes the test. The public epidemic positively moderated (enhanced) the negative effect of TIA on TFP of urban agglomerations, and negatively moderated (weakened) the positive effect of TIA on TFP of urban agglomerations. And Figure 1 is shown how the U-shape curve change under different level of DPI.


[image: Figure 1]
FIGURE 1. U-shape curve change under different level of DPI.


Third, the resource accumulation factors of tourism industry also have an important impact on TFP of urban agglomerations. Among the independent variables, the coefficient of DI of urban agglomerations in the model is negative, but fails the significance test. TP is significant at the 1% statistical level, and the coefficient is positive. This indicates that the level of technological innovation can promote TFP of urban agglomerations. MI is significant at the 1% statistical level, and the coefficient is negative. This indicates that the marketization level is not conducive to TFP of urban agglomerations. This may be related to the early stage of China's tourism industry development, and complete marketization may not be conducive to TFP. TI is significant at the 1% statistical level, and the coefficient is negative. This indicates that the transportation infrastructure level is not conducive to TFP of urban agglomerations.





CONCLUSION

Based on the hypothesis and the cases of China's 10 urban agglomerations, this paper constructs a theoretical and empirical analysis framework for the impact of TIA on TFP. The analysis framework not only examines the mechanism and impact of TIA on TFP, but also examines the moderating effect of the public epidemic on this impact. In summary, this paper draws some main conclusion.

First, the agglomeration development of tourism industry in Chinese urban agglomerations is obvious, and the regional differences are gradually shrinking.

Second, a U-shaped relationship exists between TIA and TFP of Chinese urban agglomerations. The result indicates that the impact of TIA on TFP of Chinese urban agglomerations is first the congestion effect and then the agglomeration effect (a U-shaped curve). This shows that China's current tourism industry should release the development dividend so as to be the growth point of China's economic development.

Third, the public epidemic plays a moderating role in the relationship between TIA and TFP of urban agglomerations. The public epidemic has enhanced the congestion effect of TIA and weakened the agglomeration effect of TIA. This also shows that the public epidemic has a significant impact on the tourism industry and the TFP of urban agglomerations.

In order to continuously improve TFP of China's urban agglomeration, it requires various efforts. First, the urban agglomeration should promote the integration process of tourism industry development and strengthen the agglomeration effect of TIA on TFP. Urban agglomerations must remove barriers to cross-regional development, strengthening internal coordination, and enhance external collaboration to promote the effective flow of tourism resources. Second, urban agglomerations should vigorously promote the global tourism development model, which can not only realize the sharing of tourism resources dividends between regions, but also allow tourists to enjoy cross-provincial tourism experience services. Third, in the era of normalization of the epidemic, urban agglomerations should activate the form of online tourism and promote the development of smart tourism. The smart tourism system should be fully connected to the public health management system to provide “reassurance” for both tourists and tourism enterprises. It is necessary to realize the integration of online and offline as soon as possible, give full play to the function of technology to adjust cultural distance, and strongly support the integration of culture and tourism. Fourth, the technological innovation level of tourism industry and new tourism products should be continuously improved. Finally, we must give full play to the role of the government in macroeconomic regulation and improve the marketization institution. The marketization institution is a double-edged sword. It is necessary to foster strengths and avoid weaknesses so as to provide institutional guarantees for the development of urban agglomerations.

However, further research is needed as follows. First, the scientific calculation of the total factor productivity of urban agglomerations. If the indicators, data, and methods are different, the measurement results of the total factor productivity of the urban agglomeration will show large differences. In the follow-up study, it is necessary to select more realistic indicators, and use different methods to measure total factor productivity of urban agglomerations. The second is the study of the spatial effects of tourism industry agglomeration. In the future research, spatial location factors will be introduced to analyze the impact of tourism industry agglomeration on neighboring areas. Third, there are many factors affecting the development of tourism industry. In the future research, more factors will be considered.
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Affected by the coronavirus disease 2019 (COVID-19), there were short-term uncertainties in China's live pig industry supply chain. Due to the insufficient supply of pork, the price of pork rose from 33.21 yuan/kg at the end of 2019 to 37.46 yuan/kg in mid-February and fell to 26.41 yuan/kg in mid-May. To restore pig supply and stabilise prices, China issued relevant policies. Given the current effective control of COVID-19 in China, this paper constructed an evolutionary game model of China's pork supply and demand stakeholders under normalisation of COVID-19 prevention and control, analysed the behavioural strategies of consumers, government, and pig farmers, used MATLAB software for data simulation, and expounded on the evolution path and the characteristic rule of tripartite decision-making behaviours. The results showed that government supervision costs, evaluation of government by consumers and pig farmers, government subsidies to pig farmers and consumers, and the proportion of stakeholder behaviours affected the formation of tripartite relationships. The results provide a useful reference for the government to formulate effective policies, increase pig supply, and stabilise pork prices.
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INTRODUCTION

The spread of the coronavirus disease 2019 (COVID-19) caused feed and slaughter companies to underoperate and interprovincial and rural roads to be blocked, which gradually increased the cost of breeding, reduced the number of pig farmers, and severely hurt the pig industry (1). China issued several policies to accelerate the recovery of the live pig market affected by COVID-19. The No. 1 Central Document in 2020 stressed that all localities should strictly implement various policies and measures to support live pig production, step up to break the bottleneck of environmental impact assessment, land use, and credit and rectify the problem of arbitrarily expanding the restricted feeding areas. In addition, the document also allowed pig breeding to use generally cultivated land and cancelled the upper limit of 15 mu of land, which improved the resumption of production in the industry. The No. 1 Central Document in 2021 emphasised that pig farming should accelerate the construction of modern breeding systems, protect the basic production capacity of live pigs, and improve the long-term mechanism for the stable and orderly development of the pig industry. With the support of China, pig production capacity is gradually restored. By the end of 2020, the number of live pig stocks and breeding sow stocks increased by 31 and 35.1%, respectively, compared with the end of last year. The output of pork in 2020 was 41.13 million tonnes, which was 3.3% lower than the output of pork in 2019. Whether the restoration of pork supply under normalisation of COVID-19 prevention and control will lead to a decline in pork prices and breeding income has become the most concerning topic for consumers and pig farmers (2).

Pigs are the main source of meat for humans. A moderate amount of pork intake can maintain balanced nutrition for humans. Regarding the role of pork in human nutritional balance (3–5), selenium plays an important role in human health. Fajt et al. (6) collected 135 pork samples from the Czech Republic and analysed the selenium content. The research showed that pork had a significant contribution to the selenium intake of the population of the Czech Republic. An et al. (7) proposed that pork intake, especially fresh/lean pork intake, provided the protein and other essential micronutrients needed by the elderly every day and may have the potential to prevent functional limitations due to nutritional deficiencies. Nong et al. (8) pointed out that pork was the most important source of animal protein for Chinese consumers. The content and composition of fatty acids in pork were closely related to the occurrence and development of metabolic diseases such as cardiovascular disease, obesity, and diabetes.

The ancient Chinese believed that “only pigs can be regarded as family property.” The public has paid close attention to pork supply-demand and pork prices. There has been much research on pork supply and prices (9–11), one of which is the study of Ryu et al. (12) which found that the amount of pork forecasted using structured and unstructured data and five prediction algorithms were more accurate. Zhang and Wang (13) found that a recursive model of the pig herd, a monthly estimation model of new piglets and breeding sows, an estimation model of the initial state of the sow, and a related index of models can more accurately predict the supply of pigs. Chuluunsaikhan et al. (14) implied that the combination of deep learning and news topic models improved the accuracy of forecasting Korean pork prices.

Pork supply and demand are affected by many factors. Academia focuses on the decision-making behaviours of multiple parties in pork supply-demand. There has been much research on multiple parties' decision-making in pig supply and demand (15–17). Zhao et al. (18) used the evolutionary game method to explore the decision-making behaviours of pig farmers and local government in the treatment of faecal pollution of pig scale breeding and found that by adjusting the local government's guidance strength, guidance costs, rewards, punishments, and other factors, pig farmers chose to scientifically treat manure and improve pig survival rate. Liu and Wang (19) used the evolutionary game theory to explore the factors influencing the quality and safety behaviours of pig farmers and slaughtering and processing enterprises and proposed suggestions for pig farmers to increase the supply of qualified pork on the market. Ma et al. (20) applied the evolutionary game method to study the impact of the type of pig farmers' human resources on the scale of pig breeding and concluded that contractual scientific pig farmers had the highest degree of the scale.

To stabilise the pork supply, the government has introduced different policies in accordance with national mechanisms. The policies formulated by the state to stabilise the pork supply are various (21–23). Niemi et al. (24) found that the national policy of generally improving the sanitary conditions of pig fattening could reduce the price of pork by up to 5%. Almazan-Figueroa et al. (25) used a non-linear programming model and found that Mexico's rate adjustment would protect domestic producers while harming pork imports and consumers. Song and Cheung (26) applied the time series analysis method to analyse the impact of pork tariff quotas on household consumption. Pork tariff quotas alleviated the shortage of pork caused by foot-and-mouth disease at the end of 2010.

China also issued several policies, such as improving the pig farm policy and the temporary loan discount policy for large-scale pig farms, optimising the scope of subsidies, and implementing all necessary supplements to ensure pork supply. However, some problems that need to be resolved have been exposed during the implementation of policies. Wang (27) pointed out that the support policy for the pig industry was falling into the problem of the “grassroots implementation dilemma.” The government should adhere to both epidemic prevention and pig supply guarantees and strive to ensure the implementation of relevant national policies. Zhang et al. (2) proposed that although the pig industry was guided by policies, the cost of breeding rose significantly. Coupled with the impact of COVID-19, management costs increased, and the income level of pig farmers was still not optimistic. Liu et al. (28) used VEC modelling with exogenous variables related to the policy to analyse the implementation of the pork collection and storage policy and found that the impact of the policy on pork prices was not significant. After quantitative research, Wang and Zhou (29) discovered the unreasonable part of government subsidies for pig farmers. The pig insurance subsidy policy that could best resist the risk of production fluctuation had the lowest correlation with the stable supply of pigs. The average subsidy level of the incentive policy for pigs transferred out of the county was the highest, but the correlation with the stable supply of pigs was not the highest. The starting point of the government's measures was to give full play to the role of macro-control to protect the interests of consumers and farmers in the case of insufficient supply of live pigs and fluctuations in live pig prices. However, existing studies have shown that national policies still need to be improved in terms of subsidy intensity, fit between policies and people's needs, and grassroots implementation. To give full play to the role of government subsidies and support policies, it is essential to explore the decision-making behaviours of consumers, government, and pig farmers. There is a lack of research on consumers' behaviours and effects on pig supply and demand.

In summary, the paper applies evolutionary game theory to the research on pork supply and demand in China under normalisation of COVID-19 prevention and control and expands the logical relationship of “document combing-model construction-stability analysis-numerical simulation analysis-discussion and conclusions,” reveals the main factors that affect government, pig farmers, and consumers' decision-making and the dynamic evolution of the supply-demand relationship, and explores the balanced policy combination that promotes the balance of pork supply and demand. The research intends to provide more systematic decision support for relevant decision-making departments and promote the formation of an orderly, healthy, and stable pork supply-demand relationship.



EVOLUTIONARY GAME MODEL

Evolutionary game theory is a theory that combines game theory analysis and dynamic evolution process analysis. It no longer models humans as superrational players but believes that humans usually achieve game equilibrium through trial and error. The chosen equilibrium is a function of the equilibrium process to reach equilibrium, and history, institutional factors and certain details of the equilibrium process will all have an impact on the choice of multiple equilibriums in the game. Hirshleifer (30) proposed the concept of evolutionary equilibrium. If the trajectory starting from an arbitrarily small neighbourhood of a certain equilibrium point of the dynamic system eventually evolves towards this equilibrium point, the equilibrium point is said to be locally asymptotically stable, and such a dynamic stable equilibrium point is the evolutionary equilibrium. Finding equilibrium stability points can be achieved by establishing multiparty evolutionary game models, constructing multiparty replication dynamic equations, analysing the behavioural strategies of stakeholders, and measuring equilibrium solutions and stability conditions. These research steps have been widely used in multiparty decision-making research (31–35).

Time occupies a very important position in evolutionary game theory. The theory believes that the Nash equilibrium should be reached after multiple games. In the process of evolution, subjects constantly improve their behaviours and imitate successful strategies. The research on multiparty decision-making in China's pork supply market under normalisation of COVID-19 prevention and control is in line with the characteristics of evolutionary game theory. It is difficult for the three parties to reach the optimal solution at one time in the selection process. Using trial and error, the three parties gradually realise an orderly, stable, and healthy supply and demand relationship.

Under the normalisation of COVID-19 prevention and control, the supply-demand relationship among consumers, pig farmers, and the government of China is shown in Figure 1: Affected by COVID-19, China's imports of pork decreased. The government introduced subsidy policies to encourage breeding and released reserve meat to adjust the pork supply. Under the normalisation of COVID-19 prevention and control, pig farmers' expectation is to sell pork at a high price to compensate for their losses during the COVID-19 pandemic. When pig farmers wait for a higher transaction price and choose not to sell live pigs, due to the gradual increase in the supply of pork, the transaction price of live pigs falls instead. Facing a decline in transaction prices, pig farmers choose to sell pork to avoid greater losses, resulting in the phenomenon of “sell down but not up” (“sell down but not up” is a conclusion drawn through much actual research, which means that pig farmers sell pork when the transaction price is low, and do not sell pork when the transaction price is high). The reason for the phenomenon is that when facing the high transaction price already existing in the market, pig farmers expect the price to be higher and choose not to trade pigs for the time being (36–38). When prices fall, pig farmers are eager to sell live pigs in order to avoid greater losses. At this time, the actual transaction price is lower.


[image: Figure 1]
FIGURE 1. Behaviour relationship among consumers, government, and pig farmers.



Parameter Setting

The parameters of behavioural choice probability are defined as follows: the probability that consumers choose to buy pork is x, and the probability that consumers choose not to buy pork is 1−x. The probability that the government chooses to supervise and support consumers and pig farmers is y, and the probability that government chooses not to supervise and support consumers and pig farmers is 1−y. The probability that pig farmers choose to sell products at a high price is z, and the probability that pig farmers choose to sell products at a low price is 1−z. The value range of xyz is as follows: 0 ≤ x ≤ 1, 0 ≤ y ≤ 1, 0 ≤ z ≤ 1.

The parameters of consumers' behaviour strategy are defined as follows: the daily meat demand of consumers is V. When supply exceeds demand, low prices stimulate consumers' pork purchase amount to increase to V1. When demand exceeds supply, the unit price of pork in the market is D1. If the government chooses to supervise and support consumers and pig farmers, it will regulate the pork supply by releasing reserve meat. After the reserved meat is released, the unit price of non-reserve meat decreases from D1 to D2 (0 < D1 < D2). Generally, the unit price of reserve meat is 6 yuan lower than the market price, which is set as D2−6. The quantity of reserve meat purchased by consumers is m, and the quantity of non-reserve meat is V − m (0 ≤ m ≤ V). If consumers choose beef and mutton instead of pork, the average unit price of beef and mutton is D3. Beef and mutton are short-term substitutes and setting the prices will not be greatly affected in the short term. When the supply exceeds demand, if the government supervises the market, it will regulate the supply to prevent the pork price from being too low. At this time, the unit price of pork is D4. If the government does not supervise the market, the unit price of pork is D5 (0 < D5 < D4).

The parameters of the government's behaviour strategy are defined as follows: the government supervision cost to pig farmers and consumers is J1, and the cost of the government not supervising consumers and pig farmers is J2 (J2>J1). The evaluation of government by consumers and pig farmers is S. The amount of imported pork has decreased, and the state encourages pig farmers to raise live pigs. Pig farmers have learned from the experience of “sell down but not up” and trade at a high price M2 in time. At this time, the supply of pork is still gradually recovering and coupled with pig farmers trading at high prices, the unit price of pork in the market will rise. The government regulates the unit price of pork by adjusting the pork supply. The amount of reserve meat is C1. If consumers don't buy pork for some reason, the quantity of reserve meat released is C2 (C2 < C1). The government purchases pork as reserve meat in advance to ensure supply and demand, and the unit price of pork purchased by the government is E1. Pig farmers are waiting for a high transaction price to compensate for the loss of pigs during the COVID-19 period. However, with the gradual recovery of pork production capacity leading to a decline in the transaction price of live pigs, pig farmers have to sell them at low prices, M3. At this time, the unit price of pork in the market decreased. To maintain the balance of pork supply and demand in the future, the government will purchase pork as reserve meat. When consumers buy pork, the government purchases reserve meat at a unit price of E2, and the purchase amount is C3. When consumers do not purchase pork, the government purchases at a unit price of E3 and the purchase amount is C4. B is government subsidies for pig farmers (including subsidies for improved breeds of pigs, rewards for transferring pigs from large counties, subsidies for standardised scale breeding of pigs, subsidies for breeding sows, and premium subsidies, etc.).

The parameters of pig farmers' behaviour strategy are defined as follows: the transaction price of live pigs before the COVID-19 is M1. At present, China's pig production capacity is in the recovery stage. The advocacy of national policies and the shortage of supply in the market will encourage an increasing number of people to breed pigs. After pigs grow up, pig farmers learn from the experience of “sell down but not up” and choose to sell at the transaction price of M2. Another part of pig was chosen by farmers to wait for the high price to make up for the loss of breeding pigs during the COVID-19, but when pig farmers witnessed the transaction price declining due to excessive supply, in order to reduce the possible greater loss, pig farmers usually sell pork at the transaction price, M3. According to the number of breeds, the national subsidy can be converted into Q yuan/pig, the breeding cost is F yuan/pig, the breeding and treatment cost of dead pigs is F′ yuan/pig, the breeding cost of waiting but selling at a low price is F″ yuan/pig. H is the cost of transforming into an environmentally friendly pig house, and the number of live pigs is T. When pig farmers trade at a high price, consumers purchase pork with the support of government supervision and support, and the hidden benefits brought to pig farmers are P.

The above parameters come from the literature and news retrieval. The references for the parameters are shown in Table 1.


Table 1. Reference source for model parameters.
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Game Payoff Matrix

The income matrix among consumers, government, and pig farmers is shown in Table 2. The establishment of the matrix refers to the existing evolutionary game research of stakeholders in the pig industry (18, 20, 51–53).


Table 2. The payoff matrix.
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EVOLUTIONARY GAME EQUILIBRIUM ANALYSIS


Expectation Function


Expected Benefits of Consumers

Suppose the expected benefits to consumers buying pork is Ee1, the expected benefits to consumers not buying pork is Ee2 and the average expected benefits to consumers is Ee = xEe1 + (1 − x)Ee2:
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Expected Benefits of Government

Suppose the expected benefits to government supporting and supervising is Ec1, the expected benefits to government not supporting and not supervising is Ec2, and the average expected benefits to the government is Ec = yEc1 + (1 − y)Ec2
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Expected Benefits of Pig Farmers

Suppose that the expected benefits to pig farmers selling products at a high transaction price is En1, the expected benefits to pig farmers selling products at a low transaction price is En2, and the average expected benefits to pig farmers is En = zEn1 + (1 − z)En2
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Replicator Dynamic Equation

After calculating consumers' expected benefits above, consumers' replicator dynamic equation is

[image: image]

After calculating the government's expected benefits above, the government's replicator dynamic equation is
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After calculating pig farmers' expected benefits above, pig farmers' replicator dynamic equation is
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Stability Analysis of Tripartite Strategy Evolution


Asymptotic Stability Analysis of Consumers

Calculate the Formula (7) and the results are as follows:

[image: image]
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According to the stability theorem and evolutionary stability strategy of the duplicated dynamic differential equation, when F(x) = 0 and [image: image], x* is the evolutionary stability strategy.

(1) If [image: image], F(x) always equals 0, the results indicate that all levels are in a stable state, and the proportion of consumers' strategy choice will not change over time.

(2) If [image: image], then the [image: image] are the two stable points of x. There are two situations:

Situation 1: when [image: image], if [image: image], [image: image], then [image: image] is the equilibrium point. After measuring factors such as actual needs, the price of substitutes, the price and quantity of reserve meat released by the government, and the unit price of non-reserve pork under government regulation, consumers will buy pork.

Situation 2: when [image: image], if [image: image], [image: image], then [image: image] is the equilibrium point. Although the government's regulation of pork supply will affect the unit price of pork, the price of pork does not reach the ideal price in the minds of consumers, or consumers themselves have a low willingness to buy pork, consumers will not buy pork at this time.



Asymptotic Stability Analysis of Government

Calculate the Formula (8) and the results are as follows:
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According to the stability theorem and evolutionary stability strategy of the duplicated dynamic differential equation, when F(y) = 0 and [image: image], y* is the evolutionary stability strategy.

(1) If [image: image], F(y) always equals 0, the results indicate that all levels are in a stable state, and the proportion of the government's strategy choice will not change over time.

(2) If [image: image], then the [image: image] are the two stable points of y. There are two situations:

Situation 1: when [image: image], if [image: image], [image: image], then [image: image] is the equilibrium point. For the government, although the cost of supervision is higher than that of non-supervision, supervision will increase public recognition. If the government pays more attention to the recognition of the public than the cost of supervision, the government will choose to supervise and support pig farmers and consumers at this time.

Situation 2: when [image: image], if [image: image], [image: image], then [image: image] is the equilibrium point. Although the government would like to be recognised by pig farmers and consumers and obtain an improved reputation, the government considers that supervision and support require a lot of time and cost. After measuring the input and output, the government will not support and supervise pig farmers and consumers.



Asymptotic Stability Analysis of Pig Farmers

Calculate the Formula (9) and the results are as follows:
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According to the stability theorem and evolutionary stability strategy of the duplicated dynamic differential equation, when F(z) = 0 and [image: image], z* is the evolutionary stability strategy.

(1) If [image: image], F(z) always equals 0, it indicates that all levels are in a stable state, and the proportion of pig farmers' strategy choice will not change over time.

(2) If [image: image], then the [image: image] [image: image] are the two stable points of z. There are two situations:

Situation 1: when [image: image], if [image: image], [image: image], then [image: image] is the equilibrium point. Pig farmers learned from the experience of “sell down but not up” and they regard the price was reasonable. At the time, pig farmers will choose to sell pork now.

Situation 2: when [image: image], if [image: image], [image: image], then [image: image] is the equilibrium point. To compensate for the losses suffered during the COVID-19, pig farmers hope to wait for a higher transaction price. However, as the production capacity of live pigs is restored, the transaction price of live pigs will fall. Facing the downward trend of transaction prices, pig farmers choose to sell live pigs in order to avoid possible greater losses.




Model Stability Analysis

According to the concept of Hirshleifer, the Jacobian matrix is used to qualitatively analyze the local stability of the above equilibrium points, and the analysis is as follows:
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Ritzberger and Weibul (54) proposed that only eight boundary points should be considered in the tripartite evolutionary game and the middle point cannot be the equilibrium point. If the stability condition that the three eigenvalues are all negative can be satisfied at the same time, then the point is an asymptotically stable point. The stability analysis of eight boundary points is shown in Table 3.


Table 3. Stability analysis of equilibrium solution of a tripartite evolutionary game system.
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When −(2S + J2 + C1D2 − C1E1 − 6C1 − J1 − B) < 0, it meets the condition that the signs of the tripartite eigenvalues are all negative. At this time, point (1, 1, and 1) is an asymptotically stable point, and the corresponding tripartite behaviour choice is that consumers purchasing pork, government supervising and supporting consumers and pig farmers, and pig farmers selling products at a high transaction price.




SIMULATION ANALYSIS

According to the stability analysis of the equilibrium solution of the tripartite evolutionary game system (1, 1, and 1) and (1, 0, and 1) are asymptotically stable points. Asymptotically stable point (1, 1, and 1) represents the behavioural choices of consumers buying pork, government supervising and supporting consumers and pig farmers, and pig farmers selling products at a high transaction price. Asymptotically stable point (1, 0, and 1) represents the behavioural choice of consumers buying pork, the government not supervising and not supporting consumers and pig farmers, and pig farmers selling products at a high transaction price. Through the above analysis of the stability of the equilibrium solution of the tripartite evolutionary game system, we concluded that government supervision cost, government subsidies to pig farmers and consumers (including the quantity of reserve meat released by the government, the price of non-reserved meat after the release of reserve meat and the price at which government purchase pork as reserve meat), and evaluation of government by consumers and pig farmers will affect the formation of the relationship among the three parties.

Although the actual situation of the pork market varies from place to place, numerical simulation can reveal the law of changes in things to a certain extent (55). The simulation data in the paper comes from relevant news retrieval, field research, and multi-subject interview. After obtaining the data, preprocess the data and set the parameter values in this chapter. The specific data can be seen in Table 4.


Table 4. Classifications of data sources.

[image: Table 4]


Data Simulation of the Cost of Government Supervision

To explore the impact of the cost of government supervision on the tripartite relationship, the cost of government non-supervision is set to 250,000. If the value of the cost of government supervision changes, then the value of J1−J2 changes. In addition to the data in Table 3, B = 10000000 = S, C1 = 15000, E1 = 12, and D2 = 33 are set. To guarantee that the simulation results are not affected by the value of (x, y, z), the same value of (x, y, z) is set.

Furthermore, Figures 2A–C are the two-dimensional simulation results of J1 = 300000, 700000, 1100000. When y = 0.98, the corresponding abscissas of the curve y0 are 0.00385032–0.00387435, 0.00400709–0.00403219, and 0.00415361–0.00423353, respectively. When the stability conditions of the asymptotically stable point (1, 1, and 1) are satisfied, the smaller the value of J1 is, the faster the curve y0 approaches 1. Figures 2D–F are the two-dimensional simulation results of J1 = 21000000, 24000000, 27000000. When y = 0.35, the corresponding abscissas of the curve y0 are 0.000570704–0.000576277, 0.00044425–0.00449136, and 0.000364081–0.000374082, respectively. When the stability conditions of the asymptotically stable point (1, 0, and 1) are satisfied, the larger the value of J1, the faster the curve y0 approaches 0.
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FIGURE 2. Evolutionary simulation results of the parameter J1. (A–C) the value range of the abscissa when the ordinate is 0.98 under different factors. (D–F) the value range of the abscissa when the ordinate is 0.35 under different factors. (H,G) the three-dimensional comparison diagrams under the three-way selection ratio.


Moreover, Figures 2G,H are used to observe the effect of J1 on the tripartite relationship. Figure 2G shows the three-dimensional simulation results of J1 = 300000, 700000, 1100000 under the proportion of stakeholder behaviour choices (0.2, 0.2, and 0.2), (0.5, 0.5, and 0.5), and (0.8, 0.8, and 0.8). Figure 2H shows the simulation results of J1 = 21000000, 24000000, 27000000 under the proportion of stakeholder behaviour choices (0.2, 0.2, and 0.2), (0.5, 0.5, and 0.5), and (0.8, 0.8, and 0.8). In Figure 2G, the increase in J1 will slow down the curves approach (1, 1, and 1). In Figure 2H, the increase in J1 will accelerate the curves approach (1, 0, and 1).



Data Simulation of Consumers and Pig Farmers' Evaluation of Government

To explore the impact of evaluation of government by consumers and pig farmers on the tripartite relationship, change the value of S. In addition to the data in Table 3, B = 10000000, J2 = 250000, J1 = 300000, C1 = 15000, E1 = 12, D2 = 33 are set. To guarantee the simulation results are not affected by the value of (x, y, z), the same value of (x, y, z) is set.

Furthermore, Figures 3A–C are the two-dimensional simulation results of S = 8000000, 10000000, 12000000. Wheny = 0.98, the corresponding abscissas of the curve y0 are 0.00635819–0.00640003, 0.00385032–0.00387435, and 0.00277369–0.00278803, respectively. When the stability conditions of the asymptotically stable point (1, 1, and 1) are satisfied, the larger the value of S is, the faster the curve y0 approaches to 1. Figures 3D–F are the two-dimensional simulation results of S = 2500000, 3000000, 3500000. When y = 0.35, the corresponding abscissas of the curve y0 are 0.00122253–0.00122699, 0.00153108–0.00155369, and 0.00204441–0.00211471. When the stability conditions of (1, 0, and 1) are satisfied, the larger the value of S, the slower the curve y0 approaches 0.
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FIGURE 3. Evolutionary simulation results of the parameter S. (A–C) the value range of the abscissa when the ordinate is 0.98 under different factors. (D–F) the value range of the abscissa when the ordinate is 0.35 under different factors. (H,G) the three-dimensional comparison diagrams under the three-way selection ratio.


Moreover, Figures 3G,H are used to observe the effect of S on the tripartite relationship. Figure 3G shows the three-dimensional simulation results of S = 8000000, 10000000, 12000000 under the proportion of stakeholder behaviour choices (0.2, 0.2, and 0.2), (0.5, 0.5, and 0.5), and (0.8, 0.8, and 0.8). Figure 3H shows the three-dimensional simulation results of S = 2500000, 3000000, 3500000 under the proportion of stakeholder behaviour choices (0.2, 0.2, and 0.2), (0.5, 0.5, and 0.5), and (0.8, 0.8, and 0.8). In Figure 3G, the increase in S will accelerate the curves approach (1, 1, and 1). In Figure 3H, the increase of S will slow down the curves approach (1, 0, and 1).



Data Simulation of Government Subsidies to Consumers

To explore the impact of government subsidies to consumers on the tripartite relationship, change the value of C1, D2, E1. J2 = 250000 J1 = 300000 are set. To guarantee that the simulation results are not affected by the value of (x, y, z), the same value of (x, y, z) is set. In this chapter, C1, D2, E1 are discussed, respectively.


Parameter C1

When C1 = 15000, E1 = 15, D2 = 31, C1(D2−E1−6) = 75000, the evolutionary results are shown in Figure 4A; when C1 = 25000, C1(D2−E1−6) = 125000, the values of other parameters remain unchanged and the evolutionary results are shown in Figure 4B; when C1 increases to 35,000, and C1(D2−E1−6) = 175000, the values of other parameters remain unchanged and the evolutionary results are shown in Figure 4C. When y = 0.98, the corresponding abscissas of the curve y0 are 0.00388175–0.00390126, 0.00386163–0.00387636, and 0.00384424–0.00386077, respectively. It can be seen from the figures that the increase of C1 will accelerate the curve y0 approach 1, and the increase of C1(D2−E1−6) will accelerate curves approach (1, 1, and 1).
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FIGURE 4. Evolutionary simulation results of the parameter C1(D2−E1−6). (A–R) the value range of the abscissa when the ordinate is 0.98 under different factors. (S,T) the three-dimensional comparison diagrams under the three-way selection ratio.


When C1 = 20000, E1 = 12, D2 = 32, C1(D2−E1−6) = 75000, B = 199282000, S = 1000, the evolutionary simulation results as shown in Figure 4D; whenC1 = 30000, C1(D2−E1−6) = 420000, the values of other parameters remain unchanged and the evolutionary results are shown in Figure 4E; when C1 = 40000, C1(D2−E1−6) = 560000, the values of other parameters remain unchanged and the evolutionary results are shown in Figure 4F. When y = 0.98, the abscissas of the curve y0 are 3.15323e-05, 3.15379e-05, and 3.15436e-05, respectively. It can be seen from the figures that the increase of C1 will slow down the curve y0 approach 1, and the increase of C1(D2−E1−6) will slow down curves approach (1, 1, and 1).



Parameter D2

When C1 = 15000, E1 = 15, D2 = 31, C1(D2−E1−6) = 75000, the evolutionary results as shown in Figure 4G; when D2 increases to 35, C1(D2−E1−6) = 135000, the values of other parameters remain unchanged and the evolutionary results are shown in Figure 4H; when D2 increases to 39, C1(D2−E1−6) = 195000, the values of other parameters remain unchanged and the evolutionary results are shown in Figure 4I. When y = 0.98, the corresponding abscissas of the curve y0 are 0.00388175–0.00390126, 0.00387487–0.0387956, and 0.00383549–0.0038686, respectively. It can be seen from the figures that the increase of D2 will accelerate the government curve to 1, and the increase of C1(D2−E1−6) will accelerate curves approach (1, 1, and 1).

When C1 = 20000, E1 = 12, S = 1000, C1(D2−E1−6) = 280000, B = 199282000, D2 = 32, the evolutionary results as shown in Figure 4J; when D2 = 35, C1(D2−E1−6) = 340000, the values of other parameters remain unchanged and the evolutionary results are shown in Figure 4K; when D2 = 38, C1(D2−E1−6) = 400000, the values of other parameters remain unchanged and the evolutionary results are shown in Figure 4L. When y = 0.98, the corresponding abscissas of the curve y0 are 3.15323e-05, 3.15357e-05, and 3.15393e-05. It can be seen from the figures that the increase of D2 will accelerate the curve y0 approaches 1, and the increase of C1(D2−E1−6) will accelerate the curves approach (1, 1, and 1).



Parameter E1

When C1 = 15000, E1 = 15, D2 = 31, C1(D2−E1−6) = 150000, the values of other parameters remain unchanged and the evolutionary results are shown in Figure 4M; when E1 increases to 18, C1(D2−E1−6) = 105000, the values of other parameters remain unchanged and the evolutionary results are shown in Figure 4N; when E1 increases to 20, C1(D2−E1−6) = 75000, the values of other parameters remain unchanged and the evolutionary results are shown in Figure 4O. When y = 0.98, the corresponding abscissas of the curve y0 are 0.00388175–0.00390126, 0.00390938, and 0.00391444–0.00392645. It can be seen from the figures that the increase of E1 will slow down the curve y0 approaches 1, and the increase of C1(D2−E1−6) will slow down the curves approach (1, 1, and 1).

When C1 = 20000, E1 = 12, S = 1000, C1(D2−E1−6) = 280000, B = 199282000, D2 = 32, the evolutionary results are shown in Figure 4P; when E1 = 14, C1(D2−E1−6) = 240000, the values of other parameters remain unchanged and the evolutionary results are shown in Figure 4Q; when E1 = 17, C1(D2−E1−6) = 180000, the values of other parameters remain unchanged and the evolutionary results are shown in Figure 4R. When y = 0.98, the corresponding abscissas of the curve y0 are 3.15323e-05, 3.153e-05, and 3.15265e-05. It can be seen from the figures that the increase of E1 will accelerate the curve y0 approaches 0, and the increase of C1(D2−E1−6)will accelerate curves approach (1, 0, and 1).

Furthermore, Figures 4S,T are used to observe the effect of C1(D2−E1−6) on the tripartite relationship. In Figure 4S, B = S = 10000000 are set. Figure 4S shows the simulation results of C1(D2−E1−6) = 400000, 150000, 80000 under the proportion of stakeholder behaviour choices (0.2, 0.2, and 0.2), (0.5, 0.5, and 0.5), and (0.8, 0.8, and 0.8). In Figure 4T, S = 1000, B = 199282000 are set. Figure 4H shows the simulation results of C1(D2−E1−6) = 160150000, 80075000, 22000000 under the proportion of stakeholder behaviour choices (0.4, 0.4, and 0.4), (0.6, 0.6, and 0.6), and (0.8, 0.8, and 0.8) In Figure 4S, the increase of C1(D2−E1−6) will slow down curves approach (1, 1, and 1). In Figure 4T, the increase of C1(D2−E1−6)will accelerate curves approach (1, 0, and 1).




Data Simulation of Government Subsidies to Pig Farmers

In order to explore the impact of government subsidies to pig farmers on the tripartite relationship, change the value of government subsidies to consumers. In addition to the data in Table 4, J2 = 250000, J1 = 300000, S = 10000000 are set. In order to guarantee simulation results are not affected by the value of (x, y, z), the same value of (x, y, z) is set.

Moreover, Figures 5A–C are the two-dimensional simulation results of B = 10000000, 13400000, 16700000. When y = 0.98, the corresponding abscissas of the curve y0 are 0.00385032–0.00387435, 0.00573962–0.00582489, and 0.0113096–0.0113999. When the stability conditions of (1, 1, and 1) are satisfied, the smaller the value of B is, the faster the curve y0 approaches 1. Figures 5D–F shows the two-dimensional simulation results of B = 22000000, 23400000, 26700000. When y = 0.35, the corresponding abscissas of the curve y0 are 0.00317148–0.00324253, 0.0018518–0.00183957, and 0.00914568–0.000918789. When the stability conditions of (1, 0, and 1) are satisfied, the larger the value of B is, the faster the curve y0 approaches 0.
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FIGURE 5. Evolutionary simulation results of the parameter B. (A–C) the value range of the abscissa when the ordinate is 0.98 under different factors. (D–F) the value range of the abscissa when the ordinate is 0.35 under different factors. (H,G) the three-dimensional comparison diagrams under the three-way selection ratio.


Furthermore, Figures 5G,H are used to observe the effect of B on the tripartite relationship. Figure 5G shows the three-dimensional simulation results of B = 10000000, 13400000, 16700000 under the proportion of stakeholder behaviour choices (0.2, 0.2, and 0.2), (0.5, 0.5, and 0.5), and (0.8, 0.8, and 0.8). Moreover, Figures 5G,H are used to observe the effect of B on the tripartite relationship. Figure 5H shows the three-dimensional simulation results of B = 22000000, 23400000, 26700000 under the proportion of stakeholder behaviour choices (0.2, 0.2, and 0.2), (0.5, 0.5, and 0.5), and (0.8, 0.8, and 0.8). In Figure 5G, the increase of B will slow down curves approach (1, 1, and 1). In Figure 5H, the increase of B will accelerate the curves approach (1, 0, and 1).



Data Simulation of the Proportion of Tripartite Behaviour Choices

To explore the impact of the proportion of tripartite behaviour choices on tripartite relationships, change the value of the proportion of tripartite behaviour choices (x, y, z). In addition to the data in Table 3, J2 = 250000, J1 = 300000, C1 = 15000, E1 = 12, D2 = 33 are set. In Figures 5A–C, set B = S = 10000000; In Figures 5D–F, S = 1000, B = 199282000 are set.

In the first group, the value of (x, y, z) is set as (0.2, 0.3, and 0.2), (0.5, 0.6, and 0.5), and (0.8, 0.7, and 0.8). In the second group, the value of (x, y, z) is set as (0.4, 0.3, and 0.2), (0.5, 0.8, and 0.5), and (0.8, 0.9, and 0.8). In the third group, the value of (x, y, z) is set as (0.4, 0.6, and 0.2), (0.7, 0.6, and 0.9), and (0.8, 0.9, and 0.9). In the fourth group, the value of (x, y, z) is set as (0.4, 0.6, and 0.5), (0.7, 0.8, and 0.9), and (0.9, 0.9, and 0.9). The second, third, and fourth groups of data are based on the first group of data to increase the proportion of one, two, and three parties behaviour choices, respectively, to explore the impact of the change in the proportion of tripartite behaviour choices on the three-party supply and demand relationship.

In Figures 6A–C, under the stability condition of (1, 1, and 1), with the increase of the proportion of one party, two parties, and three parties' behaviour choices, the faster three parties would form the relationship of consumers buying pork-government supervising and supporting consumers and pig farmers- pig farmers selling products at a high transaction price. In Figures 6D–F, under the stability condition of (1, 0, and 1), with the increase of the proportion of one party, two parties, and three parties' behaviour choices, the faster three parties would form the relationship of consumers purchasing pork-government not supervising and not supporting consumers and pig farmers-pig farmers selling products at a high transaction price.
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FIGURE 6. Evolutionary simulation results of the parameter xyz. (A–C) is a three-dimensional comparison diagram of the three-way behavior selection under the condition of (1, 1, and 1) and the change of (x, y, and z) values. (D–F) is a three-dimensional comparison diagram of the three-way behavior selection under the condition of (1, 0, and 1) and the change of (x, y, and z) values.





DISCUSSION AND CONCLUSION


Discussion

In the results of this study (1, 0, and 1) and (1, 1, and 1) are two asymptotic stability points of the model, and (1, 0, and 1) and (1, 1, and 1) can be converted to each other. (1, 1, and 1) is the ideal pork supply-demand relationship in China. The numerical simulation in the paper proved that the state of (1, 1, and 1) can be realised. Government supervision costs, evaluation of government by consumers and pig farmers, government subsidies to pig farmers and consumers, and the proportion of stakeholder behaviour choices will affect the formation of supply-demand relationships among consumers, the government, and pig farmers in China. The influence of parameter increase on the tripartite relationship is shown in Table 5.

(1) When the stability condition of the asymptotic point (1, 1, and 1) is satisfied, the increase in government supervision cost will slow down the speed of the tripartite behaviour curves' approach to (1, 1, and 1). When the stability condition of the asymptotic point (1, 0, and 1) is satisfied, the increase in government supervision cost will accelerate the speed of the tripartite behaviour curves' approach (1, 0, and 1). Strengthening the efficiency of government supervision and reducing the cost of government supervision can accelerate the formation of a stable and orderly supply-demand relationship among the three parties. First, China issued the “Improving the Government's Pork Reserve Regulatory Mechanism and Doing a Good Job in the Work Plan for Maintaining Supply and Stabilising Prices in the Pork Market.” The plan pointed out that to effectively enhance the communication and decision-making efficiency of departments in pork regulation under the normalisation of COVID-19 prevention and control, it's essential to consolidate departmental consultation mechanisms. Second, to improve the authenticity and compliance of government pork regulation, the government should strengthen performance audits and budget planning (56–58). In addition, the government should establish a pork market tracking and monitoring platform to reduce replaceable labour costs (48), standardise the contents, and processes of the pork supervision, and streamline the team.

(2) When the stability condition of the asymptotic point (1, 1, and 1) is satisfied, positive evaluation of government by consumers and pig farmers will accelerate the speed of the tripartite behaviour curves' approach to (1, 1, and 1). When the stability condition of the asymptotic point (1, 0, and 1) is satisfied, positive evaluation of government by consumers and pig farmers will slow down the speed of the tripartite behaviour curves' approach to (1, 0, and 1). In the “Improving the Government Pork Reserve Regulation Mechanism and Doing a Good Work Plan for the Pork Market to Guarantee Supply and Stabilise Prices,” China proposed establishing a unified information release platform for the pig industry and pork market. The establishment of the platform is conducive to breaking the barriers of tripartite communication, enabling the government to obtain the timely evaluation from the people, and taking measures to solve problems. The government should enrich the functions of the platform so that consumers can put forward questions and suggestions, pig farmers can feed back their demands on breeding subsidies, and the government can respond to the demands of consumers and pig farmers, giving full play to the role of propaganda position. The “Notice of the General Office of the Ministry of Agriculture and Rural Affairs of the Ministry of Public Security on Combating 'Pig Frying' Behaviours to Ensure the Safety of the Pig Breeding Industry” mentioned that local government should extensively publicise and mobilise to form a strong work momentum, widely publicise a series of measures and achievements in pig market regulation, ensure supply and price stability, epidemic prevention, and strictly investigate “Pig Frying.” The actions will enhance consumer confidence, increase consumer trust in pig safety, and obtain positive comments from consumers and pig farmers.

(3) When excessive subsidies to pig farmers make the government unbearable, the increase in government subsidies to pig farmers will slow down the tripartite behaviour curves' approach to (1, 1, and 1), and accelerate the tripartite behaviour curves' approach to (1, 0, and 1). Government subsidies to pig farmers should adhere to the principles of adaptation to local conditions. In terms of subsidies, China issued the “Ministry of Agriculture and Rural Affairs on the issuance of the Three-year Action Plan for Accelerating the Recovery and Development of Live Pig Production,” which involves subsidies for large-scale pig raising, new pig houses, and harmless treatment of sick and dead pigs on farms. Based on existing policies, the government should strictly review the breeding situation, such as the number of live pigs, whether pig farmers have participated in the renovation of environmentally friendly pig houses, and whether new pig farms have been built. In terms of support, China issued the “Implementation Opinions on Supporting Private Enterprises in the Development of Pig Production and Related Industries,” which mentioned that to overcome the special difficulties caused by COVID-19, all localities should increase the support of various refinancing to pig production and related industries. Preferential financing policies and loan interest will encourage pig farmers to continue raising pigs and attract more non-pig farmers to invest in the pig industry.

(4) Within a certain range, the increase in government subsidies to consumers will accelerate the tripartite curves' approach to (1, 1, and 1). When the subsidy exceeds the limit, the increase in government subsidies to consumers will accelerate the tripartite curves' approach to (1, 0, and 1). Government subsidies to consumers are mainly through the release and purchase of reserve meat. On the one hand, the government must purchase and release reserve meat in a timely manner. Reserve meat in China is divided into national reserve meat and local reserve meat. National reserve meat is generally released in specific areas when events occur. The local government should actively regulate the market. When the pork price in the local market is excessively abnormal, the local government should actively release reserve meat. Government should buy pork sold in the market when supply exceeds demand, especially when consumers do not want to buy it. At this time, the pork market price is relatively low, and the financial expenditure is lower than the expenditure in the normal reserve. On the other hand, the public needs to increase their recognition of reserve meat. Many consumers consider that reserve meat is not a healthy meat, and they are unwilling to buy reserve meat. Only with the efforts of both parties will the effect of government subsidies on consumers be improved.

(5) The increase in the proportion of behaviour of any one or more parties will accelerate the tripartite curves' approach to (1, 1, and 1), and slow down the tripartite curves' approach to (1, 0, and 1). First, to increase consumers' willingness to buy, the government should strengthen the training of pig farmers' hygiene habits, especially the disinfection and cleaning of pig farms. Pig farmers should purchase equipment to ensure hygiene. Second, to improve the government's willingness to supervise, the cost of government supervision should be reduced, manpower and computer technology should be fully integrated, and the monitoring and early warning system of the entire pig industry chain should be improved, so that government can improve and initiate emergency plans in advance and stabilise price across the pig industry chain (59–61). Third, to improve the probability of pig farmers selling pork at a high transaction price, the government should actively communicate with pig farmers, predict the transaction price of pigs, inform pig farmers of the forecast results in a timely manner, and explain in detail the phenomenon of “sell down but not up” and its losses to pig farmers.


Table 5. Influence of parameter increase on tripartite relationship.
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The existing research related to the relationship between pork supply and demand mostly sets the research object as one side of pig farmers or both government and pig farmers, reflects the role of the government through the impact of policies on pig farmers, and proposes countermeasures and suggestions to pig farmers and government, respectively (15–20). There is little research on the role of the government in pork supply and demand. The research considers the relationship between pork supply and demand as the research content and incorporates government, pig farmers, and consumers into the same research framework. The paper refers to the models and parameters of existing literature to construct the relationship between pig farmers and government, innovatively constructs the relationship between consumers and government through field research and document extraction, and fully considers the role of the government for both pig farmers and consumers. Based on the existing literature, the research improves the suggestions to pig farmers and the government and puts forwards innovative suggestions to consumers.



Conclusions

The research takes China as an example to construct an evolutionary game model of pork supply and demand under the normalisation of COVID-19 prevention and control. The results show that the behavioural decisions of consumers, government, and pig farmers are closely related to the five factors of government supervision costs, government subsidies to consumers and pig farmers, consumers' and pig farmers' evaluations of government, and the probability of the main behaviour choices. The supply-demand relationship can eventually develop in an orderly, stable, and healthy direction. According to the analysis, the following conclusions can be drawn.

First, reducing the cost of government supervision can promote the transformation of the tripartite relationship, from consumers buying pork-government does not supervise and support consumers and pig farmers-pig farmers buying pork at high prices to consumers buying pork-government supervises and supports consumers and pig farmers-pig farmers buying pork at high prices, and finally promoting the formation of orderly pork supply-demand relations among the three parties.

Second, the evaluation of the government's work by consumers and pig farmers is very important to the government's decision-making. Consumers and pig farmers' positive evaluation of the government can encourage the government to take the initiative and earnestly undertake its own supervision and support work. Consumers and farmers' negative evaluation of the government can encourage the government to reflect on the deficiencies in its own work, to assume responsibility, and fulfil its duties in future work.

Third, government subsidies to consumers are mainly through the release and purchase of reserve meat. The purchase and release of reserve meat should grasp the quantity and opportunity. Otherwise, it will lead to a swing between regulatory support and non-regulatory support, which is not conducive to the development of a stable supply-demand relationship between the three parties.

Fourth, government subsidies to pig farmers should follow the principles of strictness, impartiality, and fairness. Excessive subsidies to pig farmers will affect the government's finances and daily operations. Too little subsidies to pig farmers will have a negative effect on pig farmers who are preparing to breed pigs or expand breeding. The government subsidies to pig farmers should be appropriate.

Fifth, a trusting, orderly, and healthy supply relationship relies on the joint efforts of the three parties. If one party's main behaviour choices probability is relatively low, the speed of forming an orderly and healthy pork supply-demand relationship will slow down. Targeted solutions to the concerns of the three parties and attempts to meet the needs of the three parties will promote the formation of a relationship that benefits the three parties.
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This is a study of Political Economy, Law & Economics, and Public Choice, applied to COVID-19 crisis management, and how the Spanish healthcare sector has operated under stressful conditions. Market and state failures are evaluated and some improvements are offered, according to the theories of Austrian Economics and New-Institutional Economics. At the macro level, the premise is the decentralization of the Spanish healthcare system a long time ago, to provide a better service to citizens, according to the idiosyncrasies of the Autonomous Communities (similar to federal states). The crisis has evidenced the failures of the Spanish system and its semi-federal model, without coordination to manage the trouble. Also, the General Government's recentralization attempt has failed too, proving Mises's theorem on the impossibility of economic calculation in intervened and coactive systems, with problems of shortages, lack of coordination, etc.; Buchanan-Tullock's theorem on the unfinished agenda of state interventionist and it suppression of private sector was also proven. At the micro level, health institutions (hospitals and health centers) have fallen into the paradox of media overexposure and the fake-news risk, because the more information they have tried to transmit, the more confusion they have caused, reducing the value of the supposed transparency and accountability, in addition to decreasing citizen wellbeing, giving way to a higher level of dissatisfaction and more risk of a syndemic. To perform the analysis of accountability and wellbeing perceived, this paper has used quantitative contrast techniques on secondary sources, such as the surveys of Centro de Investigaciones Sociológicas (part of the Public Sector) or Merco rankings (independent institution).

Keywords: healthcare management, accountability, transparency, reputation, communication, COVID-19, wellbeing economics, political economy

JEL Cod:  B5, D6, H5, I1, I31, K3, P16, P48, Z1.


INTRODUCTION: COVID-19 CRISIS, ITS MANAGEMENT AND ITS THREATS

In 1922, with the rise of the welfare economy and Government intervention in the economy (1, 2), Mises expressed his theorem about the impossibility of a centralized and enforced management in economy (as socialism presented), because it was against human action and its liberty to fix troubles and necessities (i.e., entrepreneurship, creativity, dynamic efficiency); also, this kind of management had negative results: bureaucracy, waste, corruption, lobbies, and rent-seekers (3–5). The unfinished agenda theorem by Buchanan and Tullock (6) completed the analysis about the interventionist state, which increases more and more, until it extend itself in the whole economy, without opportunities for the private sector. This paper aims to study the application of Mises' and Buchanan-Tullock theorems to the COVID-19 crisis management in Spain, under a socialist Government [also, it is a new realization of Peacock-Wiseman's hypothesis on public expenditure expansion during crisis (7–9)].

The current coronavirus, as a black swan (10), was recognized as a pandemic in March 2020 and was called SARS-CoV-2 or COVID-19. With many bad consequences, especially for health and the economy, it is necessary to mix management of both items, or there will be a syndemic risk (11). Also, the increased demand for information in times of health and economic crisis (12) requires bigger coordination and more accountability amongst state powers in the crisis management. This paper studies the Spanish case, with special attention to the healthcare sector, because there was mismanagement (of exceptionality abuse) in terms of health, economy, law, and accountability (13–15), with a decrease of wellbeing among the citizens (16), under the Austrian Economics approach (i.e., Mises' theorem, dynamic efficiency), and New-Institutional Economics (i.e., unfinished agenda theorem). How and why did it happen? The Spanish healthcare sector started the pandemic crisis from a precarious situation, due to cost reduction (17), less health-personnel (18), and structural problems (19) within the sector. Spain is neither a federal nor a centralized state; it is a regional system called an Autonomous country (20), which means different levels of resources and frameworks. The decentralization of the health system, a few decades ago, generated several scenarios among the regions or Autonomous communities (21). During the crisis, the Central Government aimed to recover the control of the healthcare sector, but the management of the crisis was wrong, because there was no common legal or political framework (21, 22). There were many mistakes on political economy (i.e., scarcity of health materials, non-coordination among the public sector and private sector, mass hysteria, and lockout), shown in studies in other papers (15, 23, 24). This paper focuses on the evaluation of the communication management and its coordination during the crisis way to prove a quality accountability and wellbeing for citizens. Also, it pays attention to the paradox that happened: as much information as was provided, there was more confusion, because of the non-coordination among the institutions involved in the healthcare sector, which had an inverse effect on the accountability and wellbeing perception by citizens.

Therefore, it is necessary to examine Spanish health management during the COVID-19 crisis, taking into account its regional decentralization, and using for that the tools of Austrian economics [i.e., Mises'theorem; (3, 4); reviewed by (25–35)], and new-institutional economics [i.e., Buchanan-Tullock theorem of unfinished agenda (5, 6); institutional quality: accountability, transparency and wellbeing analysis (32, 33); public choice: decision making, crony-capitalism risk & rent-seekers (5)].

This study is divided in to the following sections: first, the Spanish health system introduction, with attention to its special decentralized functionality and regulation. Second, the elements in relation: accountability analysis (communication and compliance mix, focused in transparency and reputation) and wellbeing evaluation (personal wellbeing related with communication and service offered by the health system). Third, the data and the methodology used to test the theorems (Mises and Buchanan-Tullock) and the secondary effects (i.e., mass-confusion increase: all information counter to the public communication is considered fake-news, which means more unwellness for the citizens). Fourth, the results obtained and a discussion on the accountability and the wellbeing evaluation of the health system in Spain during the pandemic is held.


Healthcare System in Spain: Decentralized or Recentralized During the Pandemic?

The Spanish political-legal system is a semi-federal model: it is divided into 17 general regional governments or Autonomous Communities (ACs) and two special local governments or Autonomous Cities (20). The Spanish healthcare system is decentralized and transferred in several phases. The first step was the General Health Act of 1986, although the responsibility for health had already been transferred to Catalonia in 1981, followed by seven more Autonomous Communities and, finally, in 2001, it was extended to all of them. This means the coexistence of 17 health systems, one for each Autonomous Community, and the need for coordination of these systems by the Spanish Government (with its Ministry of Health), which maintains the provision of health services in the Autonomous Cities of Ceuta and Melilla (despite their Statutes of Autonomy of 1995).

The sections in the Spanish Constitution of 1978 (SC) included the possibility that the Autonomous Communities (ACs) could assume competencies in health according to a transfer process (section 148 and 150 of the EC). The General State Administration (State), for its part, would maintain the exclusive ability to establish the common bases and general coordination of healthcare throughout the Spanish territory (section 149 in SC), thus giving rise to an expansive, replicating, and asymmetrical Public Sector (34). Currently, there are almost 20 legal systems in Spain for ruling the Healthcare sector: this is not decentralization, it is a high cost of regulation (35).

The materialization of these provisions took place with the start of the decentralization process in health matters after the realization of the Autonomous Communities (1979–81). This process was asymmetrical among the different regions, both in the type of competencies assumed and in the time at which they were transferred (36). The so-called historical communities (Catalonia, the Basque Country, and Galicia), plus Andalusia, were the first regions to assume sanitary powers. The need for complete decentralization in this area (37) led to the extension of healthcare competencies to all the ACs (38, 39).

The nature of decentralization in health matters, which obeyed political rather than management and efficiency criteria (36), has led to the existence of a series of dysfunctions in the health system [manifesting itself in crises such as that of COVID-19 (23)]. These include the problem of health financing and spending (40), the disparity between ACs health systems (40), and the need for greater coordination (39). An example of this would be the inequality in access to health services among the ACs during the COVID-19 pandemic. This would be compounded by conflicts of competence in health matters between the national and regional levels of government (40). In Spain, the health problem does not have an economic base [because of the theorem on the impossibility of socialism (15)]; it is just a political issue (a game of power), so the communication and perception is a key point. For this reason, there would be an inverse relationship between communication and satisfaction (see later).

However, one of its benefits would be the capacity to adapt to the territory and the needs of the population (37, 38) and the increased capacity for transformation and innovation of the healthcare system (38, 41). In this way, decentralization would favor institutional change and improvement within the health system, as well as give more specific attention to citizens' demands. Consequently, addressing the Spanish health system implies taking into account each of the autonomous health systems, as well as the harmonizing role of the national government (to coordinate, not to centralize); in this way, it is possible to offer better economic policies (not just for healthcare).

Taking all of this into consideration, the accountability and evaluation of the Spanish health system during the 2019–2020 period is examined. This allows us to examine the consequences of health management before and during the COVID-19 pandemic, including the first two waves of it (and the emergency declaration passed for both cases).



Accountability and Wellbeing Evaluation

The following point clarifies some of the key concepts analyzed in this study: on the one hand, accountability, which is comprised of transparency and reputation; on the other hand, wellbeing evaluation, which is comprised of personal wellbeing and communication about the health system.


Accountability in the Spanish Healthcare System: Transparency and Reputation Issues

Accountability, in terms of transparency, is an indispensable element in the framework of democratic systems. Citizens must have access to all the information surrounding political decision-making and the functioning of public services, so that they can exercise effective control over public authorities. However, information alone would not generate transparency, as it would require a complex process that would also depend on the context (42).

Transparency within the healthcare system is essential due to the need for accountability in an area as sensitive as healthcare. However, there are practically no studies that comparatively analyze the transparency of regional and national health systems (43).

Reputation reflects the external image of any organization. This reputation is shaped by the perception of different stakeholders (44, 45). In this sense, a large part of the reputation indicators are based on the perception of healthcare professionals and experts (45–47). However, it is pointed out that not only objective elements should be considered, but also subjective elements such as those related to user satisfaction (45). In this regard, citizen satisfaction would also be an important element of the efficiency of healthcare systems (48). For this reason, health care reputation indicators have also been constructed based on the perception of citizens and patients (49). In this sense, healthcare would be one of the public services best valued by citizens (40), despite its decentralization (15).

Hospitals are usually the most widely used healthcare organizations used to measure the reputation of the healthcare system (45, 46, 49, 50). The reputation of hospitals has a practical relevance, because it would condition users' preference for them (45). Accordingly, healthcare reputation cannot be examined without taking into account the decentralized nature of the Spanish healthcare system, since the characteristics of each Autonomous Community would affect hospital efficiency (46).

The problem on this topic happened during a crisis: what is the level of transparency in an emergency declaration? Can an alleged monopoly of information by the Government, declaring any criticism of its management as fake-news, be compatible with transparency? This could be the basis of mass hysteria (23, 24).



Wellbeing Evaluation of the Spanish Healthcare System

Due to the digital economy and in alignment with Horizon 2030, there is a shift from traditional welfare (social and material satisfaction) to wellbeing (personal and spiritual satisfaction also) (51, 52). This means that accountability is no longer heteronomous and limited to results (in accordance with state compliance regulations), but is becoming autonomous and people-oriented (companies are adopting internal codes for greater and better communication, participation and motivation of employees, and other stakeholders) (53). Wellbeing evaluation offers more satisfaction and goes beyond hygienic measures to include motivational ones (for workers, citizens, etc.). This paradigmatic shift means focusing on personal wellbeing, something especially important in a context of exceptionality and psychology, as the COVID-19 pandemic supposes. Therefore, it is of interest to examine the satisfaction of citizens with health management during this crisis, since the care received, or perceived, could make a difference in personal wellbeing.

The technologies of the digital economy facilitate the transformation and transparency in corporate culture around wellbeing evaluation (54, 55). Communication about the health system allows the transmission of management information to citizens, promoting personal wellbeing. New technologies, especially the Internet, and not just direct personal experience, can promote such communication without the mediation of traditional media. However, during the COVID-19 pandemic, paradoxically, instead of intensifying (as in other countries, e.g., South Korea, Taiwan, Israel, Australia, or New Zealand), in Spain it seems to have stagnated, resulting in public distrust, as evidenced by the reputational decline of the health sector (see later).




Working Hypothesis and Premises Under Mises' Theorem and Buchanan-Tullock's Theorem

To research and discuss the hypotheses, we must start with the next question: How has the COVID-19 pandemic affected the Spanish health system in terms of accountability and wellbeing evaluation? Is it managed under a decentralized or recentralized system? The presumptions and presumed contradictions to analysis are: is it possible to come back to centralized management in a decentralized system during a pandemic and how does it help? Why, seeing as how much information was offered by the Healthcare institutions, was there more confusion among the citizens? Perhaps, does more intervention mean more security, accountability, and wellbeing or just the opposite and why? According to the theorems of Mises and Buchanan-Tullock, more intervention in a centralized and bureaucratic way means more control and scarcity, and this can be seen in material terms (e.g., there were not healthcare materials after the emergency declaration and the control of production and prices), but is this economic principle also applicable to immaterial issues such as information, accountability, and wellbeing?




MATERIALS AND METHODS

The methodology used in this research is mixed: (a) the theoretical framework of the Austrian Economics (56–61), and the New Institutional Economics (5, 6, 35); (b) the applied economics in COVID-19 crisis (62–64), related to the Spanish healthcare system (16); based on a quantitative approach using both descriptive analysis and bi-variable analysis, which allow observing the territorial differences among the variables for this study. The configuration of the Spanish healthcare system requires the research to be carried out from a regional perspective, that is, to examine the different elements of health management in each of the autonomous health systems, including those of national government management when necessary. In line with this, and in accordance with the hypotheses put forward, four variables to be examined in the decentralized Spanish health system are identified. Accountability of the health system encompasses the first two variables and wellbeing evaluation of the health system the last two variables.

The first variable is the transparency of the health system. This variable is measured by means of the transparency index of the autonomous health services carried out by Dynamic Transparency Index-Dyntra (65). This indicator is made up of a total of 193 indicators divided into six groups: institutional transparency (53 indicators), public communication (20 indicators), citizen participation and collaboration (22 indicators), economic-financial transparency (25 indicators), service contracting (14 indicators), and healthcare transparency (59 indicators). These data will make it possible to examine the transparency of the regional healthcare systems before the arrival of the COVID-19 pandemic (dated in 2019).

Similarly, in order to analyze the transparency of the regional health systems during the management of the COVID-19 pandemic, as well as that of the central government's management in this respect, the transparency index on COVID-19, also carried out by Dyntra, is used for healthcare systems and its transparency (URL: https://www.dyntra.org/indices/salud/transparencia-sobre-el-covid-19/). This index (2020) is made up of 40 indicators distributed into four groups: transparency in health resources (10 indicators), transparency on infections (nine indicators), actions to mitigate the impact of COVID-19 (nine indicators), and economic transparency in the management of COVID-19 (12 indicators).

The second variable is the reputation of the health system. This variable is measured through two different and complementary perspectives. In this sense, the reputation of any organization, including healthcare organizations, is shaped by the perception of different stakeholders (15, 40). Healthcare reputation, in line with this, has traditionally been measured through different indicators based on the perception of professionals and experts in the field.

Therefore, firstly, healthcare reputation is analyzed through Merco's Healthcare Reputation Monitor-MRS (66). This indicator is constructed through the evaluation of various types of healthcare professionals (doctors, nurses, and hospital pharmacists), patient associations, journalists specializing in healthcare, and members of the healthcare administration. These actors evaluate different elements of the healthcare system, including hospitals. In this way, they create a ranking of the 100 best hospitals in Spain. Based on this ranking, this research calculates a health reputation indicator that measures the percentage of hospitals out of the total number of existing hospitals that are included in the 100 most reputable hospitals in Spain. This is carried out in each of the autonomous health systems, thus making it possible to observe and compare the reputation of each of them prior to COVID-19 and during the pandemic.

Secondly, healthcare reputation is examined through the perception of citizens, who are the users and potential users of the healthcare system. For this purpose, data from the Centro de Investigaciones Sociológicas (CIS) on the perception of Spanish citizens of the functioning of the healthcare system are used. Two CIS'polls support this research: (a) Study No 3259 (in Oct. 2019, before the pandemic warning): sample of 2,464 interviews and a margin error of ±2.0% (67); (b) Study No 3290 (in July 2020, during the pandemic second wave): sample of 2,926 interviews and a margin error of ±1.8% (68). In both polls, the main question was: “In your opinion, how well is the healthcare system working? It works very, quite, little, or not at all well.” In this sense, a comparison is made of the percentage of citizens who state that this functioning is very or fairly satisfactory in each Autonomous Community. This perception is compared before and during COVID-19, thus observing whether or not the reputation that citizen's attribute to the health system in each region has changed with the arrival of the pandemic.

The third variable is personal wellbeing with the healthcare management in three aspects: (a) health system, (b) management of the Spanish Government, and (c) management of the Government of their respective Autonomous Community. A detailed analysis of the evolution of the satisfaction with these three aspects during the COVID-19 management itself is carried out, due to the fact that it has gone through different moments and phases. In this way, the aim is to discover how the satisfaction of the health management as perceived by the citizens of each Autonomous Community has varied throughout the pandemic. In this sense, we examine the percentage of individuals who declare that their satisfaction with the health system, with the management of the Spanish Government, and with the management of the Government of their respective Autonomous Community during the health crisis has improved, specifically between the first and second waves. Two CIS' polls are used: (a) Study No 3285 (June 2020): with a simple of 937 interviews and a margin error of ±3.3% (69); (b) Study No 3298 (Oct. 2020): with a simple of 2,861 interviews and a margin error of ±1.9% (70).

Finally, the fourth variable is communication about the healthcare management. The aim of this variable is to analyze how the flow of information about the health system has evolved with the arrival of the pandemic. The purpose of this is to observe whether or not the flow of information received by citizens about healthcare and its management, normally the actors most distant from it, has increased after the eruption of COVID-19. This is particularly important, since communication capacity facilitates the transmission of information, which is essential for transparency, and contributes to shaping the perception of the different stakeholders, especially the public, about the different health organizations and, consequently, their reputation, and ultimately the wellbeing evaluation with healthcare management.

As indicators of the communication variable, CIS survey data are used on the media by citizens to inform themselves about the pandemic (Study No. 3277) and on the average time of exposure to this media before and after the arrival of COVID-19 (Study No. 3305). (a) Study No. 3277 (March, 2020): with a simple of 3,911 interviews and a margin error of ±1.6% (71); (b) Study No. 3305 (Dec. 2020): a simple of 2,084 interviews and a margin error of ±2.2% (72). In addition to the information received through the media, citizens can shape their satisfaction with the healthcare system by their direct experience with it. For this reason, the percentage of individuals in each Autonomous Community who required healthcare before and during COVID-19 is also included. The results are available in several polls: (a) Study No. 3281 (May 2020), with a sample of 3,800 interviews and a margin error of ±1.6% (73); (b) Study No. 3,303 (Dec. 2020), with a sample of 3,817 interviews and a margin error of ±1.6% (74).

The data from the CIS surveys are perfectly comparable to each other, as shown by the multiple studies carried out with the data from this organization, since the CIS uses the same sample design and the same sampling procedure in all its surveys.



RESULTS AND DISCUSSION

The test of the hypotheses and premises has several answers to the research question, shown here in two parts: On the one hand, the findings related to accountability of the healthcare system (transparency and reputation) in the context of the COVID-19 pandemic are presented. On the other hand, the findings related to wellbeing evaluation of the healthcare system (personal wellbeing and communication) in the context of the COVID-19 pandemic are presented.


Accountability of the Healthcare System in the Context of the COVID-19 Pandemic


Transparency of the Healthcare System During COVID-19

To examine the transparency of health management during the covid-19 pandemic, transparency indicators before and during the pandemic are analyzed and compared. In this way, Figure 1 presents the transparency data of the regional health systems before (map on the left) and during (map on the right) COVID-19.
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FIGURE 1. Transparency of Spanish regional healthcare systems before and during COVID-19 (%). Source: Peña-Ramos et al. (16).


The transparency of the Spanish regional healthcare systems before the outbreak of COVID-19 is shown in the map on the left of Figure 1. It shows the percentage of transparency achieved by the healthcare services of each Autonomous Community in the index carried out by Dyntra. This percentage represents the number of indicators that each autonomous health system complies with out of the total number of indicators that make up the index.

Navarre was the region with the highest level of healthcare transparency before the arrival of the new SARS-CoV-2 coronavirus (70.47%). It was followed by the Community of Madrid (65.28%) and Castilla y León (60.62%). With percentages above 50% were Aragón (57.51%), the Community of Valencia (56.48%), Catalonia (53.89%), the Region of Murcia (51.81%), and the Basque Country (50.78%). The healthcare systems of Andalusia (49.74%), Castilla-La Mancha (46.63%), the Balearic Islands (41.97%), La Rioja (41.97%), Extremadura (41.45%), Asturias (39.38%), the Canary Islands (39.38%), Galicia (36.27%), and Cantabria (35.75%) failed in transparency. These regional differences in the transparency of the Healthcare system, previous to the pandemic, are relevant.

The transparency in the management of COVID-19 by the different Autonomous Regions is shown in the map on the right of Figure 1. This figure shows the percentage of transparency achieved by the healthcare management of the different Spanish regions during COVID-19 in the index carried out by Dyntra. This percentage represents the number of indicators that each Autonomous Community complies with out of the total number of indicators that make up the index.

Castilla y León is the Autonomous Community with the highest level of transparency in healthcare management during COVID-19 (62.5%). It is followed by the Basque Country (50%) and the Balearic Islands (50%), these three being the only regions to pass in transparency during the pandemic. The rest of the Autonomous Regions fail in transparency, with some of them showing particularly low levels. In this sense, Aragón (45%), the Valencian Community (42.5%), Asturias (40%), Navarra (35%), and Castilla-La Mancha (35%) have percentages between 45 and 35%. With scores below 30% in health transparency are La Rioja (25%), the Community of Madrid (25%), the Region of Murcia (22.5%), Galicia (22.5%), Catalonia (22.5%), and Cantabria (22.5%). The Canary Islands (17.5%) and Andalusia (15%) do not reach 20%, while Extremadura shows the lowest level of transparency in COVID-19 management with only 2.5%. On the other hand, the Government of Spain also shows a low level of transparency in COVID-19 health management (27.5%). Again, there are regional differences in transparency into the healthcare system, but this time, during the pandemic.



Reputation of the Healthcare System During COVID-19

The reputation of the Spanish healthcare system is measured from two perspectives. Firstly, the reputation of the healthcare system is presented as a result of the perception of healthcare professionals and experts in the field. Figure 2 shows the percentage of hospitals in the top 100 of the Merco MRS out of the total number of hospitals that make up the healthcare system of each Autonomous Community before (map on the left) and during (map on the right) the pandemic.
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FIGURE 2. Reputation of Spanish regional healthcare systems before and during COVID-19 according to the perception of health professionals and experts (%). Source: Peña-Ramos et al. (16).


As can be seen in the map on the left, the Community of Madrid stands out above the rest of the Autonomous Communities in terms of healthcare reputation, since 54.05% of its hospitals are among the top 100 hospitals in the ranking prepared by Merco before COVID-19. It is followed by Castilla y León (37.5%), Extremadura (33.33%), Andalusia (32%), and Castilla-La Mancha (30%). With levels below 30% in healthcare reputation are Murcia (26.67%), Galicia (26.32%), the Valencian Community (25.64%), Asturias (25%), the Canary Islands (20%), Cantabria (20%), and the Basque Country (20%). The regions with the lowest health care reputation are the Balearic Islands (18.18%), La Rioja (16.67%), Navarra (16.67%), Aragon (10%), and especially, Catalonia (6.96%).

As can be seen in the map on the right, the reputation of the regional healthcare systems, as a result of the perception of healthcare professionals and experts in the field, remains relatively stable with some changes in several Autonomous Communities. The Community of Madrid remains the region with the highest health reputation, although it experiences a slight drop to 51.35%. The Valencian Community and Castilla y León also experience a decline in the reputation of their health management during the pandemic, although of a moderate nature, falling to 23.08 and 31.25%, respectively. On the contrary, the Balearic Islands, the Canary Islands, and Galicia register an increase in their health reputation during COVID-19, by increasing the percentage of hospitals that are among the Top-100 in the country. These percentages are 27.27, 26.67, and 31.58%, respectively.

Secondly, we incorporate the healthcare reputation resulting from the perception of Spanish citizens, who are the users and potential users of the healthcare system. Figure 3 shows these data broken down again by Autonomous Community, showing the percentage of citizens who say that the functioning of the healthcare system is very or fairly satisfactory in each of them before (map on the left) and during (map on the right) COVID-19.


[image: Figure 3]
FIGURE 3. Reputation of Spanish regional health systems before and during COVID-19 according to citizen perception (%). Source: Peña-Ramos et al. (16).


Before the pandemic, the Basque Country (81.5%) and Navarre (81.3%) were the regions with the best healthcare reputation among their inhabitants. Cantabria (70.6%) also had a high level of citizen satisfaction with the functioning of its healthcare system, as did the Community of Madrid (65.6%), Galicia (64.8%), Aragon (63.4%), the Balearic Islands (61.8%), and Catalonia (61.3%). Similarly, more than half the population of Asturias (59.7%), Castile and Leon (58.2%), the Valencian Community (57.3%), and Andalusia (53.1%) had a positive image of the healthcare system in their Autonomous Community. In contrast, the healthcare systems of Extremadura (49.2%), Castilla-La Mancha (47.3%), La Rioja (47.1%), the Canary Islands (45.3%), and the Region of Murcia (42.5%) show a lower reputation among their citizens, although with not particularly low figures.

During the pandemic, the data show that the health crisis generated by the new SARS-CoV-2 coronavirus led to an increase in the reputation of the health system, according to the citizens' perspective, in all the Autonomous Communities 4 months after its outbreak. Thus, the percentage of citizens declaring themselves to be very or fairly satisfied with the functioning of the healthcare system is over 60% in all regions. The health systems of Navarre (84.6%) and Cantabria (82.1%) have the highest reputation among the population. They are followed by the Balearic Islands (78.1%), Asturias (77.4%), the Basque Country (76.6%), Aragon (75.9%), and La Rioja (73.3%). Lastly, we find Castilla-La Mancha (68.9%), the Community of Madrid (68.9%), Galicia (67.2%), the Region of Murcia (67.1%), the Canary Islands (66.9%), the Community of Valencia (65.8%), Catalonia (65.7%), Extremadura (64.4%), Castilla y León (63.7%), and Andalusia (61.7%). These data imply that there are no statistically significant differences between the reputations that citizens attribute to the healthcare systems of the different Autonomous Regions.




Wellbeing Evaluation of the Healthcare System in the Context of the COVID-19 Pandemic


Personal Wellbeing With the Healthcare Management During COVID-19

Personal wellbeing with healthcare management is an essential issue, but it is especially so in a pandemic situation, due to the exceptional nature that it entails for all stakeholders. However, the management of the COVID-19 pandemic has gone through different moments and phases, so that citizen's perception of it may have varied accordingly, rather than being configured as a fixed image. In line with this, the following examines the satisfaction of citizens at two different moments of the health crisis on three different aspects: the health system, the management of the Spanish government, and the management of the government of their respective Autonomous Community. The percentage of citizens who recognize that their satisfaction with each of these has improved during the first wave (June 2020) and the second wave (October 2020) of the pandemic is represented.

Figure 4 presents the data on the improvement in citizens' satisfaction with the health care system during the first (map on the left) and second (map on the right) waves of COVID-19. The percentage of citizens indicating that their opinion of the health system has improved decreases over time. This means that citizen satisfaction with the health system has worsened over the course of the pandemic, despite being very positive at the beginning of the pandemic. La Rioja (75% points) and Extremadura (43.9% points) are the Autonomous Regions in which the proportion of citizens declaring that their image of the health system has improved has fallen the most. Next come Cantabria (36.9 points), Castile and Leon (35.7 points), Aragon (33.3 points), Navarre (32.3 points), and Andalusia (31.2 points). With decreases of <30% points are Galicia (27.4 points), the Basque Country (27.2 points), Castilla-La Mancha (26.6 points), the Region of Murcia (25.6 points), the Community of Valencia (21.9 points), Catalonia (20.4 points), and Asturias (20.3 points). The regions in which the satisfaction with the healthcare system has deteriorated the least are the Canary Islands (15 points), the Balearic Islands (15.4 points), and the Community of Madrid (19.7 points), in that order.
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FIGURE 4. Citizen satisfaction with the health system during the COVID-19 1st and 2nd wave (%). Source: Peña-Ramos et al. (16).


Figure 5 shows the information on the improvement of citizen's satisfaction with the management of the Spanish government during the first (map on the left) and second (map on the right) waves of the pandemic. The percentage of Spanish citizens who say that their image of the national government has improved decreases throughout the health crisis. Thus, the satisfaction with the central government and its management of COVID-19 becomes more negative as time passes. However, the perception of the country's government was negative from the beginning of the pandemic, since only a small part of the population in most of the Autonomous Communities improved their satisfaction with it. Thus, the majority of citizens worsened their image of the central executive with the arrival of the COVID-19 pandemic. This negative perception also increased as the pandemic progressed.
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FIGURE 5. Citizen satisfaction with the management of the Spanish government during the COVID-19 1st and 2nd wave (%). Source: Peña-Ramos et al. (16).


The percentage of citizens who reported an improvement in their satisfaction with the Spanish government at the beginning of the health crisis did not exceed 40% in any region, with the exceptions of the Canary Islands (41.5%), the Balearic Islands (47.6%), and La Rioja (66.7%). This perception also worsened with the arrival of the second wave, with La Rioja, the Balearic Islands, Aragón, and Castilla y León being the Autonomous Regions most affected, with a drop of 66.7, 24.9, 22.2, and 21.6 percentage points, respectively. They are followed by the citizens of the Region of Murcia (18.9 points), Galicia (15.2 points), the Basque Country (15.2 points), the Canary Islands (14.3 points), and Castilla-La Mancha (10.3 points). Smaller differences exist between users in Extremadura (9.4 points), the Community of Valencia (9.3 points), Andalusia (8.9 points), the Community of Madrid (4.6 points), Navarre (4.3 points), and Catalonia (3.7 points). On the other hand, in Asturias and Cantabria the percentage of citizens who improve their satisfaction of the national government increased by 5.1 and 5.2 percentage points (each one).

Finally, Figure 6 shows the data on the improvement of citizen satisfaction with management of the government of their respective Autonomous Community during the first (map on the left) and second (map on the right) waves of the pandemic. In the initial phase of the pandemic, there were disparities among citizens regarding the image of their respective regional governments. Thus, while in Asturias 69.6% of the population had improved their satisfaction with the regional executive, in Navarre this figure was only 23.1%. However, despite these differences, most of the Autonomous Regions experienced a worsening of citizen perception of the regional government throughout the pandemic, although in many cases this was not excessively high. Thus, this deterioration is more important in the Region of Murcia, amounting to 30.6% points. It is followed by Castilla y León (22.3 points), Galicia (20 points), Andalusia (19.3 points), Asturias (17.5 points), the Balearic Islands (17.3 points), and Catalonia (10.2 points). In the Community of Madrid (8.8 points), the Canary Islands (8.5 points), Castilla-La Mancha (8.4 points), Extremadura (6.6 points), and La Rioja (5.4 points), on the other hand, the change of opinion is smaller. Likewise, in Navarra (0.6 points) and in the Valencian Community (0.2 points), the satisfaction with the regional executive remained practically stable throughout the pandemic. On the other hand, the citizens of Cantabria, the Basque Country, and Aragon improved their image of the regional government between the first and second wave of the pandemic, with 4.5, 6.4, and 8.6% of them doing so. Thus, we can see that there are regional differences in the citizen satisfaction with their respective regional executives.
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FIGURE 6. Citizen satisfaction with the management of the government of their respective Autonomous Community during the COVID-19 1st and 2nd wave (%). Source: Peña-Ramos et al. (16).




Communication About the Healthcare Management During COVID-19

Personal wellbeing with the health care system is conditioned by two elements: the image offered by the media and direct experience with it. Both factors contribute to shaping individuals' image of the healthcare system and, consequently, their satisfaction with it. They are also the instruments through which the health system and its managers can transmit information on its functioning, thus increasing its transparency and reputation.

As a consequence, both the direct experience of citizens with the health system and their exposure to the media during the pandemic are examined. Thus, Figure 7 shows the percentage of citizens who have visited the health services for symptoms related to the coronavirus during the first and second waves of the pandemic. These data are broken down by Autonomous Community. The proportion of citizens who have had a direct experience with health services does not exceed 30% in any of the pandemic waves considered. During the first wave of COVID-19, the citizens of the Community of Madrid (16.4%), Castilla-La Mancha (12.2%), Catalonia (11.8%), and the Basque Country (10.8%) were those who had to resort to the health system to the greatest extent, although they represent a very small percentage of the population. During the second wave, the Community of Madrid (29.6%), La Rioja (26.9%), Navarra (26.4%), the Basque Country (21.7%), and Extremadura (20.8%) were the regions that recorded the greatest contact of their citizens with health services, also representing limited proportions of the population. Consequently, the majority of citizens had no direct contact with the health system during the first two waves of the pandemic.
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FIGURE 7. Citizens' direct experience with healthcare services during the COVID-19 1st and 2nd wave (%). Source: Peña-Ramos et al. (16).


This implies that a large part of the citizenship obtains information about the health system, and especially about the management of the pandemic, through the media. Thus, they would largely shape their perception of the health system and the management of COVID-19 through the media. In relation to this, more than 90% of Spanish citizens have followed the news related to the coronavirus with some interest. Figure 8 shows the media through which they have followed the news about the pandemic. Television is configured as the main means of information for Spanish people during the health crisis. More than 8 out of 10 citizens used it to follow COVID-19 news in all the ACs. Internet is the second most used channel, either through social networks, digital press, or any other online media. Around 4 out of 10 Spanish citizens were informed about the pandemic through the Internet, with regions where this figure is even higher: the Canary Islands (52.2%), the Community of Madrid (50.7%), and the Balearic Islands (50%). Radio is the third most used means of communication. More than 2 out of 10 Spanish citizens have heard news about COVID-19 on the radio, with more than 4 out of 10 in regions such as the Balearic Islands. Close behind is the written press, followed by obtaining information in conversations on the subject. The workplace, on the other hand, is a very residual medium for information on the pandemic.
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FIGURE 8. Media most used by citizens to obtain information on the COVID-19 pandemic (%). Source: Peña-Ramos et al. (16).


Having identified the three forms of media through which citizens have been most informed about the health crisis, it is then observed whether exposure to them has increased or not during the pandemic. As shown in Figure 9, the time of exposure to all media increased during the pandemic. Television is the medium whose use has increased the most. Thus, Spanish people watch 38.0 min more television per day on average than before the arrival of COVID-19. The use of social networks, specifically through the Internet, has also increased. Thus, citizens have increased by 9.9 min on average the daily time they spend connected to social networks. Likewise, although to a lesser extent, the time Spanish citizens spend listening to the radio has also increased. Thus, they are exposed to this medium for an average of 1.5 min more per day. Therefore, it is confirmed that the demand for information increases in times of health crisis and it has an impact in satisfaction, as there are relevant differences in media exposure after the arrival of the pandemic.
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FIGURE 9. Average increase in time of exposure to the main media before and during COVID-19 (minutes). Source: Peña-Ramos et al. (16).


Taking into account regional differences, it is necessary to point out that the Autonomous Communities in which television consumption grew the most were Extremadura (86.4 min), the Canary Islands (82.2 min), and Aragon (79.2 min). The regions that most increased their exposure to the Internet were the Region of Murcia (49.2 min), Asturias (43.2 min), and the Basque Country (33.6 min). Finally, radio consumption increased especially in Aragon (42.6 min), Andalusia (18.6 min), and Cantabria (18.0 min).

However, despite the increase in average consumption of the media, some regions experienced decreases in some of them during the pandemic, especially in radio (Asturias, the Canary Islands, Castilla-La Mancha, Castilla y León, the Valencian Community, Extremadura, the Community of Madrid, Navarra, and the Basque Country) and, to a lesser extent, on the Internet (the Balearic Islands, Castilla y León, Catalonia, and Extremadura). Exposure to television, for its part, only decreased in Navarra, confirming this as the main media through which citizens were informed of the health management of COVID-19.



Discussion and Implications

This research has examined the reputational and wellbeing consequences of the COVID-19 pandemic on health management in Spain, under a Socialist Government, which presented the recentralization of powers during the crisis, with the excuse of a higher and more equal protection. This research has studied the development of two key elements for healthcare management before and during the arrival of the new SARS-CoV-2 coronavirus: accountability (transparency and reputation) and wellbeing evaluation (personal wellbeing and communication). Due to the decentralized system in Spain, this analysis is carried out by disaggregating the data by Autonomous Community (20, 34). The results show that the health crisis triggered by the arrival of the COVID-19 pandemic has had a considerable impact on health management, producing changes in all the elements analyzed. In general terms, it can be stated, firstly, that there has been a deterioration in the transparency of the Spanish health system during the health crisis. From a situation of relatively acceptable transparency in most regions, although with significant differences between them, the situation has shifted to one of greater opacity. Public information on the management of the pandemic is limited in all the Autonomous Regions, as well as on the part of the national government, considerably increasing the disparities between regions. In this sense, the public authorities have had to transform their communication policy, based on traditional information on health services, to a totally different reality, that of a new and unknown pandemic disease, having to do so in conditions of health emergency, which has shown a significant deficiency in respect of such management.

Related with the reputation of the healthcare system is the perception of various stakeholders (15, 40). This article has analyzed it from the perspective of professionals and experts in the field, on the one hand, and from the perspective of citizens on the other. The health reputation from the perspective of health professionals and experts shows the existence of great divergences between Autonomous Regions before the arrival of the pandemic. With the arrival of the health crisis the data on health reputation from this perspective does not show important changes. Some regions slightly worsen their health reputation, while others improve it moderately. Healthcare reputation from the citizen's perspective, on the other hand, presents more positive data, although regional differences are maintained, which are reduced until they practically disappear during COVID-19, as homogeneity in the perception of regional health care systems increases. In relation to this, the arrival of the pandemic brought with it an increase in the reputation of the health system from the public's perspective.

The subsequent development of the pandemic led to a deterioration in personal wellbeing with healthcare management during COVID-19. This deterioration occurs especially with respect to the health management of the national government and, after it, with respect to the health management of the governments of the Autonomous Communities. Likewise, the image of the health system is also undermined.

Finally, with regard to communication, there has been an increase in the flow of health information with the COVID-19 arrival; at the same time, there was an increase of confusion, not just for the contradictions between the information transmitters (at least 20 officials powers), changing each time, but also for the insinuation of fake news to all information contrary to the official version of the National Government.

At the beginning of the COVID-19 crisis, the majority of citizens followed the news about the pandemic with interest. Likewise, there has been an increase in the amount of time that citizens have been exposed to the most widely used media to learn about the health crisis. This implies that information on healthcare and its management is not only more in demand, but also floods the media. Therefore, the visibility of healthcare management has increased enormously. In this way, Hypothesis 4 is accepted. Nevertheless, the fact that most citizens have not had direct contact with the healthcare system means that they have access to information, which is essential for transparency, shaping their perception of the healthcare system, and consequently the reputation of healthcare, through the media. This may help explain the deterioration in personal wellbeing with health management during the pandemic because it could have showed as a problem of perception and infoxication (information overload and contradictions between the transmitters).

Previous studies on healthcare management and its different elements during crisis (64), with special attention to accountability and wellbeing evaluation (16), have not paid attention to the theorems of Mises and Buchanan-Tullock applied to crisis management. However, the outbreak of a pandemic such as the one that occurred with COVID-19 poses a main challenge for research in this area. The healthcare system is on the front line in the fight against the new SARS-CoV-2 coronavirus, so it is essential to examine how the pandemic has affected it not only internally, but also in its external projection. Therefore, accountability and wellbeing evaluation of healthcare management requires an in-depth analysis in this context. This not only addresses the perspective of professionals and experts in the field, but also the citizen's perspective, which is unavoidable in this scenario. Therefore, the relationship of citizens with the health system and its managers at different levels of government is taken into consideration.

This research is a first step in the study of the effects of COVID-19 on health management, reaching important conclusions. The information obtained may be valid not only for accountability, but also for decision making by public authorities regarding the different elements of health management. This is also done in a case such as Spain, which has been one of the European countries most affected by the pandemic (as has been officially recognized).

This research has several limitations derived from the timing of its implementation. In this regard, by examining the consequences of the pandemic on health management while still in the midst of the pandemic, we do not yet have a sufficient amount of data to allow a more in-depth analysis of the two elements of health management under investigation: accountability and wellbeing evaluation. Likewise, with respect to the study period, we have only been able to investigate the consequences of the COVID-19 pandemic on Spanish health management during the first two waves of the pandemic.

Nevertheless, this research is a first approach that may contribute to future research to advance the study of health management in terms of accountability and wellbeing evaluation once the pandemic is over. In this way, broad conclusions can be reached on the overall effect of COVID-19 on the external projection of the healthcare system. In this respect, the approach adopted in this research, disaggregating the data by region due to the decentralized nature of the Spanish health system, may prove useful.

The impact of the stoppage on the transformation of the welfare model remains to be studied in depth (in its shift to wellbeing model), as the company has not relied on the mobile technologies of the digital economy during its management (11). This has caused not only a setback in motivational measures, but also hygienic measures of the affected collaborators. For the possible development of this line, sources such as Great Place To Work (GPTW) and Organization for Economic Cooperation and Development (OECD) health reports, as well as other specialized complementary sources, will be used.





CONCLUSIONS

The Spanish healthcare system and its communication management during the COVID-19 crisis was unsuccessful, especially for the non-coordination among the institutions in the public sector and with the private sector. There was a double management problem: a legal and political mismanagement (without clear coordination and regulation) and a worse communication management (with contradictions between the official transmitters, with bad perception about it—also, generating mass hysteria). There was an inverse relation between communication and satisfaction, because the more information was provided to the citizens, the worse satisfaction was obtained with the healthcare system, as a problem of perception and infoxication (information overload, fake news, and contradictions among public powers declarations). Also, this study shows that the healthcare management and the citizens' perception have changed during the crisis. Possibly, the situation of the healthcare system has been complicated because of the fuzzy decentralization in the Spanish semi-federal system: many competencies were transferred years ago, without a clear legal and political framework for coordination (the result was a healthcare monopoly for each Autonomous region). During the crisis, the Central Government pretended to re-centralize the competence in healthcare, but the confusion was bigger and non-functional (as the theorems of Mises and Buchanan-Tullock previewed). Also, it seems that the advances achieved in healthcare management of wellbeing (more satisfaction and better relations between people-planet-profit) has been rejected during the crisis, losing attention to improve satisfaction and motivational measures. This is a key point, because the COVID-19 crisis is not just a pandemic, it is also a potential syndemic (as a topic for future lines of research).

A corollary, linked with the unfinished agenda (Buchanan-Tullock's theorem), is the false clash between public and private services in the healthcare system. Part of the management by the Central Government was to support the public sector against the private companies (i.e., Central Government communicated that the public hospitals suffered scarcity of healthcare materials because the private hospital kept it—as unsupported business-). In this way, the Central Government promoted just the public sector in the distribution of new medical supplies, vaccines, etc., and the assignation of recovery funds. The result is the public choice problem: no voice, no exit (there is not possibility to critique and there is no alternative to receive healthcare services).
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During the COVID-19 pandemic, medical products have been crucial to the global fight against the disease. As a major manufacturing country, China occupies an important position in the medical products field. However, China's terms of trade are not commensurate with its status as a major exporter of medical products. Therefore, studying China's market power in medical product exports has important practical significance for determining China's value chain position in the global market and then proposing policies and measures to enhance China's market power. The findings of this paper, utilizing HS 6-digit data from 1992 to 2020, illustrate that China's market power is only in limited medical product export markets. Accordingly, we propose countermeasures to enhance the market power of China's medical product exports.
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INTRODUCTION

Since the COVID-19 pandemic began, China's outbreak has been effectively controlled. From January 1, 2022, to January 31, 2022, China experienced only dozens of new cases per day as well as the gradual recovery of the medical product supply chain in China, which is crucial to overcoming the pandemic because China is the main provider of medical products around the world. According to WTO data, China became the largest exporter of COVID-19-critical medical products in 2020; the total export value was US$105 billion, which was approximately 2.8 times as much as 2019. China's share of medical product exports is as high as 28.7% in the first half of 2020, which is 2.4 times that of the second largest exporter, the United States. China currently accounts for approximately 20% of the global medical product market. However, medical product companies are facing increasing competition and price pressures amid the rapid growth of new manufacturers. Especially in recent years, the Chinese government's reforms to reduce medical costs have made hospitals more price-sensitive. The 90% drop in stent prices following China's introduction of a volume-based procurement system for high-value medical consumables is a case in point. Does this price and cost pressure indicate that China relies more on quantity than quality to compete in export markets?

China's share of the medical product global market has steadily increased, but the terms of trade for many exports have not improved commensurately. Furthermore, export prices for some products have fallen sharply due to an increase in export volumes. Consider hand sanitizer as an example: China's export volume in 2020 was 40.2 times that of 2016, but the price continues to fall, and the terms of trade are deteriorating. The lack of pricing power in the medical product market suggests that the added value of China's exports has not increased, and its status quo as a large trading country rather than a strong country must improve. Therefore, we ask the following: does China have pricing power in the medical product export market? To this end, we employed products in the HS 6-digit 902000 (Breathing appliances and gas masks) to investigate China's market power in medical product exports and to accordingly propose countermeasures to enhance China's export market power.



LITERATURE REVIEW

Several studies have examined the existence and theoretical explanations of pricing-to-market behavior. Fitzgerald and Haller (1) utilized plant-level microdata to demonstrate that producers selling in domestic and export markets participate in specific types of pricing-to-market behavior. The findings suggest that when prices are sticky, the optimal degree of market pricing conditional on price adjustments depends on other factors, including the choice of invoice currency, the nature of price stickiness, the expected frequency of price adjustments, and demand and cost shocks. Bergin and Feenstra (2) utilize local currency pricing and market pricing to explain why real exchange rates continue to deviate from purchasing power parity. They believed that the translog preference function produces greater persistence than the standard CES (constant elasticity of substitution) norm and better explains manufacturers' behavior in choosing different prices according to market differences.

Other literature analyzes the causes and manifestations of market power. Dhanora et al. (3) argue that innovative activities provide opportunities for firms to create and maintain industry monopoly power. Innovative firms typically earn market power by creating differentiated products through product innovation or by increasing productivity through process innovation. We demonstrate an inverted U-shaped relationship between technological innovation and market power based on empirical findings from Indian pharmaceutical companies. Auer et al. (4) note that product quality and target market income level are important dimensions that affect a firm's market-based pricing power. In wealthier markets, more consumers are willing to pay for higher-quality products. High-quality companies face low elasticity and therefore charge higher prices for their products. Furthermore, high-quality firms' market power varies widely, and their markups are more responsive to exchange rate fluctuations than those of low-quality firms. The results demonstrate that the relative price of high-quality goods compared to inferior goods is an increasing function of income in the destination market. Therefore, low-quality goods are relatively more expensive in poor markets, while high-quality goods are relatively more expensive in wealthy markets.

Other scholars have explored the impact of market power and how it is ideally addressed. Wang et al. (5) utilized unique matched data from SME (small and medium enterprises)-bank relationships in 19 European countries to examine the impact of bank market power on SME financing. Research suggests that bank market power reduces SMEs' access to bank financing. Consequently, to reduce the adverse effects of market power while promoting competition among banks, policymakers must also support SMEs' access to financing by reducing information barriers and building tailored relationships. Mertens (6) utilizes 20 years of German manufacturing microdata to explore the reasons for the global decline in labor's share of economic output, arguing that the firms' market power in labor and products explains half of the decline in labor shares. Elsayed et al. (7–9) discussed economic uncertainty, COVID-19, and labor market regulations. Chen et al. (10–13) also examined the effects of conflict, social mobility and stringency measures on COVID-19 and the economy.



FEATURE FACTS AND STATISTICAL DESCRIPTIONS

Breathing appliances and gas masks are essential products for controlling COVID-19; hence, we selected representative products in the HS 6-digit 902000 to examine China's market power in the medical product market. The data come from the United Nations' Comtrade database. Data such as nominal exchange rates and price indices come from the World Bank's World Development Indicators and the CEIC's global economic data, indicators, charts, and forecasts as well as other databases.

We employed the 902000 product code to examine the changing trend of its terms of trade to understand the characteristics and facts of China's pricing power in this product market. Based on the data from Comtrade, we calculated the terms of trade for breathing appliances and gas masks. The calculation results indicate that the overall terms of trade for this medical product feature a gradual deterioration trend (see Figure 1), which illustrates that China has not gained pricing power commensurate with its market share in this product market.


[image: Figure 1]
FIGURE 1. 1992–2020 China's trend in terms of trade for breathing appliances and gas masks.


The statistical description of the product category reveals that the maximum export price for China's breathing appliances and gas masks was 27.4, obtained in Malaysia in 2013 (see Table 1). The minimum value was 0.14, obtained in the Philippines in 1998. The maximum value of the nominal exchange rate was 3482.8, obtained in Vietnam in 2015, and the minimum value was 0.066, achieved in the United Kingdom in 2007. The maximum real exchange rate was 3595.2, achieved in Vietnam in 2001, and the minimum was 0.04, achieved in the United Kingdom in 2004.


Table 1. Statistical description of the main variable.
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EMPIRICAL RESEARCH

We propose an extension model of China's market power in the medical product export market based on Knetter's (1989) model. In the market power model, the measurement of market power is based on the Lerner index, and the pricing-to-market parameter is utilized to reflect the size of the market power. Pricing-to-market means that when the currency of the importing country appreciates, the exporter does not lower the price but maintains or increases the price of the export commodity. This reflects exporters' market power.

If a country's manufacturer exports medical products to nindependent foreign target markets and each market is denoted by i, then the exporter's profit function is as follows:

[image: image]

In Equation 1, pitrepresents the price of export to country i at time tin the currency of the exporting country, qitis the demand of the importing country at time t, eis the exchange rate (the importing country/ the exporting country), and is the cost function under profit-maximizing conditions, we can get:
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In Equation 2, Eitrepresents the price elasticity of demand in importing country I, which is a function of exchange rate e; represents the marginal cost of medical products. Equation 2 illustrates that the price expressed in the currency of the exporting country is a markup on marginal cost. The size of the markup depends on the price elasticity of demand in each target market. Employing the natural logarithm of Equation 2 provides an empirical model for the pricing-to-market parameter:

[image: image]

Here, θt, λi, βi, and represent time effect, country effect, the pricing-to-market parameter, and the random disturbance term, respectively. Among them, time effect is θt, which is utilized to measure the change in marginal cost. Target market effect is λi, which represents the size of the markup; in other words, it is the degree to which the export price deviates from the marginal cost in different target markets. The pricing-to-market parameter βi indicates the extent to which exporters adjust their export prices in local currency when exchange rates fluctuate. It reflects exporters' ability to differentiate pricing according to market differences and is also the level of market power.

Assume that the market of the importing country is perfectly competitive, that is, the price is equal to the marginal cost, and the export price is equal in different target markets. Time effect θtin Equation 3 represents the constant price in each period. Additionally, λi and βi are equal to 0 in a perfectly competitive importing country's market.

We assume that the importing country's market is a monopoly market with price discrimination, but the price elasticity of demand in the importing country remains unchanged. The price markup in Equation 2 reveals that constant elasticity means that the export price in a specific target market has a fixed markup λi relative to the marginal cost in Equation 3, but the markup may vary depending on the target market. The key implication of a price discrimination model with constant elasticity of demand is that residual changes in export prices are independent of the exchange rate of a particular target market. Therefore, the invariant elasticity assumption implies that βi is 0.

We assume that the importing country's market is a monopoly market with price discrimination but that the importing country's price elasticity of demand is constantly changing. Equation 2 demonstrates that the constant change of elasticity means that markup λi is constantly changing in each target market in Equation 3. Therefore, when exchange rate e changes, there is a price difference between export price pit denominated in the exporter's local currency and price eitpit paid by the importing country in the importing country's currency. Exporters must adjust the markup for their interests: export price pit should change with exchange rate e so the pricing-to-market parameter βi is not 0.

The target market effect parameter λiand the pricing-to-market parameter βi can be employed to determine the market power level of China's medical product exports. Utilizing data from 21 target markets, we examined the market structure and power of China's medical product exports. Each export market is estimated utilizing nominal and real exchange rates. The empirical results are presented in Table 2 and Figure 2.


Table 2. Chinese medical products' (HS: 902000) market power status in different countries.
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FIGURE 2. Trend of the marginal cost of medical products in China (HS: 902000).


The research results in Table 2 indicate that in almost all Chinese medical product export markets, the target market effects measured by nominal and real exchange rates are significantly different from 0. This suggests that the null hypothesis of China's perfect competition in the medical product export market does not hold true. Additionally, it means that the law of one price caused by commodity arbitrage does not hold true, and China is a non-perfectly competitive market in the medical product export market. This is closely related to the fact that the medical product export market is primarily dominated by China, the United States, and Germany.

Calculations utilizing real exchange rates demonstrate that the null hypothesis of constant elasticity of demand is rejected in medical product export markets such as Israel, Japan, Russia, the United States, and Vietnam. Consequently, in the majority of China's medical product exports, the real exchange rate reflects inflation fluctuations, and changes in exchange rates do not lead to corresponding changes in export prices. The calculation results utilizing the nominal exchange rate indicate that the null hypothesis of rejecting the constant elasticity of demand is only valid in Australia, Canada, Israel, Japan, South Korea, and Russia. Therefore, when the exchange rate fluctuates among the 21 export markets, China has the ability to adjust prices in only a few export markets; in other words, its market power is limited. This is significantly disproportionate to China's top position in the world's medical product export market and suggests that utilizing market share to measure China's market power in the medical product market is misleading. The potential market power indicated by China's market share in the medical product market does not match its actual market power, which demonstrates that China lacks pricing power in the medical product export market. China remains a sizable country rather than a power in the medical product export market. Measurements utilizing real exchange rates illustrate that among countries that reject the null hypothesis of constant elasticity of demand, only the Israeli market has a negative price-to-market parameter, which suggests that Chinese medical product exporters are attempting to stabilize product prices in this market.

Figure 2 depicts the coefficient of the time effect in the regression equation estimated by the real exchange rate from 1992 to 2020, that is, the trend of the marginal cost of China's medical product exports. Empirical research results indicate that the marginal cost index of China's medical product exports has risen sharply since 2007, which is related to the promulgation of China's labor contract law. The increase in labor costs directly augmented the marginal cost of medical products. Accordingly, China's share of the worldwide medical product export market has continued to rise, although the terms of trade have been deteriorating. This is related to China's reliance on quantity rather than quality competition in the medical product export market. Chinese medical product exporters are typically small-scale, low-value-added companies with limited market power. Due to the large number of Chinese exporters, these companies are forced to reduce prices to gain market share, which has kept China at the bottom of the smile curve in the medical product export market.



CONCLUSIONS AND POLICY RECOMMENDATIONS

We employed the HS 6-digit 902000 to investigate the market structure of China's medical product export market and China's market power. The empirical research results reveal that China's medical product export market is a non-perfectly competitive market. The law of one price caused by commodity arbitrage does not hold true in China's medical product export market. Among the 21 markets to which Chinese medical products are exported, only a small number, including Israel, Japan, Russia, the United States, and Vietnam, reject the null hypothesis of constant demand elasticity, which illustrates that China has limited market power in the international medical product export market and thus lacks pricing power. This is disproportionate to China's position as a global leader in medical product exports. In the Chinese medical product export market, the Israeli market, which rejects the null hypothesis of constant demand elasticity, has a negative pricing-to-market parameter, indicating that Chinese medical product exporters are attempting to stabilize market prices in the country. To change the status quo—China has market share advantages but no market power in some medical product markets—the nation must strengthen R&D as well as production of high-end medical equipment, such as ECMO and medical artificial intelligence microchips, to effectively enhance the added value and market power of exported medical products and eliminate problems at the lower end of the value chain.
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Bilateral investment agreements are bilateral treaties between capital exporting countries and host countries, which is specially used to protect international investment, and the contract execution is directly related to the daily operation of multinational enterprises. Based on the panel data of 73 developing countries from 2005 to 2019, this paper examines the improvement effect of BITs on the contract execution of host countries. The study found that both the overall bilateral investment agreements and the bilateral investment agreements in force can significantly improve the contract execution of the host country. Due to the differences between the civil law system and the common law system in many aspects, such as the source of evidence and trial mode, the effect of BITs on the improvement of contract execution in host countries of the common law system is more prominent. In terms of specific impact, the improvement effect of BITs on time is significantly better than cost. The core conclusion is still valid after changing the estimation method and eliminating abnormal samples.
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INTRODUCTION

Developed countries began to sign the bilateral investment treaties (BITs) with many developing countries in 1959 to protect their foreign direct investments (FDI) and other economic interests. With the continuous development of economic globalization and international trade, the signing parties of BITs have expanded from the original developed and developing countries. The number of treaties among developing countries has also increased, but parties are still developed and developing countries (1). According to the United Nations Conference on Trade and Development (UNCTAD), (2), 2,957 global BITs had been reached by 2016. For capital-exporting countries, the main purpose of BITs is to secure domestic foreign investment and strive for better market entity treatment for multinational enterprises. BITs can attract more FDI (3). With closer economic and trade relations between countries, the role of BITs is no longer limited in the flowing of investment from capital-exporting countries to developing countries and has a far-reaching impact on the political and economic system of the host country. For example, Pinto and Zhu (4) studied the relationship between FDI and corruption in host countries. They found that FDI can inhibit corruption in host countries with a low degree of democracy.

For a long time, the academic research on BITs has mainly focused on two aspects: the legal effect of BITs and the improvement of their legal provisions (5). The other is to analyse the facilitation effect of BITs on FDI (6–8). Especially under the background of the rapid increase of BITs and the increasingly frequent flow of FDI worldwide, scholars pay more attention to BITs in promoting FDI flow. In addition, with the continuous growth of FDI inflows in developing countries, some scholars have also observed its spillover effect on the institutional quality of host countries (9–11).

The existing research has carried out some good exploration on the relationship between international business activities and the institutional quality of host countries and made fruitful achievements. However, there are still deficiencies in the following two aspects. Firstly, the research on BITs at home and abroad mainly focuses on their impact on FDI, ignoring the facilitation effects on improving the institutional quality of developing countries. Secondly, when analyzing the impact of international economic and trade activities on the institutional quality of host countries, papers use macroeconomic indicators, which are weakly related to the daily business activities of enterprises, such as the economic management index and authorities' governance quality. Although these indicators can comprehensively reflect a country or region's institutional quality, they mainly focus on the macro level and pay less attention to the micro-environment closely related to enterprises.

Because of the shortcomings of the existing research, this paper focuses on 73 developing countries as the study subject and analyses the impact of BITs on the contract execution of the host countries. Developing countries have less complete and more arbitrary law systems than developed countries, so many multinational enterprises face greater external risks when investing abroad. Although a customary international law restricts the behavior of capital-exporting countries and host countries, the protection that this law can offer to foreign investors is very little for the lack of recognized norms and dispute settlement mechanisms (12). Capital-exporting countries often sign BITs with the host country to help domestic enterprises avoid external institutional risks and protect their economic interests. Although the specific contents of BITs vary from country to country. As one of the most important international institutions to protect FDI, BITs have covered more than 180 countries and regions by 2016 (2). According to the definition of the World Bank, contract execution mainly measures the time and cost of resolving commercial disputes through local first instance courts, as well as the quality index of judicial procedures, and evaluates whether each economy has adopted a series of good practices to improve the quality and efficiency of the judicial system. The project covered over 190 economies in 2018, increasing from 133 economies in 2002. It has become one of the authoritative data for studying a country's business environment or region and has been adopted by several papers (13, 14).

Based on the above analysis, the contribution of this paper is mainly reflected in the following two aspects: First is to expand the research scope of BITs from FDI and other business activities to the institutional quality of the host country. Although the main function of BITs is to promote the effective flows of FDI, the existing research ignores its spillover effect on the institutional quality of the host country under the situation of the increasingly complex international economy and trade. The second is to deepen the existing research and take the contract execution closely related to the daily business activities of enterprises. Presently, the research on BITs and institutional quality mainly start from the broader institutional systems, such as political and economic systems. Due to the low attention of multinational enterprises to these systems, taking these systems as the study subject would fail to reflect the impact of BITs on the quality of micro institutions of the host country. Based on the overall analysis, this paper also examines the impact of BITs on specific aspects of contract execution in order to provide more practical and effective policy suggestions for the host country to improve its business environment.



MECHANISM ANALYSIS OF BITS TO IMPROVE CONTRACT EXECUTION IN HOST COUNTRIES

The contract execution is the central content of contract system, which is not only directly related to the economic interests of bilateral commercial subjects, but also closely related to the economic development of a country. BITs are an important part of the international investment law. Based on the basic framework and combined with the specific conditions of each country, a lot of work has been carried out in terms of investment definition, access and treatment of foreign investment and dispute settlement mechanism. Combined with researches of Kerner (15) and Falvey and McGregor (3), this paper holds that the influence of BITs on the contract execution in host countries is embodied in four aspects, such as strengthening the institutional foundation of domestic law of host countries, improving procedural legal provisions, providing a reference and specific path for dispute resolution, and ensuring or reinforcing the effectiveness of implementation.


BITs Further Strengthen the Institutional Foundation of Host Countries' Domestic Law

Different from that of developed countries, the legal foundation of developing countries is relatively weak, and some concepts are not clearly defined, which further restricts the application and execution of laws. The clear definition of concepts is the basic requirement of contract execution, which delineates the particular scope of law enforcement. In order to maximize the protection of their own investment, capital-exporting countries conduct consultations over and over again with host countries on the specific concepts involved in BITs, so as to create favorable conditions for resolving potential investment disputes. Taking the BITs signed by China and Kazakhstan in 1992 as an example. The concepts of “investment” and “investor” were defined in the first paragraph of Article 1 and listed key forms. In addition, although the number of BITs signed among developing countries grows rapidly, those signed between developed countries and developing countries are still dominant (1). Developing countries have worked out BITs through constant consultation with developed countries with better legal systems to bridge gaps in relevant fields of domestic laws. More importantly, the gradual improvement of the legal basis related to BITs provides specific reference for host countries to clarify concepts in other fields, promoting the overall improvement of the efficiency of contract execution in host countries.



BITs Further Improve the Procedural Legal Provisions of Host Countries' Domestic Law

Economic behavior is established on the institutional environment and subject to the constraints and norms stipulated by law, so the pursuit of profit of capital promotes the continuous improvement of procedural law and arbitration mechanism, directly or indirectly. In the handling and enforcement of foreign-related investment disputes or international investment disputes, the arbitral tribunal shall examine whether host countries have fulfilled their obligations or abused their power under the investment agreement in order to ensure the rationality, fairness and accuracy of the commercial award. Since the arbitral tribunal has certain “discretionary space”, it is deficient in terms of the consistency and transparency of the award. Additionally, to maximize the protection of their own interests, transnational enterprises often sponsor business associations and legal organizations in host countries, and then influence the ruling results of cases as a third party. Due to the combined action of the above multiple factors, the benefits of the award results tend to be tilted to transnational enterprises. In purpose of reducing their passivity in the international arbitration, host governments will clarify the specific requirements of relevant regulations in BITs. Compared with the settlement of domestic investment disputes, the settlement of investment disputes involving transnational factors is more difficult in terms of language and space distance. The scope of constitutive elements is broader and fuzzy due to the heterogeneity of the two countries' systems, the differences in the interpretation of regulations and agreements, and the definition of specific applicable rules of treaties. In this context, the relatively complex legal process and system of international dispute settlement supplement the domestic procedural law of host countries. The abuse of process such as procedural obstruction and procedural delay exposed by the arbitration system also provides many cases for the settlement of similar cases in China. Under the dual track system of arbitration supervision, clear, reasonable and comprehensive BITs make the supervision and trial carried out by the judicial authorities of host countries operable, which means the procedural review of foreign awards has spillover effects on the domestic procedural law.



BITs Provide a Reference and Specific Path for the Settlement of Domestic Disputes in Host Countries

BITs provide the means and procedures not only for the settlement of disputes arising from the interpretation and implementation of treaties among contracting states, but also for that of disputes arising from investment between foreign investors and governments of host countries, especially most agreements resolve disputes through International Center for Settlement of Investment Disputes (ICSID). These measures provide a strong guarantee for the proper settlement of investment disputes. As the construction and operation of international dispute mechanism inevitably involve the public law factors such as politics and sovereign, the integration of government resources in the industrial ecology, such as industrial policy and institutional system, plays a leading role in the normative system, and the diversified settlement and arbitration mechanism of international trade and investment disputes fill the space for the creation of rules, which constructs a legal framework for the settlement of domestic disputes in host countries. Based on the particularity of economic laws of contracting parties in terms of scope of application and meaning, in order to reduce the difficulty of adjudicating disputes and improve the efficiency and quality of dispute resolution, host countries may make effective reference to the legal situation of capital-exporting countries through BITs. Furthermore, on the basis of ensuring the inclusiveness and adaptability of the system, similarities and differences between the legal cultures and functions of the two countries are explored to further promote the reform and innovation of the legal system. In addition, host countries expand the extension of their laws through comparative study of bilateral laws, which increases the reference of domestic legal profession to actual cases and provides a useful reference for the settlement of relevant disputes in the context of international market.



BITs Can Ensure or Reinforce the Effectiveness of Implementation of Domestic Law

International dispute settlement mechanism and domestic judicial mechanism are involved in the construction of a predictable and innovative business environment, which means maintaining international investment order requires a balanced consideration of resources at home and abroad. Investment arbitration and specific contract execution are related to the balance between the protection of investors' interests and the regulation rights of host countries, as well as the value judgment of the investment laws and control policies of host countries. The ruling focuses on promoting investment relations and maintaining investment order through the balance of interests. Regional economy is established on organizational rules and entities, and the force of law is an important premise to ensure that practice does not exceed reasonable expectations. In the context of international dispute settlement where a temporary organization tasked with arbitrating a dispute between two parties applies rules or principles of international law to evaluate the law or public policy of host governments, host countries often take measures such as expanding legal sources, enhancing legal effectiveness and adaptability to reduce the risk of losing a lawsuit and the transaction cost of the system, so as to get rid of the situation that the legitimate regulation power is controlled by the arbitral tribunal. The development of international investment dispute settlement methods promotes the improvement of host countries' overall business environment and institutional system. Host countries indirectly strengthen the effectiveness of domestic laws while adjusting their own foreign investment laws and public policies. Compared with international law, domestic law has more enforceable effectiveness and more precise adjustment subjects. When investment disputes are transferred from international to domestic, the effective time and conditions of law are more disposable. Although the governance structure continues to change and market demands are becoming more diversified, the rule of law is still the main line in building a business environment. The decision that state parties explicitly regard the investment arbitration award as the scope of domestic law means that the investment treaty arbitration also belongs to the scope of domestic law, rather than the scope of public international law, which reflects that domestic law and international law have a certain crossover and the scope of the boundary presents a narrowing trend. With the increasingly introverted international obligations, host countries are subject to regulation by adopting a specific legal framework within their own legal system, granting specific rights, and avoiding specific acts.




EMPIRICAL MODELS, VARIABLES, AND DATA SOURCES

Based on the research of Haddad and Hornuf (14) and Long et al. (11), this paper analyses the effect of BITs on the improvement of the contract execution in developing countries by using the data of the business environment project of the UNCTAD and the World Bank. The specific model is as follows:
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In the above formula, i and t represent the country and year respectively. c represents the constant term. β represents the influence coefficient of each variable. contract refers to the contract execution. treaties represents the number of BITs officially entered into force in developing countries. pgdp represents the per capita gross domestic product (GDP). trade is the trade openness, resources is the resource abundance. control is the level of corruption control. εit is a random error term.


Dependent Variable

It is the contract execution in developing countries. The world bank's business environment project has published contract execution data of various countries and regions since 2005. With the continuous improvement of the research system, the world bank has added filing and service, trial and judgment and other indicators on the basis of procedures, time and cost. Among the indicators of contract execution, time and cost are directly related to the economic benefits of enterprises, so multinational enterprises pay the most attention to these two indicators. On the other hand, in order to ensure the continuity of research data and investigate the possible heterogeneous impact of BITs on contract execution in developing countries after the 2008 financial crisis, this paper will mainly use time and cost to construct contract execution and carry out further research.



Main Variable of Interest

It is the number of BITs. At present, the measurement methods of BITs are generally divided into two categories. One is to use the number of signed BITs. The other is that BITs are set as dummy variables. The main reason for this difference lies in the different research categories. For example, Zeng and Lu (16) mainly focus on the impact of treaties on FDI and international trade.

Meanwhile, Mazumder (17), and Sirr et al. (8) study the impact of BITs on attracting FDI and leaders' ruling time. Mazumder (17) takes many developing countries or regions as the research subject, and several papers take a single country as the research subject. Although the number of BITs signed between developing countries continues to grow, the treaties signed between developed and developing countries are still dominant in terms of overall quantity and impact. At the same time, the stock of foreign investment in developed countries is large, and the level of their business environment is high. In addition, for reasons like institutional coordination and legal procedures, many BITs will not enter into force in the current period. Although treaties that have not entered into force do not have substantive effectiveness, capital-exporting countries can also indirectly affect the business environment of the host country.

Improving the business environment in developing countries is a long-term process, and the data on the stock of BITs reflects its sustainable impact. Moreover, many treaties reflect the greater pressure of capital-exporting countries on improving the business environment of the host country and provide a valuable opportunity for the host country to understand and learn from other countries the system of the business environment and reform experience. Based on the research subject of this paper and the effects of BITs, this paper will follow the practice of scholars, such as Sirr et al. (8). It also takes the cumulative number of treaties signed with developed countries as the proxy variable. While mainly examining the overall number of BITs (including those that have entered into force and those that have not), this paper will also focus on whether the treaties in force have the same effect. In addition, the newly signed BITs are only a supplement and improvement to the original treaty, so this paper mainly focuses on the year when the first treaty was signed.



Control Variables

The contract execution of developing countries is not only affected by BITs but also closely related to economic development, international trade, the abundance of natural resources, corruption control. Therefore, the above variables are added to the model as control indicators.



Economic Development

With the continuous improvement of economic development, developing countries have a more urgent need for an efficient legal system, but also have a more sufficient material foundation support. Referring to Du and Sun (18), this paper chooses the per capita GDP of developing countries to reflect the country's economic development.



International Trade

International trade plays an important role in a country's economic development and promotes cultural and personnel exchanges, which is with substantial impact on institutional system of developing countries (19). This paper selects the proportion of total import and export trade in the total GDP of each country as an indicator for measuring international trade.



The Abundance of Natural Resources

According to the “resource curse hypothesis”, the relatively abundant natural resources create favorable conditions for a country's market rent-seeking behavior, thus hindering institutional quality improvement. Referring to Hamilton (20), this paper adopts the proportion of the total rent of natural resources in a country's GDP to measure the abundance of natural resources.



Level of Corruption Control

Considering the important role of government in the construction of institutional system, government governance will directly affect the business environment in developing countries (21). This paper adopts corruption control to measure the political environment.

As the coverage of the world bank's business environment project has been expanding, the early data of some countries and regions are vacant. Based on the availability of data, this paper finally selects 73 developing countries and the research time range is from 2005 to 2019. According to the statistics of the United Nations Conference on Trade and Development, as of 2019, 73 developing countries have signed 2,788 BITs, and the number of BITs that have entered into force is 2003. It should be noted that both indicators account for more than 90% of the total number, indicating that the sample in this paper is well representative. The descriptive statistical results of the main variables are shown in Table 1.


Table 1. Descriptive statistic.
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Based on the data availability of business environment and other variables, the final research scope of this paper is determined to be 73 developing countries from 2005 to 2019, respectively. For the sake of space, we do not list 73 developing countries in detail, but they are available upon request. By 2016, 73 developing countries had signed 2,598 BITs in total, accounting for about 88% of the total 2,957 BITs globally, of which 1,923 had entered into force. The descriptive statistical results of the main variables are shown in Table 1.




EMPIRICAL RESULTS

The empirical test of this paper is mainly carried out from three aspects: first, it tests the core conclusion of this paper, that is, whether BITs improve the contract execution of developing countries. The second is to discuss the potential differential impact of BITs between civil law countries and common law countries. The third is to further investigate the possible heterogeneity effect of BITs on contract execution in developing countries after the financial crisis. On this basis, this paper will test the robustness from two aspects: research methods and abnormal samples, so as to ensure the credibility of the core conclusions.


Baseline Regressions

According to Eq. (1), the panel fixed-effects method, based on robust standard errors, is used to analyse the impact of BITs on the contract execution of 73 developing countries. According to the results of the Hausman test, this paper uses the fixed-effects estimation to carry out regression analysis. The results are shown in Table 2. It should be noted that although this paper may face endogeneity problems caused by omitted variables, the fixed-effects model of panel data can eliminate the bias caused by unobservable factors, thus effectively avoiding this problem (22).


Table 2. Estimation results (entire sample, 2005–2016).
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As can be seen from Columns (1) and (2), the overall coefficients of BITs are positive and significant at the 1% level. This result shows that the increase in the total volume of BITs significantly improves the contract execution in developing countries. According to the results of columns (3) and (4), the coefficients of BITs in force are also significantly positive, which indicates that they also have a significant positive impact on the contract execution of developing countries. It is worth noting that the overall coefficient of BITs is slightly smaller than that of BITs that have entered into force. This result shows that the effective BITs have a more prominent improvement effect on the contract implementation of developing countries.

In terms of control variables, the economic development has not passed the significance test, which shows that it has no substantive impact on the contract execution of developing countries. The coefficient of foreign trade is significantly positive and has passed the significance test at the level of 5%, indicating that the sustainable development of foreign trade is helpful to promote the contract execution. Similar to the results of foreign trade, the improvement of corruption control in developing countries also helps to promote the contract execution. Consistent with the expectation of this paper, the abundance of natural resources has a significant restrictive effect on the contract execution as an important part of the institutional quality of developing countries.



Results Based on Civil Law System and Common Law System

Due to the differences in social system, history and culture, the current legal systems of various countries in the world can be roughly divided into civil law system and common law system. There are significant differences between civil law system and common law system in five aspects: legal source, demonstration method, judicial power, evidence source and trial mode (23, 24). Due to the differences of legal systems, the impact of BITs on contract execution in different developing countries may be significantly different. For the 73 developing countries selected in this paper, 26 countries such as Albania and Argentina belong to the civil law system, while 47 countries such as Rwanda and South Africa belong to the common law system. In order to further test the differential impact of BITs on contract execution in developing countries of civil law system and common law system, this paper will conduct the regression based on different legal system. Table 3 reports specific regression results.


Table 3. Results of civil law system and common law system.
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From the results of columns (1) and (2), it can be seen that compared with developing countries of civil law system, BITs have a significant impact on contract execution in developing countries of common law system. First of all, the common law system emphasizes the freedom of contract more. The parties to the contract often have greater discretion over the specific arrangement of the contract, and the law rarely adds other mandatory contents to the contract. In most developing countries with civil law system, the legal system of the host country usually endows the contract with some “implied terms”. Taking contract execution as an example, although the contract does not contain specific contents and terms, both parties still need to take the bona fide execution of the contract as the basis (25). Secondly, in the developing countries of common law system, “civil contract” and “administrative contract” are governed by private law, and they are not treated differently. However, in many developing countries of civil law system, the concept of “administrative contract” has been introduced into their legal system, and special legal institutions have been set up to adjudicate disputes. Due to the differences in the freedom of contract and the construction of legal system between the developing countries of civil law system and common law system, the impact of multinational enterprises on the contract execution of the host country through BITs is significantly different.




ROBUSTNESS TESTS

In order to ensure the robustness of the core conclusion, this paper will test it from the perspective of research methods and data. Firstly, although the fixed effect estimation can avoid the endogenous problem caused by missing variables to a certain extent, for the sake of robustness, this paper will choose the variable with two-stage lag of BITs as the instrumental variable, and retest the core conclusion by using two-stage least square method (2SLS) and generalized method of moments (GMM). According to the results in columns (1)–(4) of Table 4, the coefficients of BITs are positive and have passed the significance test at the level of 1%, indicating that the overall and effective parts of BITs can significantly improve the contract execution of developing countries, that is, the core conclusion of this paper is relatively stable. From the test results of instrumental variables, the Cragg-Donald F and Kleibergen-Paap F statistics of weak instrumental variables are greater than the critical value under the 10% error level, indicating that there is no weak instrumental variable. The P values of FAR test are >10%, which rejects the assumption that the instrumental variables selected in this paper are exogenous.


Table 4. Robustness test I.

[image: Table 4]

According to the United Nations, there are 36 developed countries in the world. In the research sample of this paper, there are seven countries such as South Korea, Poland and Kuwait, which belong to high-income countries, that is, the per capita GDP is more than 12,000 US dollars. Compared with other developing countries, the economic and social development of these seven countries is obviously better. Out of concern about the abnormal data, this paper excludes the above seven high-income countries and re-estimates the data. It can be seen from the estimation results in Table 5 that the overall BITs and the BITs that have entered into force have not only passed the significance test, but also their coefficients have improved. This result shows that the core conclusion of this paper is relatively robust. In addition, the increase of the coefficient of BITs shows that it has a greater improvement effect on the contract execution of developing countries with low economic development.


Table 5. Robustness test II.

[image: Table 5]



FURTHER RESEARCH

Based on the above research results, it can be found that both the total number of BITs and the effective part of them play a positive role in promoting the business environment of developing countries. Although this study examines the overall impact of BITs on the contract execution, it ignores their impact on various specific aspects, so there are certain deficiencies. Based on this, this paper will further analyse the impact of BITs on specific aspects of the contract execution, such as time and cost. Because there is no significant difference between the total quantity of BITs and the effective part, and the former covers a more comprehensive scope, this paper chooses the total quantity of BITs as the measurement indicator. In addition, the results of the Hausman test show that fixed-effects estimation should be used in the regression analysis of these nine specific aspects. Specific regression results are shown in Table 6.


Table 6. Results of time and cost.

[image: Table 6]

In terms of time, the overall coefficients of BITs and effective BITs are significantly positive, which shows that both play a significant role in promoting. Compared with BITs as a whole, the promotion effect of BITs that have entered into force is relatively stronger. Compared with BITs in general, the direct impact effect of effective BITs is stronger, which shows that the specific aspect of BITs for time is mainly through direct impact. In terms of cost, the overall coefficients of BITs and effective BITs are also positive, and have passed the significance test at least at the 10% level, that is, both can significantly promote the improvement of the cost of host countries. Different from the time, the overall impact of BITs on the cost is slightly stronger than that of the effective BITs, indicating that the impact of BITs on the cost may be mainly through reference. It should be noted that the impact of BITs on cost is significantly stronger than time, indicating that capital exporting countries pay more attention to cost rather than time spent in contract execution.



CONCLUSION

BITs are an important legal guarantee for capital exporting countries to safeguard their own economic interests in the international economic and trade system. Contract execution is not only an important part of the business environment of developing countries, but also directly related to the actual operating benefits of multinational enterprises and local enterprises. Taking the data of 73 developing countries from the world bank's business environment project and the United Nations Conference on Trade and Development from 2005 to 2019 as research samples, this paper discusses the improvement effect of BITs on contract execution in developing countries. The empirical study found that the BITs in general or the BITs that have entered into force can play a positive role in promoting the contract execution of developing countries. Compared with the developing countries of civil law system, the developing countries of common law system have greater freedom of contract and less potential legal constraints. Therefore, whether the BITs are in force or in general, the improvement effect of BITs on the contract execution of developing countries belonging to common law system is more prominent. After the 2008 financial crisis, the global macro-economy fell into turmoil. In order to protect their rights and interests to a greater extent, multinational enterprises reflect a more significant institutional dependence, that is, the overall BITs and the effective BITs reflect a more significant improvement effect of contract execution in the post financial crisis period. In terms of the impact of BITs on the specific aspects of contract execution in developing countries, BITs have a significant impact on both time and cost, but the improvement effect on time is more obvious.

This issue can be important in the current COVID-19 crisis, and we should expect that BITs will improve the quality of the contract execution in developing countries in the post-COVID-19 era.



DATA AVAILABILITY STATEMENT

The original contributions presented in the study are included in the article/supplementary material, further inquiries can be directed to the corresponding author.



AUTHOR CONTRIBUTIONS

ZY is responsible for the idea and organization of this paper. CZ is responsible for empirical part. KS is responsible for the theoretical analysis. MZ and QW are responsible for the data collection. All authors contributed to the article and approved the submitted version.



REFERENCES

 1. Milner HV. Introduction: The global economy, FDI, and the regime for investment. World Polit. (2014) 66:1–11. doi: 10.1017/S0043887113000300 

 2. United Nations Conference on Trade and Development (UNCTAD). (2017). World Investment Report 2017. Geneva: UNCTAD. doi: 10.18356/c595e10f-en 

 3. Falvey R, Foster-McGregor N. Heterogeneous effects of bilateral investment treaties. Review of World Economics. (2017) 153:631–56. doi: 10.1007/s10290-017-0287-z 

 4. Pinto PM, Zhu B. Fortune or evil? The effect of inward foreign direct investment on corruption. Int Stud Q. (2016) 60:693–705. doi: 10.1093/isq/sqw025 

 5. Eilmansberger T. Bilateral investment treaties and EU law. Common Market Law Review. (2009) 46:383–429. doi: 10.11884/HPLPB201527.091002 

 6. Colen L, Persyn D, Guariso A. Bilateral investment treaties and FDI: does the sector matter? World Dev. (2016) 83:193–206. doi: 10.1016/j.worlddev.2016.01.020 

 7. Frenkel M, Walter B. Do bilateral investment treaties attract foreign direct investment? The role of international dispute settlement provisions. The World Economy. (2019) 42:1316–42. doi: 10.1111/twec.12743 

 8. Sirr G, Garvey J, Gallagher LA. Bilateral investment treaties and foreign direct investment: Evidence of asymmetric effects on vertical and horizontal investments. Dev Policy Rev. (2017) 35:93–113. doi: 10.1111/dpr.12202 

 9. Dang DA. How foreign direct investment promote institutional quality: evidence from Vietnam. J Comp Econ. (2013) 41:1054–72. doi: 10.1016/j.jce.2013.05.010 

 10. Kuzmina O, Volchkova N, Zueva T. Foreign direct investment and governance quality in Russia. J Comp Econ. (2014) 42:874–91. doi: 10.1016/j.jce.2014.08.001 

 11. Long C, Yang J, Zhang J. Institutional impact of foreign direct investment in China. World Dev. (2015) 66:31–48. doi: 10.1016/j.worlddev.2014.08.001 

 12. Salacuse JW. The Law of Investment Treaties. Oxford: Oxford University Press. (2015). 

 13. Corcoran A, Gillanders R. Foreign direct investment and the ease of doing business. Rev World Eco. (2015) 151:103–26. doi: 10.1007/s10290-014-0194-5

 14. Haddad C, Hornuf L. The emergence of the global fintech market: Economic and technological determinants. Small Business Economics. (2019) 53:81–105. doi: 10.1007/s11187-018-9991-x 

 15. Kerner A., and Why should, I., believe you? (2009). The costs and consequences of bilateral investment treaties[J]. Int Studies Q. 53:73–102. doi: 10.1111/j.1468-2478.2008.01524.x 

 16. Zeng K, Lu Y. Variation in bilateral investment treaty provisions and foreign direct investment flows to China, 1997–2011. Int Interactions. (2016) 42:820–48. doi: 10.1080/03050629.2016.1164460 

 17. Mazumder S. Can I stay a BIT longer? The effect of bilateral investment treaties on political survival. Rev Int Organizat. (2016) 11:477–521. doi: 10.1007/s11558-015-9235-7 

 18. Du Y, Sun XX. Economic development and environmental quality—A case study of China prefecture-level cities. Environ Prog Sustain Energy. (2017) 36:1290–5. doi: 10.1002/ep.12598 

 19. Feenstra RC, Taylor AM. International trade[M]. London: Macmillan Publishers Limited. (2008). 

 20. Hamilton K. Sustaining economic welfare: Estimating changes in total and per capita wealth. Environ Dev Sust. (2003) 5:419–36. doi: 10.1023/A:1025716711086 

 21. Ahlin C, Pang J (2008). Are financial development and corruption control substitutes in promoting growth? J Dev Econ. 86:414–433. doi: 10.1016/j.jdeveco.2007.07.002 

 22. Bai X, Yu Q. How do rising labor costs affect China's industrialization? China Finance and Economic Review. (2019) 8:98–111. doi: 10.1515/cfer-2019-080407 

 23. Scalia A. Common-law courts in a civil-law system: the role of united states federal courts in interpreting the constitution and laws. Tanner Lectures on Human Values. (1997) 18:77–122. 

 24. Graff M. (2008). Law and finance: common law and civil law countries compared—an empirical critique. Economica. 75:60–83. 

 25. Liang H, Renneboog L. On the foundations of corporate social responsibility. J Finance. (2017) 72:853–910. doi: 10.1111/jofi.12487 

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Publisher's Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Yu, Zhou, Wang, Hu, Su and Zhang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.












	
	MINI REVIEW
published: 04 April 2022
doi: 10.3389/fpubh.2022.848636






[image: image2]

The Development of Healthcare Jobs in the COVID-Pandemic—A New Economic Market

Marta Bachmann1†, Bassey Enodien1†, Daniel M. Frey1, Stephanie Taha-Mehlitz2‡ and Anas Taha1,3*‡


1Department of Surgery, Wetzikon Hospital, Wetzikon, Switzerland

2Clarunis, Department of Visceral Surgery, University Centre for Gastrointestinal and Liver Diseases, St. Clara Hospital and University Hospital Basel, Basel, Switzerland

3Department of Biomedical Engineering, Faculty of Medicine, University of Basel, Allschwil, Switzerland

Edited by:
Chi Lau, Teesside University, United Kingdom

Reviewed by:
Haitham Khoj, King Abdulaziz University, Saudi Arabia

*Correspondence: Anas Taha, anas.taha@unibas.ch

†These authors share first authorship

‡These authors share last authorship

Specialty section: This article was submitted to Health Economics, a section of the journal Frontiers in Public Health

Received: 04 January 2022
 Accepted: 22 February 2022
 Published: 04 April 2022

Citation: Bachmann M, Enodien B, Frey DM, Taha-Mehlitz S and Taha A (2022) The Development of Healthcare Jobs in the COVID-Pandemic—A New Economic Market. Front. Public Health 10:848636. doi: 10.3389/fpubh.2022.848636



Background: The COVID-19 pandemic commenced in China and has caused the death of numerous people globally. Despite the adverse effects, the outbreak has created room for job opportunities in healthcare, particularly the pharmaceutical domain. The main goal of this study is to examine how the current pandemic has triggered job creation in the healthcare domain and created a new economic market.

Methods: The study used the Preferred Reporting Items for Systematic and Meta-analyses for Scoping Review (PRISMA-ScR) to structure the manuscript and the subheadings to use. The source used to gather data is the PubMed database.

Results: The study exclusively included fourteen articles, five of which focused on the pharmaceutical sector, three focused on vaccine sales, three on vaccination centers, and three on testing centers.

Conclusion: The COVID-19 pandemic has created job opportunities in the healthcare sector. Most jobs are in the pharmaceutical sector, vaccination, and testing centers. However, more comprehensive research on the topic is necessary to gather conclusive outcomes on whether these jobs will be relevant after the pandemic.

Keywords: healthcare jobs, COVID-19 pandemic, economic market, scoping review, jobs


INTRODUCTION


Rationale

The COVID-19 pandemic is a global virus outbreak that first appeared in Wuhan, China, after detecting numerous pneumonia cases at the end of 2019 (1). The virus has since spread and caused countless negative implications. The main challenge caused by the pandemic is the loss of lives, which has been significant globally. The healthcare domain has also felt the impacts of the pandemic, whereby there has been a substantial disruption of hospital services. The leading cause of these complications is the need to attend to emergency cases of the pandemic. Further, the pandemic has triggered vast unemployment rates among non-emergency healthcare workers in the domain due to the suspension of such services to contain the virus (2). Nevertheless, the pandemic has had some positive influences, particularly in healthcare. One of the possible impacts of the pandemic is the employment opportunities that it has created. The employment opportunities created are primarily in the pharmaceutical industry since currently, the only remedy to the disease is getting vaccinated. Using the scoping review approach to gather information on the jobs available in the healthcare domain as an outcome of the pandemic is appropriate for two reasons. First, the method will guarantee a descriptive evaluation of the available data on the topic under discussion. Second, the approach will ensure the transparency of the data collected, hence minimizing instances of bias.



Objectives

The research question for this study is how has the COVID-19 pandemic created a new healthcare environment via job generation? Thus, the study's main aim is to evaluate how the current pandemic has triggered job creation in the healthcare domain and created a new economic market. The three research objectives outlined below will assist in exploring the question and aim further and responding to it. They include:

• To evaluate how the pandemic created jobs in the pharmaceutical industry.

• To assess how the pandemic created employment in the vaccine market and vaccination centers.

• To examine how the outbreak of COVID-19 triggered job creation in testing centers.




METHODS


Protocol and Registration

The protocol developed for this research was the Preferred Reporting Items for Systematic and Meta-analyses for Scoping Review (PRISMA-ScR). The approach consists of 20 compulsory items and two optional variables that researchers conducting a scoping review must include in their manuscript. This method is appropriate for this study as it will permit the readers to evaluate the benefits and limitations of the research and allow the duplication of the review approaches integrated by other researchers studying the topic.



Eligibility Criteria

The eligibility criteria for the articles used in this study significantly depended on several factors. Firstly, the authors of this manuscript selected the writings most relevant for the study based on the date of publication. Since COVID-19 is a recent occurrence that commenced in late 2019, the researchers exclusively include articles published between 2020 and 2021. These articles had a high chance of containing relevant information. Another criterion used to judge the publications included in the study is language. The researchers ensured that all the articles included were in English to prevent instances where they spent significant time translating articles released in foreign languages. Thirdly, the authors examined the papers based on the content. This factor was essential to guarantee that all the considered publications contained relevant information to the topic under discussion.



Information Sources

Identifying the relevant documents for this study entailed a comprehensive literature search. The authors searched databases like PubMed and search engines like Google Scholar. The literature search explicitly searched for journals published in 2020 to the present date. The literature search occurred on December 14, 2021, and a qualified librarian in the team spearheaded the process and produced the search strategies to use. The other part of this process entailed the collaboration of all the authors to refine the search strategies integrated via a group discussion. Also, all the authors scanned the references found in relevant documents to gather additional journals to use. Other than that, the researchers hand-searched essential journals, mainly those found in the Google Scholar search engine, to acquire more information on the topic.



Search

The search process adopted into this study entailed keying in the key terms on the PubMed database and the Google Scholar search engine. On the PubMed database, the researchers used words such as “the COVID-pandemic,” “vaccination jobs,” “pharmaceutical industry,” and “testing jobs.” The filters used here included “best match” and “one year”. On the Google Scholar search engine, the researchers used phrases like “the development of vaccine jobs after the pandemic,” “job creation in healthcare during the pandemic,” and “the future of the vaccine industry after COVID-19”. The filters used on the search engine were “since 2020” and “review articles”. The author who drafted the search strategy executed it. All the other authors peer-reviewed the search strategy to test its validity and reliability during the process. The researchers used the Peer Review of Electronic Search Strategies (PRESS) checklist to engage in this procedure. Through the approach, the authors proved that the sources gathered were acquired after an accurate translation of the study question.



Selection of Evidence Sources

The choosing of evidence sources for use in this study involved the involvement of all the authors in a thorough screening process. All the authors engaged in the development of this manuscript screened all the articles all the acquired sources. They evaluated the subjects addressed by the article ad whether the abstracts and the full-text documents matched. This procedure prevented instances where an abstract lacked a complete text, thereby making it challenging to draw conclusive results of the articles. Before beginning the screening process, the authors examined the duplicate documents present and eliminated them to reduce the screening workload. The team resolved discrepancies mainly when authors disagreed on the eligibility of sources selected by reviewing the texts again to reach a non-biased consensus.



Data Charting

Two authors engaged in the study developed a data charting form that comprised all the factors to look out for when gathering data. The form highlighted variables such as COVID-19 impacts and the opportunities presented by the pandemic in the medical domain. The two researchers mentioned above charted the information independently, after which they discussed the gathered results. This process continued where the authors updated the form iteratively. The authors resolved any misunderstandings and inconsistencies by involving the team, whereby everyone reviewed the data once more and established a consensus on the matter.



Data Items

The process of extracting data depended on multiple features. Firstly, the researchers considered the contextual factors like the industry addressed by the articles. Secondly, the authors extracted articles based on their topic and whether they addressed the main research question of this study.



Synthesis of Results

For this study, the researchers grouped the articles based on the main topic of study. The four categories identified were the pharmaceutical industry, vaccine sales, vaccination, and testing centers.




RESULTS


Selection of Evidence Sources

The search results on the PubMed database yielded 34 results, while Google Scholar produced 14 results. The entire inclusion and exclusion criteria adopted for this study are as evident in Figure 1.


[image: Figure 1]
FIGURE 1. Inclusion and exclusion criteria for this study.




Results Synthesis

Out of the 14 included articles, five (35.8%) focused on the pharmaceutical industry, three (21.4%) on vaccine sales, three (21.4%) on vaccination centers, and three (21.4%) on testing centers as displayed in Table 1.


Table 1. Main themes of included studies.
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DISCUSSION


Summary of Evidence
 
Creation of Jobs in the Pharmaceutical Industry

The pandemic has presented opportunities for more employment chances in other sectors like pharmacy. According to a study by Miglierini, the requirement to transfer some pharmacy active ingredients and production to Western states may offer more long-term employment chances (3). The basis of this argument is that many crises, such as World War 1 and influenza, often experience strong economic growth in the end. Another article by Morriss expounds on this point by stating that the number of applicants to join the pharma world has increased since lockdown (4). Therefore, there is a likelihood that more people will get jobs to replace the healthcare workers that succumbed to the virus. The hiring of more professionals will be necessary, ultimately raising the talent bar in the field. Such a situation will present more chances for employment. A different document by Singh reveals that the pandemic has increased the demand for medicines globally (5). This demand is likely to increase since the pandemic is not yet over. Hence, this instance implies that more employees are needed to distribute the medicine to different people globally.

The COVID-19 pandemic revealed that the world has an insufficient workforce to handle all the challenges brought about by the virus. An article by Akande-Sholabi and Adebisi reveals that the pandemic revealed the inability of many developing countries to sufficiently cater for themselves, thereby depending on external aid (6). For instance, Nigeria produces all its medication using active ingredients sourced from India and the Peoples Republic of China (6). This situation is risky and requires developing countries to invest in producing medicine locally. Such an instance will prompt the development of the domestic pharmaceutical industry, thereby creating employment for residents. In a similar argument, Ayati, Saiyarsarai, and Nikfar claim that the long-term effects of the COVID-19 pandemic include the pharmaceutical sector establishing self-sufficiency in the industry's production and supply chains (7). This statement implies that many governments strive to ensure that their pharmaceutical industry can easily supply the medicine required by residents without fail. As an outcome, governments will have to employ more workforce to assist in attaining this goal. Therefore, the pandemic has made governments notice the problems in their healthcare systems and will have to dedicate efforts to solve them when dealing with the COVID-19 pandemic.



Vaccine Sales

The current COVID-19 pandemic has led to the spiraling of the vaccine market. The reason for this is that after comprehensive research, the medical fraternity has identified vaccination as the only way of managing the virus. Many companies manufacturing the vaccine have benefited from the sales. An analysis carried out by Zeitouny et al. revealed that the demand for vaccines was significantly higher in low and middle-income states compared to high-income states during the first wave of the pandemic (8). These factors imply that the enhanced demand for vaccines increased the need for more enterprises to manufacture the product. Furthermore, the statements highlight the point that developing countries have lower access to essential pharmaceutical resources due to the tendency of their countries to source ingredients for medicine production from foreign countries. Bown and Bollyky stated that enterprises such as Pfizer, Moderna, AstraZeneca, and Johnson & Johnson have been at the forefront of assisting the world in ending the pandemic (9). These companies have produced vaccines that prevent people from experiencing the adverse complications associated with the COVID-19 pandemic. The process of manufacturing medication is distinct from that of making vaccines. Therefore, the enterprises mentioned above have the advantage of having the original ingredients used to produce the vaccines. An article by Oxfam highlighted the sales made by the companies by pointing out that Pfizer, BioNTech, and Moderna acquire more than one thousand dollars in profit per second even though most of the people residing in the poorest countries remain unvaccinated (10). This factor raises concern about whether the companies producing vaccines encourage overall economic sustainability.



Job Creation in Vaccination Centers

The only way to manage the COVID-19 pandemic is by receiving a vaccination. The requirement for everyone to get vaccinated has opened many job opportunities. For instance, many people have acquired employment positions that require them to distribute the vaccine to residents. For example, a study conducted by Paudyal et al. revealed that vaccination centers in Europe had integrated pharmacists in the process of developing the vaccination program to enhance the public health benefits of the vaccines (11). Thus, this statement implies that the skills possessed by pharmacists are critical in vaccination centers; thereby, there will be more opportunities for applicants for the position to acquire the job. Also, the article reveals that the currently required uptake of the vaccine is 67%, which implies that governments will have to employ more workforce to ensure that they reach this target (10).

Vaccination centers have also created employment opportunities for healthcare professionals as research conducted by Sahin and Sahin showcased that the vaccination process will present physicians with the chance to identify any other problems associated with the pandemic that patients have (12). Such a situation will trigger recognizing conditions like mental health issues and chronic conditions that a qualified healthcare worker will manage to prevent adverse consequences. As a result, vaccination centers are creating jobs and enabling medical practitioners to identify gaps concerning the type of care patients receive and integrate the necessary remedies. These centers can create additional employment that will require the respective companies to hire a different workforce to deal with the demand for various services. The future of jobs in the vaccination centers is uncertain, as an article by Rubin revealed that vaccine centers may have to come up with annual booster vaccines to deal with newer variants (13).



Job Creation in Testing Centers

After the onset of the COVID-19 pandemic, many governments encouraged their citizens to get tested and prevent further spreading of the illness if they found out they had the disease. A study conducted by Flynn et al. revealed that the process of testing individuals for the virus is critical and requires the contribution of healthcare workers (14). This phrase implies that the demand for healthcare workers in the pharmaceutical industry is high, and these numbers will go higher depending on how long the COVID-19 pandemic prevails. Testing centers have created employment opportunities in the medical domain since many states require conducting population-based testing of all individuals, even those without symptoms, to promote the containment of the virus, as pointed out by Fragala, Goldberg, and Goldberg (15). The importance of large-scale testing will drive governments to hire more personnel to guarantee the mass vaccination of most of the population. Other than testing patients, testing centers provide additional job opportunities to evaluate the acquired tests and deliver accurate results. An article by Jones and Comfort revealed that at the beginning of the pandemic, many countries globally faced medical pressures associated with availing enough testing facilities (16). This factor implies that given that the pandemic is still ongoing, states will require to open up more testing facilities and hire more medical staff to run the organizations.




Limitations

The main limitation of this study is the lack of sufficient information on the topic under study. Since the COVID-19 situation is a new research area, very few researchers have evaluated the factor in job creation in the healthcare domain. This gap implies that the information provided in the manuscript may not be conclusive as it only considers research from a few pieces of literature. Another limitation of this study is that the study limit was 1 year (from 2020 to 2021), which contributed to the few documents acquired since studies on the topic are still underway as it is a new area in the field of research that requires deeper evaluation. Moreover, this study faces the limitation of only using articles published in English. This factor could have contributed to the low number of literature found. There could have been some articles containing relevant information in other languages like Spanish and French. Therefore, the information generated through this study could lead to misleading conclusions since additional information is necessary to ensure the availability of enough supporting evidence.




CONCLUSIONS

In summary, the results of this review indicate that the COVID-19 pandemic has created numerous employment opportunities in the pharmaceutical industry, vaccination, and testing centers during the pandemic time. However, vaccine makers may develop annual boosters to deal with emerging COVID-19 variants. Nonetheless, the necessity of the booster vaccines is uncertain, making this claim inconclusive. The results generated via this review are essential as they will contribute to the literature on the topic that is currently minimal. Future researchers can use the outcomes to add on them or criticize them. Also, governments will benefit from these results as they can use them to structure their distinct healthcare policies to ensure that they guarantee maximum benefits to healthcare workers. The recommendations for future research include more researchers evaluating the topic to provide a vast wealth of literature on the subject. Researchers should ensure this by engaging in comprehensive studies that use evidence-based practices to acquire information. Increasing the number of studies in the sector will guide governments and the relevant stakeholders in the pharmaceutical industry with the information they need to increase the number of jobs in the healthcare domain by hiring more staff in vaccination and testing centers. The absence of extensive literature on the topic presently challenges researchers to develop primary research that uses raw data to derive conclusions. This approach will be more reliable than using secondary sources.
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In recent years, a series of uncertain events, including the spread of COVID-19, has affected the Chinese stock market. When people face uncertainty, they often turn to internet search engines to obtain more information to support their investment decisions. This paper uses the uncertainty index, investor sentiment reflected by search engine data, and Chinese stock return data during the pandemic to examine the relationships among the three. Using daily data from March 2, 2020, to March 2, 2021, our empirical findings reveal that stock returns during a pandemic lead to an increase in investor retrieval of search engine data and that uncertainty affects stock returns during a pandemic. However, the reverse is not true. Therefore, in the face of an uncertainty such as market volatility caused by the spread of the pandemic, the active release of favorable information by regulators can help guide investor sentiment, prevent sharp stock market volatility, and improve the effectiveness of policy governance.
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INTRODUCTION

In recent years, the U.S.–China trade war, the spread of COVID-19, and, most recently, the war between Russia and Ukraine, have heightened uncertainty in the global economy. These events not only caused huge losses to the global economy but also had a significant impact on the Chinese stock market, resulting in large fluctuations in stock indices. Without strong regulation, this uncertainty fuels speculation and affects the stability of financial markets and even the broader economy. This uncertainty not only affects investor confidence and increases investors' holdings of short-term liquid assets such as cash, it can also cause investors to have difficulty predicting the future. Additionally, consumers and investors are also reluctant to make spending and investment decisions when they sense a high level of uncertainty in the economy. Economic contractions cause recessions to become more pronounced when businesses delay investment. The cost of financing for investors is also related to uncertainty: High levels of uncertainty lower asset prices and drive up financing costs, leading to reduced investment and a slowdown in the economy. Furthermore, these uncertainties that result from politics, war, and the pandemic are also among the main obstacles to a global recovery from the downturn. Therefore, it is particularly important to study the impact of uncertainty on economic or investment decisions.

A significant challenge for this field of research is finding appropriate metrics to measure uncertainty. Uncertainty is a broad concept that involves not only macro phenomena such as growth in the gross domestic product but also micro phenomena such as corporate growth rates as well as other factors such as elections, wars, pandemics, and the impacts of climate change. Given these challenges, researchers employ a number of different methods to measure uncertainty. Some scholars use the volatility of key economic and financial variables. Another method is the World Uncertainty Index constructed by the International Monetary Fund. Moreover, Baker et al. (1) constructed economic and policy uncertainty indices based on text searches. Scholars have explored the impact of uncertainty on various economic indicators and financial markets using a number of indicators, including aspects such as democracy, unemployment, real estate returns, exchange rates, demand for money, business investment, and the stock market.

However, these uncertainty indices have certain limitations. Most are based on developed economies, creating a knowledge gap regarding uncertainty as it relates to developing countries. Even when uncertainty indicators are available, they are usually based on low-frequency data in units of years or months. This time lag not only offers limited assistance in making investment decisions, it also can be misleading at times, limiting the usefulness of low-frequency data in investment forecasting. In reality, more and more investors are relying on the information provided by search engines to help their decision-making. These high-frequency data provided in nearly real time can help to make up for the lack of self-information, thus providing a useful reference for decision-making. However, if the channels for investors to obtain information sources are too narrow, the information exchange among investors can easily lead to the herd effect, which will have an impact on investment behavior, stock prices, and even the overall financial market. Therefore, it is of great practical significance to study uncertainty and search engine data and their impact on China's stock returns during the current pandemic.

Based on these challenges, this paper constructs new uncertainty indicators and investor sentiment indicators based on the query data of Baidu, the largest search engine in China, to analyze uncertainty, investor sentiment, and their impact on stock returns during the pandemic. This paper seeks to provide new insights in this regard.



LITERATURE REVIEW

In recent years, some scholars have used search engine data such as Google Trends, Google Analytics, and Baidu as new data sources for tourism demand, visitor number forecasting, and travel route selection. Yang et al. (2) used Google Trends and Baidu search data to predict the number of tourists in Hainan Province. The results of that study indicate that the use of Google Trends and Baidu search data can improve the predictive ability of a model. However, the predictive power of the Baidu Index (A tool to track online searches of specific keywords in China) is better than that of Google search data, mainly due to the fact that more Chinese users use the Baidu search engine to retrieve data and provide information. Sun et al. (3) proposed a new framework integrating machine learning and internet search indexing to predict the number of tourists at popular destinations in China and compared the predictive performance of the framework with search results generated by Google and Baidu. Huang et al. (4) used Baidu to predict the flow of tourists at the Forbidden City.

Other studies have examined the application of the Baidu Index in the financial sector. Zhang et al. (5–7) applied the Baidu Index to the prediction of Shanghai Stock Exchange 50 Index and COVID-19. Shen et al. (13) studied whether the Baidu Index can be used to predict Chinese stock returns, arguing that the Baidu Index search frequency can predict the price changes the next day. The stock price goes up when the retail investor pays less attention to the stock, and the stock price falls when the retail investor pays a significant amount of attention to the stock. Lang et al. (8), however, believed that information from Internet forums was superior to search frequency in predicting stock market volatility. Liu et al. (9) used Google Trends and the Baidu Index to analyze the impact of disaster events on company stock prices. Research indicates that the onset of a disaster can temporarily increase stock volatility and can have a significant negative impact on prices over an extended period of time.

It is also common to use the Baidu Index for pandemic prediction. Li et al. (15) used the Baidu search engine to monitor the AIDS global epidemic, and their study concluded that Baidu search query data are a useful indicator for reliable monitoring and prediction of the HIV and AIDS epidemic in China. Zhao et al. (10) argued that the Baidu Index could enhance traditional surveillance systems to monitor and predict the prevalence of brucellosis in China. Fang et al. (14) also used the Baidu Index to predict Huawei's mobile phone sales. Wu et al. (11, 12, 16) examined the impact of uncertainty on cryptocurrencies, medical products and labor markets.



DATA SOURCES AND STATISTICAL DESCRIPTION

Pandemic-era data on Walvax Biotechnology (300142.SZ) come from the Chinese Shenzhen Stock Exchange and Accounting Research database. The company is a high-technology biopharmaceutical enterprise specializing in research and development, production, and sales of biotechnology drugs such as human vaccines. We use the following formula to calculate stock returns:

[image: image]

with Closing pricei,t representing the closing price of stock i on day t. All stock return figures are multiplied by 100. The search keywords like “Covid-19 latest news” come from the Baidu Index (the largest search engine in China), which is represented by search to indicate investor sentiment and judgment on future trends. The uncertainty index is constructed by the search keywords like “Wuhan epidemic”, and “coronavirus vaccine” related to uncertainty, which is represented by Uncertainty. The interval studied in this paper is from March 2, 2020, to March 2, 2021.

The data in Table 1 indicate that the maximum return of stocks during this period of the pandemic is 12.42287, and the minimum is −19.9956. The search data were between 9.22 and 11.4, and the uncertainty index ranged from 14.32 to 20.03. There are 244 observations for each variable.


Table 1. Statistical description of the main variables.
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EMPIRICAL RESEARCH

First, we examined the stationarity of the data through the augmented Dickey–Fuller (ADF) test. When using the ADF for the unit root test, the choice of the model form is more important. By observing the trend of the time series, we judged whether the package intercept term or trend term should be included in the model, and then determined the final form of the model by examining the coefficients of variables such as the intercept term, the time trend term, and the unit root. The determination of the lag order is based mainly on the Schwarz information criterion.

The unit root test in Table 2 indicates that the original time series of the variables Search and Uncertainty are not stationary, but the first-order difference series of the three variables are stationary. Therefore, we can perform the Granger causality test on the first difference of the above variables to examine the influence relationship among the three variables. Because the selection of the lag item has a significant influence on the results of the Granger causality test, we selected various lag orders to test the Granger causality among the three variables. Finally, we choose the lag item as 1, and the empirical research results indicate (see Table 3) that, under the condition of 10% significance, the influence relationship among variables is more of a one-way influence. Stock returns during the pandemic are the Granger reason for the Baidu Index, but not the reverse. That is to say, when the stock market fluctuates, investors usually turn to the Baidu search engine to retrieve relevant stock-related information. However, the retrieval of information did not lead to fluctuations in the stock prices during the period of pandemic under study. Because of the low quality of data from search engines, this information has limited impact on investment decisions, but it is clear that uncertainty is what is weighing on the returns during the period studied. Faced with uncertainty, investors often resort to recouping their investment or to a more conservative investment strategy. This inevitably led to changes in the returns of the stocks during the first year of the pandemic. However, the reverse is not true: There is no causal relationship between uncertainty and the Baidu Index.


Table 2. ADF test for the main variables.
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Table 3. Granger test results.
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We investigated the cointegration relationships among variables and found no cointegration relationship between the original time series, so we took the first-order difference form to build the vector autoregression model. The calculation results of the impulse response function in Figure 1 reveal that the response of the stocks to the Baidu Index shock during the pandemic period is relatively small. However, uncertainty has a larger impact on the return of stocks during the period studied, and most of this impact is negative. Therefore, stock returns during the pandemic have a significant impact on Baidu searches. This is consistent with the conclusions of the Granger causality test. The response to uncertainty regarding stock returns during the pandemic has been less clear, but the search index adds to the uncertainty.


[image: Figure 1]
FIGURE 1. Impulse response function among main variables.




MAIN CONCLUSIONS AND DISCUSSIONS

In the face of external economic and policy uncertainty, it is of important theoretical significance and policy value to examine the impact of investor sentiment on financial markets. Using policy uncertainty indicators and investor sentiment as represented by internet search engines, this paper enriches research in this area by examining policy uncertainty, investor sentiment, and their im pact on stock returns during the first year of the pandemic. This paper reveals the results of the study using data from March 2, 2020, to March 2, 2021, with respect to a series of policy uncertainties related to the pandemic that affect the stock returns. There is a cointegration relationship between policy uncertainty, investor sentiment, and stock returns during the pandemic. Fluctuations in stock returns during this period can lead to an increase in Baidu searches but not the reverse. Uncertainty is what is weighing on the stock returns, and the shock effect of uncertainty on these returns has lasted for a long time.

Based on these research results, we believe that, in the face of economic and policy uncertainties such as the impact of a pandemic, investor behavior is likely to resemble a herd effect. Therefore, real-time monitoring of investor sentiment in search engines, stock bars, and other investor gathering areas as well as active guidance of investors' public opinion orientation have an irreplaceable role in improving the effect of policy governance. In particular, the use of high-frequency data such as that provided by search indices can effectively alleviate the drawbacks of traditional low-frequency data that lag in policy responses when new situations and problems arise. Additionally, when companies or investors face external economic or policy uncertainty, collecting high-frequency real-time data from search engines or stock bars can provide valuable information for decision-making, thereby effectively making up for the lack of information. As a result, asymmetry effectively reduces investment risk in times of uncertainty.
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The outbreak of COVID-19 and the uncertainty it brings have created enormous pressure on governments to control the global pandemic and restore economic growth. It is an inevitable choice for governments of various countries to seek to control the pandemic and to provide support such as subsidies to people who lose their jobs or cannot work. However, governments should evaluate their pandemic policies to determine their effectiveness. To maintain social stability and help vulnerable groups, governments also must determine when subsidies are needed and when these support policies should be withdrawn. This research demonstrates that the administration of vaccines and the wearing of masks have a relatively limited impact on preventing the spread of the COVID-19 virus. By contrast, strict school closure policies combined with personal movement restrictions are more helpful in mitigating the spread of the virus. Compared with vaccine policies and wearing masks, controlling internal movement is the most effective way to manage the pandemic in schools. Additionally, economic support such as subsidies for the unemployed and underemployed is not only conducive to prevention of the virus' spread but also to economic recovery and social stability. When the pandemic is brought under control, economic support for vulnerable groups can be gradually reduced or even withdrawn.

Keywords: COVID-19, pandemic prevention measures, vulnerable groups, WHO, Google


INTRODUCTION

Governments all over the world have responded to the COVID-19 outbreak. Many countries have chosen to develop and inject vaccines, require people to wear masks, restrict activities in public places, and close schools to control the spread of the virus. The World Health Organization (WHO) recommends immediate vaccinations, physical distancing of at least 6 feet from others, mask-wearing, and frequent hand-washing with alcohol-based hand sanitizer or soap and water to keep oneself and others safe during the pandemic. However, Johns Hopkins University's global pandemic map indicates that the prevention of new cases in various countries remains highly difficult. On February 15, 2022, the daily new cases of COVID-19 in the United States reached 163,525; although that figure represented a sharp drop from the peak of 900,000 daily cases, the situation is still not optimistic. Although the total number of vaccine doses administered has reached 10.3 billion globally, the emergence of the COVID omicron variant has resulted in 1,630,848 new cases per day, and the cumulative number of confirmed cases has reached 415 million. Dense urban areas were affected more severely in the early stages of the pandemic. However, in late 2021, COVID-19 spread to less densely populated areas of some countries as vaccinations became common in cities. There is growing evidence that poorer communities have higher mortality rates. Without adequate protection during the pandemic, many low-income workers were forced to continue working to survive, exacerbating the spread of the disease in low-income countries. The continuation of the pandemic has a lasting impact not only on people's health, lives, work, and even psychology, it also has a greater impact on vulnerable groups such as people who have lost their jobs or cannot work.

COVID-19 has directly affected people's health and has damaged human capital. Additionally, the pandemic has triggered the worst economic crisis since World War II. The continued spread of the virus has resulted in the unemployment of workers in sectors such as tourism, hotels, restaurants, and aviation. Moreover, flight bans and strict entry restrictions have created worker shortages in some countries that rely on foreign workers. Furthermore, containment and quarantine measures are damaging global supply chains and causing sharp declines in trade and foreign investment. Measures to curb the spread of the virus have hit small and medium-sized enterprises and entrepreneurs particularly hard. Some industries or businesses that can adopt remote working styles have been relatively unaffected by the pandemic, while the digital divide has exacerbated its impact in rural areas or in countries with low levels of digitalization. Face with this crisis, to support vulnerable groups such as people who have lost their jobs or cannot work, governments around the world have adopted supportive policies such as loan concessions, subsidies, and transfer payments, and have increased spending on healthcare. These measures could lead to greater government debt. To fill the fiscal gap, some governments have been forced to postpone or cancel some investment projects to save money. The decline in capital and infrastructure investments will, in turn, lead to more job losses. Therefore, controlling the pandemic and restoring economic growth are the way to break out of this vicious circle.

Political and scientific leaders are wrestling with many questions. Can vaccines alone prevent the spread of the virus? Would other measures be more effective in alleviating the pandemic's impact on the global economy, especially on vulnerable groups? How much support is needed to provide cash and other subsidies to unemployed people? When can these support policies be withdrawn? To explore these challenges and to answer these questions, we have used daily pandemic data released by WHO, government response tracking data released by Oxford University, and travel data provided by Google. Our research found that restricting people's movements is the most direct and effective means of pandemic prevention, and the use of vaccines and mask requirements is a reliable policy combination. In terms of economic support policies, countries are using measures including loans and subsidies to assist vulnerable groups, and this support can gradually be withdrawn as control over the pandemic grows.



LITERATURE REVIEW

Some scholars have used WHO data to predict the trends of the pandemic or to provide reference for the formulation of strategies. Riverol (1) used WHO's COVID-19 dashboard to study Cuba's disease prevention strategies. Idogawa et al. (2) used data from Johns Hopkins University's global coronavirus dashboard, data from the European Center for Disease Prevention and Control, and WHO situation reports to construct an interactive graph of coronavirus disease cases and deaths to help track COVID-19 trends over time. Appiah and Kursah (3) used WHO data to study the impact of confirmed COVID-19 cases on the number of deaths at the global and regional levels, demonstrating a positive correlation between the two.

Additional literature has examined the role of Oxford University's COVID-19 Government Response Tracker in outbreak tracking research. Hale et al. (4) describe the database's ability to track national and local government policies and interventions. The project provides an easily accessible, near real-time resource of critical data for policymakers and researchers to understand the impact of policies on disease transmission and socioeconomic wellbeing. Wong et al. (5) examined the impact of various non-pharmaceutical interventions on local and global control of COVID-19, finding that stricter containment and control measures may lead to better control. Gani (6) analyzed the effect of COVID-19 government stringency measures on hotel occupancy rates.

Saha et al. (7) used Google's COVID-19 community mobility reports to analyze the government-imposed lockdown and its impact on community mobility in India. Research reveals that India's lockdown measures have led to a sharp drop in social mobility trends. Likewise, Zhu et al. (8) used Google community mobility reports examining social distancing in Latin America during the pandemic to assess the rigor of the government's response to COVID-19 and, based on this, to make policy recommendations for changing local courses of action. Fang et al. (9, 10) used Baidu Index to examine the China's stock markets and COVID-19.



DATA SOURCE AND STATISTICAL DESCRIPTION

The COVID-19 government response tracker we used is from the University of Oxford.1 This data is used primarily to track and compare policy responses in different countries or regions of the world in a rigorous and consistent manner. It includes a stringency index, a containment and health index, and an economic support index. The stringency index records information on social distancing measures, coded from eight indicators: school closures, workplace closures, cancellations of public events, restrictions on the size of gatherings, closures to public transport, stay-at-home requirements, restrictions on internal movement, and international travel. The containment and health index is coded by three indicators representing public awareness campaigns, testing policies, and contact tracing. The index represents the government's emergency policies for health systems such as the coronavirus testing regime. The economic support index is composed of two indicators—government income support and household projected debt or contracted relief—and represents the government's income support policy for citizens in times of crisis. Each of these three metrics is expressed in simply summed scores of the underlying metrics, rescaled to a range from 0 to 100. These indices are used for comparative purposes and should not be interpreted as a rating of the appropriateness or effectiveness of a country's response (4). The daily number of new cases comes from the WHO. The mobility data comes from Google and is primarily used to indicate how visits to locations such as grocery stores and pharmacies, parks, transit stations, retail and recreation sites, residences, and workplaces vary by geographic area. The research sample covers 230 countries around the world, and the interval is from January 4, 2020, to December 31, 2021. A statistical description of the main variables is presented in Table 1. Taking the daily number of new cases as an example, the maximum value is 414188, the minimum value is −32952, and the average value is 1,976.


Table 1. Statistical description.
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EMPIRICAL RESEARCH

In our panel regression model, the dependent variable is the number of new cases per day. The independent variables are relevant pandemic data from Oxford University, WHO, and Google. The panel regression using the above data (see Table 2) indicates, in columns (1) and (2), that the containment health index and government response index coefficients are significantly negative, indicating that the overall pandemic prevention policy has effectively reduced new cases, but the vaccine administration and mask-wearing policies are not effective. The direct containment effect of the pandemic did not appear, and the coefficients of the two were positive. This may be due to the fact that, after receiving vaccinations or wearing masks, people relaxed their vigilance against the virus and did not pay attention to maintaining social distance, et cetera, resulting in an increase in the number of new cases. However, it can be found from column (6) that the policy combination of vaccine popularization and mask-wearing can control the pandemic more effectively.


Table 2. The impact of pandemic control policies on new cases.
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The calculation results in columns (3) and (4) reveal that in the control policy, the “school” and “move” variables are significantly negative, indicating that the stricter the policy of closing schools and restricting the movement of people, the better the control over the spread of the virus. However, it can be found from column (4) that if the variable controlling internal mobility is added, the school policy is not significant; that is, the improvement effect of closing schools is ultimately brought about by reducing internal mobility. From the structure of columns (5) and (6), compared with vaccine policies and wearing masks, controlling internal flow is the most effective way to limit the growth in new cases.

In response to the impact of the pandemic, governments around the world need to increase support policies such as subsidies for vulnerable groups to maintain social stability. OECD defined vulnerable and disadvantaged groups as: young people; people with a disability; minorities; migrants; aboriginals; and early school leavers. Due to the availability of data, we used the unemployed to represent vulnerable groups. The dependent variable in Table 3 is the government's cash subsidies to the unemployed. From the calculation results, column (1) reveals that with the increase of new cases, the economic support for vulnerable groups will also increase. Additionally, when economic activities gradually resume (Google data indicates an increase in retail sales, park traffic, workplace traffic, etc.), per capita economic support will also decrease accordingly.


Table 3. The impact of economic activity on economic support policies.
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CONCLUSIONS AND POLICY RECOMMENDATIONS

Using data from Oxford University, WHO, and Google, this paper studies the effectiveness of government pandemic control policies and economic support policies for vulnerable groups. The results of the study reveal that, overall, the pandemic prevention policies of various countries have effectively reduced the number of new cases. The policy combination of vaccine popularization and mask-wearing can better control the spread of the virus alongside strict policies regarding school closure and the restriction of people's movements. The positive impact of school closures is attributed to reductions in mobility. When compared with policies regarding vaccines and mask-wearing, controlling people's movements is the most effective way to limit new cases. As new cases increase, so should financial support for vulnerable groups. When the pandemic is gradually brought under control, government support policies such as subsidies for vulnerable groups should be slowly reduced until they are withdrawn.

Based on the above research conclusions, we believe that, to more effectively control the spread of the COVID-19 pandemic, multiple policy combinations are needed. Chief among them are that the entire population be vaccinated, that people continue to wear masks and socially distance, and that people who test positive for COVID-19 be quarantined in time to stop the spread of the virus. These policy combinations are more effective than a single policy. After new cases are found in a specific area, the use of isolation measures to restrict people's movements is an effective means of blocking the spread of the virus. For example, when outbreaks are detected in schools and workplaces, timely closure of these sites can help curb the spread of the virus and reduce new cases. Additionally, public awareness campaigns urging vigilance against COVID-19 are effective, highlighting the importance of communication and dissemination of scientific knowledge on disease prevention among various stakeholders in social groups during a pandemic.

During a pandemic, it is necessary to adopt a subsidy policy for vulnerable groups such as people who lose their jobs or cannot work. This is invaluable for these groups to ensure basic living security, alleviate the impact of the pandemic on society, and maintain social stability. However, once the pandemic is under control, these support policies can be reduced gradually, allowing funds to be diverted to driving the economic recovery, thereby providing more employment opportunities for vulnerable groups.
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FOOTNOTES

1We got the data of COVID-19 Government Response Tracker from https://www.bsg.ox.ac.uk. The Mobility Report CSV Documentation data come from https://www.google.com/covid19/mobility/data_documentation.html?hl=en.



REFERENCES

 1. Riverol AP. The Cuban strategy for combatting the COVID-19 pandemic. MEDICC Rev. (2020) 22:63–8. Available online at: https://medium.com/@j_lacs/the-cuban-strategy-for-combatting-the-covid-19-pandemic-266b62cd721c

 2. Idogawa M, Tange S, Nakase H, Tokino T. Interactive web-based graphs of coronavirus disease 2019 cases and deaths per population by country. Clin Infect Dis. (2020) 71:902–3. doi: 10.1093/cid/ciaa500

 3. Appiah-Otoo I, Kursah MB. Modelling spatial variations of novel coronavirus disease (COVID-19): evidence from a global perspective. GeoJournal. (2021) 86:1–15. doi: 10.1007/s10708-021-10427-0

 4. Hale T, Angrist N, Goldszmidt R, Kira B, Petherick A, Phillips T, et al. A global panel database of pandemic policies (Oxford COVID-19 Government Response Tracker). Nat Hum Behav. (2021) 5:529–38. doi: 10.1038/s41562-021-01079-8

 5. Wong MC, Huang J, Teoh J, Wong SH. Evaluation on different non-pharmaceutical interventions during COVID-19 pandemic: an analysis of 139 countries. J Infect. (2020) 81:e70. doi: 10.1016/j.jinf.2020.06.044

 6. Gani A. Using a consumer choice model to explain the effect of the newly developed oxford COVID-19 government stringency measure on hotel occupancy rates. Qual Quant. (2022) 56:1–21. doi: 10.1007/s11135-022-01323-x

 7. Saha J, Barman B, Chouhan P. Lockdown for COVID-19 and its impact on community mobility in India: an analysis of the COVID-19 community mobility reports, 2020. Child Youth Serv Rev. (2020) 116:105160. doi: 10.1016/j.childyouth.2020.105160

 8. Zhu D, Mishra SR, Han X, Santo K. Social distancing in Latin America during the COVID-19 pandemic: an analysis using the stringency index and google community mobility reports. J Travel Med. (2020) 27:125. doi: 10.1093/jtm/taaa125

 9. Fang J, Gozgor G, Lau CKM, Lu Z. The impact of Baidu Index sentiment on the volatility of China's stock markets. Finance Res Lett. (2020) 32:101099. doi: 10.1016/j.frl.2019.01.011

 10. Fang J, Zhang X, Tong Y, Xia Y, Liu H, Wu K. Baidu index and COVID-19 epidemic forecast: evidence from China. Front Public Health. (2021) 9:488. doi: 10.3389/fpubh.2021.685141

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Publisher's Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Li, Fang, Chen and Liu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.












	
	ORIGINAL RESEARCH
published: 18 April 2022
doi: 10.3389/fpubh.2022.792946






[image: image2]

COVID-19 Shock, Financial Flexibility, and Hotels' Performance Nexus

XueHui Zhang1†, Bao-Guang Chang2† and Kun-Shan Wu3*†


1School of Economics and Management, Inner Mongolia University of Technology, Huhhot, China

2Department of Accounting, Tamkang University, New Taipei City, Taiwan

3Department of Business Administration, Tamkang University, New Taipei City, Taiwan

Edited by:
Giray Gozgor, Istanbul Medeniyet University, Turkey

Reviewed by:
Ching Hsun Chang, National Taiwan Normal University, Taiwan
 Najaf Iqbal, Anhui University of Finance and Economics, China

*Correspondence: Kun-Shan Wu, kunshan@mail.tku.edu.tw

†ORCID: XueHui Zhang orcid.org/0000-0002-6705-691X
Bao-Guang Chang orcid.org/0000-0001-9352-8012
Kun-Shan Wu orcid.org/0000-0001-9550-8840

Specialty section: This article was submitted to Health Economics, a section of the journal Frontiers in Public Health

Received: 11 October 2021
 Accepted: 17 March 2022
 Published: 18 April 2022

Citation: Zhang X, Chang B-G and Wu K-S (2022) COVID-19 Shock, Financial Flexibility, and Hotels' Performance Nexus. Front. Public Health 10:792946. doi: 10.3389/fpubh.2022.792946



This study investigates the nexus of coronavirus disease 2019 (COVID-19) shock, financial flexibility (FF), and firm performance (FP) in Taiwan listed hotel firms. Quantile regression (QR) methods were used to analyze the data from Taiwan Stock Exchange listed hotel firms between 2020 Q1 and 2021 Q2. The results evidence that there is an inversed U-shaped linkage between FF and FP for the hotel industry. Additionally, FF has an inverted U-shaped effect on FP for the asset-light hotel firms for all quantiles except the 50th quantile. In addition, FF also has an inverted U-shaped impact on FP for the asset-heavy hotel firms in the 10th and 90th quantiles. A significant finding in this study is that there is a concave non-linear relationship between FF and FP, consistent with the law of diminishing marginal return. That is, with an increase in FF, the FP is on the rise; when FF exceeds the inflection point level, the FP begins to decline. Thus, a firm must ensure that the FF strategy it adopts must be the most efficient and effective, i.e., it must bring the trade-off between costs and benefits. The empirical results highlight the need for the hotel industry of Taiwan to take the rolling adjustment and optimization of FF after the COVID-19 pandemic for long-term sustainability.

Keywords: COVID-19, financial flexibility, firm performance, hotel industry, quantile regression


INTRODUCTION

The coronavirus disease 2019 (COVID-19) had spread across the world at an unprecedented rate, which has caught governments off guard and unprepared for such an impactful pandemic. Strict regulations, such as state of emergencies, stay-at-home orders, and border closings, have contributed to serious economic consequences (1). The impact on enterprises within the hospitality and travel industries, in particular the hotel industry, has been dramatic (2, 3). The decline in family and business travel has caused a direct impact on the performance of the entire hotel industry during the COVID-19 shock (4). According to the latest IBISWorld Industry Report for Hotels and Motels in the United States, the hotel and motel industry has been one of the industries severely hit by the COVID-19 pandemic, and industry revenues are expected to fall 45.7% alone in 2020 to the record lows of $107.7 billion (5). The hotel industry of Taiwan has been severely affected, during the first half of 2020, the industry revenue of hotels decreased by more than NT $12.863 billion from the same period last year, a significant drop of 43.39% from the same period last year (6).

Financial flexibility (FF) is the capability of a financial enterprise to obtain and restructure the required finance for minimum cost (7) and can help firms respond to the market changes affecting investment, performance, and business growth. Even in a crisis, companies with adequate FF have greater cash reserves to economically raise capital to fund new growth opportunities and further improve performance (8). Recently, enterprises worldwide have looked to increase their FF to avoid uncertainty and seize growth opportunities (9, 10).

Several researchers have explored the challenges faced by the hotel industry and its corporate response to the COVID-19 shock (11–14); nevertheless, there is no empirical research that evaluates the effect of the COVID-19 epidemic on the firm performance (FP) of the hotel industry. This study not only offers additional empirical evidence on the effect of the COVID-19 epidemic but also provides a deeper understanding of how FF affects FP amid a COVID-19 crisis. The literature concerning the relationship between FF and FP is inconclusive. There are numerous studies that indicate a positive FF-FP relationship (15–18), conversely, some articles argue that high FF leads to overinvestment (19).

Recently, in the research of Fahlenbrach et al. (20), firms with high FF experienced a stock price drop lower by 26% than those with low FF accounting for a firm's industry. This effect was greater in industries that were more severely affected by the COVID-19 shock. Ramelli and Wagner (21) have shown that firms with FF experienced greater stock performance in the initial stages of the COVID-19 epidemic. In addition, the scholar (22) confirmed that FF has a positive impact on FP for the Taiwanese manufacturing industry during the COVID-19 shock. Some studies have focused on the nonlinear concave (inverted U-shaped) relationship between FF and FP (23, 24). The inverted U-shaped curve demonstrates that initially FP rises as FF increases; however, on reaching the FF threshold, FP declines as FF increases. Until now, there is no consensus as to whether FF increases or decreases FP during the COVID-19 shock. Prompted by the ongoing debate, a primary enquiry of this research is whether FF impacts FP and more specifically, how it effects FP. In addition, we compare the FF-FP nexus during the pre- and post-COVID periods.

This research contributes to the extant literature and helps in bridging this gap in previous studies by exploring the impact of FF on FP for Taiwan listed hotel firms, considering a non-linear association. By utilizing the quantile regression (QR) method, this study addresses the tail information of FP (proxies by return on equity [ROE]) and identifies how FF affects different FF quantiles. Moreover, this article investigates whether the FF-FP nexus varies with different hotel industries' operational characteristics (asset-heavy and asset-light business models). These contributions highlight the importance of this study.

This study has several significant findings. The first analysis shows a convex (inverted U-shaped) FF-FP nexus in Taiwan hotel firms during 2020 Q1–2021 Q2. QR approach displays a concave FF-FP nexus in all ROE quantiles except the 25th quantile. That is, with an increase in FF, the FP is on the rise, however, FP is beneficial only up to a threshold point, after which there are diminishing marginal returns to FP. In other words, the hotel firm must ensure that the FF strategy it adopts must be the most efficient and effective, i.e., it must bring the trade-off between costs and benefits. The second analysis shows the linkage between FF and FP following different patterns for the asset-heavy business model (AHBM) and asset-light business model (ALBM) hotel firms. For the AHBM firms, the QR approach evidence a concave (inverted U-shaped) FF-FP nexus in the 10th and 90th quantiles. Similarly, the QR approach shows a concave FF-EP nexus in all ROE quantiles except the 50th quantile, in the ALBM hotel firms. The third analysis supports the inverted U-shaped nexus between FF and FP during the COVID-19 while no relationship exists before the COVID-19. This finding may indicate some structural changes in the FF of the hotel industry between the two periods due to the COVID-19 pandemic.

The rest of the analysis is divided into five parts after the introduction. The research history and current results on the effects of FF on FP are clarified in the literature review section. The research methodology segment describes the sample and data collection process, research model, and methods. We present the details of the empirical results in the fourth segment. The discussion of findings and their implication is described in the fifth segment, and finally, Section 6 concludes the study.



LITERATURE REVIEW AND HYPOTHESIS DEVELOPMENT


COVID-19 Shock in the Hotel Industry

The tourism and hospitality industry is especially affected by health emergencies (25–27). For example, the hotel industry is one of the most affected as domestic and foreign travel has been restricted to prevent the spread of COVID-19. The sensitivity of the hotel industry to external shocks compared to other service industries, combined with its higher fixed assets, higher fixed costs, and higher leverage structures, makes the hotel industry more vulnerable to the COVID-19 pandemic (28, 29).

Recent research has found that the financial strength of a company is becoming particularly important: stock market prices are less affected by the crisis in firms with more cash holdings, lower leverage, and more profits (21, 30, 31). Recent papers have focused on the impact of the pandemic on the stock prices and value creation of hotel companies. Wu et al. (32) adopted the event research method to explore the impact of COVID-19 on the stock price fluctuations of China's tourism industry. The results show that the COVID-19 crisis has had a negative impact on the hospitality and tourism sector stocks of China.



Effect of Financial Flexibility on Firm Performance

The resource-based view argues that enterprises with idle or surplus resources can use these resources to obtain external opportunities and promote enterprise growth (33). In addition, the tradeoff theory (34) states that when firms experience financial difficulties, sufficient cash reserves help reduce risks (24). The agency theory (35, 36), however, predicts that when a firm has extra cash, managers may waste it or invest in detrimental projects. Additionally, an excessive FF will lead to excessive idle cash, making the profitability of corporate cash relatively weak. Conversely, however, the low debt and low leverage have no incentive effect and will reduce FP (24).

Despite the extensive previous literature on the FF-FP nexus, there are still competing views. Chun and Yanbo (15) examined whether investment scale or efficiency guides the FF-FP relationship for companies listed on the Shanghai and Shenzhen stock exchanges (SSSE) and showed that FF significantly positively impacts FP. Arslan-Ayaydin et al. (8), from 1994 to 2009, assessed the impact of FF on FP of East Asian firms and indicated that corporations with optimum FF perform better in a financial crisis. Al-Slehat (16), from 2010 to 2017, explored the impact of FF on the FP of service industries in Jordan and found it had a positive influence.

Mehmood et al. (37) reported that FF had a positive influence on FP for the Pakistan Stock Exchange listed enterprises, from 1992 to 2014. The same positive relationship for Pakistani enterprises was also reported by Ali and Siddiqui (17), from 2009 to 2018. Recent research had shown that firms with FF experienced greater stock performance in the initial stages of the COVID-19 epidemic (20, 21). In addition, the scholar verified that FF has a positive impact on FP for the Taiwanese manufacturing industry during the COVID-19 shock (22). Contrastingly, some studies suggest that high FF leads to overinvestment from an agency costs perspective (19).

Recently, mixed results on the impact of FF on FP have led to doubt surrounding the linear relationship between the two variables, thus instigating the adoption of nonlinear models. Some studies concentrating on the nonlinear FF-FP relationship evidence that it has a concave (inverted U-shaped) pattern. For example, Yi (23) explored the impact of FF on the FP of SSSE listed manufacturing firms, from 2011 to 2017, and found the relationship to be concave. Gu and Yuan (24), from 2015 to 2018, investigated the associations among internal control, FF, and FP of SSSE listed Chinese information technology companies and confirmed that FF has a concave effect on FP. Chang and Wu (38) applied QR to analyze the effect of FF on FP for the Taiwan Stock Exchange (TSE) listed semiconductor firms, from Q1 2020 to Q1 2021, and evidenced a concave FF-FP nexus.

The aforementioned studies argue that improvement to the level of FF assists enterprises to achieve optimal performance. When FF exceeds the threshold (inflection point) level, the level of FF has a negative impact on FP. Consequently, the present study allows for the presence of both the positive and negative effects of FF levels on the performance of hotel firms by applying a concave function, as in Yi (23), Gu and Yuan (24), and Cang and Wu (38). Therefore, the first hypothesis is proposed:

H1. The effect of FF on FP is non-linear and assumes an inverted U-shaped form.

Recently, major hotel companies have increasingly reduced their ownership of hotel assets in the favor of ALBM (39). Some studies, from the dynamic capability's perspective, consider that ALBM is one of the unique dynamic capabilities of hotel enterprises, which can modify and update existing resources as per the environmental changes, so as to gain advantages over competitors and achieve excellent FP (40–42). In addition, some studies identified both positive and negative effects on ALBM (AHBM) on FP, nevertheless, the results of these articles were contradictory and inconclusive. Sohn et al. (43) verified a positive correlation between the ALBM, operating profitability, and enterprise value, indicating that ALBM improved FP. Seo et al. (44) also indicated a positive relationship between ALBM and FP for the United States loading firms. Conversely, Blal and Bianchi (45) found that the ALBM model had no impact on FP, e.g., share returns, Earnings Before Interest, Taxes, Depreciation, and Amortization (EBIDTA), and ROE, of the six leading U.S. corporations over a 16-year period. On the other hand, Low et al. (46) found that AHBM hotel companies were preferred over ALBM hotel companies. Consequently, based on the above discussion, the second and third hypotheses are as follows:

H2. There is a significant positive relationship between FF and FP in AHBM hotel firms.

H3. There is a significant positive relationship between FF and FP in ALBM hotel firms.




RESEARCH METHODOLOGY


Sample and Data

The sample included all 20 publicly traded hotel firms listed on the TSE. The sample hotel companies provided financial data from Q1 2020 to Q2 2021. Taiwan Economic Journal (TEJ) database provides the financial and accounting data of firms to measure FP. The quarter values of one firm were missing from Q4 2020 due to the recompilation of their financial reports, as a result, 119 quarterly sample observations were available.



Variables
 
Dependent Variable

ROE commonly appears in the empirical board literature as holistic measures of FP (47, 48). To measure the performance and the ability to generate profits, the ROE of different hotel firms was compared. ROE is operationalized as the net income divided by shareholder equity.



Independent Variable

FF is the independent variable. Since there is no unified standard method for FF measurement, this article refers to the finding of other authors (17, 22), where FF is computed as FF = Cash flexibility + Debt flexibility.



Control Variables

The following control variables were selected as previous studies found they have an effect on FP: growth rate of revenue (REVG) is referred to as the quarter-over-quarter percentage increase in revenue; current ratio (RDG) is calculated as current assets/current liability; net profit growth rate before taxes (BNIG) is measured by “net profit before taxes for the current period minus net profit before tax of the previous period divided by net profit before tax of the previous period”; the growth rate of owner's equity (OEG) is captured as the percentage change in owner's equity over the prior period (49, 50); average collection days (ARD) (51, 52); and SIZE (firm size (SIZE) is measured by the natural logarithm of total assets (48, 53).




Research Model

In hospitality and tourism research, it is customary to use the ordinary least square (OLS) regression to test the hypotheses (54), as it captures the relationships at the mean. Nonetheless, focusing on central influences may lead to the underestimation or overestimation of correlation coefficients or failure to identify important associations, which may result in false positives and ignoring information at the tail of the distribution (55). As quantile regression (QR) allows for a full range of conditional quantile functions (55) and is more robust, providing more efficient estimations, besides, QR can bring an additional research advantage in tourism studies (54, 56). Hence, this research utilizes Koenker and Bassett's (57) QR model as follows.
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where Qθ(ROEit|Xit) is the θ-th QR function. ROEit is the FP of i firm in t quarter; FFit is the FF of i firm in t quarter; FF2it

is the square of FF for i firm in t quarter; CONit is referred to as the control variables in the model including quarter and industry level controls; εθit represents error terms for firm i at quarter t at the θ-th quantile. The aforementioned QR model explores the nonlinear FF-EP nexus within financial quarters, after heteroscedasticity adjustment with a cluster at the firm level.

Furthermore, as described by the authors (58–60), it is best to use bootstrapping as an effective robust resampling technique to obtain healthy estimated results when the sample in the empirical model using quantile regression is small. In a recent study, academics have used QR as an available bootstrap method in statistical analysis software, such as STATA (61). These are standard methods for estimating the asymptotic covariance matrix of coefficients (62). In this study, we employed the QR approach to examine whether the determinants' effects are distinguishable across the quantiles in the conditional distribution of the dependent variable. In our estimations, 200 bootstrap replications are set to guarantee a small sample variability of the covariance matrix.1




RESULTS


Descriptive Statistics

Table 1 shows the descriptive statistics of the variables used in this study. Before the COVID-19, the mean of FF for the TSE listed hotel firms is 54.804%. The mean (median) of ROE is 0.966% (0.57%), the minimum is −63.83%, and the maximum is 173.46%. During the COVID-19, the average level of FF for the hotel firms is 53.203%. For ROE, the mean value is −17.662%, the median is −0.63%, the minimum is −714.92%, and the maximum is 24.69%. The mean value of ROE is lower than the median, and there is a wide range between the minimum and maximum values. The skewness value is −6.198 and the kurtosis value is 42.315, which illustrates that the distribution of ROE is skewed and heavily left-tailed. The normality test on ROE verifies that its Jacque-Bera statistic (=83,000, p < 0.001) rejects the hypothesis of ROE normally distributed.


Table 1. Summary statistics.
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Comparisons of Before-COVID-19 and During-COVID-19

Further analyses of before-COVID-19 and during-COVID-19, however, reveal some interesting findings: OLS regression reveals the inverted U-shaped nexus between FF and FP during the COVID-19 while no relationship exists before the COVID-19, as shown in Table 2. In addition, this study uses the seemingly unrelated estimation (SUE) (64) to adjust standard errors (SEs) simultaneously to compare the coefficients from the OLS estimated results before COVID-19 and during COVID-19. To be specific, the gaps between any two coefficients were tested to determine if gaps were equal to zero or not by using the Hausman test (65). From Table 2, it is possible that the effect of independent and control variables differed across periods.


Table 2. Regression results: before-coronavirus disease 2019 (COVID-19) vs. during-COVID-19.
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Furthermore, the findings may indicate some structural changes in the FF of the hotel industry between the two periods due to the COVID-19 pandemic. Perhaps the ALBM employed by many hospitality firms (e.g., franchising strategy), further maturing in 2020, may have contributed to some of the discrepancies seen in this study. Thereafter, this study only concerns the effect of FF on EP amid the COVID-19 epidemic period.



Empirical Results

First, whether multi-collinearity exists among the independent variables was investigated. Table 3 contains the results of the variance inflation factor (VIF) on the independent variable with a mean VIF of 1.20. The highest value is 1.56, which is far below the cut-off value of 10, suggested by Hair et al. (66). Therefore, no multicollinearity problem is suspected.


Table 3. Correlation matrix.
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Next, Table 4 exhibits the results of the OLS and QR analysis for the full hotel industry. OLS regression estimation results reveal that the coefficients of FF and FF2 are positive and negative (p < 0.01), respectively, and both are statistically significant, indicating the nonlinear (inverted U-shaped) FF-FP nexus. Additionally, the QR approach reveals that the coefficients of FF and FF2 are positive and negative (p < 0.01), respectively, and both are statistically significant in all quantiles except the 25th quantile. This shows that the nexus between FF and FP is a nonlinear inverted U-shaped form in all quantiles, except the 25th quantile (Table 4). Thus, H1 is supported.


Table 4. Regression results during the COVID-19 pandemic period.
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Regarding the control variables, OLS estimation results show that REVG significantly positively impacts FP, whereas QR results evidence that the positive effect of REVG is predominantly in the 50th, 75th, and 90th quantiles. The OLS estimation results of RDG verify that there is a significant negative effect; nevertheless, this is not apparent in the QR estimation results. BNIG and ARD are neither significant in the OLS nor QR estimation results. OLS estimation results expose that OEG has a positive effect; however, this is not apparent in the QR results. OLS analysis reveals that the SIZE has a positive effect; however, this is not apparent in the QR results (Table 4).



Inter-quantile Difference

Results confirmed that the impact of FF (including its components) on FP is heterogeneous across the ROE distributions. Inter-quantile regression was employed to test whether the slope of the entire quantile is equal to verify that the difference is statistically significant (57). The F statistic formula was also used to test the equality of the coefficient across various quantile pairings. Table 5 shows the results of the F-test and the corresponding values of p after examining the uniformity of the coefficient only between the upper (90th) and lower quantiles (10th), using the bootstrap process with 200 replications. Table 5 presents the inter-quantile results for ROE. For the whole hotel, there are statistically significant differences in the parameter estimates of FF and FF2 for the symmetrical quantiles [quantile (90/10)].


Table 5. Inter-quantile regression results.
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In addition, the business model of the hotel generally distinguishes between the AHBM and ALBM. Thus, this paper divides the full hotel industry into the AHBM and ALBM hotel firms. The asset-light business model of hotel firms was measured through the ratio of the fixed assets (property, plant and equipment, PPE) to total assets ratio (67) quarter-by-quarter. Consequently, the subsample of 65 AHBM firms was above the average fixed assets to total assets ratio, and the subsample of 54 ALBM firms was below the average fixed assets to total assets ratio. Tables 6, 7 show the estimation results for these subsamples.


Table 6. Quantile regression results of the AHBM hotel firms.
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Table 7. Quantile regression results of the ALBM hotel firms.
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For the AHBM hotel companies, the OLS estimation results show that FF has not significantly positively influenced FP, which does not support H2 (Table 6). However, the QR approach reveals an inverted U-shaped FF-FP nexus in the lowest (10th) and the highest (90th) quantiles. For ALBM hotel firms, OLS regression reveals a significantly positive impact on FP, which does support H3 (Table 7). Furthermore, OLS verified that there is an inverted U-shaped (concave) FF-FP nexus and that QR had a concave impact on FP in all quantiles except the median quantile, again demonstrating that FF had a nonlinear concave effect on FP.



Robustness Test

To perform a robustness test to check the consistency of the results, the model was estimated using different subsamples. This study utilizes firm size as a proxy for information asymmetry according to the current literature conventions. It is assumed that large enterprises have a low degree of information asymmetry and small enterprises have a high degree of information asymmetry and are treated as a separate sample (68). Thus, the subsample of 60 large firms was above the average value of nature logarithm of total assets, and the subsample of 59 small firms was below. Tables 8, 9 reveal the estimation results for these subsamples. The empirical results reveal that the FF and FF2 are positively and negatively significant, respectively, indicating a concave (inverted U-shaped) linkage between FF and FP, similar to the main consequences.


Table 8. Robustness test results of SIZE: large firms.
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Table 9. Robustness test results of SIZE: small firms.
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DISCUSSION AND IMPLICATIONS

This empirical investigation of the nonlinear FF-FP relationship uses OLS and QR analysis on data from the TSE listed hotel firms. The results elicit several findings regarding the relationship between FF and FP as follows.

This research verifies that the FF-FP nexus is a concave or an inverted U-shaped in all quantiles, except the 25th quantile. It indicates that the influence of FF on FP first increases and then decreases after reaching the optimal FF threshold. By solving the first derivative, the optimal FF values are 66.98, 71.66, 68.88, and 61.26% in the 10th, 50th, 75th, and 90th quantiles, respectively, as reported in Table 4 and shown in Figures 1A–D. Figures 1A–D indicates that FF can start enhancing the firm performance before the threshold point and reach the optimal firm performance at the threshold. Thus, the hotel firms should focus on the dynamic control and optimization of FF to obtain the maximum FP.


[image: Figure 1]
FIGURE 1. The inverted U–shaped financial flexibility (FF)-firm performance (FP) nexus for hotel companies in (A) 10th, (B) 50th, (C) 75th, and (D) 90th quantile.


With regarding to AHBM hotel firms, the study evidenced a concave FF-FP nexus in the 10th and 90th quantiles. In addition, the optimal numbers of FF are 84.53 and 44.79% in the 10th and 90th quantile, respectively, as reported in Table 6. Similarly, for the ALBM hotel firms, the study also shows a concave FF-EP nexus in all ROE quantiles except the 50th quantile. In addition, the optimal numbers of FF are 67.1, 65.81, 57.07, and 62.67% in the 10th, 25th, 75th, and 90th quantiles, respectively, as reported in Table 7. Thus, either AHBM or ALBM hotel firms should focus on the dynamic control and optimization of FF to obtain the maximum FP.

To sum up, we find an inverted U-shaped relationship between FF and FP. Increases in FF improve FP. However, FP is beneficial only up to a point, after which there are diminishing marginal returns to FF. The inverted U-shaped FF-FP nexus is guided by a trade-off. Thus, a firm must have an efficient FF in place that balances the cost and benefits. More specifically, the hotel industry of Taiwan (includes AHBM and ALBM firms) set target FF based on the balance between the marginal benefits and costs of FF. These results confirm that the FF plays a significant role in the decision-making of Taiwanese hotel firms.



CONCLUSION

This study adds to the literature by showing that the FF-FP nexus follows an inverted U-shaped form in the Taiwanese hotel industry amid the COVID-19 epidemic. Different results are found as the hotel industry is divided between AHBM and ALBM hotel firms. We found that the impact of FF on FP is an inverted U-shaped for the AHBM hotel firms in the lowest and the highest ROE quantiles. This means that FF influences AHBM hotel firms with the worst and best performance and does not influence firms with performance in the 25th, 50th, and 75th quantiles. In addition, the impact of FF on FP follows an inverted U-shaped for the ALBM hotel firms in all ROE quantiles, except the 50th quantile. It implies that FF influences ALBM hotel firms with lower and upper performance and does not influence companies with performance in the median. Overall, the findings lend support that the FF has value in difficult market conditions, especially the COVID-19 epidemic period.

The empirical results of this study elicit several practical implications. First, policymakers should develop FF policies that enable companies to respond positively amid a crisis, such as financial difficulty during an epidemic, and maintain effective investment policies. Second, in the terms of hotel managers, whose operating are either AHBM or ALBM, should put more emphasis on their companies' maintenance of FF. Third, from the perspective of investors, the results can be used as a reference for hotel portfolio evaluation. Analysts or investors can compare the FF of a hotel firm against the proposed thresholds to predict their possible future performance.

This study is not free from limitations. First, despite the ongoing COVID-19 epidemic, data were only examined from 2020 Q1 to 2021 Q2, from the TSE listed hotel firms. Given that there are not many hotel firms traded on the TSE, this paper can only use a small sample size of 20 hotel firms (119 quarterly sample observations). Ongoing research should include longer periods of study. Second, given that the hotel industry could vary in different countries, it would be interesting to see if studies based on data from other countries would find a significant nonlinear FF-FP relationship and how different FF influences FF across countries (or sectors/industries). Lastly, Gozgor et al. (69) show that the geopolitical risks negatively affect the capital investment in tourism, and Gozgor et al. (70) reveal that the higher level of legal system quality and the better protection of property rights promote inbound tourism. Future studies should discuss the role of geopolitical risks and institutional quality to improve our understanding of the COVID-19 effect in the hotel sector.
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FOOTNOTES

1Sakov and Bicke (63) suggest a data-dependent rule for choosing the number of bootstrap replications (i.e., the size of bootstrap sample): m = kn2/5, in which m and n are the size of the bootstrap sample and original sample, respectively, and k is a constant smaller than or equal to the number of variables (Li, Sun, & Zou, 2009). This rule in our case leads to m = 55.
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This study investigates the determinants of human capital stocks, measured by the Penn World Table data, in the panel dataset of 122 countries from 1996 to 2019. The special role is given to the World Pandemics Uncertainty index to measure pandemics uncertainty across countries. The paper finds that per capita gross domestic product and population increase human capital stocks. The decline in fertility rates leads to a higher level of human capital. The interesting evidence is that pandemics' uncertainty decreases human capital. These findings are valid when we focus on both the high-income and the middle/low-income economies. These results are against the Becker-Lewis theory's validity since sources of uncertainty are negatively related to human capital.
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INTRODUCTION

How does pandemic related uncertainty affect human capital? There are different answers to this question. Firstly, one should expect a negative relationship. Human capital investments are the lifetime spending for gaining knowledge and skills to improve children's potential and increase economic performance in developing and developed economies. The progress in human capital has significantly declined due to the COVID-19 pandemic (1). Specifically, the COVID-19 pandemic has negatively affected developing economies' education and health outcomes [see, e.g., (2)]. However, according to the World Bank (1), more than one billion children have been negatively affected by school closures, and this issue has distorted human capital earnings and learning. The study also shows a significant decline in health services for children, especially in developing countries. In an earlier study, Percoco (3) shows that the Spanish flu between 2018 and 2020 caused a decline in the schooling rates in the Italian regions, where they were negatively affected by the pandemic. Dash et al. (4) and Deng et al. (5) also observe the negative effects of the COVID-19 pandemic on human capital stocks in different countries.

Secondly, according to the Becker-Lewis theory, living in more uncertain economic conditions (e.g., pandemics periods) can increase investments in human capital as uncertainty leads to a decline in fertility (6). Thus, there will be an increase in human capital since parents will focus on fewer children in their lifetime. For instance, Galor (7, 8), Galor and Weil (9), Kalemli-Ozcan (10), Kimura and Yasui (11), and Lagerlöf (12) also empirically show that uncertainty increases the average returns of human capital investments. Therefore, the Becker-Lewis theory suggests a positive association between uncertainty and human capital investments (13).

However, several papers show no significant relationship between uncertainty and human capital investments, especially in developing economies due to the role of the informal economy [see, e.g., (14, 15)]. These studies also show that uncertainty leads to a lower fertility rate. Still, the effect of uncertainty on human capital is negligible or ambiguous.

Overall it is unclear how can pandemic related uncertainty can affect human capital in both developed and developing countries in the long run. At this juncture, this paper investigates the determinants of human capital stocks in the panel dataset across 122 countries from 1996 to 2019. Our human capital measure comes from the human capital index, defined in the Penn World Table data of Feenstra et al. (16). It is constructed by Barro and Lee (17) average years of schooling data. At this stage, the special role is given to the World Pandemics Uncertainty index to measure pandemics uncertainty across countries.

Our paper shows that per capita gross domestic product and population increase human capital stocks. However, the decline in fertility rates leads to a higher human capital level. Our novel finding is that pandemics related uncertainty decreases the human capital. These findings remain valid when we focus on both the high-income and the middle/low-income economies. Therefore, our results are against the Becker-Lewis theory's validity since sources of uncertainty are negatively related to human capital stocks.

The rest of the paper is organized as follows. Section Data and Empirical Model explains the data and the empirical model. Section Empirical Results discusses the empirical results and Section Conclusion concludes.



DATA AND EMPIRICAL MODEL

This paper uses the panel dataset of 122 countries from 1996 to 2019.1 The data frequency is annual, and the beginning date of 1996 is related to the availability of the panel data sample. In addition, following the spirit in Chen et al. (18), we also divide the sample into the high-income and the middle-income/low-income economies. The country classification is based on the income calculations in the World Bank (19). Then, this paper estimates the following equation:

[image: image]

In Equation (1), HCIi, t, is the human capital index, WPIi, t is the World Pandemics Uncertainty index. Xi, t denotes the controls in the estimations. Countries are represented by i, and periods are tagged by t. In addition, φi, t is the fixed-effects for countries and periods. Note that εi, tis error terms. The traditional method, i.e., fixed-effects, is used to estimate this model.

The dependent variable is the human capital index, which captures knowledge and skills across countries. The index is defined in the Penn World Table (PWT) (version 10) by Feenstra et al. (16), and it is constructed by Barro and Lee's (17) average years of schooling data. The income level is measured by the log per capita gross domestic product (constant USD prices). The log total population captures country size. These data are downloaded from Feenstra et al. (16). Total fertility rate (births per woman) is also added to the models, and the data are obtained from the World Bank (20). The fertility rate addresses the Becker-Lewis theory, which shows the trade-off between children's quality and quantity. We expect the positive effects of income and the country's size on human capital stocks. Besides, the fertility rate should be negatively related to the human capital index.

On the other hand, the main variable of interest is the World Pandemic Uncertainty index. The related data are introduced by Ahir et al. (21). This index uses texting mining techniques using the country reports of the Economist Intelligence Unit dataset (22). The text searches are based on findings of words, such as “pandemics” and “uncertainty”, in the country reports of the Economist Intelligence Unit. According to Ahir et al. (21), the World Pandemic Uncertainty index significantly varies across the countries and provides uncertainty shocks related to pandemics. At this stage, Table 1 reports descriptive statistics of the variables in the estimations.


Table 1. Descriptive statistics.
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The pairwise correlations are also reported in Table 2.


Table 2. Pairwise correlations.
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Table 2 shows that human capital is positively related to per capita gross domestic product and total population. However, the correlation of the World Pandemics Uncertainty index and the fertility rate with human capital is negative. Still, the correlation between the per capita income and the World Pandemics Uncertainty index is negative. The correlations between the total population and fertility with the human capital are negative. The pairwise correlations are in line with the theoretical expectations.



EMPIRICAL RESULTS

Table 3 reports the findings of the panel unit root test of Pesaran (23) for each variable in the estimation.


Table 3. Panel unit root test results.
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The null hypothesis of this unit root test is that the series follows the unit root process. We provide the results for the constant and the trend terms. All results show that the null hypothesis of the unit root has been rejected, and therefore, the series is stationary. Next, we move on to the fixed-effects estimations.

Table 4 reports the findings of the fixed-effects estimations to show the effects of pandemic related uncertainty on human capital investments in the panel dataset of 122 countries from 1996 to 2019.


Table 4. Panel data fixed-effects estimation results.
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Columns 1 and 2 provide the findings for 122 countries from 1996 to 2019. Besides, the results for 42 high-income economies are reported in Columns 3 and 4. Furthermore, the findings for middle-income and low-income economies are provided in Columns 5 and 6.

In terms of results for all countries, the World Pandemics Uncertainty (WPI) index coefficients are around −0.024, and they are significant at the 5% level. Similarly, the World Pandemics Uncertainty index coefficients are around −0.074 for the high-income economies. They are significant at the 1% level. In addition, the coefficients of the World Pandemics Uncertainty index are around −0.031 for the middle-income and the low-income economies, and they are significant at the 1% level. These findings align with the previous findings of Dash et al. (4) and Deng et al. (5), Percoco (3) and the World Bank (1). However, these results are against the Becker-Lewis theory's validity since sources of uncertainty are negatively related to human capital. These findings show that the pandemic-related uncertainty adversely affects human capital in developing and developed countries.

In terms of the control variables, there are significant effects of the controls on the human capital investments (HCI). It is observed that the per capita gross domestic product (lnGDPC) increases the human capital stocks. The related coefficients are statistically significant at the 1% level. The population (POP) is positively related to human capital investments. The related coefficients are also statistically significant at the 5% level. However, the fertility rates (FERT) decrease the human capital stocks as expected. The related coefficients are also statistically significant at the 1% level. The effects of control variables on the human capital are in line with the theoretical expectations of Becker-Lewis theory and the growth dynamics of Galor (8).



CONCLUSION

This paper examined the determinants of human capital stocks, measured by the Penn World Table data, in the panel dataset of 122 countries from 1996 to 2019. A special role is given to the World Pandemics Uncertainty index, provided by Ahir et al. (21), to measure pandemics uncertainty across countries. We found that per capita gross domestic product and population increase human capital stocks. However, the decline in fertility rates leads to a higher human capital level. Our novel evidence is that pandemics' uncertainty decreases human capital. These findings are valid when we focused on both the high-income and the middle/low-income economies. Our results are against the Becker-Lewis theory's validity since sources of uncertainty are negatively related to human capital.

Finally, it is essential to note that our panel data samples are limited to evaluate cross-country variations. Therefore, future papers should focus on the country sample using the micro-level data. The data can also be updated until 2021 to understand the dynamics of the COVID-19 pandemic and forecast the effects of post-pandemic uncertainty shocks on different measures of human capital stocks.
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FOOTNOTES
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The negative impact of COVID-19 pandemic has seen SME's struggling around the world. With many quickly adopting digital technologies, such as AI, in their manufacturing or services operations to achieve sustainable development. This study aims to develop a framework that informs AI-enabled sustainable development for SMEs by integrating the relevant research in the field. In this framework, we identify the opportunities that the deployment of AI technology can do to alleviate the plights of SMEs in the post-pandemic era, including the impacts on work, organizations, and performance. We further explore the challenges that SMEs face in AI transformation and recommend strategies to take on those challenges. Finally we propose an agenda for future research based on technological challenges and environmental threats.

Keywords: post-pandemic recovery, pandemic, AI technology, SMEs, continuous development


INTRODUCTION

Small and medium-sized enterprises (SMEs) are the main driving force of employment and economic growth (1). The outbreak of COVID-19 in 2020 and resultant (regional) pandemic control and lockdown policies have made SMEs vulnerable (2). Compared with large corporations, SMEs are facing greater challenges and uncertainties (3, 4), which will likely continue to the post-pandemic era (5, 6). Despite the rapid response of governments to curb business closures by providing mitigation measures such as loans, wage support and subsides, the financial difficulties of SMEs have not been significantly improved. Some mitigation measures to reduce this burden are not as effective as expected, therefore its vital to find urgent measures to properly resolve the difficulties of SMEs and subsequently promote their continuous development.

The surge of digital technology has triggered innovations in products, services, processes (7), and business models (8, 9). Artificial intelligence (AI) plays a leading role in this transformation. AI is usually described as an advanced digital form (10), and can be defined as an advanced prediction technology (11), including but not limited to machine learning (ML) and deep learning, natural language processing (NLP) and machine vision (12, 13). During the COVID-19 pandemic, the use of AI technology has been an essential solution to maintain the sustainability of SMEs (14). The adoption of AI technology can help SMEs turn COVID-19 challenges into opportunities to improve performance and improve their survival rate (4). The extant studies mainly focus on the predicaments experienced by SMEs and how organizations participants interact during the crisis (4, 15–18). Although there is growing research interest on the role of AI technology in SMEs' survival and development during the crisis (4, 14, 19), there is a lack of conceptual framework for understanding AI-enabled sustainable development of SMEs and guiding future research in the post-pandemic era.

This study aims to develop a conceptual framework that informs AI-enabled sustainable development for SMEs by integrating the relevant research in the field. This is achieved by specifically reviewing most recent literature and attempting to answer the following research questions. First, what can the deployment of AI technology do to alleviate the plights of SMEs in the post-pandemic era? For example, where can AI be deployed? What are the benefits? What are the impacts on work, organizations, and performance? Secondly, what kind of challenges do SMEs face in AI transformation (or deployment)? How do we solve these challenges? Which stakeholders need to work together and in which direction?

To address the above questions, we focus on reviewing the relevant research outputs published since 2019, when the COVID-19 pandemic started. The next section details the methodology adopted. We integrate the main theoretical viewpoints, themes of actions or strategies that SMEs should consider when developing sustainability by using AI technology. Next, we explore the challenges of AI transformation of SMEs and proposes future research directions based on the technological challenges and environmental threats.



METHODOLOGY

This study adopts the realist systematic approach to reviewing the relevant literature (20, 21). The detailed search process is shown in Figure 1. We first determined the most basic search terms through informal search and applied them to the core collection of Web of Science, and then expanded the collection scope according to the citation of the literature. Specifically, under the TS column of Web of Science, we first use small and medium-sized enterprises (e.g., “SMEs,” “small enterprise,” “micro enterprise,” and “medium enterprise”), artificial intelligence or digitization (e.g., “artistic intelligence,” “Ai,” and “digital *”) and sustainable development (e.g., “sustaina *”) as keywords. The timeframe is limited to “2019–2022”, The literature type is limited to “articles, Early access or review”, and 62 articles are obtained through preliminary search. Next, we exported the detailed information of these studies [i.e., journal, author, title, year, abstract, and PDF (if any)] to an Excel spreadsheet.


[image: Figure 1]
FIGURE 1. Literature review process.


We then checked whether these articles met the scope of the review and further refined the keywords by browsing the titles, abstracts, and keywords. After eliminating irrelevant and duplicate studies, we retained 10 articles. Next, according to these articles, we carried out a pre-citation and post-citation search (22), and expanded the search scope to electronic databases such as Springer and ScienceDirect. Using this method, we finally obtained 19 articles. Collectively these articles explain the mode of AI technology enabling SMEs to promote their sustainable production and consumption.



FINDINGS

The findings of our review are organized in a framework as presented in Figure 2. We first provide an overview of the challenging environment faced by SMEs during the COVID-19 pandemic, followed by a discussion of the opportunities provided by AI technologies, and the challenges of AI transformation.


[image: Figure 2]
FIGURE 2. AI-enabled opportunities and transformation challenges for SMEs.



The Difficult Situation Brought by the Pandemic

The COVID-19 pandemic and the lockdown and other control measures have made SMEs' operating environment the most fragile and unpredictable ever in recent history (2, 4). First, the destroyed global production and business practices have increased the uncertainty of the production and operation of SMEs (23). Second, the global or regional logistics is blocked and the supply chain is interrupted (4). Many raw materials urgently needed for production are difficult to be in place in time. In addition, due to the shortage of labor, the decline of demand, and the cancellation of orders, a large number of manufacturing SMEs have ceased to operate (24). Third, interaction or working time restrictions and the decline of customers' purchasing power reduced or suspended business activities, and the business revenue shrank sharply. The cash flow shortage of SMEs (especially tourism, catering, and other service industries) with small capital reserves was even more obvious. This change in the business environment occurred during the pandemic but will last for a long time after the pandemic (5, 6).



Opportunities Enabled by AI

New technologies such as AI can help SMEs win competitive advantages or provide means of survival in the fields of manufacturing, e-commerce, accounting, human resources, marketing, and customer relations (25). Research of AI technology enabling SMEs during the pandemic mainly focuses on two aspects: One is to improve the operation of SMEs through gradual process improvement and optimization within the organizational boundary; the other is the external AI-driven transformation to fundamentally promote SMEs to create business models, develop new organizational strategies and cultures, build business alliances, and others (3).


Process Improvement and Optimization

Solutions based on AI can help manufacturing SMEs realize automation, which leads to process improvement and optimization (11). AI can help to solve the problem of labor shortage and enable SMEs to achieve world-class production standards and promotion activities with the least manpower (26). It can automate customer management, collect and process advanced data to improve trend analysis, logistics planning and inventory management, reduce costs, increase sales and increase profits. It can save time and limit defects, avoid risks and improve performance (12), so that suppliers can create value closer to customer operations (10). During the pandemic, AI technology provided new service modes for SMEs and realized asymptotic process improvement with the help of image recognition and speech recognition.



Real-Time Customer Insights

AI are not only able to identify, verify and monitor customers in real time, but also determine purchasing power and interest in purchased goods, according to use traces, and then market segment products according to customers' specific needs. The pandemic control policy enables most consumers to switch to online consumption, and every customer must leave traces when using online services. Popular online sales provide AI with a large database to understand the actual needs and preferences of customers, and to advise manufacturers or retailers to target specific audiences for advertising, promotion, and sales optimization (27). AI can analyze all activities performed by consumers online, study their behavior and computing possibilities through algorithms, manage demand-supply and perform all back-end operations. AI can also assist in social media marketing and identify new market opportunities. Big data analysis in AI technology can be used to develop customers' personalized files and predict their purchase habits (11), which helps to increase the customer base and overall profitability of SMEs (28).



Product and Service Innovations

AI-based innovations such as virtual mirrors and visual search can provide services for garment or tourism organizations to improve customer interaction and narrow the gap between physical and virtual shopping experiences. The future smart kitchen and smart restaurant based on intelligent technology and highly intelligent auxiliary robots can provide a healthier kitchen lifestyle and develop a large health industry. During the COVID-19 pandemic, smart technologies have been widely used in the service industry, enabling the service organizations to carry out business activities within a safe distance, enhance customer delivery, create businesses for the organization, and provide competitive advantages during the new crown pneumonia pandemic. The customer service function of AI (such as chatbot) can help organizations answer simple requests from customers (11).



Business Risk Reduction

Business risk is an important factor that hinders SMEs from achieving the goal of sustainable development. Because risk factors have the characteristics of data uncertainty and diversity, cognitive solutions based on AI can supplement the shortcomings of traditional solutions in dealing with complex data. It can solve the situation of fuzziness and uncertainty especially when the data is large or in different dimensions. Algorithms and technical solutions based on AI can help SMEs avoid business risks (7) and move toward sustainable development (29).



Demand Forecasting

Due to the difficulty of demand forecasting caused by the pandemic, it is more important than ever to understand and predict consumer demand through an integrated supply chain, and AI technology may become a key component (11). In retail SMEs can use AI technology in demand forecasting and supply chain implementation, thereby informing the ability to trigger response demand when customers choose the last item and then track the store's rapid replenishment of products (11). SME manufacturing firms can fight against tacit knowledge by using AI to promote technologies, such as decision support systems (DSS) (12, 30). The Internet of things combined with AI can also be used for predictive analysis in maintenance to reduce machine downtime and increase part-production (12).

The COVID-19 pandemic has driven SMEs to open the upstream and downstream ecology of the industry, fully meet the broad market demand of AI applications, and realize a complete industrial closed loop. For example, under the lockdown policy during the pandemic, some SMEs in the food supply chain, such as restaurants, cafés and retail organizations, could quickly carry out remote operations and allow online ordering, delivery and distribution (3). Furthermore, by enabling the traditional QR code with AI, the data of various activities (such as cinemas, scenic spots, retail stores, etc.), other than inventory management, can be recorded or executed (27). It can record high-quality data while reducing personnel contact, to understand customer preferences, predict future needs, and provide high-quality data for organizations to improve production efficiency.



Business Model Innovations

The potential advantages of AI to develop multiple business models that provide customers with numerous advantages can be realized with AI-driven business models (31), by reducing costs, improving service quality, coordination, productivity, and improving delivery efficiency (7, 11, 32, 33). Advances in AI have enabled organizations to shift from a product-centric model to a more advanced (i.e., platform or result-based) digital business model with higher value creation potential (10, 34, 35).

A core proposition of digital service is that digital technologies such as AI provide fundamental opportunities for services of industrial organizations, create and obtain value from new revenue streams and realize the difference from competitors by assuming greater responsibility to support customer results (10). For example, through investment in AI technology, suppliers can monitor, analyze, and control the performance of automatic connection equipment and provide enhanced digital customer service to realize on-site optimization. AI-enabled automation technology can manage and analyze large amounts of data to recommend action plans and make these decisions (11). For manufacturing organizations, they can focus on agile customer co-creation, data-driven payment operation and scalable ecosystem integration to innovate their business model, and expand AI through business model innovation such as mechanism and feedback cycle (36).

SMEs can take AI as the core and big data as the basis, whilst developing AI capabilities (such as value creation, value delivery and value capture) to carry out technological R & D innovation or business model innovation, to create business activities with higher efficiency. First, to obtain and create new sources of income for SMEs, AI's value capture ability is used. It reduces errors in cost structure, potential income flow, financial feasibility, developing income models, and sorting out cash flow. Furthermore, AI can help SMEs match customer invoices with payments received (11).

Secondly, using AI's value delivery capability, new operational processes and activities can be established to deliver the promised value. For example, AI can help small and medium-sized retail organizations use algorithms to customize products for consumers and analyze data on a large scale in digital marketing, so as to improve efficiency, achieve competition and growth (27).

Thirdly, the value creation ability of AI can be used to help organizations make organizational decisions, obtain information and professional knowledge. For example, algorithms based on AI can find feasible solutions to problems of competitiveness and product quality and help to improve the productivity of SMEs and realize quality optimization and overall development. In the context of digital service aimed at optimizing the use and maintenance of products (product groups) in customer operations, AI services can be used by systematically evaluating AI applications and their potential value to customers and end-users (37). Any value created in digital technology can be created (jointly) in an agile and customizable manner from the perspective of the customer needs (38).





CHALLENGES OF AI TRANSFORMATION

The COVID-19 pandemic has brought the digital transformation of organizations to the forefront. SMEs need to adopt new technologies to enhance, change or even destroy business models in order to remain competitive (12, 25). Nonetheless, SMEs may lack the necessary strategies, knowledge, and resources to use AI technology (12, 39). Many SMEs (especially manufacturing organizations) are trying to figure out whether AI technology can provide them with answers. Based on Technology, Organization, and Environment (TOE) framework (40, 41), we explore the challenges existing in the AI transformation of SMEs, as shown in Table 1.


Table 1. Challenges of AI transformation for SMEs.
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Organization Readiness

A considerable number of SMEs fail to successfully integrate AI capabilities into their business models due to the lack of readiness by the organization, which includes the readiness in human, financial, and material resources (42).


Human Resources

To seize the opportunities enabled by AI, firms need to develop the capabilities of using AI technologies (11). Lack of AI knowledge and professional skills is the primary challenge for the implementation of AI in most SMEs (12, 26, 52). AI systems do not yet have the essence of human intelligence (53), therefore AI algorithms will not produce clear answers, but will provide tentative solutions (for example, probability-based prediction), which requires human explanation, demonstration, and action to create specific and valuable results (54). The choice of AI level of SMEs may depend on human factors (11), such as organizational leaders, experts, employees and so on.

Successful AI transformation is more important to solve management problems (3), including redesigning business processes, human resources and organizational capabilities. This depends on top management support (27, 40). However, most leaders of SMEs either lack the necessary AI knowledge (12) or the awareness of AI transformation (6), resulting in an insufficient understanding of the potential value and advantages of AI technology (42, 43); or have unrealistic expectations for AI technology (43). The expectations from AI exceed the ability of the organization; or it is difficult to solve the gap between the current and required AI capabilities (44), so it does not support the adoption of AI.

Talent shortage and skill gap are one of the primary strategic challenges of most SMEs in the AI environment (11, 26). At present, many practitioners do not have a clear understanding of the capabilities and basic procedures required by organizations to obtain the potential of AI (32), and they are unable to solve the problem of human resources required for the promotion of AI (42, 43, 45). When employees generally lack the necessary AI knowledge (12), there are few employees training and developing skills necessary for AI application. Consideration needs to be given to how SMEs, especially small organizations, find and retain skilled talents.



Financial Resources

The cost of digital technology (25) and financial return are important factors that SMEs need to consider. The application of AI in SMEs is more likely to produce the so-called “digital paradox”, due to the rising cost (3), even the increase of digital service revenue cannot bring greater profits to organizations (8). In the digital economy of the post-pandemic era the development of computing power was limited, not always readily available nor affordable when SMEs consider cost efficiency, even though, utilizing digital services and the implementation of AI can strategically develop and provide numerous sources of new revenue. However, the increasing availability of solutions with advanced functions suggests higher entry investment and maintenance costs are required (55), which results in a rise in organizations service costs (8).

Previous studies have shown that industrial 4.0 technologies such as autonomous robots and network physical systems are not feasible for SMEs because of the high cost (47). Organizations with tight cash flow; the introduction of AI-based technology may affect the profitability and increase the use cost of consumers (43), resulting in SMEs falling into an unavoidable digital trap, whilst not understanding fully the value delivery and AI capture (37).



Material Resources

There is little doubt that digital technology has improved quality and efficiency, according to Sjödin et al. (36) it is important to recognize the digitization of SMEs and the need to expand AI in digital services (56). The construction of new infrastructure such as the industrial internet is the key to the digital upgrading transformation of SMEs.

Organizations need a lot of data to adopt or deploy AI (42), which depends on the type of infrastructure provided by enterprises (27), and the data available to them. However, a considerable number of SMEs currently lack the high-quality infrastructure to support the adoption of AI (3). Furthermore, SMEs may hinder the improvement of AI solutions because they are unable to obtain a large amount of data or obtain low-quality data (11).




Technological Challenges

Fully functional AI requires digital connection, at the core of digitization, there are many supporting technologies enhancing the performance of products and services in a variety of ways. However, digitization may influence different stages of the co-creation process in a complex and unclear way (8, 12, 57, 58). According to innovation diffusion theory (59), the diffusion of AI technology needs to consider five aspects: the comparative advantage, compatibility, complexity, testability, and observability of technology. The relative advantages of technology (such as the financial return on investment mentioned in Section The Difficult Situation Brought by the Pandemic) and the ease of use (complexity) of the product itself (41) along with compatibility are important factors determining the successful adoption of AI (11).


Technology Complexity

The concept of technical complexity is conceptualized through ease of use (40). Therefore, Technology Acceptance Theory (TAM) should be considered by SMEs when adopting AI for its practicability (27) and ease of use (40). The adaptation of cloud computing solutions are high in SMEs as its simple and easy to understand, easy to use and practical (47), or ease of use of social media platforms that have been widely used in the development of new products for SMEs (1). Therefore, continuous improvement of one's own processes and systems, further supported by investment in technologies, are the key areas for SMEs to maintain competitiveness (12). Nonetheless, the complexity of AI technologies (such as deep learning) is not acceptable and far too complex for most SMEs.



Technology Compatibility

Compatibility is the degree to which technology is assimilated and integrated within an organization's existing processes and available infrastructure (40). Currently, there is a lack of unified standards amongst products, equipment, software, and systems related to AI. The implementation of AI is down to the quality of data; however, AI applications face a variety of challenges in this area. These challenges include an insufficient size of data availability, data collection standards, format, integration, continuity, transparency, repeatability, quantity, quality of data input, and dimensional obstacles (11). The data challenges are more obvious to SMEs, especially standards and data structures. Generally, SMEs lack data, or the standardized formats required to verify limited data to gain a real benefit from AI solutions. Simply AI requires the need to create a consistent format that is able to share data among different organizations or industries (11). However, it is questionable whether different algorithms for an SME can solve problems based on different organizations or industries.




Environmental Threats

Various environmental threats may become a dilemma for the generalization or expansion of AI services for SMEs.


Social Challenges

The successful adoption of AI technology requires the cooperation of many stakeholders. Thereby creating a digital service-oriented business model of organizations with a high-quality data ecosystem. However, bringing stakeholders together can be challenging, a shared ecosystem of digitization can affect the business model of any single organization, therefore, requires the business models of other organizations to be consistent (10). In an AI innovation business model, the AI capabilities are assimilated into business activities that create and deliver value to capture and ensure scalable growth (36). This innovative process requires expanding AI services from initial proof of concept through to a larger customer base using AI business models that demonstrate the value of the products, so as to jointly create customer interactions (38). From a value delivery perspective, an organization must act as an entity cooperating with suppliers to adopt and take advantage of emerging opportunities of AI function discovery (9, 38, 51). However, many organizations fail to fully consider the dimension of value delivery (37).

Successful transformation of AI within SMEs needs the support of the government and other organizations. The government can play a key role in supporting the SMEs, by improving the existing legal and regulatory systems, raising the awareness of digital transformation, providing technical and financial support, strengthening data communication infrastructure (3, 45). There is an urgent need in terms of technology and data communication infrastructure for the government to intervene and provide financial support. Equally, due to the wide variety of technical and financial support required, it may become a challenge from a policy point of view.



Ethical and Trust Risks

The collection of large data sets, its storage and sharing of that data derived from AI technology and raises ethical issues related to governance, quality, security, standards, privacy, and data ownership (60). Therefore, SMEs need to take certain measures to reduce these risks when using AI. For example, trust is an important factor in the diffusion of AI technology (11, 41). Individuals and organizations may lack trust and worry about the moral dimension of the AI systems and the use of shared data (43). This is prevalent when there are analyses before decision-making based on the AI system. However, it is not clear how to solve moral and legal problems (11, 33). Developing solutions based on AI requires a large amount of data, creating an element of risk due to user privacy, especially when the government issues user privacy laws that propose data collection cannot be at the expense of user privacy. The data collection based on protecting user privacy may limit the development of AI within SMEs, particularly “specialized and new” organizations who would worry about potential risks such as core technology leakage caused by data sharing.





AN AGENDA FOR FUTURE RESEARCH

According to Fletcher and Griffiths (5), the COVID-19 pandemic has increased the digital transformation of all organizations. Countries all over the world and in particular China have proposed solutions for the digitization and intellectualization of SMEs. However, it must be noted relevant research on the application of AI technology in SMEs is still very limited. Under continuous optimization of business environment and guidance of national strategic emerging industry policies, it is possible to focus further on organizational, technical, and environmental challenges faced by SMEs when adopting AI technology. The feasibility, applicability, and promotion possibility of AI enabling SMEs are explored further in Table 2.


Table 2. Future research directions of AI transformation of SMEs.
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Future Research on Organization Readiness

The pandemic has affected organizations in all industries. The current research focuses on the application of AI technology in SMEs in the manufacturing industry and mainly focuses on the optimization, improvement, and upgrading processes. There is limited research in other industries and provides very little in way of new models, therefore, further research in AI technology in SMEs for other industries in the future is necessary and evaluate the preparation of SMEs for AI applications (11).

First, organizations obtaining quality talents is a primary objective. Organizations should focus on training, recruiting, and retaining employees with AI technology (26). Consideration should be given to the appropriate systems that ensure the infrastructure related to AI technology in SMEs is always available to support personnel needs.

Second, understand the principles required to use AI in the heart of the business model, such as what special resources and knowledge are needed by SMEs to formulate the transformation strategy of AI? When multiple organizations participate what are the routines that provide the basis for the large-scale implementation and use of AI in response to the pandemic? What is the accumulated knowledge and what are the interdependent actions (36)? How to change the operation mode to increase the scale, scope, and learning opportunities of AI in the organization (7)? Consider how to integrate AI technology into its Revitalization Strategy in the post-pandemic era to ensure business continuity. At the same time, we should also consider how to apply AI technology to replace/increase additional sales channels to increase the revenue of SMEs.

Thirdly, we should think about how SMEs choose AI automation tasks and the degree of automation of each task (such as information acquisition, information analysis, decision-making, action selection and action implementation). At the same time, we should consider how human intelligence can provide support in case of AI automation errors (11).

Fourthly, investigate the financial difficulties of SMEs after COVID-19 and understand how supply chain finance uses the potential of AI technology to provide financial services to alleviate the dilemma of cash flow reduction and capital interruption (61), thereby helping SMEs to resolve financial pressure when deploying AI technology.



Future Research on Technology Challenges

Firstly, we should try and understand whether SMEs should adopt the AI strategies implemented by large organizations or formulate new AI strategies (11). Secondly, we should consider how to develop and apply simple processes, systems, and technologies for SMEs.

According to Hansen and Bøgh (12), the future application of AI in SMEs in the manufacturing industry includes descriptive analysis, fault diagnosis analysis, predictive analysis, and normative analysis. Therefore, future research includes: How to use data from machines in different SMEs to enable operators and managers to investigate accidents and make fact-based decisions (12). Secondly, how to ensure better quality control and production monitoring by implementing effective machine learning methods such as machine vision, or at least as auxiliary tools? Thirdly, in order to expand the ability of SMEs in monitoring machinery and scheduling processes, what optimization algorithms enable them to quickly produce cheaper monitoring results (62)? Fourthly, what are the specific methods for manufacturing SMEs to apply AI for normative analysis in the future?

In the event of continuously promoting automation, we must reflect on the concept of human beings in this cycle, the focus of AI is to enhance human ability rather than replace it. Therefore, humans may move upstream of the value chain to focus on design and integration-related activities of machines and manpower as part of the integration of AI (63). Future research should focus on specific scenarios and explore the human capabilities that AI can enhance. How to build cost-effective (simple, easy-to-use, low-cost) and reasonable AI solutions for SMEs that enhance human capabilities.



Future Research on Environmental Threats

The pandemic may stimulate or accelerate the technological advancements of SMEs, including issues related to data protection and the decision-making process, which may directly affect the activities of the manufacturing sector. At this present moment, SMEs lack resources and knowledge to formulate special transformation strategies (12), and governments or relevant industrial organizations need to provide various support such as awareness enhancement, capacity training, platform construction and scheme simplification (45). Governments enhancing policy measures in helping SMEs obtain big data (64) for example. Furthermore, enabling normal operations to resume and attract new organizations, investors, and talent to the region to build a good AI industrial ecosystem.

Future research can focus on the scope, strength, and type of support the government and relevant organizations can provide. For example developing an AI education strategy that can be embedded in government departments, higher education, and employers (26), whilst developing policies, regulations and ethical guidance and framework (33). This can be formulated and implemented by government regulators in terms of intervention and supervision (7). This will prevent the abuse of AI in the future.

The management of data privacy is the key to the intelligent management of SMEs. It is necessary to explore the impact of security and privacy risks on the application of AI technology in SMEs. First, future research can include paying attention to how AI technology changes the working mode of SMEs, and the impact of this change on users and data privacy. Second, it can consider the specific policies that SMEs need to formulate to collect, share and analyze data (4), so as to determine how to collect the absolute minimum data with the consent of the subjects to meet the needs of AI applications.




CONCLUSION

Whether in Europe, the United States or China SMEs have created a number of new employment opportunities and contributed to the economy. To maintain a country's economic stability, the continuous growth of SMEs are paramount. The pandemic and its control measures have created various challenges for the sustainability of SMEs around the world, such as blocked logistics, interrupted supply chain, labor shortages, and reduction in demand. Creating uncertainty and making the most vulnerable SMEs fight for their survival and future development and thereby emphasizing the need for advancement of technology as a possible way forward. This paper integrates the latest research of AI-enabled opportunities and the challenges of AI transformation for SMEs in post-pandemic era. The various opportunities of applying AI to improve the continuous development of SMEs are identified, and the challenges of AI transformation of SMEs are discussed. Further research directions are proposed to help SMEs to better seize the opportunities enabled by AI technologies for continuous development.
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The COVID-19 pandemic has made the advantages of online knowledge communities with cross-space, time, interpersonal, and other characteristics fully demonstrated. Exploring the configurations of platform incentives to improve knowledge collaboration performance can provide a reference for the efficient and sustainable development of the platforms under the normalization of the COVID-19 pandemic. With the help of the fuzzy set qualitative comparative analysis method, taking the social Q&A platform enterprises as an example, this study analyzed the configurations of platform incentives for the high knowledge collaborative performance from the dimensions of market incentives and social incentives, and the heterogeneity of knowledge capital appreciation and social capital appreciation is also discussed. The results show that each of the platform incentives (virtual currency, cash benefit, community reputation, social identity, skill training, and communication) does not constitute a necessary condition for high performance. There are four and three types of configurations for intellectual capital appreciation and social capital appreciation, respectively. The important findings are that nearly 30% of users may participate in knowledge production based on pure economic benefits, and there may be so-called “get the best deal” behavior. Social identity, community reputation, and skill training have an important incentive effect on knowledge collaboration. Communication supplemented by a little economic incentives can significantly promote the appreciation of social capital.

Keywords: social incentives, market-oriented incentives, knowledge collaborative performance, COVID-19, fuzzy set qualitative comparative analysis


INTRODUCTION

The COVID-19 pandemic has severely disrupted the functioning of global postsecondary institutions since 2020 (1). The massive and uncontrolled spread of the COVID-19 virus in various parts of the world has made the WHO officially announce that COVID-19 has been a world pandemic since March 11, 2020. The pandemic was announced not only as a medical need preparedness, but preparedness for various aspects will be affected, both in the social, cultural, and economic fields (2). Small and medium-sized enterprises are the main force of national economic and social development, which are important to stabilizing economic growth, enhancing economic activity, ensuring the integrity of the production system, and stabilizing employment (3). Due to the low resilience, most small and medium-sized enterprises are more seriously affected by the COVID-19 pandemic, while the content platform enterprises are the opposite. In the Internet age, the “Online Knowledge Community” (OKC) which integrates the functions of “knowledge sharing” and “online social networking,” emerged as the times require (4). During the epidemic, OKC has provided a convenient way for the public to interact with knowledge and socialize with its characteristics of spanning time, space, interpersonal, and other constraints, and it has also highlighted the value and advantages of OKC. However, in the post-epidemic era, although OKC faces great opportunities, the huge information capacity, the random insertion, and editing at any time have greatly increased the amount of information and the degree of confusion, the low willingness to participate in knowledge collaboration is also the challenge that the OKC faces.

First of all, the traditional mechanism of knowledge collaboration in OKC is based on social User Generated Content (UGC) (5). Second, as the users' scale increases, market-oriented mechanisms and bureaucratic management gradually emerge (6). In particular, the commercialization of OKC has entered a new stage after the introduction of means such as signing contracts and cash rewards (7). Third, the excessive use of market incentives will lead to the loss of knowledge quality and social interaction (8, 9). Monetary incentives may cause the Matthew effect (A small number of experts contribute a lot of answers and profits.) and speculation (Ask a lot of questions to earn money, or collude between questioner and answers to create a hot illusion.). The payment mechanism suppresses the update frequency of topics and the number of user comments and answers, and it does not generate more content or attract more users to participate, while it changes the interaction and collaboration between users. OKC knowledge collaboration arises from niche social production and interpersonal trust, so, how to balance social incentives and market-oriented incentives, interpersonal trust and system trust for sustainable development in the pursuit of user scale and commercial interests, has become a new challenge. In this context, exploring the knowledge collaboration mechanism and the corresponding platform incentives in OKCs has attracted the attention of many scholars. With the increase in people's demand for remote knowledge interaction and social interaction caused by the epidemic, it is of great practical and theoretical significance to explore the platform incentives for content platform companies to improve users' knowledge contribution level and performance.

Economists often emphasize that “incentives matter.” The basic “law of behavior” is that higher incentives will lead to more effort and higher performance. Research on OKC's knowledge collaboration mechanism shows that obtaining economic returns is only one of the many motivations for users to participate in knowledge collaboration (10). OKC introduces economic incentives based on the assumption of “economic man” to enhance the active participation of contributors (7). However, the quality of contributed knowledge will not improve as a result (8), the more you pay, the answers you get will be longer, more, and richer, while it does not mean that the questioner will get better answers (9, 11). And to a certain extent, economic incentives have erosive and spillover effects on UGC creation, and the combination of target incentives and challenge incentives can effectively prevent this erosive effect (7). This also means that knowledge production that mainly relies on social benefits may face the problem of insufficient contribution. OKCs have obvious characteristics of user self-organization and participation (12), and interests are the main driving factors for users to participate in OKC knowledge sharing. Only by combining economic returns with social returns (such as consolidating users' interests and hobbies) can we truly grasp the transformation of user identity and encourage users to participate (12).

Based on the above analysis, this article attempts to answer the following questions: Are and to what extent certain incentives are necessary for high knowledge collaboration performance (KCP)? How are these elements coupled to achieve high KCP? Is there any heterogeneity in the influence of different incentives and their configurations on the appreciation of intellectual capital and social capital?

The possible marginal contribution of this article is that, first, it analyzes the impact of platform incentives on KCP from the two dimensions of intellectual capital appreciation (ICA) and social capital appreciation (SCA). Second, it systematically analyzes the configurations of platform incentives to improve KCP from the aspects of market-oriented incentives and social incentives. The research conclusions are beneficial for the users and platforms. On the one hand, for the users, different incentives on the platform can meet the heterogeneous needs of different users, thereby improving their knowledge collaboration performance. On the other hand, the success of a content platform enterprise depends largely on user satisfaction and other factors that eventually increase users' intentions to continue participating, therefore, the conclusions provide a reference for content platform companies to better manage and motivate users in the post-COVID-19 era, and to build a sustainable platform ecology. The research model of this study is shown in Figure 1.
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FIGURE 1. Research model.




LITERATURE REVIEW


Platform Incentives

A major challenge in knowledge management is motivating people to share their knowledge with others (10, 13). In many OKCs, this challenge is addressed through an incentive system associated with users' knowledge-sharing activities. As one of the main influencing factors of OKC knowledge collaboration, platform incentives have attracted the attention of many scholars. At the theoretical level, a social cognitive theory is the most specific in explaining how different types of incentives affect performance (10). Regarding the platform incentive mechanism, Ryan and Deci (14) proposed that perceived usefulness and perceived ease in the process of user knowledge creation are the internal and external motivations for UGC. Among them, external motivation is based on the exchange of tangible or intangible assets, including non-material external benefits, tangible rewards, and mutual benefit expert training incentives, which will prompt users to engage in content creation. Intrinsic motivation is manifested in the positive promotion of self-efficacy, hedonic experience, social needs, and values to UGC (15). Smith et al. (16) believe that the motivation for content creation is from high to low: entertainment, gaining a sense of identity, recording and self-expression, acquiring social capital, enhancing social interaction, and obtaining rewards. It can be seen that from the perspective of incentive forms, existing research generally divides OKC platform incentives into material incentives (such as prize, monetary incentives, and point incentives), spiritual incentives (such as grade medals, rankings, identity tags, task-driven, and privilege incentives), and competency incentives (such as training and communication).

Material incentives are a direct means of giving feedback to users' knowledge contribution behaviors in a market-oriented way. This article calls them market-oriented incentives, which mainly include virtual currency and cash rewards (17). Unlike the incentives imposed by many systems, market-oriented incentives support the direct exchange of monetary benefits between individuals, creating an interesting gift economy model and enabling widespread “user generation” (15). As the most commonly used means of market incentives (10), virtual currency and cash rewards are also commonly used in OKC to improve user participation. According to the classic “economic man” hypothesis, the economic incentives in OKC can encourage people to create knowledge (7), because we are always willing to act to increase our interests, especially monetary ones (18). However, there are also a large number of studies from psychology and economics showing that economic incentives do not always perform well (19), and they will erode people's existing intrinsic motivation and bring about negative effects in some situations (7).

Non-monetary incentives, especially spiritual incentives such as social identity, can also produce incentive effects derived from current and future positive reinforcement, and play an important role in generating knowledge activities (20). Relevant studies have shown that obtaining economic rewards is only one of the motivations for users to participate in knowledge collaboration, and users' knowledge sharing behavior in OKC is more about seeking spiritual recognition and satisfaction (10). Although anonymity is the general “rule” of online communication, members often seek to create “online identities” to identify each other and may engage in various levels of self-disclosure (21), once social proof is established, members become psychologically connected to the group and experience its successes and failures, so that they are willing to support the group with which they identify and take pride in its activities. Community reputation is the feeling of earning respect or improving status by contributing knowledge in OKC (22, 23), representing superior ability and high strength, and can also bring a sense of achievement to users (22), therefore, building reputation is a powerful motivator for knowledge sharing (22).

In addition to material and spiritual benefits, obtaining useful information and skills, that is, skill training is also the most direct motivation for users, especially knowledge seekers, to participate in knowledge collaboration in OKC (12). This intrinsic motivation is more autonomously oriented and results from a person's intrinsic interest or joy in the activity (e.g., doing something because it is fun) (24). Communication is the basis of knowledge collaboration in OKC, including knowledge sharing, transformation, and integration (25). When users participate in knowledge interaction and generate new perspectives on related issues, this interaction will positively promote the knowledge collaboration process (26). There are also studies suggesting that communication can change the attitude of members, thereby changing the degree of identification with the organization. Supportive communication through shared understanding and organizational identity has a positive impact on knowledge sharing (26).

To sum up, this research analyzes the aspect of market-oriented incentives and social incentives and believes that market-oriented incentives include virtual currency and cash benefits. And social incentives include social identity, community reputation, skills training, and communication.



Knowledge Collaboration Performance

Knowledge collaboration performance (KCP) in OKC is the ultimate value realization method of knowledge. At present, there is no unified definition for it in the academic world (4), while the conclusion that it includes the dimensions of ICA and SCA has been recognized by many scholars (19, 27, 28). Social capital in a virtual community represents the connection between people and the personal wealth accumulated through the connection, which is the trust cooperation and collective behavior established in the interpersonal network of the community (29). The social capital theory believes that the network of relationships embodied by individuals has an impact on interpersonal knowledge-sharing behavior (30). In its simplest form, social capital is what an individual knows about someone that extends what you have (economic capital) or know (human capital). A basic assumption about social capital is that social systems have immediate or expected value (31). The success of viral marketing, open-source communities, and social media makes the purpose of social capital very attractive (32). Therefore, SCA has also become one of the main purposes for users to participate in knowledge collaboration in OKC. Social capital includes three dimensions: structural dimension, relational dimension, and cognitive dimension (28). The structural dimension measures the social connection status, that is, the relationship existing among members; the relationship dimension emphasizes the strength of the relationship, which is reflected in the individual's sense of trust, recognition, and reciprocity for other users in OKC, that is, when an individual gets help from others, he will give each other in return (33). The social capital of the cognitive dimension is mainly reflected in the shared vision of OKC members, such as common interests, opinions, and values (34).

Compared with SCA, ICA is more direct (35), which is reflected in the acquisition of user knowledge. Due to the sharing and non-attrition of intellectual capital, the appreciation of intellectual capital is not only manifested in the increase of explicit knowledge (experience summary, process documentation, knowledge base, and so on), or the final explicit knowledge product delivered to customers, the implicit knowledge achievement is also the value-added part of knowledge capital, which is manifested as the improvement of individual and team ability, accumulation of experience, and improvement of the process (35). The explicit ICA mainly measures the knowledge achievements ultimately formed by knowledge collaboration and jointly owned by organizations or teams, such as patents, processes, and regulations. The tacit ICA mainly measures the increase of individual experience and skills, the improvement of team ability, organizational culture, and practice (36).




MATERIALS AND METHODS


Questionnaire Design and Data Collection

Our research subjects are all from China, and they are all users of one or more social Q&A content platforms, including Zhihu, Baidu zhidao, Douban, Yahoo!Answers, Sogou wenwen, and other professional forums. First, we conducted systematic research and discussion on the platforms, and then, we designed the questionnaire concerning the existing research and invited relevant experts to modify it. In addition, before the start of the formal survey, we conducted a preliminary survey, combined with the interviews with users, and further revised the questionnaire. Finally, we collect data with the help of a professional research company. This kind of survey process provides greater control and is getting embraced by researchers (27).

The survey was conducted in August 2021 and a total of 210 questionnaires were returned, including 201 valid questionnaires, with an effective response rate of 95.71%. Table 1 gives the basic sample characteristics.


Table 1. The basic characteristics of respondents.
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Measurements

All data-related questions included a seven-point scale from one (not important) to seven (extremely important). The questions were divided into three sections: users' basic information, platform incentives (social incentives, market-oriented incentives), and KCP. To assure validation of the instrument, survey items were mostly adapted from scales developed and validated by previous studies. Among them, market-oriented incentives refer to the research of Jin (37) and Zhao (34). Social incentives refer to the research of Lucas and Ogilvie (38), Rafaeli et al. (20), Kumi and Sabherwal (39), Bai et al. (6), and Nan (40). And KCP refers to the research of Chang and Chuang (29), Chow and Chan (33), Chen et al. (35), and Zhou et al. (4).



Method

We used fuzzy set qualitative comparative analysis (fsQCA) to analyze the configurations of platform incentives leading to high KCP. The QCA was developed by Ragin (41, 42) to analyze complex causality through the identification of the sufficient and necessary conditions for the occurrence of a phenomenon based on Boolean algebra and set theory (43). And it can provide a more refined analysis of complex management issues such as heterogeneity between cases, concurrency conditions, asymmetric relationships, and equivalence paths (42). In particular, QCA provides configurations of conditions that emerge from its algorithm. Configurations can be seen as outcome variables, and conditions somewhat resemble explanatory variables. The key difference between QCA and other symmetric methods is that QCA allows for conditions to be part of several configurations, that is, outcomes. In other words, while symmetric methods allow variables to have only a one-sided effect, QCA removes that restriction (44). QCA has three main variations according to variable type: crisp set QCA (csQCA), multi-value QCA (mvQCA), and fuzzy-set QCA (fsQCA). This article selects the widely used fsQCA to analyze the configuration paths of platform incentives leading to high KCP.

The fsQCA allows researchers to deal with conjunctural causality. The fsQCA identifies multiple causal recipes between different initial conditions to the same final state. In addition, large samples are not mandatory to use the fsQCA (42, 45). The fsQCA requires the calibration of partial memberships in the sets (42, 46). This calibration divides membership into meaningful groupings by using values between zero (non-membership) and one (full membership) (41). That means we distinguish cases that are either fully in, fully out, or in between certain sets (44, 47). Our data show conditions that can take intermediate values. Hence, we divide our values into 5 percentiles according to the research by Pappas and Woodside (48). And the three thresholds of each variable are shown in Table 2.


Table 2. The calibration criteria for the variables.
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RESULTS


Analysis of the Necessary Conditions

The fsQCA starts with the conditions necessary for the outcome (42, 49). The causal condition's degree of necessity indicates the degree to which that condition is necessary to achieve the outcomes (47). For a condition to be necessary, it should present a consistency score that exceeds the threshold of 0.90 (42). Taking ICA and SCA as the outcome variables, respectively, the necessity of each antecedent condition is analyzed, and the results are shown in Table 3.


Table 3. Results of the analysis of the necessary conditions.
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From Table 3, we can see that all platform incentives leading to high performance exceed the consistency threshold of 0.75, indicating that all platform incentives are sufficient for high performance. Since no condition exceeds 0.90, the platform incentives are not necessary conditions for high performance (47), which occurs with the negation of all conditions.



The Configurations of Platform Incentives Leading to High KCP

The data analysis continues with the construction of a truth table to identify the configurations of conditions that are related to KCP. Following best practice, we build truth tables based on the standard of consistence = 0.8 and number = 2 (48), and we report the core and peripheral conditions: core conditions are in parsimonious and intermediate solutions, while peripheral conditions are only part of intermediate solutions (42, 47). We report the causal configurations solutions that lead to ICA in Table 4 and SCA in Table 5.


Table 4. The configurations leading to high ICA.
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Table 5. Causal configurations leading to SCA.
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The results show that (see Table 4) there are four kinds of configuration paths for ICA. The overall coverage is 0.7592, which indicates that the combined solutions account for ~75.92% of the membership. And all the configurations regarding the presence of the ICA in this study present consistency levels above the 0.80 threshold suggested by Ragin (42) and Fiss (47), indicating that the four types of configurations have good explanatory power for the results. The raw coverage of third and fourth configurations is higher, indicating that these types of incentive configurations are more likely to lead to ICA.

Table 5 shows three types of seven configurations of platform incentives leading to high SCA. Among them, the consistency of each configuration is above 0.8, and the overall consistency and overall coverage are 0.8839 and 0.824, respectively, which meets the requirements of the qualitative comparative analysis method for coverage and consistency (42), indicating that the seven configurations have strong explanatory power to the results.



Robust Test

This article conducts a robust test of the antecedent configurations of high KCP (48). We reset the threshold of the number of cases from 2 to 3, the resulting configurations are the same (Supplementary Tables 1, 2). then, increasing the original consistency threshold from 0.80 to 0.85, the resulting configurations are consistent (Supplementary Tables 3, 4), which show that the results obtained in this study are robust.




DISCUSSIONS

Under the background of the COVID-19 pandemic, OKCs have become a place for people to seek knowledge and build virtual social circles. Therefore, to fully mobilize the enthusiasm of users to participate in knowledge collaboration and build a healthier and more sustainable platform ecology, the platform should fully understand the different demands of users, and construct different incentives for different types of users from the perspective of configuration.

For the ICA, platforms relying only on the market or social incentives both can drive the appreciation of intellectual capital, while the effect of the former is relatively poor. At the same time, the differentiated combination of the two types can also achieve the goal, and the role of social incentives in various configurations is symmetric, which is the core condition of existence, while market-oriented incentives are asymmetrical. The 10 configurations can be divided into four types, as follows.


Market-Oriented Incentives Driven

In configuration 1, virtual currency and cash benefit are both the core existence conditions, while the social identity and skill training are both the peripheral absent conditions to drive the ICA. This configuration shows that only relying on material incentives represented by virtual currency and cash benefits can promote knowledge production. In the era of the knowledge economy, the knowledge payment model prompts more and more users to obtain rewards by providing their heterogeneous knowledge. The users who get paid by answering questions and providing specific knowledge are knowledge contributors, and their participation is crucial to the healthy development of OKC (12). The community should pay full attention to the market-oriented needs of knowledge contributors, and create more convenient communication and knowledge sharing channels for them, such as the paid consultation column in Zhihu. At the same time, platforms should pay attention to the strength of market-oriented incentives to avoid negative effects due to the erosion of economic incentives on knowledge sharing (7).



Social Incentives Driven

This type of configuration includes four paths. Among them, configuration 2a takes skill training and communication as the core existence conditions, and configurations 2b, 2c, and 2d take social identity, community reputation, and skill training as the core existence conditions, respectively, indicating that social incentives play a very important role in the improvement of ICA, which further verifies the conclusions of Rafaeli et al. (20) and Wolfe and Loraas (10). As a knowledge platform with strong self-organization, the active participation and active contribution of users are very important (12). The users who only pursue spiritual benefits or aim to communicate and improve their skills are often knowledge contributors and have a high willingness to contribute knowledge (12). For such users, the platform can enhance and consolidate their contributions through social incentives such as level promotion, user privileges, setting up topic areas, and selection of outstanding participants to improve ICA.



Social Incentives Leading

This type of configurations includes two paths, both with social identity, community reputation, and skill training as the core existing conditions, and virtual currency and cash benefit as the peripheral present conditions, respectively. These configurations show that the appreciation of intellectual capital needs to be driven by social incentives, and supplemented by a little material incentive. And when the platform has fewer resources or low strength for market incentives, it can improve user enthusiasm through higher social recognition, community reputation, and social incentives, such as skill training.



Combined Driven

The fourth type of configuration includes three paths, which all include two market-oriented incentives (virtual currency and cash benefit) and are supplemented by two social incentives to improve ICA. It is worth noting that these configurations do not require incentives for skill improvement. It can be seen that the target users of this type are the groups who hope to obtain certain heterogeneous knowledge through knowledge interaction, and at the same time show their value in the virtual community, and gain respect from others (12). Such users have relatively rich knowledge and skills themselves, and they are important participants in OKC knowledge interaction. In the era of a knowledge economy, the improvement of people's consumption level, the establishment of mobile payment habits, and the change of information dissemination methods have jointly promoted the evolution of knowledge sharing from “free” to paid. On the one hand, knowledge owners use the OKC platform to “realize knowledge.” On the other hand, they provide valuable information and knowledge for many ordinary users, which can increase user stickiness and scale. This interdependent and mutually reinforcing relationship between knowledge contributors and seekers provides a guarantee for a healthy and sustainable platform ecology (4).

Compared with ICA, the configurations for SCA pay more attention to the role of social incentives as a whole, especially the corresponding incentives for community communication.



Communication Driven

This type of configuration includes two paths, and communication is the core existence condition of them, while the cash benefit and community reputation are the peripheral absent conditions, and skill training is a peripheral existence condition for configuration 1a, and configuration 1b complements the social identity, community reputation, and skill training as the peripheral absent conditions and virtual currency as peripheral existence condition, which can also drive the appreciation of social capital. This type of configuration shows that communication plays a very important role in driving the SCA in OKC. Social capital is the connection between people and the personal wealth accumulated through connection. It is the trust cooperation and collective behavior established in the interpersonal network of the community (29), which itself is the result of interpersonal interaction. The OKC provides a good platform and opportunity for users whose main purpose is to seek interpersonal interaction. For the maintenance of such users, the interactive functions and related experience of the platform are particularly important.



Cash Benefit Driven Under the Leadership of Social Incentives

This type of configuration includes two paths, both of which are based on cash benefits. Path 2a complements social identity and community communication as core existence conditions, and path 2b complements social identity and skill training as the core existence conditions and community reputation as the peripheral existence condition. These configurations encourage users to participate in knowledge collaboration by enhancing their sense of social identity, personal knowledge, and skills, as well as convenient online interaction and certain cash benefits. Members with heterogeneous knowledge can obtain certain economic benefits by participating in knowledge interaction. At the same time, in the process of improving their skills, showing their value, gaining respect from others, and their sense of achievement are the main reasons for their participation in OKC (12). So, the generation of KCP requires the platform to take into account both social and economic incentives.



Virtual Currency Driven Under the Leadership of Social Incentives

This type of configuration includes three paths, all of which are based on virtual currency and community reputation as the core existence conditions. Configuration 3a complements communication as the core existence condition and cash benefit as the peripheral existence condition. Configuration 3b takes the cash benefit as the peripheral existence condition, and configuration 3c takes the community reputation, social identity, and skill training as the core existence conditions to develop the SCA. This type of configuration is similar to the second one, which requires the combined effect of social and market-oriented incentives. While the difference is that the configurations of type 3 pay more attention to virtual currency. Virtual currency (such as Zhihu Coin and Live Salt Coin) is generally used for internal circulation in OKC, which purpose is to facilitate users to purchase corresponding services, motivate or reward users for participation and contribution, and can also increase their stickiness. For users who pay attention to social incentives such as community reputation, have certain loyalty and a certain demand for market-oriented incentives, the platform can formulate corresponding incentives according to such contributions.




CONCLUSIONS


Research Conclusions

This research uses the fsQCA method to analyze the configurations of platform incentives for high KCP in OKC, and analyzes the heterogeneity of the configurations for ICA and SCA. The main research conclusions are as follows: The single factors of virtual currency, cash benefit, social identity, community reputation, skill training, and communication cannot constitute the necessary conditions to drive the improvement of ICA and SCA, and each factor needs to be coordinated to achieve better incentives. There are four types of configurations for ICA and three types of configurations for SCA. There is heterogeneity in the configurations of ICA and SCA, and compared with the former, the latter's incentive configurations as a whole emphasize the role of social incentives, especially the corresponding incentives for communication, and it is difficult to realize the appreciation of social capital only by market-oriented incentives. For the three types of platform incentives for high SCA, social incentives occupy the main position, while it is more efficient when supplemented by certain economic incentives are more effective.



Managerial and Policy Implications

First of all, the overall performance of the OKC needs to be comprehensively considered, including both ICA such as new knowledge acquired by users and platforms and SCA such as closer connections among users and between users and platforms. The two groups of people (knowledge producers and consumers) and the two types of performance need to promote each other. Therefore, the platform should not only attach importance to the incentives of high-level knowledge producers, but also ordinary users and knowledge seekers.

Second, the research results show that there is a demand–fit relationship between different user groups and incentives configurations. For example, in the configurations of ICA, pure social incentives can stimulate ~20% of the population to actively participate. While the combination of social and market-oriented incentives can increase this ratio to more than 50%. And for the SCA, pure social incentives can also increase this ratio to more than 60%, which also indirectly proves the limitations of market-oriented incentives. Platforms can further optimize the incentive system according to the different psychological needs of users to avoid simple economic stimulation.

Third, while paying attention to the effectiveness of social incentives, the platform must also pay special attention to the existence of “wool-hunting parties.” This research shows that nearly 30% of platform users may participate in content production under pure market-oriented incentives. Combined with previous studies, it is found that the excessive use of market means will lead to the loss of knowledge quality and social interaction, which may cause the Matthew effect and speculative behavior, and change the interaction and collaboration among users. It is necessary for the platform to discover such phenomena and users, and to make timely improvements in terms of platform rules and incentive systems.

Fourth, in the configurations of ICA, social identity and community reputation are the core existence conditions of the five paths; followed by skills training, virtual currency, and cash benefit, which appear four times as the core existence conditions. In terms of promoting knowledge production, the platform needs to pay special attention to the social–psychological needs and the improvement of the abilities of users.

Fifth, for the configurations of SCA, the communication as the core existence condition appears 4 times, followed by virtual currency, social identity, and community reputation, which appear 3 times, respectively. It shows that in terms of promoting the creation of a community atmosphere, the platform should pay attention to social incentives, and at the same time, it should be supplemented by appropriate economic incentives.

Sixth, through the analysis of configurations, the platform users can be subdivided as a whole, and user groups with differentiated needs can be found, which has a certain auxiliary effect on user portraits.



Limitations and Further Research

Although the configurations of platform incentives proposed in this article provide a certain reference for the efficient and sustainable development of the platform, it also has certain limitations. The specific performance is as follows: First, the platform incentives designed in this study only include two types of six variables. In the future, more complex incentive mechanisms can be considered to enrich the research model. Second, our research is based on cross-sectional data and failed to try to explore the long-term effects of these motivational factors from the time dimension. And our research on OKC's knowledge collaboration mechanism is not deep enough. In future research, we will pay more attention to collecting data from more OKCs, establish a long-term tracking and investigation system, explore the configuration path of the platform incentives for OKC's KCP from a dynamic perspective, and deepen the research of OKC's knowledge collaboration mechanism.
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Vaccines are essential to create a more resilient economic growth model. Ending the COVID-19 pandemic requires a more coordinated, effective, and equitable distribution of vaccines across the countries. Therefore, governments are in a race to increase the vaccination rates of the population. Given this backdrop, this paper focuses on the daily vaccinations per million data from March 1, 2021, to October 15, 2021, in 37 Organization for Economic Co-operation and Development (OECD) countries and examines the stochastic properties of the vaccination rates. We adopt the club convergence econometric methodology to investigate the club convergence paths of COVID-19 vaccination rates in OECD regions. The results indicate a significant convergence of the vaccination rates in seven clubs across 30 OECD countries. Moreover, there are seven OECD countries demonstrate non-convergent characteristics, which raises questions about ineffective vaccine balance. In addition, the paper also discusses the potential implications for the post-COVID-19 era.
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INTRODUCTION

The race for vaccine inoculation exemplified today's glaring global health and economic inequalities: countries' capacity to immunize their populations has been proportional to their relative cost (1). The world economy has now seen vaccines deployed as a geopolitical weapon. One significant concept that has emerged recently is the concept of vaccination imbalance. This issue is a phenomenon that describes the competition between dozens of “rich” countries to obtain deals with pharmaceutical corporations to assure vaccines for their populations; therefore, limiting the supply of vaccines for less fortunate countries that lack the same bargaining power (2). A vaccine imbalance will obstruct the global economy's inclusive recovery. No region can be considered safe unless all areas are considered safe. The rapid spread of COVID-19 variations globally necessitates concerted action among countries to ensure that global vaccination is timely, equitable, and inclusive (3).

However, reactivating the economy is impossible until the pandemic is brought under control. Simultaneously, when the economy recovers, the probability of transmission increases. Therefore, complementarity between health and economic policies (fiscal, production, and social) is critical for containing the epidemic and starting the economic reactivation process. Although the concept of health-economic interconnectedness is not new, the COVID 19 pandemic has amply proved this relationship. This interconnectedness is a structural problem for governments. It necessitates the adoption of long-term policies that foster virtuous health and growth dynamics. Sustainable economic growth is critical for the health and wellbeing of individuals. Simultaneously, safeguarding and promoting the population's health should serve as the foundation for a long-term growth and development strategy.

Although vaccine implementation is patchy it is gaining momentum. Emerging statistics demonstrate that economic activities have increased and partially adjusted to pandemic constraints in many areas of the global economy (4). Government stimulus is projected to significantly stimulate economic activity. However, possibilities for sustained growth vary significantly by country and sector. They are contingent on vaccinations being distributed fairly to all countries.

Countries that have been proactive in vaccinating their citizens against the COVID-19 and successfully controlling infections through good public health policies have seen a faster recovery of their economies. The global job market is improving, including services, such as tourism. However, while vaccination rates increase in many developed economies, they fall behind in developing and emerging economies. Even in developed countries, there is considerable disparity in the vaccine rollout. In the OECD countries, for example, the share of people who have been fully vaccinated reached over 90% in Portugal and Chile. They are only 50% in Slovakia and <60% in Poland. This discrepancy underscores the importance of all countries and areas benefiting from a stronger, more rapid global economic recovery which can only be achieved if there is balance in vaccine rollout and administration.

Emergencies involving public health (the COVID-19 pandemic) necessitate the rapid, efficient, and large-scale distribution of crucial medical interventions. Paramount among these interventions are vaccines, drugs, and therapeutics (5). Their distribution is complicated and necessitates careful planning and coordination from global government, private institutions, and multi-agency departments. The OECD (2) suggests that although there has been some progress in the vaccination rollout against COVID-19, the emergence of variations threatens the speed of economic recovery, demonstrates the fragility of the World's prosperity, and emphasizes the importance of developing a more resilient and sustainable growth and development paradigm. The OECD (3) also submits that the critical first step in ascending the path of sustainable growth post-COVID-19 pandemic is to improve the global immunization program's uptake, efficiency, effectiveness, coordination, and equity.

However, the uptake and dispensing of vaccines quickly and efficiently is a top shared international goal among the OECD community during public health emergencies. Vaccinating a large percentage of the population is critical in order to effectively contain the pandemic and avert further deaths, however due to the novelty of the virus there is still a lot of regional learning gap that impedes the formation of formidable regional alliance to combat the pandemic. Indeed there are several ways the effectiveness of a vaccine regime can be approached but earlier convergence hypothesis (6) suggests that policies are better channeled to converging clubs in order to magnify policy effectiveness (7, 8). Additionally, the multifaceted nature of dispensing and local coordination to manage the COVID 19 outbreak has been paramount. Importantly, lack of cohesion and unison in regional policy thrust has been evident as countries have taken largely individualistic approaches to addressing the pandemic other than united arsenal of policy actions. These problems point to the fact that a lack of convergent or divergent view of the problem might have provided a guided approach to solving the pandemic issues in the OECD. With the wide disparity of vaccination intent globally1, there is a clear gap in understanding the convergence of efficient vaccination uptake (2).

This paper examines the convergence of vaccination among OECD countries in response to the COVID-19 pandemic and investigates unifying factors among similar clubs. We adopt the club convergence econometric methodology introduced by Phillips and Sul (9, 10) to investigate the club convergence paths of COVID-19 vaccination rates in OECD regions. It is particularly instructive to study the convergence of vaccination rates to isolate policies that lead to a more efficient vaccination rate within the OECD. Health policy choices might undoubtedly influence long-term economic development. Still, such concerns are rarely explicitly included in vaccination analysis. They are also likely to fall outside of the planning horizon of the policymakers, especially because of the seasonality effects of pandemics, like the COVID-19.

The remainder of the paper proceeds as follows—section Related Literature reviews relevant literature. Section Econometric Methodology specifies the methodology. Section Empirical Results discusses the results. Section Conclusion concludes.



RELATED LITERATURE

Studies have shown the importance of vaccines and vaccination programs for economic development (11–14). However, the literature suggests that convergence studies on health expenditures (vaccine and vaccinations inclusive) are necessary to analyze countrie's differentials in health outcomes.

Neoclassical growth theory is used to explain economic convergence. According to the hypothesis, countries with similar desires and technology will eventually reach a steady-state level of wealth per capita. Developing countries grow faster than rich countries, eventually catching up. Since health spending rises as income rises and health spending may also converge when incomes rise in different countries, it is assumed that we can find similarities in health policies of countries in the same club convergence. The literature on health expenditure convergence between countries has been motivated by this assumption.

Furthermore, the literature has focused broadly on health expenditure convergence (15–19). However, Islam et al. (20) and Zhai et al. (21) argue that evidence from the current COVID-19 pandemic indicates that illness severity and case fatality rates vary significantly around the globe and thus a greater knowledge of the COVID-19's epidemiological characteristics, particularly why certain populations are more susceptible, might aid in the successful control of this pandemic. Against this backdrop, this paper investigates vaccination convergence of COVID-19 among the OECD nations by accentuating policies that promote vaccination efficiency within the co-operation.

Lanzavecchia et al. (22) suggest that Chile, an OECD country, astonished the globe with a high COVID-19 immunization rate. Despite this, incidents hit a new peak in April 2021, prompting the country to declare a state of emergency. There are numerous, complex, and interwoven reasons behind this. The resurgence appears to be caused by a false sense of security at the start of vaccination, the introduction of novel, more transmissible variations, too early relaxation of non-pharmacological precautions before herd immunity threshold. The political background and socioeconomic inequality in Chile, on the other hand, play a significant role and are more difficult to measure and compare with other nations. Finally, the Chilean example serves as a reminder not to rely just on vaccination rates to limit the pandemic but also to keep some of the earlier non-pharmaceutical tactics in place.

Similarly, Chen (23) submits that vaccination rates and efficiency vary widely. As of May 24, 2021, the fraction of the population fully vaccinated against COVID-19 in some nations had surpassed 50%. The uptake is as low as <1% in many other countries. Currently, the literature attempting to explain the wide global disparity in COVID-19 vaccination efficiency is still budding. None approaches the problem with a club convergence methodology. However, Chen (23) investigated the variations in the uptake of COVID-19 vaccinations in attacking the spread of the virus. As nations in the globe have yet to achieve herd immunity, several countries were chosen as test cases based on the following criteria: more than 60 vaccination doses per 100 individuals and a population of more than one million people. Israel, the United Arab Emirates, Chile, the United Kingdom, the United States, and Qatar were chosen as the seven countries. The study contends that vaccination has a significant impact on lowering illness rates in all nations.

Furthermore, the findings suggest that the infection rate after immunization, on the other hand, showed two distinct patterns. One is an L-shaped trend, while the other is an inverted U-shaped trend. When the vaccination rate reaches 1.46–50.91 doses per 100 individuals in nations with an inverted U-shaped pattern, the infection rate declines.

For brevity, we find that many more studies (24–26) that towed this line of philosophy generally suggest that vaccination uptakes are useful for stemming down infection rates; however, these studies fail to extant juxtapose the health policies that have proved successful in the face of individual countries' vaccination roll out and to isolate similarities in policies that promote vaccination efficiency. One econometric way to solve this problem is to analyze the phenomenon via the lenses of club convergence (27, 28).

Kong et al. (29) expatiated that the idea of relative convergence, which states that the ratio of two-time series must eventually converge to unity, explains why series exhibit converging behavior when they share typically divergent stochastic or deterministic trend components. This form of relative convergence may not always hold when series exhibit similar time decay patterns as evaluated by evaporating rather than diverging trend behavior. To account for convergent behavior in panel data that do not contain stochastic or divergent deterministic trends, the study developed the concept of weak convergence, which refers to the process through which cross-section variation in the panel diminishes with time. The research formalizes this concept and presents a straightforward linear trend regression test for the null hypothesis of non-convergence. The test's asymptotic qualities are developed under general regularity constraints and using a variety of data generation procedures. Simulations demonstrate that the test has an acceptable level of size control and discriminatory power. The approach is used to investigate whether the idiosyncratic components of 46 disaggregated personal consumption expenditure price inflation items converge over time, with substantial evidence of poor convergence in these data. In a second application, the method is used to determine if experimental data from ultimatum games converge over subsequent rounds, with the method again demonstrating weak convergence. A third application examines the convergence and divergence of unemployment data for the United States of America from 2001 to 2016.

Karakaya et al. (30) also examine the primary driving forces behind the EU's material use in the situation of heterogeneity across member states, with a particular emphasis on the comparison of domestic material consumption (DMC) and material footprint (MF). To accomplish this, they first divide nations into numerous clubs based on the time-varying behavior of two material use indicators and then examine the degree of heterogeneity among EU member states. Second, they apply the logarithmic mean Divisia index (LMDI) decomposition analysis to determine the primary driving reasons behind DMC and MF changes and examine the material use features unique to each club. The empirical findings indicate that the EU member states do not converge to a single steady-state level and that both indicators exhibit multiple equilibria. Since the number of clubs per capita DMC was bigger than the number of clubs per capita MF, the income impact had the highest effect on material consumption, and next on the population effect. The authors submit that the number of effects varied greatly between clubs.

Ulucak and Apergis (31) examined the convergence of the per capita ecological footprint using annual data for the EU member states from 1961 to 2013. The authors employed the club clustering technique, and the empirical evidence demonstrates the existence of certain convergent clubs. Their empirical findings shed light on the disparities in environmental quality and the EU member's awareness tactics each club must employ. They identify that ignorance about the ecological footprint's importance in the health of our ecosystems has the potential to have unintended and detrimental consequences for the future. They argue that their findings have major policy implications for energy and environmental regulators and that nations must adopt innovative techniques that significantly contribute to a sustainable growth process while maintaining high qualitative environmental standards.

Following Barro and Sala-i-Martin (32), convergence studies have received copious attention in a variety of fields of macroeconomic theory. When employing various empirical techniques, there are numerous consequences for convergence, including time series, cross-sectional, and panel data. Most of the literature utilizes that convergence regression through an economic growth equation within Solow's (33) neoclassical growth theory.

These studies vary in terms of the variables they examine, ranging from ecological footprints, commodity prices, public spending on health, defense, and education, to fiscal and monetary variables, foreign trade, tourism, and energy consumption (19, 30, 31, 34–37). However, studies focusing on vaccination convergence are almost non-existent to the best of our findings, although the literature is replete with healthcare expenditure convergence which forms the basis for the contribution of this paper. Indeed, the COVID-19 pandemic now urgently warrants the search for new knowledge that can take the World out of the woods via health policies that improve or sustain the efficiency of vaccination uptake.



ECONOMETRIC METHODOLOGY

To examine the club convergence paths of COVID-19 vaccination rates in OECD regions, we employ the club convergence econometric methodology introduced by Phillips and Sul (9, 10). We assume the variable represents the vaccination rates Z_itWhere i refers to the number of OECD countries with i= 1,2, …, N; t refers to the period with t = 1,2, …, T. Under a nonlinear time-varying factor model framework, Z_it can be decomposed into a common component and a time-varying idiosyncratic element as follows:

[image: image]

where [image: image]represents the time-varying common element, L(t) = log(t+1) and ωit represents a time-varying idiosyncratic element. To measure the transition path loading coefficient βit regarding the panel average, Phillips and Sul (9) propose a relative transition measure pit as follows:
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The trend element Ẑit is then extracted from Zit to be used in the computation of the transition path [image: image], as:
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The null hypothesis of convergence is tested in the below estimation equation:
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where [image: image], L(t) = log(t+1). In particular, [image: image] and [image: image] is the ordinary least squares estimate of α.

Based upon the above empirical specification, the convergence behavior can be tested via log t regressions with the null hypothesis H_0 and the alternative hypothesis H_1for all i:
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Through the utilization of the one-sided t-statistic tm, the null hypothesis of convergence cannot be rejected if tm>−1.65.

However, it is worth noting that the rejection of the null hypothesis across the panel does not inform the existence of club convergence. To further investigate the characteristics of the convergence dynamics, Phillips and Sul (9, 10) developed an econometric procedure to identify club convergence and clustering features summarized in four steps. In the first step (ordering), the N countries in the panel series are ordered based on the final observation. In the second step (core group formation): the convergence t-statistic tj is calculated for the log t regressions according to the j highest members from the panel with j should be in the range of 2 to N. The core group number is determined by the maximum value of tj with tj>−1.65. Then, in the third step (club membership): countries for membership in the core group are chosen by selecting each country individually. It is important to ensure that the convergence criterion rule is satisfied throughout the process.

Finally, in the last step (recursion and stopping), a complement group includes the countries not chosen in the core group from the third step. A log t regression is used to test the convergence behavior of the complement group. A second convergence club is formed if these countries demonstrate a convergence pattern. Alternatively, the first step to the third step is repeated to uncover possible sub-convergence groups. As a result, the vaccination rates of the remaining countries are divergent if no core group is formed as in the second step.



EPIRICAL RESULTS


Data Description

We collect the vaccination data for OECD member countries from the Coronavirus (COVID-19) international vaccination database constructed by Our World in Data provided by Mathieu et al. (38). The Our World in Data COVID-19 vaccination database adopts the up-to-date statistics from government officials and health departments across the globe.2

The dataset consists of 37 OECD member countries from March 1, 2021, to October 15, 2021.3 The vaccination rate is measured as daily vaccinations per million of the population across the list of sample countries. Table 1 outlines the country ID and code for each OECD country included in our sample. As more than 1 year just passed since the first dose of the COVID-19 vaccine in December 2020 was administered, a wave of vaccination race has initiated. It has been ongoing worldwide to end the pandemic of COVID-19. The UK administered the first fully tested vaccination manufactured by Pfizer/BioNTech at the end of 2020. The strategic plan to roll out the vaccine differs at regional, national, and international levels. For example, some regions have decided to administer the vaccine based on the vulnerability of residents. In contrast, other areas have out the rollout speed of the vaccination as a priority.


Table 1. Sample of the OECD members.

[image: Table 1]

As we can see from Table 2, the average vaccination rate varies considerably across the OECD members, ranging from the lowest value of 3460.04 in Slovakia to the highest value of 6915.48 in Chile. It can be seen that only five countries, i.e., Slovakia, Mexico, Colombia, Israel, and Latvia, remain in the group of average vaccination rates below 4,000. Moreover, most OECD countries have an average vaccination rate of 4,000-6,000. Seven countries, i.e., Japan, Denmark, Spain, Canada, Portugal, Iceland, and Chile, achieve a vaccination rate above 6,000 on average.


Table 2. Average vaccination rate per country.

[image: Table 2]

Table 3 further elaborates the details of descriptive statistics of average vaccination rates across the OECD countries. It can be seen that across the panel of 37 countries in the OECD region, the mean value of the vaccination rates is 5263.59, which is above the average vaccine rates of 16 countries included in the sample. Furthermore, the standard deviation of the cross-country vaccination rates is 939.704, which indicates a significant amount of volatility. We believe this is due to the fact that the average vaccination rate varies considerably as it ranging from 3460.04 in Slovakia to 6915.48 in Chile.


Table 3. Descriptive statistics.
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Since we are also interested in the time-evolving trend of vaccination rates in the OECD regions, Figure 1 depicts the median value across the panel of 37 OECD member countries during the sample period between March 1, 2021, and October 15, 2021. It is seen that the median vaccination rate increased steadily from the beginning of March and reached a peak over the summer period of 2021. However, it is found that the median vaccination rate started to drop in the second half of 2021 and reverted to below the initial level with a value of slightly above 2000 at the end of the sample period.


[image: Figure 1]
FIGURE 1. Dynamics of median vaccination rate over time. Source: author's calculations.




Convergence of the Vaccination Rates in OECD Regions

As described in the methodology section, we employ the algorithm proposed by Phillips and Sul (9, 10) to formally test the convergence pattern and detect potential clustering clubs of OECD member countries. We present the results of convergent and non-convergent countries in Table 4.


Table 4. Convergence pattern of vaccination rates in 37 OECD countries.

[image: Table 4]

As shown in the first row of Table 4, the t-statistic of−12.22 is < −1.65, indicating that the null hypothesis of convergence is rejected at the 5% level for the full sample of countries. As we can see from the rest of Table 4, seven convergent clubs are formed between March 1, 2021, and October 15, 2021. More specifically, club one consists of Australia, Chile, Costa Rica, Iceland, Israel, Japan, New Zealand, South Korea, Turkey. The third row of Tables shows that the t-statistic is−0.213, >-1.65, implying that the eleven countries of Canada, Colombia, Finland, France, Italy, Latvia, Lithuania, Mexico, Sweden, Switzerland, and the United States is formed as the second group.

Interestingly, club three to seven is composed of two countries, respectively. In particular, club three includes Germany and Greece, while club four comprises Luxembourg and Poland. Furthermore, Austria and Estonia are in group five, while the Netherlands and the United Kingdom are included in group six. Group seven includes two countries in Central Europe: Czechia and Slovakia. Finally, the t-statistic in the last row of Table 4 is −105.408, which provides empirical evidence that a group of seven countries comprises Belgium, Denmark, Ireland, Norway, Portugal, Slovenia, Spain shows no sign of convergence.

According to the study of Cakmakli et al. (39), worldwide income can be raised by 9 Trillion USD through the acceleration of recovery from the COVID-19 pandemic, with an approximate income increase of 4 Trillion USD contributed to developed economies. Given the vast advantage of the faster progress toward the rollout of vaccination, OECD member countries must collaborate and use their comparative advantages. For instance, the countries in the OECD region that possessed the capacity of vaccine development and manufacturing should cooperate with the OECD member countries with advanced logistics and supply chain systems to allow for an efficient distribution of vaccination. In addition, the existence of non-converging countries might arise from inequitable access to the vaccine, which calls for policy support to tackle this challenge.

We further examine any possible club merging and reports the results in Table 5. The log t regression test for all pairs of adjacent clubs shows that t-statistic is consistently < -1.65 in columns 2 to 8 of Table 5, indicating that the null hypothesis of convergence is rejected at the 5% level. No adjacent subgroups can be merged into a larger club.


Table 5. Test of club merging.
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CONCLUSION

Vaccines are essential to create a more resilient economic growth model. Ending the COVID-19 pandemic requires a more coordinated, effective, and equitable distribution of vaccines across the countries. Therefore, governments are in a race to increase the vaccination rates of the population. Given this backdrop, this paper analyses the convergence patterns of daily vaccinations per million data in 37 OECD countries from March 1, 2021, to October 15, 2021. The paper examines the stochastic properties of the vaccination rates. The results indicate a significant seven convergence clubs. At the same time, seven countries demonstrate non-convergent characteristics, which raises questions about ineffective vaccine balance.

Significant factors are contributing to countries' ineffective vaccine balance: myths, religion, and even skepticism and mistrust issues. Suspicion and fear about vaccination are widespread, particularly among certain “marginalized” groups in developed countries. In developing countries such as Asia and Africa, vaccine distrust is sometimes associated with “Western plot” ideas, which assert that vaccines are used to sterilize or infect non-Western cultures. Therefore, the OECD governments must provide region-specific policy and facilitate a smooth vaccine rolling out to ensure speedy vaccination progress. Future papers can focus on the determinants of the vaccination rates in OECD countries.
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FOOTNOTES

1The two lowest are 17% in Russia,19% in Japan, and the highest are 72% in Brazil and 67% in the United Kingdom.

2The data sources and types of vaccines used in each member country in OECD regions can be from https://ourworldindata.org/COVID-vaccinations.

3Hungary is excluded since there are many gaps in the data.
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The digital economy is considered as an effective measure to mitigate the negative economic impact of the Corona Virus Disease 2019 (COVID-19) epidemic. However, few studies evaluated the role of digital economy on the economic growth of countries along the “Belt and Road” and the impact of COVID-19 on their digital industries. This study constructed a comprehensive evaluation index system and applied a panel data regression model to empirically analyze the impact of digital economy on the economic growth of countries along the “Belt and Road” before COVID-19. Then, a Global Trade Analysis Project (GTAP) model was used to examine the impact of COVID-19 on their digital industries and trade pattern. Our results show that although there is an obvious regional imbalance in the digital economy development in countries along the “Belt and Road”, the digital economy has a significantly positive effect on their economic growth. The main impact mechanism is through promoting industrial structure upgrading, the total employment and restructuring of employment. Furthermore, COVID-19 has generally boosted the demand for the digital industries, and the impact from the demand side is much larger than that from the supply side. Specifically, the digital industries in Armenia, Israel, Latvia and Estonia have shown great growth potential during the epidemic. On the contrast, COVID-19 has brought adverse impacts to the digital industries in Ukraine, Egypt, Turkey, and the Philippines. The development strategies are proposed to bridge the “digital divide” of countries along the “Belt and Road,” and to strengthen the driving effect of the digital economy on industrial upgrading, employment and trade in the post-COVID-19 era.

Keywords: digital economy, economic growth, trade pattern, COVID-19, countries along the “Belt and Road”


INTRODUCTION

Digital technologies, typically represented by the Internet, big data, 5G, artificial intelligence, accelerate the deep integration with industries, bringing the world into the era of digital economy (1). Since the “Belt and Road” initiative was proposed, the digital economy has also gradually become a crucial cooperation area for the countries (2). During the 4th World Internet Conference in 2017, the “Belt and Road” Digital Economy International Cooperation Initiative was launched, which aimed to build an interconnected “digital silk road” and to create a “community of interests and destiny” (3). The digital economy can further optimize the industrial structure and increase jobs through information and communications technologies (ICT), Internet and other intelligent means, greatly improving the economic development in countries along the “Belt and Road.” In particular, the digital economy has played an active role in mitigating economic losses and promoting economic recovery during the fight against Corona Virus Disease 2019 (COVID-19). Specifically, COVID-19 brought serious shocks to the world economy by directly affecting production, disrupting the supply chain and having an adverse impact on firms and financial markets (4–7). Additionally, the stringency measures implemented by policymakers to minimize social mobility also decrease macroeconomic activity (8). On the contrast, the digital economy, with its advantages of high technology and integration with other industries, has become a new opportunity for digital transformation of industries. Compared with the real economy, digital technologies, industries and services play an important role as stabilizers, lubricants and boosters (9). Thus, they are considered as important measures to combat the crisis and engines to drive economic growth. However, the digital economy development in countries along the “Belt and Road” still varies greatly, resulting in their inequitable access to digital development opportunities. Therefore, with the trend of digital transformation in the post-COVID-19 era, it is necessary to assess the digital economy development in countries along the “Belt and Road,” reveal its impact mechanism on economic growth and clarify the impact of COVID-19 on digital economy-related industries. This can provide a policy reference for further strengthening the digital economy cooperation of countries along the “Belt and Road” in the post-COVID-19 era and narrowing the “digital divide” with developed countries.

Considering that the global economic governance is entering the post-COVID-19 era along with the digital transformation, this paper attempts to study the mechanism of the impact of digital economy on economic development and explores the development strategies in the post-COVID-19 era. With the rise of emerging technologies such as big data, cloud computing, and the Internet of Things, ICT is gradually considered as the “engine” for economic development (10–12). However, from the existing studies, there is no consistent conclusion about the impact of the digital economy on the national economy. Some scholars argued that the development of the digital economy could improve the efficiency of factors such as capital and labor, thus contributing to economic growth (13, 14). In addition, the digital economy, as an emerging development model, represents a change in the way of economic growth, which will have a positive impact on the employment and industrial structure, thus affecting the economic development (14). However, other scholars argued that the cost of ICT development and use is expensive due to the lack of infrastructure, especially for less developed countries (15). Therefore, there is a wide divergence of conclusions related to the digital economy on economic development, and research on the impact mechanism of the digital economy on economic development is very limited. After the outbreak of COVID-19, the role of the digital economy on economic recovery has further attracted the attention of scholars. It has been documented that COVID-19 prompted a rapid shift of consumer demand online, creating opportunities for emerging digital industries (16, 17). These online services can reduce the movement of people, reduce the risk of epidemic transmission, and also contribute to stable economic growth. However, current research is still dominated by qualitative analysis, and quantitative assessment of the impact of COVID-19 on the digital economy is less available.

Based on the existing literature, we find that the relationship between the digital economy and the economic development remains ambiguous, and the impact mechanism needs to be further investigated. In addition, few studies have assessed how much COVID-19 has impacted the digital economy across countries along the “Belt and Road.” Therefore, it is not clear how the digital economy of these countries should develop in the future. To this end, this paper made the following contributions to address the current research gap: First, this paper establishes a comprehensive index system to reflect the differences in digital economy infrastructure, openness, innovation environment and competitiveness among countries along the “Belt and Road.” Second, a panel data regression model and a mediating effects model are used to reveal the impact mechanism of the digital economy on the economic growth through the adjustment of industrial structure and improvement of employment before COVID-19. This can provide historical experience and evidence for the use of the digital economy to promote high-quality economic growth in countries along the “Belt and Road.” Finally, the Global Trade Analysis Project (GTAP) model is used to examine the opportunities or challenges brought by the supply-side and demand-side impacts of COVID-19 to the digital industries. This will provide policy insights to better utilize the digital economy development opportunities to mitigate economic losses and promote the transformation of digital industries in the post-COVID-19 era.

The remainder of this paper is organized as follows. Section Literature Review conducts a review of literature related to the impact of digital economy. Section Measurement of Digital Economy Development measures the digital economy development in countries along the “Belt and Road.” Section Digital Economy's Impact Before COVID-19 examines the mechanism of the impact of the digital economy on the economic growth of countries along the “Belt and Road” before COVID-19. Section COVID-19's impact on digital economy discusses the impact of COVID-19 on the digital economy and trade patterns. The final section is Conclusions and Policy Implications.



LITERATURE REVIEW

In recent years, the digital economy has become a new economic form after the agricultural and industrial economies (14). The concept of the digital economy was first proposed by Tapscott (18), who indicated that the age of networked intelligence is not only about the networking of technology, but about the networking of humans through technology. The integration of digital and network technologies has made the digital economy prominent in economic and social activities; thus its connotation has become richer. Mesenbourg (19) defined the digital economy in terms of three components: e-business infrastructure, e-business and e-commerce. Other scholars considered the digital economy as a dynamic process instead of static efficiency (20). In recent years, the digital economy was defined as a wider than modest digitizing segment, and its general meanings integrate all the digitally-oriented economic activities (21, 22). For instance, the Organization for Economic Co-operation and Development (OECD) described the concept of the digital economy as “the digital transformation of economic and social development” and considered all traditional industries in the process of digitization and networking as part of the digital economy (23). The G20 Digital Economy Development and Cooperation Initiative further defined the digital economy as “a broad range of economic activities that include using digitized information and knowledge as the key factor of production, modern information networks as an important activity space, and the effective use of ICT as an important driver of productivity growth and economic structural optimization” (24). Therefore, the ambiguous definition of digital economy leads to its inconsistent measurement index system.

Previous studies have shown that the digital economy is considered the main driver of economic growth in both developed and developing countries (25, 26). The digital economy mainly based on ICT helps to increase capital and labor productivity and to obtain goods and services at lower prices (13). For example, Seo et al. (27) developed a cumulative growth model to examine the positive relationship between ICT investment and economic growth in 29 countries and found that countries with relatively low levels of productivity could take advantage of the knowledge spillover effects of ICT to close the gap with developed countries. Vu (10) also found that ICT can increase the output by facilitating technology innovation, improving the quality of decision-making, and reducing production costs. With the rapid development of digital technologies such as ICT, more and more scholars have focused on the role of the digital economy on consumer surplus (28), e-commerce supply chain (29), and smart cities (30). Especially after the outbreak of COVID-19, the role of the digital economy on economic recovery has attracted the attention of scholars. Some scholars suggested that the digital economy played a hugely positive role in pandemic prevention and control, value-added distribution in global value chains, and economic development (31). During the COVID-19 pandemic, digital services received a large portion of the resources reallocated from traditional industries, which became a strong driver for accelerated growth (32). In addition, Jiang (33) found that digital technologies not only empowered pandemic response strategies in the short term but also served as the technological foundation for Internet-based industry and consumption in the long term. However, other scholars have suggested that the digital economy may be detrimental to economic growth, especially in the absence of economic transition (34, 35). Although COVID-19 served as an accelerator in advancing the adoption of various technologies, this process had been contested and the outcomes remained uncertain (36).

It can be seen that in the post-COVID-19 era, developing the digital economy can be both a “booster” for the regional economy and a threat to other sectors. Based on the existing literature, this paper identified some research gaps in the current literature. First, the definition of the digital economy has not yet been reached a consensus, and its index system is inadequate. While the existing literature focuses on analyzing the impact of ICT on economic development in terms of the number of Internet users, fixed broadband Internet users, and mobile subscribers. These indicators cannot fully reflect the broader connotations of the digital economy. Moreover, studies have mostly explored the role of digitalization on economic development and provided ambiguous conclusions. However, few studies have focused on the impact mechanism of the digital economy on the economic growth of the countries along the “Belt and Road.” The digital economy is gradually becoming an important area of cooperation for countries along the “Belt and Road.” Analyzing the impact mechanism of the digital economy on their economic growth can provide a reference for the economic recovery and growth in the post-COVID-19 era. More importantly, although some scholars have realized that the epidemic has brought new opportunities and challenges to the digital economy, fewer studies have quantitatively assessed the impact of COVID-19 on the digital economy of countries along the “Belt and Road.”



MEASUREMENT OF DIGITAL ECONOMY DEVELOPMENT

In order to assess the impact of digital economy development on the economic growth of countries along the “Belt and Road” before COVID-19, this paper needs to measure the digital economy development of these countries. First, we build a comprehensive evaluation index system based on the concept and characteristics of digital economy from three dimensions: digital economy infrastructure, digital economy openness, and innovation environment and competitiveness required for digital technology development. Then the factor analysis and principal component analysis are used to calculate the weights and comprehensive scores of digital economy indicators from 2009 to 2019. Furthermore, the differences in digital economy development in countries along the “Belt and Road” before COVID-19 are analyzed.

This study refers to Belt and Road Portal (https://www.yidaiyilu.gov.cn/index.htm), and divides the countries along the “Belt and Road” into seven plates according to their geographical locations, including China, 5 countries in Central Asia, 2 countries in North Asia, 8 countries in South Asia, 11 countries in Southeast Asia, 19 countries in Central and Eastern Europe, and 19 countries in West Asia and the Middle East (see Appendix Table 1). This study selects 31 countries along the “Belt and Road,” owning to the data availability and sample representativeness.


Selection of Evaluation Indicators

Before establishing the digital economy development index system, we need to define the concept of digital economy. According to the existing literature, the digital economy in the narrow scope refers to the information technology (IT) or ICT sector producing foundational digital goods and services (37), and the digital economy in a broad scope integrates all the digitally oriented economic activities, which takes the digitization of ICT as a pivotal production factor, uses modern information and communication infrastructure as a carrier, and provides products or services with digital technologies (21, 38). Therefore, the index system of digital economy development is constructed on the broad concept and the necessary conditions required for its development. Referring to the studies of Ershova et al. (39), Kuzovkova et al. (40), Ashmarina et al. (41), Szeles and Simionescu (42) and considering the availability of data, this paper selects indicators from three dimensions: digital economy infrastructure, digital economy openness, and digital technology innovation environment and competitiveness. This index system can reflect the development of ICT technology and industry, as well as the factor endowment conditions and innovation environment required for the development of digital economy. Among them, digital economy infrastructure mainly reflects the foundation and applications of digital technology; innovation environment and competitiveness reflect the R&D capacity and environment in the field of digital economy; digital economy openness reflects the international competitiveness of products produced by digital industry. Each dimension is composed of specific indicators (see Table 1).


Table 1. Comprehensive evaluation index system of digital economic development.
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(1) The first category of indicators mainly reflects a country's digital economy infrastructure and applications, including secure Internet servers (per million people) (X2), fixed broadband subscriptions (per 100 people) (X7), fixed telephone subscriptions (per 100 people) (X8), Mobile cellular subscriptions (per 100 people) (X10), and Individuals using the Internet (percentage of population) (X9).

(2) The second category of indicators measures the development of a country's ICT industry and its international market share, and also reflects the degree of outward orientation of the digital economy. It includes two indicators: high-tech exports (percentage of the manufactured goods exports) (X3) and ICT product exports (percentage of total product exports) (X4).

(3) The third category of indicators reflects the innovation environment and competitiveness of a country's digital technology, including enrollment in higher education institutions (percentage of total population) (X1), R&D expenditures (percentage of GDP) (X5), venture capital availability(X11), and availability of the latest technologies (X6). The production factors in the digital economy are not only capital and labor, but R&D investment embodied in digital information and specialized technical talents who master digital knowledge. Therefore, this paper considers higher education enrollment and R&D expenditures as factors reflecting the human capital and innovation competitiveness required for the development of the digital economy. Venture capital availability and latest technology availability reflect the suitability for innovation and the transformation of new technological achievements. The higher the availability of venture capital, the more conducive to the innovative activities in the digital economy. Availability of latest technologies reflects a country's innovation transformation rate and the business environment. Without a favorable business environment, it is not necessary to expect “digital dividends” and realize all the opportunities offered by digital technologies.



Calculation Results of Digital Economy

We use the index system in Section Selection of evaluation indicators to measure the digital economy development of countries along the “Belt and Road.” Each indicator value is multiplied by the corresponding weight and summed up to obtain a country's comprehensive score of digital economy. First, the data related to digital economy indicators are standardized, then Pearson correlation test, Kaiser-Meyer-Olkin (KMO) and Bartlett's sphericity test are performed to determine whether the data are suitable for factor analysis. Second, factor analysis is performed on the data of each indicator using the maximum variance rotation method to extract the top three principal components whose cumulative contribution of variance exceeded 70%. Finally, the factor loading matrix is calculated using principal component analysis to obtain the scores of the three principal factors. The variance contribution rate corresponding to each principal factor is used as the weight to obtain the comprehensive digital economy score of each country. Countries with scores of 70 and above are considered to have a high level of digital economy development; scores of 30–70 are at a medium level; scores below 30 indicate that the development of digital economy is lagging behind.


Indicator Correlation Test

The digital economy-related indicators must be standardized and given reasonable weights, and then the selected indicators are multiplied by the corresponding weights and added up, through which the digital economic development scores of countries along the “Belt and Road” can be calculated. This study uses factor analysis to determine the intrinsic correlations and weights of 11 indicators and applies SPSS22.0 software to conduct a Pearson correlation test, as well as KMO and Bartlett's sphericity test on the 11 indicators to determine whether the data selected in this study is suitable for factor analysis. According to the results of the Pearson correlation test, the 11 selected indicators are significantly correlated, meeting the requirements of factor analysis. In addition, the KMO statistic value is 0.704, which is >0.7. Moreover, Bartlett's sphericity test shows that the hypothesis of independence of each variable is not true (P = 0.000), indicating that factor analysis method should be used to weight the indicators.



Principal Component Analysis

The existing studies mainly used principal component analysis and entropy weighting method to measure each dimensional index, and then synthesized a comprehensive index of digital economic development. The entropy weighting method is an assignment method to objectively determine the weights based on the magnitude of variation of the indexes. However, in the evaluation index system, there may be a correlation among the indicators. Therefore, the traditional entropy weighting method has the problem of duplication of assignments, which leads to biased evaluation results. The principal component analysis method is able to screen out the main independent composite factors from many variables, which retains the original information while making them uncorrelated with each other. It is currently widely used in the construction of composite indicators for ICT and digital economy (12).

First, factor analysis is performed on the 11 indicators using the maximum variance rotation method to obtain three principal components with eigenvalues >1 and reflecting more than 70% of the data information (the cumulative contribution of variance is 70.08%). Secondly, the factor loading matrix is calculated using the principal component method. The initial unrotated factor loading matrix Ai is shown in Table 2.


Table 2. Initial unrotated factor loading matrix.
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This study uses SPSS 22.0 software to establish the principal component rotated loading matrix Ui, which has a mathematical relationship with the factor loading matrix Ai and the eigenvalue λi:

[image: image]

λi represents the eigenvalue corresponding to the i-th principal factor, reflecting the contribution of this principal factor to the total variance. The formula of Y1, Y2 and Y3 for the three principal components are obtained by multiplying Ui with the standard value (Zxi) of the 11 variables:
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Finally, the proportion of the corresponding eigenvalues to the three principal components to the total eigenvalues is taken as the weight to calculate the comprehensive scores, which is shown as follows:

[image: image]

In this study, the comprehensive scores of each country in 2009–2019 are standardized and converted into values in the 0–100 interval. The standardization formula is presented as follows:

[image: image]

In the above formula, Xi represents the original comprehensive score of country i; Xmax and Xmin represent the maximum and minimum scores of all countries, respectively. The calculation results are shown in Table 3.


Table 3. Comprehensive scores of digital economic development indicators of countries along the “Belt and Road” from 2009 to 2019.
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Analysis of Digital Economy Indicators

As shown in Table 3, the development of digital economy in countries along the “Belt and Road” showed an upward trend from 2009 to 2019. Most of the top 10 countries in the list are located in East Asia, Southeast Asia and Central and Eastern Europe, but not in South Asia and Central Asia. This suggests that there is an obvious regional imbalance in the digital economy development in countries along the “Belt and Road.” Although the comprehensive score of China's digital economy ranked sixth in the list, the score increased rapidly in 2009–2019. This indicates that in recent years, China has paid more attention to the digital economy, deepening the popularization and application of information technology. Therefore, the international competitiveness of digital economy industry has been gradually improved. According to the degree of digital economy development, the countries along the “Belt and Road” can be divided into the following three categories:

(1) Singapore, Israel and Malaysia were ranked in the top three countries along the “Belt and Road” in terms of comprehensive scores of digital economic development, with scores above 70 in 2019. Among them, Singapore ranked first, primarily because of its high scores on the three main components: the availability of the latest technology, the penetration of fixed broadband and the proportion of Internet users. This shows that Singapore has well-established information infrastructure, advanced information and communication technologies and high popularity and openness of digital economy.

(2) Estonia, Czech Republic, China, Vietnam, etc. had comprehensive scores of 30 to 70 in 2019. This indicates that the development of digital economy in these countries needs to be further strengthened. These countries had good performance in the fixed telephone penetration and mobile phone penetration, but other indicators were weak. Therefore, these countries still need to improve the digital economy infrastructure, and introduce favorable digital infrastructure policies to promote scientific and technological innovation, providing strong guarantees for the realization of high-quality development of digital economy.

(3) Armenia, Ukraine, Mongolia, India, Egypt, Moldova, Kyrgyzstan, and Pakistan were relatively backward in digital economy, with comprehensive scores <30 in 2019. Most of these countries are located in West Asia, Central Asia and South Asia. The infrastructure, professional talents, ICT capabilities and digital technology innovation environment required for the development of digital economy are seriously lacking in these countries. This indicates that there is a serious “digital divide” among the countries along the “Belt and Road.” Therefore, the countries that are lagging behind in the digital economy need to strengthen cooperation with others along the “Belt and Road” to make up for the shortcomings in the infrastructure and technological innovation capabilities.




DIGITAL ECONOMY'S IMPACT BEFORE COVID-19

Based on the comprehensive scores of digital economy measured in Section Measurement of digital economy development, we use a panel data regression model and a mediating effects model to empirically test whether the digital economy played a significant role in promoting the economic growth of countries along the “Belt and Road” in the decade before COVID-19, and if so, what is the mechanism of this positive effect. This will help to further clarify the importance of digital economy development in the economic growth of countries along the “Belt and Road” and its impact path. It can also provide historical experience and evidence for taking the digital economy as an important stabilizer and booster for effective coordination of pandemic control and economic development in the post-COVID-19 era, thus promoting high-quality economic growth in countries along the “Belt and Road.”


Data Sources and Statistical Description

This study uses the panel data of 31 countries along the “Belt and Road” from 2009 to 2019. The meaning and statistical description of the variables are shown in Table 4, including the dependent variable, the core independent variable, the mediating variables and the control variables. All variables are obtained from the World Bank database, except for the digital economy development scores, which are calculated from the previous section.


Table 4. Meaning of variables and statistical description.
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(1) The dependent variable. In this study, the logarithm of GDP per capita of the countries along the “Belt and Road” is taken as the dependent variable. The maximum value of the logarithm of GDP per capita of the countries along the “Belt and Road” is 10.99, the minimum value is 6.78, and the standard deviation is 1.04, indicating that the economic development level of these countries varies greatly. Among them, GDP per capita of Singapore, Israel, Cyprus, Slovenia, and the Czech Republic is higher than other countries, while that of India, Vietnam, Pakistan and Kyrgyzstan is below the mean value.

(2) The core independent variable. In this study, the digital economy development scores of countries along the “Belt and Road” are taken as the core independent variable. The average digital economy development score of these countries is 32.64; the maximum value is 100; the minimum value is 0; the standard deviation is 17.98, indicating that the digital economy development level of countries along the “Belt and Road” also varies greatly.

(3) Mediating variables. In order to investigate the impact of digital economy on the economic growth of countries along the “Belt and Road” through the effect of industrial structure, the total employment and employment structure, the proportion of value-added of service industry to the total value-added, unemployment rate and the proportion of service industry employment to the total employment are selected as mediating variables in this study.

(4) Control variables. Drawing on Habibi and Zabardast (43) and Myovella et al. (44), the following control variables are selected in this study: gross fixed capital formation as a share of GDP, annual inflation rate as measured by the consumer price index, total imports and exports as a share of GDP, net foreign direct investment inflows as a share of GDP, and government consumption expenditure as a share of GDP. These control variables simultaneously affect GDP per capita of countries along the “Belt and Road,” and must be controlled in the regression model to mitigate the bias caused by omitted variables.



Model Setting

The impact of digital economy development on GDP per capita of countries along the “Belt and Road” is empirically examined by establishing a panel regression model:

[image: image]

where gdppcit is GDP per capita of country i in period t, included in the regression equation in logarithmic form; digecoit is the digital economy development score of country i in period t; capitalit is the gross fixed capital as a share of GDP of country i in period t; inflationit is the annual inflation rate measured by the consumer price index of country i in period t; openit is the trade openness of country i in period t, measured by the total imports and exports as a share of GDP; FDIit is the share of net FDI inflows in GDP of country i in period t; governit is the share of government consumption expenditure in GDP of country i in period t; ui is an individual fixed effect; vt is a time fixed effect; εit is a random error term.

It is necessary to choose the appropriate regression model when processing panel data. Three forms of panel data regression models are usually chosen: pooled regression model (Pool), fixed effects regression model (FE), and random effects regression model (RE). The first step is to validate the model using the pooled regression model and use the F-test to determine whether the estimation method of pooled regression is used. The regression results show that none of the regression coefficients are significant, and the F-test results of the model reject the original hypothesis of using the pooled regression model at the 1% significance level, indicating that a variable intercept regression model should be built considering individual time characteristics. Further, the Hausman test is used to determine whether a fixed-effects model or a random-effects model is used for optimal estimation. The p-value rejects the original hypothesis that the random disturbance term is not related to the independent variables at the 1% significance level (p = 0.0000), indicating that the estimation results of establishing a fixed-effects model are optimal and most robust.

It is worth noting that the use of ordinary linear least square (OLS) estimation may have endogeneity problems, resulting in biased coefficient estimates of digital economy scores. The two-stage least squares (2SLS) and generalized method of moments (GMM) are designed to solve endogenous problems caused by omitted variables and reverse causality effects (45, 46). Some scholars suggested a reverse causal relationship between ICT and economic growth (44), and thus 2SLS and GMM techniques have been generally applied to assess the relationship between ICT and economic development (47, 48).

This study also investigates the impact mechanism of the development of digital economy on the economic growth of countries along the “Belt and Road” by selecting three mediating variables: the share of value-added of service industry in the total value-added, the unemployment rate and the share of employment in the service industry in the total employment. Among them, equations (2) and (3) are the mediating effects of the industrial structure; equations (4) and (5) are the mediating effects of the total employment; equations (6) and (7) are the mediating effects of the employment structure.
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Empirical Results and Analysis

The results show that the digital economy as an independent variable significantly contributes to the growth of GDP per capita in countries along the “Belt and Road” regardless of the inclusion of control variables (Table 5). Columns (1) and (2) report the OLS estimation results. The results in column (1) show that the regression coefficient of the digital economy is positive at 1% significance level without the inclusion of control variables, indicating that every 1-unit increase in the level of digital economy development will increase the GDP of the sample countries by 0.78%. This indicates that the development of new technologies related to the digital economy, such as the Internet and mobile communication, has a significant contribution to the economic growth of the countries along the “Belt and Road” from 2009 to 2019. The results in column (2) show that the regression coefficient of the digital economy is 0.00791 at the 1% significance level after controlling for variables such as the gross fixed capital, annual inflation rate, the total imports and exports as a share of GDP, net inflows of FDI, and the government final consumption expenditure, which means that each unit increase in the development level of the digital economy will increase the GDP of the sample countries by 0.79%. This indicates that the digital economy development has a significant contribution to the economic growth of the countries along the “Belt and Road.” The estimated results of 2SLS and dynamic differential GMM are shown in columns (3) and (4). The sign of the coefficients of the core independent variables does not change and the coefficients do not change significantly. For every 1 unit increase in the level of digital economy development, the GDP of the sample countries grows by 0.36–1.51%, indicating that the estimation results are still robust. For the GMM model, the Hansen test (Prob>chi2 = 0.627) and Arellano-Bond test for AR(2) (Pr>z = 0.444) indicate that the instruments are valid and there is no second-order autocorrelation in the difference of the random perturbation term.


Table 5. Impact of digital economy on GDP per capita of countries along the “Belt and Road.”
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Our finding is consistent with the results of most studies. For example, it was found that the contribution of the ICT-based digital economy to GDP growth mostly ranged from 0.1 to 1.0 percentage points and tended to increase after 1995 (49). Obviously, our results are in the same direction but different in magnitude from other studies, which may be due to regional heterogeneity. Although digitalization can play a great role in economic growth, its impact may depend on the level of development of a country (50). Myovella et al. (44), for example, studied the relationship between digitization and economic growth in Sub-Saharan Africa and OECD using the GMM estimation method. They found that the contribution of the Internet to economic growth in both Sub-Saharan Africa and OECD was positive. However, due to the underdeveloped Internet infrastructure, the impact on Sub-Saharan Africa is smaller compared to OECD countries. This paper is focused on the countries along the “Belt and Road,” where the infrastructure is not well-established. However, with the promotion of the “Digital Silk Road,” job opportunities have been increased and the economic structure has been optimized, thus promoting the economic development of the countries.

It is worth noting that the regression coefficients of lnopen and FDI are negative. This indicates that the increase in import and export trade and net foreign direct investment inflows as a share of GDP in the countries along the “Belt and Road” does not contribute to GDP per capita. The increase of trade openness suppressed economic growth because the degree of openness in most countries did not match the level of economic development. According to descriptive statistics, the average level of trade openness of countries along the “Belt and Road” is low. In the early stage of opening up, most of the countries export labor-intensive and resource-intensive products to generate foreign exchange due to the lack of capital. This reliance on the low-end value chain may lead to a surge in exports in the short term, but it will lead to impoverished growth, which in the long run will have a dampening effect on economic development. In the future, as openness increases to a certain extent, the export structure will change, and domestic industrial upgrading will improve the quality of economic development and promote a more balanced development of trade, thus promoting the economic growth of countries along the “Belt and Road.” In addition, the share of net foreign direct investment inflows in GDP of some countries along the “Belt and Road” showed a decreasing trend from 2009 to 2019, indicating that the contribution of FDI to the economy of these countries decreased. This is mainly due to the low level of actual utilization of foreign investment in the countries along the “Belt and Road,” which leads to the failure of simultaneous economic growth. Although the increase in economic growth rate brought by FDI has a positive effect on the welfare of the invested countries, FDI may still reduce the welfare if the profits are transferred to foreign investors. Foreign investment increases welfare only when productivity gains are sufficient to compensate for the loss of profits. Our findings are also consistent with studies such as Li and Liu (51), Herzer and Klasen (52), and Ali and Abdullah (53).

Then, this study investigates the impact mechanism of the digital economy on the economic growth of countries along the “Belt and Road” by building mediating effects models. In Table 6, columns (1) and (2) report the results of the industrial structure effect mechanism. Column (1) shows that the digital economy can significantly promote the optimization and upgrading of industrial structure. The results show that 1-unit increase in the development level of the digital economy increases the value-added share of the service industry by 0.31%. Column (2) reports the impact of the digital economy on GDP per capita after adding the value-added share of the service industry to the base model. We find that the digital economy development can significantly increase the value-added share of the service industry, thus boosting the economic growth of countries along the “Belt and Road.” This is primarily because unlike the traditional agricultural and industrial production modes, the digital economy relies on the integration of modern information technology and network technology. This impact shows industrial heterogeneity, with the degree of impact gradually increasing from primary to tertiary industries. The difference in the rate of output increase in the digitalization process of different industries will bring about changes in the industrial structure. Therefore, the strong application ability of the tertiary industry to the digital economy can effectively promote the upgrading of industrial structure. Columns (3) and (4) report the results of mediating effect of total employment, while columns (5) and (6) report the results of employment structure effect. The results show that for every 1-unit increase in the level of development of the digital economy, the total unemployment rate significantly decreases by 1.15% and the share of employment in the service sector significantly increases by 0.11%. The digital economy can also contribute to the growth of GDP per capita in the countries along the “Belt and Road” by reducing the unemployment rate and improving the employment structure. This is primarily because the use of the Internet is becoming an important channel for job creation in most developing countries along the “Belt and Road.” The integration of ICT industries with traditional industries can lead to the expansion of economic scale, especially the growth of online consumption, and thus the effect of consumption-oriented jobs is gradually expanding. In addition, digital technology changes can also bring about restructuring of employment. Specifically, the development of digital economy can lead to the creation of more non-farm jobs, providing more employment opportunities and even increasing labor returns, which also increases the share of employment in the service industry.


Table 6. Test of mediating effects.
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COVID-19'S IMPACT ON DIGITAL ECONOMY

From the regression results in Section Digital economy's impact before COVID-19, it can be concluded that before COVID-19, the digital economy had a significant positive impact on the economic growth of countries along the “Belt and Road” by promoting industrial structure upgrading, the total employment and restructuring of employment. Although the outbreak of COVID-19 shocked the economies along the “Belt and Road” from both the supply and demand sides (54, 55), home isolation measures promoted the development of new businesses such as e-commerce, telemedicine, and online offices, increasing demand for the digital economy (56). Therefore, we use the GTAP model to analyze the impact of COVID-19 on the output and trade patterns of digital industries of countries along the “Belt and Road,” and to identify the regional heterogeneity of the potential of digital industries during the epidemic. This will help to seize the opportunities for digital economy to mitigate the economic losses, and propose differentiated development strategies to realize economic recovery and growth in the post-COVID-19 era.

It is worth noting that the two major forms of the digital economy are digital industrialization and industrial digitization. Digital industrialization means the development of ICT industries, including electronic information manufacturing, telecommunications, software and information technology services, and the Internet industry (57). Industrial digitization deeply integrates advanced digital technologies with traditional industries. This accelerates the transformation and upgrading of traditional industries, and improves their production efficiency (58). Considering the applicability of the model and data availability, this study focused on the impact of the COVID-19 epidemic on the digital industry, including the sector of computers, communication and other electronic equipment manufacturing, and information transmission services.


Methods and Simulation Scenarios

Due to the short duration of the epidemic and the lack of empirical data, it is hard to use econometric models based on ex-post analysis. Therefore, we use the GTAP model which is based on ex-ante analysis. The model transmits external shocks through a global multi-regional MRIO table, which is widely used in policy simulations. For example, Zeshan (59) uses the GTAP-VA model to simulate the impact of COVID-19 on global value chains and evaluate the production losses in different sectors of the world economy.


Methods

The GTAP model is a general equilibrium model developed by Purdue University and applied to global trade analysis. The GTAP model takes the production, consumption and government expenditure as sub-models, and connects the sub-models into a multi-country, multi-sector general equilibrium model through the relationship of commodity trade between countries or regions. When simulations are performed in the GTAP model, the data are based on inter-international input-output tables and external shocks are transmitted through the input-output tables. Moreover, the GTAP model can simultaneously evaluate the impact of policies on indicators such as output, imports and exports, and gross domestic product in each country sector, and is therefore widely used in policy analysis.

This study used the GTAP model and the most recent GTAP database: Version 10, including 65 industries and 141 countries or regions worldwide. In view of the completeness and availability of the shock variable, the 141 countries or regions in the GTAP 10 database were divided into 24 countries along the “Belt and Road” (including China, Malaysia, Indonesia, and the Philippines etc.), other countries along the “Belt and Road,” developed countries (including the United States, the United Kingdom, Japan, South Korea, and 16 countries in the European Union other than countries along the “Belt and Road”), and other countries or regions. The specific country and regional classifications are shown in Appendix Table 2. In addition, this study divided the 65 industries in GTAP 10 into 5 sectors, namely, agriculture, energy, manufacturing, service, and digital industry. The specific industry classifications are shown in Appendix Table 3.



Shock Variables and Simulation Scenarios

The COVID-19 epidemic affected the economic system of each region mainly from the supply side and demand side in this study. The supply-side shock variable was labor; the demand-side shock variables were consumption, investment, and preference for digital industries such as computers and communications. The specific impact paths are as follows.

First, the COVID-19 epidemic affected the labor supply. The rising number of people infected or killed by COVID-19 led to a reduction in labor supply. In addition, the epidemic prevention measures taken by some countries to restrict the movement of people (60), as well as the business decisions made by firms to lay off workers (61), reduced labor force participation rates (62), leading to a temporary shortage of labor supply and a decrease in the country's total output.

Second, the COVID-19 epidemic caused a decrease in total consumption. During the outbreak, enterprises in some countries shut down their production due to the lock-down policies and the isolation measures, causing an increase in unemployment and a decrease in individual income (63). This issue led to lower household consumption and increased precautionary savings (64, 65). It was also made it more difficult for residents to consume due to travel restrictions.

Third, the COVID-19 epidemic led to a decline in investment. Faced with the downward pressure on economic performance and the increased uncertainty in the financial market (66), investors chose their investments more cautiously (67). As a result, the demand for investment decreased.

Fourth, the COVID-19 epidemic spawned the needs of the digital industry. Although the total demand declined during the epidemic, with the vigorousness of big data-based epidemic prevention, distance learning, artificial intelligence, computer, communication and other electronic equipment manufacturing, and information transmission services showed greater potential during the COVID-19 (68). Therefore, the epidemic instead increase people's preference for digital industries.

Corresponding to the above analysis, this study set up the shock variables according to the impact mechanism of COVID-19 epidemic. The magnitude of the impact of various factors on the economy, that is, the value of the shock variables, was determined by the rate of change of each variable in 2020 compared to 2019. The data of the shock variables were obtained from World Development Indicators (WDI) and International Monetary Fund (IMF). This study used the rate of change of labor force to measure the degree of change of labor force relative to the base period; the rate of change of final consumption expenditure to measure the degree of change of consumption relative to the base period; the rate of change of gross fixed capital formation to measure the degree of change of investment relative to the base period; and the rate of change of the share of consumption of computers, communications and other services to measure the change of people's preference for digital industries. The detailed description and value of each shock variable in each region are shown in Table 7.


Table 7. Values of supply-side and demand-side shocks in the simulated scenarios.
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According to the characteristics of the COVID-19 epidemic affecting macro-economy and industries, this study set up three different scenarios in the policy simulation, denoted by S1, S2, and S3 respectively. The shock was first applied to the labor force on the supply side (S1), then to the preferences of consumption, investment, and digital industries on the demand side (S2). Finally, a superimposed shock was applied to both the supply and demand sides (S3).




Simulation Results and Discussion

Figure 1 shows the output changes of the digital industries under three simulation scenarios. Overall, the impact of the COVID-19 epidemic on the digital industries is primarily determined by the demand side, that is, the impact of the shock from demand side on the digital industries is far larger than that from the supply side.


[image: Figure 1]
FIGURE 1. Changes in the output of the digital industries under the three simulation scenarios (unit: %). Data sources: GTAP model simulations.


From the perspective of the supply side, in the simulation of the labor shock (S1), the output of digital industries in almost all regions declined to various degrees, but the magnitude of the changes was small. This is consistent with the reality. When the COVID-19 epidemic occurred, in order to reduce the risk of gathering and infection, most countries and regions in the world adopted blockade measures to significantly reduce the frequency of people's travel (69). Labor is an important factor of production for economic activities. Therefore, labor shortage will lead to a greater impact on the output of productive sectors, especially labor-intensive sectors (70). However, the digital industries are capital-intensive and high-tech, which have much lower labor demand than the manufacturing and energy industries. And teleworking during the COVID-19 epidemic can also help the digital industries to resume work and production, mitigating the impact on the digital industries due to labor shortage. Our simulation results also confirm this conclusion. Appendix Table 4 details the changes in the output of all regions and industries in the S1 simulation. As shown in column 5 of Appendix Table 4, the changes in output for the digital industries across all regions in the S1 simulation fluctuated between −3.01 and 0.58%. The average rate of change for the digital industries across all regions is much lower than the energy and manufacturing industries.

Comparing the results of demand-side shocks (S2) and superimposed shocks on the supply side and demand side (S3), we find that the impact of the two scenarios on the output of digital industries showed the same trend in most regions. This suggests that relative to a labor shortage crisis, shocks to consumption, investment, and preference have a greater impact on the output of the digital industries.

Specifically, the digital industries in Armenia (ARM) located in the Middle East, Israel (ISR) in West Asia, and Latvia (LVA) and Estonia (EST) in Central and Eastern Europe showed large growth during the COVID-19 epidemic. Under the superimposed supply-side and demand-side shocks (S3), the output of the digital industries in the four countries increased by 26.01%, 12.12%, 9.46%, and 7.37% respectively. Figure 2 illustrates the changes in the exports and imports of each country under the S3 simulation. The rapid growth of the output of digital industries in Armenia, Israel, Latvia, and Estonia were all attributed to a decrease in imports and an increase in exports. Under the impact of the COVID-19 epidemic, imports decreased by 8.61%, 5.18%, 4.75%, and 1.74%, respectively; exports increased by 74.93%, 26.83%, 20.01%, and 10.64%, respectively. This shows that the products of these countries' digital industries are becoming more competitive. In addition, the products produced can not only meet the increase in domestic demand, but also can realize import substitution and export expansion, together promoting the increase of the output of digital industries.


[image: Figure 2]
FIGURE 2. Changes in digital industry exports and imports by region in S3 simulation (unit: %). Data sources: GTAP model simulations.


The reason is that Israel and Estonia have a solid foundation in the digital industries. It can be seen from Table 3, Israel and Estonia are ranked 2nd and 4th, respectively. This indicates that the digital industries of the two countries have a high level of development among the “Belt and Road” countries. Latvia performs well in digital public services, due to the continuous improvement of local network infrastructure and the growing popularity of e-government services (71). Armenia also has a series of unique advantages in the digital industries, such as strong R&D capabilities in computer science and engineering, a highly educated workforce, strong government support for the digital industries, and the extensive operational management experience of large multinational companies (72). Based on the strong digital industry foundation, the COVID-19 epidemic led to an increase in people's preference for digital products. Therefore, the epidemic became a “booster,” which promoted the development of the digital industries (73).

It was worth noting that China's digital industries also stood out in the COVID-19 epidemic. Although the output of China's digital industries had a relatively small rate of change compared with regions such as Armenia, it had a large base. Therefore, the rapid development of China's digital industries is important for promoting the “Digital Silk Road” and the “Innovation Silk Road.” As can be seen in Figure 1, in the S3 simulation, COVID-19 epidemic did not hinder the development of China's digital industries, but increased the output by 2.05%. In addition, the net exports of China's digital industries also increased during the COVID-19 epidemic. As shown in Figure 2, the imports decreased by 1.26% and exports increased by 7.52%. As an emerging economy that fully utilizes computers, and information and communication technologies (74), China's digital industries have gradually become important supporting force for economic development. Therefore, during the COVID-19 epidemic, the government supervision and community management, monitoring and prevention in healthcare, as well as the life services that residents need for home study, work and life, have generated demand and output growth for the digital industries in China (75–77).

However, there were also some countries where the digital industries performed poorly during the COVID-19 epidemic, such as Ukraine (UKR), Egypt (EGY), Turkey (TUR), and Philippines (PHL). Under the superimposed shocks on the supply side and the demand side (scenario 3), their output of the digital industries decreased by 20.14%, 6.67%, 6.64%, and 6.37%, respectively. In addition, it can be found that the imports increased and exports decreased due to the impact of the COVID-19 epidemic in Ukraine, Egypt, Turkey and the Philippines (see Figure 2). Their imports increased by 47.13%, 6.70%, 3.85%, and 13.92%, respectively; exports decreased by 39.97%, 63.53%, 13.93%, and 14.64%, respectively. It was also noteworthy that Ukraine and the Philippines showed an increased preference for digital industry under the impact of the COVID-19 epidemic. Therefore, they had to increase imports and reduce exports to fill the increased domestic demand for digital products.

The negative impact of COVID-19 on Ukraine's output of digital industries is primarily due to the low coverage of information technologies among the residents and enterprises. The labor migration, technological backwardness and gradual loss of competitive position on the international market, make it difficult for the development of its digital industries to seize the opportunities. Similarly, the Philippines' digital industry infrastructure is also relatively backward, and its digital industry exports are gradually shrinking in the global and Association of Southeast Asian Nations (ASEAN) region. Additionally, Turkey's digital industries have low contributions to the economy because of its high investment costs, unstable rate of returns, and lack of skilled labor when using information technology to achieve industrial change. These have become obstacles in the path of the development of the digital industries in Turkey.




CONCLUSIONS AND POLICY IMPLICATIONS

This study constructed a comprehensive evaluation index system and used principal component analysis to measure the digital economy development level of countries along the “Belt and Road” from 2009 to 2019. Then, a panel data regression model was applied to empirically analyze the impact of digital economy on their economic growth before COVID-19. Finally, we used the GTAP model to examine the impact of COVID-19 on the digital economy and its trade pattern of countries along the “Belt and Road.” Our findings show that: (1) there exists an obvious regional imbalance in the development of digital economy in countries along the “Belt and Road.” Specifically, East Asia, Southeast Asia (especially for Singapore), and Central and Eastern Europe have relatively high levels of digital economy, while most countries in West Asia (except for Israel), Central Asia, and South Asia are still lagging behind. (2) The digital economy has a significantly positive effect on the economic growth in countries along the “Belt and Road.” It can stimulate economic growth by promoting industrial structure upgrading, the total employment and restructuring of employment. (3) COVID-19 has generally boosted the demand for digital industries in countries along the “Belt and Road,” and its impact on digital industries from the demand side is much larger than that from the supply side. Specifically, the digital industries in Armenia, Israel, Latvia and Estonia have shown great growth potential during the epidemic. However, COVID-19 has also brought negative impacts to the digital industries in Ukraine, Egypt, Turkey and the Philippines. Accordingly, this study proposes the following policy implications:

(1) Each country along the “Belt and Road” should identify its strengths and weaknesses based on the digital economy development scores, so as to formulate effective development strategies and paths. The network infrastructure in Central Asia and South Asia is backward, so it is important to alleviate and bridge the “digital divide” and assist the countries or regions with less-developed digital technologies. Due to the large development gap within regions, the more backward countries can learn from countries such as Singapore, Israel, Malaysia, and explore the appropriate development models in the light of their own status. These countries should focus on strengthening R&D support for frontier digital technologies such as artificial intelligence and 5G, enhancing specialized talent training, and improving the innovation environment for digital economy.

(2) In the post-COVID-19 era, attention needs to be paid to the driving effect of the digital economy on industrial upgrading and employment. On the one hand, economic globalization and information technology need to be combined to further promote the deep integration of the digital economy with traditional primary, secondary and tertiary industries. Countries along the “Belt and Road” need to enhance the digital management and operation of traditional industries through ICT technology, optimize the efficiency of industrial resources allocation, improve their economic efficiency and increase the value-added of industries. On the other hand, the important role of the digital economy as a stabilizer for the job market needs to be utilized well. In the post-COVID-19 era, there will be a significant increase in the demand for digital living, working and learning. This is a rare opportunity for the development of the digital economy. Therefore, countries along the “Belt and Road” should use the employment promotion mechanism of the digital economy to promote digital employment, thus improving labor efficiency and contributing to steady economic recovery and growth.

(3) In the post-COVID-19 era, countries along the “Belt and Road” should strengthen the cooperation in the digital economy, and promote the deep integration of the real economy and the digital economy, industrialization and informatization. They should improve the digital connectivity, promote the information technology, and create new growth points for cooperation through building the “Digital Silk Road.” During the COVID-19 pandemic, the demand for digital life, work and learning in countries along the “Belt and Road” has increased significantly, which is a rare opportunity for the development of the digital economy. Therefore, those countries should further improve the development strategies of digital economy, optimize and upgrade the construction of information infrastructures such as artificial intelligence, internet of things and industrial internet. In addition, a favorable environment for the development of digital firms should be created to support them to increase investment in digital technologies.

(4) Countries along the “Belt and Road” need to rely on the digital economy to develop new service trade patterns and increase the cooperation in digital trade and e-commerce. COVID-19 has led to the disruption of both human and logistic flows, forcing the digital transformation of traditional trade in goods and services. On the contrast, digital trade will become the main form of global trade driven by emerging digital technologies such as big data, cloud computing, artificial intelligence and blockchain. Therefore, countries along the “Belt and Road” need to improve their technological innovation capabilities, and expand the range of cooperation in terms of service trade, such as cross-border e-commerce, teleconferences and exhibitions, telemedicine, tele-education and unlimited payment, so as to promote the construction of a “digital trade community.”

(5) As the initiator of the “Belt and Road” initiative, China should not only promote its own digital economy development, but also focus on the long-term layout for “Digital Silk Road.” China can take advantage of its technical advantages in the cooperation of digital economy in countries along the “Belt and Road” through economic exchanges and assistance. In addition, effective measures need to be taken to encourage Chinese information enterprises to invest and export abroad and to provide high-quality information technology products to countries along the “Belt and Road.” Furthermore, China needs to help those countries that lack the conditions to build their own improve their network infrastructure, in order to achieve the goal of the “Belt and Road” connectivity construction.
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Coronavirus disease 2019 (COVID-19) has brought about a significant and far-reaching impact on the world's business environment, corporations, and individuals. In the face of the general shortage of funds caused by the pandemic, assuming corporate social responsibility (CSR) is a problem for every enterprise manager. In the recent years, as corporate social responsibility (CSR) has become a hot topic globally, many enterprises have chosen to incorporate social responsibility into their development strategies. The food industry is a basic industry related to people's livelihood, especially in the pandemic. Its social responsibility efficiency deserves our attention. This article takes 17 sample enterprises whose CSR performance between 2012 and 2020 in China and reports are above the industry level as examples. Constructing the super-efficiency data envelopment analysis (DEA)-Malmquist-Tobit model explores the social responsibility efficiency of these enterprises. It analyzes the pandemic's impact on CSR efficiency. The results show that COVID-19 has promoted the social responsibility efficiency of the sample enterprises in the food industry. Besides, the level of technical efficiency and technological progress in the food industry is relatively high. Still, most enterprises are below the industry's average level. Before the outbreak of the pandemic, the size of enterprises is the key factor affecting the efficiency of CSR. After then, the listing years of enterprises then become the key factor.

Keywords: COVID-19, corporate social responsibility efficiency, super-efficiency DEA, Malmquist, Tobit model


INTRODUCTION

The spread of coronavirus disease 2019 (COVID-19) has caused a serious economic and social crisis. Kimhi et al. (1) believe that the economic recession and increased economic uncertainty caused by the epidemic led to corporate bankruptcy or layoffs, which also increased the possibility of most individuals and families to face economic difficulties and economic pressure, causing social panic. For enterprises, on one hand, the sudden financial squeeze will drive companies to strategically pursue short-term returns, reduce or even give up corporate social responsibility investment, i.e., this crisis brings new challenges to all the enterprises in corporate social responsibility (CSR). On the other hand, the economic poverty and unemployment of the pandemic have put greater pressure on people, which caused anxiety, depression, and other psychological troubles. Thus, it is more urgent for enterprises to assume social responsibility, stop adding to the panic on the other side. In a way, it also puts pressure on enterprises to assume social responsibility (2).

For a long time, the food industry has been a basic industry related to the national economy and livelihood. Its healthy and stable development plays an important role in ensuring and improving people's living standards. At the same time, food enterprises are the main microsocial organizational carrier to effectively participate in public social governance and promote the modernization of national governance capacity. However, food safety is still an urgent social problem in China. In the face of most mixed food safety information, Chinese consumers often have negative emotions such as anxiety about food choices (3). This also means that current CSR situation in China's food industry is not optimistic. From the outbreak of “melamine” incident of the Sanlu Group in 2008 to the “expired meat” incident of Fuxi Shanghai branch in 2014 to the “Sudan red” duck egg incident in 2020 and the “Yi Di Xiang” food, toxic additive incident in 2021, food safety incidents emerge one after another. Therefore, these situations have aroused widespread public concern and thinking: whether food enterprises pay attention to social responsibility while developing themselves at present? Particularly, in front of the novel coronavirus pneumonia outbreak and other public health emergencies, what role do food enterprises play? And what kind of impact does COVID-19 have on the efficiency of food enterprises' social responsibility?

In June 2020, “Guidelines for the implementation of corporate social responsibility in the food industry” promulgated the social responsibility standards of the food industry. Although strengthening legislation can keep the moral bottom line of food enterprises, which is the main and effective measure to deal with the general lack of social responsibility of food enterprises in China, how to evaluate CSR while strengthening governance? Michael Porter, the father of the competitive strategy, once proposed that CSR is the cost and the source of opportunity, innovation, and competitiveness. CSR investment is a manifestation of corporate social responsibility and a strategic choice for enterprises to improve economic and social benefits. Conversely, the improvement of CSR level reflects the investment of CSR. It can be used to evaluate whether the investment of CSR reaches the expected effect, i.e., the investment efficiency of CSR. Then, studying the efficiency of CSR will help enterprises to make reasonable decisions on social responsibility, improve their ability to perform social responsibility, and even be willing to actively perform social responsibility because of the high efficiency of social responsibility investment. Therefore, this article selects 17 sample enterprises in the Chinese food industry from 2011 to 2020 as research samples and uses the super-efficiency data envelopment analysis (DEA)-Malmquist-Tobit model to study the investment efficiency and influencing factors of social responsibility of China's food industry listed companies; meanwhile, it explores the social responsibility performance of food production enterprises in the context of COVID-19.

The contribution of this article lies in the following three areas:

First, at present, most of the study on CSR mainly focuses on the influencing factors of CSR (4), behavior characteristics (5, 6), and behavior consequences (7, 8). But, few studies focus on a certain type of enterprise and pay attention to the impact of enterprise characteristics on CSR performance to evaluate its CSR efficiency. In addition, the food industry is listed as one of the key industries in the CSR report of the Chinese Academy of Sciences. Still, there is little research on the social responsibility performance of food enterprises. Therefore, this article focuses on food enterprises, combined with the current situation of China's food industry and the background of COVID-19, analyzes and performs the performance evaluation of CSR in China's food industry to fully reflect the efficiency of CSR in China's food enterprises, and improves the situation of China's food industry. So, it can enrich the areas of study and provide a new academic perspective.

Second, COVID-19 is a health event in the recent years. At present, study on the impact of COVID-19 mainly focuses on mental health (9) and economic and social levels (10). However, few studies have focused on the impact of COVID-19 on enterprises, especially their social responsibilities effectively. In fact, the emergence of COVID-19 has brought challenges to the performance of CSR in most industries, which has affected the input of CSR. But, because COVID-19 has been a health event in the recent years, few studies have focused on the impact of this new situation on food enterprises. Therefore, this article takes COVID-19 as the research background. First, based on the static analysis of the super-efficiency DEA model, we study the overall efficiency and ranking of the sample enterprises to get the overall CSR efficiency of the sample enterprises affected by the pandemic. Second, based on the dynamic analysis of the Malmquist productivity index method, this article studies the interannual total factor productivity change trend and its decomposition of sample enterprises. Finally, based on the Tobit regression analysis, this article studies the influencing factors of CSR efficiency in food enterprises to analyze the issue of CSR in the food industry more comprehensively and deeply. Therefore, this article will enrich the existing research on the CSR of food manufacturing enterprises. In addition, the background of COVID-19 also makes this study more epochal and practical.

Third, in the study of CSR efficiency, scholars mainly use two simple weight aggregation methods: first, scholars give equal weight to all the CSR categories (such as community relations, environmental performance, and human rights) (11) and assign the same weight by assuming that all the indicators have the same importance. However, this assumption is invalid in most cases (12); the second is to collect information about stakeholder preferences to assign weights to specific CSP categories (13). However, these aggregation methods have the following problems: because the composition, views, and preferences of stakeholders are dynamic, they do not have generally recognized weights in different situations (11, 12, 14); the total score lacks simple explanation; the weight does not represent the trade-off between CSP indicators; and when using different data sources, weights and total scores may lose their applicability and comparability (15). Therefore, this article creatively constructs the super-efficiency DEA-Malmquist model to evaluate the food industry's performance of social responsibility behavior. There are three main reasons for choosing those methods. First, the super-efficiency DEA is a nonparametric estimation method, which can measure the ratio of input and output without assuming the functional relationship between explanatory variables and explained variables, which can avoid the uncertainty of the relationship between CSR and business performance in the current academic research. The efficiency of food manufacturing enterprises in fulfilling corporate social responsibility can be measured from the ratio of input and output; second, the Malmquist index method can compare the input and output over time, measure the attention of Chinese food manufacturing enterprises to social responsibility, and the improvement of the efficiency of related resource allocation in the recent 10 years; finally, the Tobit model can analyze the key variables affecting the efficiency of corporate social responsibility based on the efficiency value and provide a practical reference for enterprises to improve corporate social responsibility.

Based on the above analysis, the remainder of this article is structured as follows: the second part is the study design, which is divided into three subsections of data sources, variable design and research methods, the third part is the empirical study, which is divided into the static analysis based on the CCR-based super-efficiency DEA model (CCR is a kind of data envelope model, which was created by A. Charnes & W. W. Cooper & E. Rhodes.), dynamic analysis based on the Malmquist productivity index method and analysis of factors influencing CSR efficiency based on the Tobit model, and finally, the section is a recommendation to the government, food industry, and enterprises based on the conclusion.



RESEARCH DESIGN


Data Source

In this article, 17 companies with the top CSR ratings in the food industry in China's national CSR reports from 2011 to 2020 were selected for this study. The basic information and related data are obtained from the official annual reports of the enterprises and the China Stock Market and Accounting Research (CSMAR) Database. The proximity interpolation method processed missing values to ensure data completeness and accuracy. In this article, Excel 2016 is used to organize the data initially and MaxDEA version 8.21 and Stata version 15.0 are used to do relevant empirical study on the sample data.



Variable Design

Based on the idea of “input-output,” this article regards the enterprise as an economic organization with the responsibility of stakeholders for inputs and outputs. It takes the maximization of enterprise value as the financial objective of the enterprise. On this basis, relevant indicators are selected as follows, which are shown in Table 1.


Table 1. Input-output index system of corporate social responsibility (CSR) in food industry.

[image: Table 1]

In terms of input indicators, drawing on the study results of related scholars and considering the availability of indicators and the basic requirements of super-efficiency DEA, the following five variables were selected to reflect the degree of social responsibility fulfillment of listed companies as explanatory variables: earnings per share (X1), income per employee (X2), cash flow ratio (X3), cash received from sales ratio (X4), and tax contribution ratio (X5).

In terms of output indicators, for most firms, the most original motivation for fulfilling social responsibility lies in the legal obligations and expected benefits of CSR (16). In the long run, the active fulfillment of CSR can improve corporate performance. In the short run, fulfilling responsibility to different stakeholders has different effects on business performance. Therefore, this article selects the return on net assets and Tobin's Q as the output indicators of CSR. The return on net assets, which directly reflects the profitability level of listed companies, can measure the financial industry's ability to use its resources to obtain profits. Compared with the accounting rate of return, Tobin's Q is considered to have the following advantages. It reflects its expected future profits, contains an automatic adjustment for risk, and is less sensitive to inflation (17–19). Due to the wide support of western theoretical models and empirical evidence, Tobin's Q has also gradually become one of the main measures of firm value in empirical studies.



Descriptive Statistics

Earnings per share, per capita income of employees, cash flow ratio, cash received from sales ratio, and tax contribution rate are taken as input variables and the return on net assets and Tobin's Q are taken as output variables. The descriptive statistical results of each variable are shown in Table 2.


Table 2. Results of descriptive statistics of variables.
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Research Methodology
 
CCR-Based Super-Efficiency Data Envelopment Analysis Model

Data envelopment analysis is a relative efficiency evaluation method proposed by American operations researcher Charnes et al. (20) and other scholars. Its basic principle is to use a linear programming model to evaluate the relative effectiveness among decision units with multiple inputs and outputs. It is one of the most commonly used nonparametric frontier efficiency analysis methods. This article analyzes the inputs and outputs of CSR from the perspective of constant returns to scale.

When using traditional DEA to evaluate the efficiency of decision units, multiple decision units may be in the production frontier simultaneously, resulting in multiple decision units being relatively efficient and, thus, unable to determine which is better or worse. To remedy this shortcoming, Andersen and Petersen (21) established an input-oriented super-efficiency DEA model, which enables the comparison of efficiency among relatively efficient decision units, overcoming the shortcoming that the traditional DEA model cannot make further evaluation and comparison of multiple decision units and enabling the comparison and ranking of efficient decision units. The specific principle is shown in Figure 1. When calculating the efficiency value of point B, it is excluded from the reference set of the decision unit. The effective production frontier is changed from ABCD to ACD and the efficiency value of point B becomes OB1/OB > 1. While point E, the original DEA invalid, still has ABCD as its production frontier, the evaluation value is still OE1/OE <1 in line with the traditional DEA model.


[image: Figure 1]
FIGURE 1. Input-oriented super-efficiency data envelopment analysis (DEA).


Its linear programming equation can be expressed as follows. Assuming that there are n decision units and s outputs are obtained using m input variables, the linear programming equation is:

[image: image]

Where X and Y denote input and output matrices, λ is a constant, [image: image] denote slack variables, and θ denotes the efficiency value. When θ > 1, it means the decision unit is technically effective. When θ < 1, it is in an ineffective state.



Malmquist Index

To more accurately evaluate the temporal trend of the decision unit and explore the causes, further analysis can be done using the Malmquist productivity index. Total factor productivity (TFP) is derived by comparing the technological distance functions of the two periods: the geometric mean of TFP for the two periods is calculated and the total efficiency can be decomposed into the technical change (TECHCH) and the technical efficiency change (EFFCH). Technical efficiency change can be further decomposed into pure efficiency change (PECH) and scale efficiency change (SECH). Technical efficiency change (EFFCH) reflects whether the industrial structure can meet the overall requirements and increase the economic and social benefits. It indicates the change in the efficiency of enterprises on CSR of food enterprises. If the index is >1, it indicates an increase in efficiency of resource allocation relative to the previous period and if the index is <1, the efficiency decreases. If the index is equal to 1, it indicates no change in efficiency. The technical change (TECHCH) is used to measure the efficiency of CSR inputs on the output of science and technology innovation. If the index is >1, it indicates that CSR commitment has contributed to technological innovation. If the index is <1, the technology is regressing. Pure efficiency change (PECH) is a measure of the role of firms in science and technology innovation (STI) output due to management, technology, and financial inputs, under the condition that the scale of the firm's inputs to stakeholders remains constant. If the index is >1, it indicates that corporate social responsibility drives the improvement of STI output. If it is <1, it indicates that CSR causes the decrease of STI output. If it is equal to 1, then CSR undertakes no effect on STI. Scale efficiency change (SECH) is used to measure the scale of CSR undertaking due to the factor of enterprise scale affecting the efficiency of enterprise STI. The relationship among them is as follows:

[image: image]

The decomposition of the input-based Malmquist TFP index from period s to period t is follows:

[image: image]

In formula (3), mi represents the total factor productivity (TFP), [image: image] and [image: image] denote the input-oriented distance functions in periods s and t, qsand qtdenote the output in the corresponding periods s and t, and xs and xt denote the input in the corresponding period.

Organizing the above equation yields:

[image: image]

The first half of the formula [image: image] represents the change in technical efficiency from period s to period t; the second half of the formula represents the change in technical progress in the corresponding period. The relative technical efficiency change (EFFCH) index reflects the change in relative efficiency under the conditions of free factor disposition and constant returns to scale. When the change in technical efficiency is larger than 1, it indicates an increase in relative technical efficiency. The value is independent of the selection of the reference period. The change in technical progress (TECHCH) reflects the movement of the production frontier surface between the two periods. It represents technological innovation and the high or low of this value is related to selecting the reference period. When the change in technological progress is larger than 1, it means that the production frontier is moving up. The change in technical efficiency can be further decomposed into the change in pure technical efficiency and scale efficiency. The change in technical efficiency equals the multiplication of pure technical efficiency and scale efficiency.



Tobit Model

Tobit model, which is created by Tobin in 1958, also known as the sample selection model, belongs to a regression model in which the dependent variable is restricted. Its concept was first proposed by James Tobin, a Nobel Prize winner in Economics. Then, a large number of economists have continuously optimized it. With the continuous improvement and maturity of the method, especially in the study of restricted data, the Tobit model based on the principle of maximum likelihood estimation has been widely used in various fields of study because it can avoid large bias in the values taken by the explanatory variables due to the satisfaction of certain constraints. The super-efficiency DEA and Malmquist index can objectively reflect the social responsibility efficiency of sample enterprises. Still, it cannot explore the key influencing factors of CSR efficiency. In addition, in this article, it is reasonable and feasible to use the Tobit model because CSR efficiency takes values above 0, which is consistent with the restricted situation of the accepted variables in the Tobit regression.

Therefore, Tobit regression is selected to carry out further study on them. In this section, the Tobit regression model with the random and fixed effects is used to explore the main factors affecting CSR efficiency in the food industry and the comparison of the influencing factors before and after the occurrence of the pandemic to provide some theoretical basis for the enterprises' improvement of CSR efficiency. CSR efficiency measured by the super-efficiency DEA model in the previous section is used as the explanatory variable. The panel data of food enterprises from 2011 to 2020 are selected as the sample.





EMPIRICAL STUDY


Static Analysis Based on the Super-Efficiency Data Envelopment Analysis Model

Based on the super-efficiency DEA model, this article uses MaxDEA version 8.21 to measure the social responsibility input and output data of the 17 sample enterprises in the food industry from 2011 to 2020 to obtain their efficiency value and ranking. The results are shown in Table 3.


Table 3. The super-efficiency data envelopment analysis (DEA) efficiency values of the 17 sample enterprises from 2011 to 2020.
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In Table 3, from the overall results, average CSR efficiency value of the sample enterprises from 2011 to 2020 is 1.534 and the overall level of CSR efficiency value is high.

From the perspective of individual enterprises, the results of ranking the social responsibility efficiency value of the sample enterprises are: Vivian Shares > Delisi > Sanyuan > Tongwei > Shuanghui Development > Chengde Lolo > New Hope > Royal Group > Erie Shares > Guizhou Maotai > Sanquan Food > Yanghe Shares > Wuliangye > Bright Dairy > Qingdao Beer > Yanjing Beer. The average CSR efficiency value of Vivian Shares in the past 10 years is 3.256 and that of Yanjing Beer is 0.538, with a difference of 2.718 units. It shows a significant gap among enterprises with good CSR performance in the food industry.

Other enterprises reached an efficient state from 2011 to 2020, except Wuliangye, Bright Dairy, and Tsingtao Beer. This issue indicates that the enterprises with good CSR performance in the food industry still have inefficient CSR inputs, so the efficiency of CSR in the food industry needs to be improved.

To further analyze CSR efficiency of the food industry under COVID-19, this article compares the efficiency of 17 sample enterprises in 2019 and 2020, as shown in Table 4. In 2020, the social responsibility efficiency values of 10 enterprises, namely, Chengde Lolo, New Hope, Sanyuan, Guizhou Maotai, Bright Dairy, Erie Shares, Sanquan Food, Delisi, and Vivian Shares, all showed a significant downward trend. Among them, the efficiency value of Vivian Shares decreased the most, by 84.77%. Delisi took second place, down 79.32%, and they fell from no. 1 to no. 4 and no. 2 to no. 7, respectively. At the same time, CSR efficiency value of Wuliangye, Royal Group, Tongwei, Tsingtao Beer, Yanjing Beer, Shuanghui Development, and Yanghe Shares showed an upward trend. Among them, Royal Group and Tongwei increased significantly by 205.77 and 141.51%. Their ranking rises from no. 5 to no. 1 and no. 8 to no. 2. Overall, the average CSR efficiency of 17 sample enterprises in 2020 increased by 13.44% compared with 2019. Thus, it can be seen that the pandemic has generally promoted the assumption of CSR. There are individual differences in the impact on the food industry, which hit the enterprises with better CSR performance before the pandemic.


Table 4. Comparison of CSR efficiency values of 17 sample enterprises in 2019 and 2020.
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Dynamic Analysis Based on the Malmquist Productivity Index Method

Based on the static analysis of the CSR efficiency of the sample enterprises, this article further measured the Malmquist index of the sample enterprises from 2011 to 2020 to dynamically analyze their CSR efficiency. The MaxDEA version 8.21 was used to calculate the technical efficiency change (EFFCH), technical change (TECHCH), pure efficiency change (PECH), scale efficiency change (SECH), and total factor productivity (TFP) change of the 17 sample enterprises in the food industry from 2011 to 2020.

The total factor productivity and its decomposition of the sample firms are shown in Table 3. From Table 5, it can be seen that, from the overall situation, the average total factor productivity from 2011 to 2020 is 1.957 and the annual total factor productivity is larger than 1. The overall CSR efficiency is on the rise year by year. Among them, the total factor productivity in 2016 was the lowest, at 1.130, and the total factor productivity in 2020 is the highest, at 4.581. It shows a large gap among years in the total factor productivity of the sample enterprises' social responsibility. The comprehensive efficiency of the sample enterprises' social responsibility in the food industry under the pandemic has reached the maximum in the past 10 years. The trends of technical efficiency change (EFFCH), technical change (TECHCH), and total factor productivity (TFP) change of each enterprise from 2011 to 2020 are represented by line graphs, as shown in Figure 2.


Table 5. Annual total factor productivity (TFP) index and its decomposition of social responsibility efficiency of 17 sample enterprises in the food industry from 2011 to 2020.
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FIGURE 2. The annual change trend of total factor productivity (TFP), technical efficiency change (EFFCH), and technological progress change (TECHCH) of 17 sample enterprises in the food industry from 2011 to 2020.


Pure efficiency change and SECH have different degrees of influence on technical efficiency in different years. In terms of EFFCH from Table 5 and Figure 2, it can be seen that the technical efficiency of enterprises fluctuated greatly in the past 10 years. Among them, only the technical efficiency in 2016 was <1, indicating that its use of technical factors is less efficient, which shows that the application of technical factors in sample enterprises reaches a high level. In a word, the average technical efficiency is rising. Still, the average scale efficiency pulls down the level of technical efficiency growth.

From the perspective of TECHCH, the technological progress in 2012 and 2015 was <1 and that in other years was more than 1. In the rising state, the average technological progress efficiency is 1.278, indicating that all the enterprises have performed well in applying new technologies and developing new products in CSR.

On the whole, technological progress is the main factor affecting the change in total factor productivity of CSR and the food industry has the characteristic of constantly paying attention to technology and carrying out reforms in production technology. The trend of technological progress change is generally more consistent with the change of total factor productivity. As shown in Figure 2, the growth of technological progress in 2020 is larger. Therefore, in the context of the pandemic, enterprises should pay more attention to technological progress, introduce new technologies, improve their innovation capabilities, and actively respond to the challenges of global and systemic risks.

To analyze the total factor productivity index of social responsibility efficiency and its decomposition of sample companies under the pandemic, this article collated the comprehensive efficiency index of social responsibility and its decomposition index of each enterprise sample company in 2020, as shown in Table 6. Table 6 shows six enterprises with a TFP index of <1, namely, New Hope, Royal Group, Sanyuan, Bright Dairy, Shuanghui Development, and COFCO Sugar. The total factor productivity of these six enterprises showed a downward trend in 2020. Combined with the static performance in 2020, it is found that the operation effect of most enterprises is not ideal, except Huang Group, once again indicating that the pandemic had a serious impact on the operations of companies in the food industry.


Table 6. TFP index and its decomposition of social responsibility efficiency of sample companies in the 17 sample enterprises in the food industry in 2020.
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The development within the enterprises in the food industry is uneven in terms of technical efficiency and technical progress. To further analyze the composition of total factor productivity change, technical efficiency change is used as the horizontal coordinate, technical progress is used as the vertical coordinate, and the average value of technical efficiency change, as well as the average value of technical progress change, is used as the threshold value, to divide the sample companies into four quadrants to evaluate the total factor productivity change status in 2020 (see Figure 3). As can be seen from figure, most companies are located in the third and fourth quadrants. None of the companies is distributed in the first quadrant, i.e., no company's technical efficiency and technical progress are both above the industry average. What is more, it shows that the level of technical efficiency and the technical progress in the food industry is high. Still, most of the enterprises are located below the industry average.


[image: Figure 3]
FIGURE 3. Composition of changes in comprehensive efficiency of the 17 sample enterprises in 2020.


From the analysis of technical efficiency and technical progress, Chengde Lolo, Guizhou Maotai, Tsingtao Beer, Erie Shares, and Sanquan Food all achieved positive total factor productivity growth even though their TECHCH and EFFCH are lower than the sample mean. The common reason is that the acceleration of technical progress is obvious, compensating for declining technical efficiency.



Analysis of Factors Influencing Corporate Social Responsibility Efficiency in the Food Industry Based on the Tobit Model
 
Variable Selection

The super-efficiency DEA and Malmquist index objectively reflect the social responsibility efficiency of the sample companies and the Tobit regression is selected to further explore the key influencing factors of CSR efficiency.

Based on the literature research and the analysis of influencing factors, this article selects five explanatory variables: enterprise size, corporate governance level, shareholding concentration, profitability, and listing years, from the internal governance structure and the nature of their capabilities. The specific indicators and descriptions are shown in Table 7. Among them, the measure of corporate governance level refers to the studies of Rechner and Dalton (22) and Jiraporn et al. (23), companies which meet the criteria that the chief executive officer (CEO) and Chairman of the Board are not concurrent and that there are four or more committees on the board are considered to have a high level of governance.


Table 7. Factors influencing CSR efficiency.
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In this article, we believe that the size of an enterprise reflects its ability to assume social responsibility and the complexity of its internal operation process, which are closely related to its social responsibility efficiency. The degree of attention to social responsibility may vary. The level of corporate governance reflects whether the enterprise's shareholders, directors, and executives have their respective roles and responsibilities and its impact on the efficiency of social responsibility cannot be ignored. The concentration of shareholding directly reflects the shareholding structure of the enterprise and the shareholding of the major shareholders, which represents the stability of the enterprise's internal control and has a close relationship with the internal governance of the enterprise. The level of profitability reflects whether the enterprise's business activities have a solid economic foundation, which affects the ability and efficiency of the enterprise to fulfill its social responsibility in terms of corporate strategy and business policy. The listing years reflect the enterprise's overall strength and operational experience.



Descriptive Statistics and Correlation Analysis

Corporate social responsibility efficiency was used as the explanatory variable and each influencing factor was used as the explanatory variable. The results of descriptive statistics of each variable are shown in Table 8.


Table 8. Results of descriptive statistics of the Tobit model variables.
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To test for multicollinearity among the explanatory variables, correlation analysis was performed on each explanatory variable included in the Tobit model and the results are shown in Table 9. The correlation of each explanatory variable was not overly significant, but there were still cases where the correlation coefficient was >0.5. Therefore, it was necessary to further test whether there was multicollinearity among the variables. The variance inflation factor (VIF) was obtained by testing the covariance of each explanatory variable and the VIF values were found to be <10, indicating that there was no serious multicollinearity among the explanatory variables.


Table 9. Results of correlation analysis and multicollinearity test.
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Hausman Test and Model Building

The original hypothesis of the Hausman test is that the coefficients of a random-effects model do not differ from those of a fixed-effects model. If the original hypothesis is accepted, it indicates that a random-effects model should be chosen, otherwise a fixed-effects model should be chosen. We used Stata version 15.0 to test the model setting of the panel data by establishing a random-effects model among the variables and conducting the Hausman test. The test results are shown in Table 10.


Table 10. Results of the Hausman test.
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As shown in Table 10, according to the results of the Hausman test, the p-value is 0.221, indicating that the test results did not reject the original hypothesis, so the panel data of CSR efficiency influencing factors should be modeled by the Tobit regression with random effects.

Using a random-effects model of the Tobit regression, combined with the above established index system of influencing factors, the relationship model between CSR efficiency and various influencing factors of enterprises in the food industry is established as shown in the following equation:

[image: image]

where CSRit denotes CSR efficiency of firm i in year t, β0 denotes the regression constant, β denotes the regression coefficient, and ε denotes the random error.



Tobit Regression Results and Analysis

Based on the Tobit model established above, we use Stata version 15.0 to load the data of the food industry enterprises' social responsibility efficiency and various influencing factor variables from 2011 to 2020 and conducts the Tobit regression to obtain the regression coefficient and other parameters of each variable. The results are shown in Table 11.


Table 11. The Tobit regression results of factors influencing CSR efficiency.
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As shown in Table 11, in the Tobit regression model established above, profitability passes the test at the 1% significance level and enterprise size passes the test at the 5% significance level. Listing years pass the test at the 10% significance level, indicating that the above three variables are the key factors affecting CSR in the food industry. The corporate governance and shareholding concentration level did not pass the significance test, indicating that their effects on CSR efficiency are insignificant under this model.

The expansion of enterprise size will reduce CSR efficiency to a certain extent and the impact is more significant. In terms of enterprise size, the coefficient of the natural logarithm of total assets at the end of the year on CSR efficiency is −0.353. This evidence indicates that although the expansion of enterprise size will provide enterprises with greater ability to fulfill their social responsibility, it also tends to cause problems such as the complexity of internal operations or too many links, resulting in higher costs and lower CSR efficiency.

At the level of corporate governance, the independence of the general manager and chairman and the integrity of corporate committees positively impact CSR efficiency. This issue indicates that the effective monitoring, checks and balances, and decision-making role of the company's board of directors can help to improve social responsibility performance and efficiency. Still, its effect is not significant and is not a key influencing factor of CSR efficiency.

Corporate shareholding concentration, on the other hand, harms CSR efficiency, reflecting that in internal control, major shareholders ignore the efficiency of social responsibility input to a certain extent or there may be errors or deficiencies in relevant decisions, which is not conducive to the implementation of corporate social responsibility and the improvement of efficiency. However, the effect of this variable is also insignificant and does not have a critical impact on CSR efficiency.

Regarding profitability, the coefficient of return on assets on CSR efficiency is −0.059, a negative effect and highly significant. Generally speaking, the rise in profitability will help companies to improve their ability to fulfill their social responsibility. Still, there are cases that after making profits, companies will be more inclined to invest their profits in the expansion of their scale or other strategic purposes and continuously invest for the improvement of their competitiveness, while neglecting the implementation of socially responsible behaviors, thus causing a decline in CSR efficiency.

In terms of listing years, the influence coefficient of listing years on CSR efficiency is 0.611, which has a positive effect and a slightly significant influence. This result proves that when companies have been listed for a longer period, they are more rational in their capital investment, have more experience and stronger sustainability, and attach importance to CSR, thus promoting the improvement of CSR efficiency.



Tobit Regression Results and Analysis Under the Influence of the Pandemic

Considering that COVID-19 pandemic in 2020 has greatly impacted various industries, we will explore the changes and differences in the factors influencing the social responsibility efficiency of food industry companies before and after the pandemic outbreak. Also, based on the Tobit model established above, using the abovementioned social responsibility efficiency of food companies in 2019 and 2020 and the variable data of various influencing factors, respectively, represent the situation before and after the outbreak and perform the Tobit regression. The results are shown in Table 12.


Table 12. The Tobit regression results of factors influencing CSR efficiency under the influence of pandemic.
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From Table 12, we can see that in 2019 before the pandemic outbreak, enterprise size and shareholding concentration negatively impacted CSR efficiency, while the level of corporate governance, profitability, and listing years has a positive impact, among which only enterprise size is the key influencing factor. In 2020 after the pandemic, corporate governance, profitability, and listing years, which were originally positive, all became negative effects. The enterprises' size and shareholding concentration change from negative to positive effects. Among them, the significance of enterprise size disappears and the listing years become the key influencing factor of CSR efficiency.

The above comparison illustrates that the arrival of COVID-19 has had a great impact on the food industry. Enterprises with larger scale and more stable internal controls are more likely to reduce their operations and continue fulfilling their corporate social responsibilities under the pandemic's impact. However, enterprises with higher levels of governance or higher profitability harm CSR efficiency, which may be because enterprises uniformly focus their resources on reducing the pandemic's impact and ignore the improvement of CSR efficiency. The cost of adjusting the internal structure and profit model is relatively high, which will hurt the efficiency of social responsibility. In addition, the number of years on the market became a key negative factor affecting CSR efficiency after the pandemic outbreak, probably because the impact of COVID-19 required enterprises to make timely adjustments to their existing models. Enterprises with longer listing years have accumulated more investment.





CONCLUSION

Based on the background of COVID-19 and taking 17 enterprises in the food industry whose social responsibility performance is above the industry level from 2011 to 2020 as an example. After using the super-efficiency DEA-Malmquist-Tobit model to analyze the CSR efficiency of 17 food enterprises in China from 2011 to 2020, this article gets some conclusion, which are as follows:

First, according to the static analysis of the super-efficiency DEA model, the average value of CSR efficiency of 17 samples in the food industry from 2011 to 2020 is 1.534 and the overall level of CSR efficiency is high. On the whole, COVID-19 has promoted the social responsibility of the sample enterprises in the food industry, with individual differences in the impact on the food industry, among which enterprises with good CSR performance before the pandemic are more affected. There is an obvious gap in social responsibility efficiency among these enterprises. At the same time, among Chinese food enterprises with good social responsibility performance, some enterprises have inefficient social responsibility efficiency investments. Therefore, Chinese food enterprises' social responsibility investment efficiency needs to be improved.

In addition, according to the dynamic analysis of the Malmquist productivity index method, the average total factor productivity of 17 sample enterprises from 2011 to 2020 was 1.957 and the annual total factor productivity was >1. The overall CSR efficiency was on the rise year by year. From the perspective of technical efficiency change and the technical efficiency level of enterprises has been rising in the past 10 years, but the fluctuation trend is relatively large. The average scale efficiency has pulled down the growth level of technical efficiency. From the perspective of technological progress change, the changing trend of technological progress is generally consistent with total factor productivity. Therefore, technological progress is the main factor affecting the change of total factor productivity of corporate social responsibility. From the perspective of total factor productivity, the overall CSR efficiency of 17 sample enterprises in the food industry from 2011 to 2020 was jointly affected by changes in technical efficiency and technological progress. From the overall level, total factor productivity was more affected by changes in technological progress. Under the background of COVID-19, the level of technological efficiency and technological progress in the food industry is relatively high. Still, most enterprises are below the average level of the industry. The development of technical efficiency and technological progress within the food industry is unbalanced.

Finally, according to the Tobit regression analysis, enterprise size, profitability, and listing years belong to the key factors affecting social responsibility efficiency of food industry enterprises, among which, listing years have a positive effect on CSR efficiency. In contrast, enterprise size and profitability do not positively correlate with CSR efficiency. In addition, the level of corporate governance and shareholding concentration does not significantly affect CSR efficiency under this study and are not among the key influencing factors. The occurrence of COVID-19 pandemic, on the other hand, caused a great impact on the influencing factors of CSR in the food industry. Before the pandemic, enterprise size was the key influencing factor on CSR efficiency with a significant negative influence; after the outbreak, listing years became the key influencing factor with a negative relationship with CSR efficiency. The rest of the variables were not key influencing factors.

According to the above study conclusions, this article puts forward the following suggestions:

According to the principle of CSR, the laws related to the food industry should focus on safeguarding the interests of consumers to prevent damage to the interests of consumers due to legal loopholes. In terms of the government, the government should improve the laws and regulations on the social responsibility of China's food industry enterprises and give play to legal supervision and management. In addition, the government must hold public welfare lectures on social responsibility, publicize the knowledge of corporate social responsibility to consumers, change consumers' shopping concept, encourage consumers to pay attention to the performance of CSR, and the quality of food to guide the change of the atmosphere of the whole food industry.

In terms of the food industry, one of the reasons for the poor performance of social responsibility of Chinese food enterprises is the lack of unified social responsibility standards. Therefore, the Chinese food industry must setup corresponding social responsibility implementation standards according to their characteristics and gradually improve the statistical and quantitative systems of social responsibility indicators of food enterprises. Besides, it is necessary to reward enterprises with good performance in CSR within the industry, which will help to develop corporate social responsibility culture to improve the current situation of social responsibility of Chinese food enterprises.

For the efficiency of social responsibility investment, food enterprises should pay attention to various stakeholders' interests to achieve long-term and stable development, especially the interests of consumers, suppliers, and creditors. For total factor productivity, in the process of undertaking social responsibility, food enterprises should strengthen technological investment, introduce innovative talents, and increase the intellectual reserve of enterprises, which can improve the level of technological innovation and help enterprises to create unique high value-added products, find new profit growth points in the highly competitive market environment, to improve profitability and overall social responsibility efficiency.



STUDY LIMITATIONS AND OUTLOOK

The study of CSR performance evaluation is a very applied field and this article also specific the research objects to food enterprises to emphasize this point. But, although this article combines theory and practice and builds a model that can be applied to the evaluation of the social responsibility performance of Chinese food enterprises, there are still some shortcomings in the depth of the study and the system of the study.

First, due to the study on CSR in China is still in the stage of growth and development, there are still many gaps in the social responsibility of enterprise, including food enterprises, so that the selected social responsibility input-output evaluation index in this article does not contain all the content of CSR. Therefore, in the further study, we will further explore and improve, make the study more representative.

Second, due to the limitations of objective conditions such as time and resources, the social responsibility performance evaluation model constructed in this article has not been empirically studied in specific food enterprises, so on the basis of the feasibility, its accuracy needs to be further tested by examples.

Third, enterprises of different nature have differences in the performance of social responsibilities. This article does not include this influencing factor into the construction category of CSR performance evaluation model in the food industry, which will affect the judgment of CSR behavior performance to a certain extent.

For the first limitation, this article believes that through the further exploration and research in the field of CSR and its performance evaluation in the future, we can obtain more and more representative indicators. For the second limitation, this article gives the following research idea: first, select a few food enterprises, which are representative and have research meaning and the specific information of the company is analyzed according to the established social responsibility performance evaluation model, so as to make the study more practical, rise from particularity to universality, and give study suggestions of universal significance. For the third limitation, this article will continue to carry out in-depth and rich study on the basis of the existing research and continue to build a scientific and reasonable food enterprise social responsibility performance evaluation model, to provide great significance for food enterprises and stakeholders from all the walks of life.
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Background: The pandemic of COVID-19 has been shaping economic developments of the world. From the standpoint of government measures to prevent and control the epidemic, the lockdown was widely used. It is essential to access the economic losses in a lockdown environment which will provide government administration with a necessary reference for decision making in controlling the epidemic.

Methods: We introduce the concept of “standard unit incident” and an economic losses assessment methodology for both the standard and the assessed area. We build a “standard unit lockdown” economic losses assessment system and indicators to estimate the economic losses for the monthly lockdown. Using the comprehensive assessment system, the loss infected coefficient of monthly economic losses during lockdown in the 40 countries has been calculated to assess the economic losses by the entropy weighting method (EWM) with data from the CSMAR database and CDC website.

Results: We observe that countries in North America suffered the most significant economic losses due to the epidemic, followed by South America and Europe, Asia and Africa, and Oceania and Antarctica suffered relatively minor economic losses. The top 10 countries for monthly economic losses during lockdown were the United States, India, Brazil, France, Turkey, Russia, the United Kingdom, Italy, Spain, and Germany. The United States suffered the greatest monthly economic losses under lockdown ($65.3 billion), roughly 1.5 times that of China, while Germany suffered the least ($56.4 billion), roughly 1.3 times that of China.

Conclusion: Lockdown as a control and mitigation strategy has great impact on the economic development and causes huge economic losses. The economic impact due to the pandemic has varied widely among the 40 countries. It will be important to conduct further studies to compare and understand the differences and the reasons behind.

Keywords: COVID-19, lockdown, standard unit incident, assessment system, monthly economic losses assessment


1. INTRODUCTION

Currently, the COVID-19 has been spreading throughout the world. Waves of outbreaks continue to swape throughout countries worldwide with emerging of new strains of virus. As declared by the World Health Organization (WHO), governments must balance between epidemic prevention and control and economic and social development in the face of this global pandemic. Without the efficient vaccine, non-pharmaceutical interventions (NPIs), including the lockdown, contact tracing and isolation of cases, physical distance are effective mitigation strategies widely applied around the globe. The lockdown has been proven to be the most effective policy for control the spread, however its cost can be enormous. To battle the unprecedented epidemic, public health and governments require a concise, rapid, objective, and scientific basis for making decisions for epidemic prevention and control. Therefore, it is critical to conduct an objective economic assessment of an epidemic prevention and control strategy. The assessment of the economic losses not only provides a basic and realistic understanding of the effectiveness of policy but also supplied a scientific judgment when facing a continuing significant public health event.

Research on the economic losses under public health events has primarily focused on exploratory studies at the micro and macro levels. At the micro-level, the assessment of economic losses under public health events is primarily comprised of two components: epidemic data and a loss evaluation indicator system. The sources of epidemic data are divided into two categories: actual epidemic data and simulation data from the epidemic model simulations, which are used to calculate economic losses from real epidemics and analyze the return on investment (ROI) of prevention and control strategies, respectively. The dynamic transmission models and calibration modeling are the two main areas of micro-level research. The compartment models, network models, metapopulation models, and Agent based simulation models (1) are the popular tools to mimic the transmission of infectious disease. Medical losses, absenteeism losses, disinfection expenditure, and transmitting vector control costs are all factored into the economic damage assessment (2).

At the macro-level, the input-output (IO) method or general equilibrium model (CGE) (3) is the most commonly used approach for assessing economic losses under public health events. These models analyze the impact of an epidemic on individual industry sectors and the economy as a whole. The IO approach is essentially a subset of the CGE model, which is currently the dominant method for calculating losses to economic systems caused by exogenous shocks. CGE models, which use multiple non-linear equations to simulate the behavior of production, consumption, and employment of economic entities in a social-economic system, are a standard tool for estimating aggregate economic losses. In comparison to the IO model, the CGE model reflects the interdependence within the economic system's factors. It overcomes the IO model's shortcomings such as lack of behavioral response, insensitivity to market price changes, and linear, rigid, and inelastic input-output coefficients (4), and constructs a model more in line with reality (5).

The assessment of economic damages for the COVID-19 epidemic belongs to the macro-level, and the IO approach or CGE analysis is more demanding in terms of data requirements, assessment content, and analysis process. Wuhan was the first city to implement lockdown for stamp out COVID-19 in China. You et al. (6) assessed Wuhan's monthly lockdown economic losses using the IO method and the CGE analysis. There are also related studies that have applied event review research methods, vertical and horizontal analysis methods, comparative static analysis methods, and path analysis methods to evaluate the economic losses caused by COVID-19 (7). The available literature provides valuable reference for our study, and this article in the pertinence of the assessment method and the comprehensiveness of the assessment scope have been further improved. Given the Wuhan/Hubei experience, a comprehensive set of interventions, including aggressive case and contact identification, isolation and management and extreme social distancing, had been implemented to interrupt the chains of transmission nationwide (8). Then, the epidemic spread around the world. To date, some countries had also taken a set of interventions like what China did, which means that they had been during lockdown for some times to fight against the epidemic. Given the situation, in this paper we propose a novel method for assessing economic losses using “standard unit incident”, and use the case of Wuhan lockdown as a standard unit for case study to develop a basic reference system for evaluating the monthly economic losses. Furthermore, for the selected 40 countries which implemented lockdown measures, we will use the method to assess and compare their monthly economic losses.



2. METHODS


2.1. Data Resources

The relevant industry and consumption data from each of the 40 countries will be used to assess the economic losses in the event of a lockdown. It includes the data of the percentage of the industrial output, the percentage of construction output, the percentage of wholesale, retail, and catering production of GDP, and the percentage of transportation, storage, and postal and telecommunications output of GDP, the proportion of consumer spending of GDP, the percentage of government final consumption expenditure of GDP, and the percentage of gross fixed capital formation of GDP.

There are more countries applied the lockdown policy. In this paper, we will select 40 countries that have adopted lockdown measures with available data of various indicators in particular, with relatively large economies. The industry and consumer panel data for these 40 countries in 2019 from the China Stock Market & Accounting Research Database(CSMAR database)were used as the economic development in 2019 was unaffected by the epidemic and can reflect the economic scale of each country in regular times. In addition, we obtain the infection related data due to the epidemic of COVID-19 from the CDC website (9) and the World Health Organization (WHO) report on COVID-19 cases (10). We use the epidemic data till Nov 11, 2021. The data of China does not include Taiwan, Hong Kong, and Macau.



2.2. Standard Unit Lockdown and Economic Losses Assessment System

Macroeconomic losses assessment uses economic theories and methods to identify, measure, and valuations of losses items, quantities, and amounts arising from natural disasters, public health events, conflicts, and outbreaks of various animal diseases. The most significant difference between the two is that the purpose of the assessment differs from the volume of the object assessed. Macroeconomic losses assessment is typically conducted after a major catastrophic event in a country or region. In order to develop scientific and rational disaster prevention and relief policy, it is necessary to understand the economic losses caused by the event sooner, and economic loss assessment falls under the category of emergency macro information. As a result, one of the most important aspects of a macroeconomic assessment is to select a quick economic losses assessment that is both simple to use and scientifically sound. Based on this background, our team investigates economic losses assessment after an animal blight outbreak and proposes the concept of “standard unit blight”, (11, 12) laying the groundwork for “standard unit incident” and its economic loss assessment methodology. The concept of “standard unit incident” and its economic losses assessment proposed in this paper is part of the more general scope of the methodological system for assessing economic losses.

“Standard unit incident” of public health refers to a representative incident of natural disasters, public health events, conflicts, and animal blights that have occurred throughout human history and for which economic losses have been assessed or economic losses statistics have been compiled. As “standard unit incidents,” such as “standard unit earthquake,” “standard unit epidemic,” “standard unit tsunami,” “standard unit flood,” “standard unit war,” and so on, they constitute a framework of reference for the rapid economic losses assessment for ongoing incidents and serve as the foundation for assessing the economic loss of prevention and control measures.

The most common feature of a “standard unit incident” is its high influential intensity and broad influential area, the dual aspects of the incident's first and general nature, and the incident's historical normalcy. The “standard unit lockdown” and economic loss assessment aims to provide a scientific basis for assessing cost for informing the decision-making on the prevention and control of the COVID-19 epidemic in countries worldwide as the epidemic spreads.

When COVID-19 outbreak first occurred in Wuhan city, the Chinese government imposed an unprecedented lockdown policy to stop its spread. This powerful measure helped curb the epidemic, however the cost and economic losses were enormous. In this paper, we will sue the idea developed in You et al. (6) to conduct the monthly economic losses incurred during the Wuhan lockdown and use the “standard unit lockdown” to estimate the potential monthly economic losses as reference for assessing the economic loss of other epidemic countries implemented lockdown policy.

For a lockdown country or region, we assess the health burden, resident mental health losses, economic losses of directly damaged industries, and indirect economic losses. We do not account for other health impacts or subsequent health losses related to COVID-19.


2.2.1. Indicators for Measuring the Monthly Economic Losses

Wuhan was the first city to implement a lockdown policy to control the COVID-19 outbreak, so the Wuhan “standard unit lockdown” has all the hallmarks of a “standard unit incident.” The following are the principles for the assessment:

The period for assessment is for a period of 1 month. Because the lockdown time varies by country or city, the assessment is based on a monthly time interval for comparative and normative economic analysis.

This paper uses the Wuhan standard unit lockdown economic losses as a benchmark for China's “state-level standard unit” economic losses data by establishing the corresponding assessment indicator system and using the information about Wuhan standard unit lockdown economic losses in the data package, the proportional relationship between Wuhan's economic losses and China's economic losses in 2020, and the proportional relationship between Wuhan's epidemic data and China's epidemic data.

Based on the comprehensive assessment indicator system, the economic losses scores and health economic losses scores of 40 countries will be calculated using the entropy weighting method (EWM) (13), considering the various factors associate with the economic losses. We take the logarithm and adjust the coefficients of the 40 countries' economic losses scores and health economic losses scores derived using the Chinese “state-level standard unit” as the benchmark.



2.2.2. Construction of the Assessment System

The assessment system constructed in this paper focuses on three major aspects as primary assessment variables: economic losses in industry, social-economic and economic losses in population health. Each primary assessment variable contains several secondary assessment variables.

As a result of the “lockdown,” the urban transportation industry was utterly shut down. The transportation industry is intertwined with many other industries, including warehousing and retail, vacation tourism, lodging and catering, film and cultural industries, etc. Furthermore, the real estate sector was halted, as were the financial and construction industries and other related upstream and downstream industries, all of which were directly or indirectly impacted. Therefore, four indicators were used to reflect the economic losses: percentage of the industrial output of GDP, the percentage of construction output of GDP, the percentage of wholesale, retail, and catering production of GDP, and the percentage of transportation, storage, and postal and telecommunications output of GDP.

The “lockdown” has also affected the various economic entities' consumption level and capital accumulation speed. As the population's purchasing power falls below what it would have been in regular times, government expenditures fall in most areas, except those related to epidemic prevention, and the speed of capital accumulation slows. Therefore, in this paper we use three indicators to reflect social-economic losses: the percentage of consumer spending, government final consumption expenditure, and gross fixed capital formation of GDP.

The number of cures, deaths, and infections associated with the COVID-19 epidemic were chosen as specific variables to measure the health economic losses. We consider the indicators of health and economic losses in the evaluation system is because these people directly related to COVID-19, their cures, deaths due to COVID-19, The inability to participate in social work normally after infection will consume medical costs and social resources.

These variables summarized in Table 1 which include economic indicators for industries, social-economic indicators reflecting government purchases, consumer spending, capital accumulation, and epidemic indicators that can reflect specific COVID-19 infections. This assessment indicator system provides a comprehensive picture of the industry's economic and social-economic losses and the health economic losses.


Table 1. Comprehensive assessment indicator system for monthly economic losses of COVID-19.

[image: Table 1]



2.2.3. Data Processing and Calculation of Assessment Variables

Due to the different units of variables, the EWM was used twice in this study. At the first time, 40 (m) assessment objects and 10 (n) assessment variables are used to assess the monthly lockdown economic losses (14). First, a raw data matrix X was created based on the research question and statistical data as

[image: image]

To obtain the standardized score matrix for each variable, we normalized the raw data matrix X. We use the extremum method to mormalize the raw data, which can be divided into three categories of variables based on the target orientation: positive variables, inverse variables, and neutral variables, which are treated in the following manner.

The falling semi-trapezoid distribution function is applied to calculate positive variables, that is:

[image: image]

The triangular distribution function is applied to calculate neutral variables, that is:
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The ascending semi-trapezoid distribution function is applied to calculate inverse variables, that is:

[image: image]

The two variables of number of deaths and infections are positive in the evaluation system, implying that the higher the value of the variable, the greater the economic loss. In contrast, the eight variables of the percentage of the industrial output of GDP, the percentage of construction output of GDP, the percentage of wholesale, retail, and catering production of GDP, and the percentage of transportation, storage, and postal and telecommunications output of GDP, the percentage of consumer spending of GDP, the percentage of government final consumption expenditure of GDP, and the percentage of gross fixed capital formation of GDP, the number of cures are inverse variables, implying that the higher the value of the variable, the lower the economic loss.

The standardized matrix is as follows:

[image: image]

where rij is the standardized value of the i-th evaluation object on the j-th evaluation variable in the above equation, and

[image: image]

The entropy value of an evaluation variable is determined by the definition of entropy when there are m evaluation objects and n evaluation variables. The following is the calculation formula:
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where
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But, when fij = 0, the logarithm ln fij has no meaning. Hence, we use the modified fij:
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Therefore, the calculation formula Wj (the entropy weight of the j-th assessment variable) is as follows:

[image: image]



2.2.4. Classification of Criteria for Economic Losses of COVID-19

According to China State Contingency Plan for Rapid Response to Public Emergencies (15) and State Contingency Plan for Rapid Response to Work Safety Accidents (16), there are four levels of accident response: severe accident (Level I), serious accident (Level II), larger accident (Level III), and ordinary accident (Level IV).

In this regard, variable scores indicate the severity of economic losses during COVID-19 in different countries. Higher variable scores indicate a higher level of economic losses in that country and vice versa. Table 3 presents the range of variable scores for each risk level of economic losses of COVID-19.

In order to visualize and compare the severity of the monthly economic losses of the epidemic in different countries, we will apply the equal difference categorizing method in the classified statistic graph based on the actual data to grade the monthly economic losses scores of 40 countries, as shown in Table 2, we will use the four levels of risk to quantify the corresponding losses of severity from the level of ordinary, high, serious and severe.


Table 2. Criteria for economic losses of COVID-19.

[image: Table 2]





3. RESULTS

Any event will result in an iconic benchmark. The COVID-19 outbreak was first reported in Wuhan, and the Chinese government responded with the first “lockdown”, for the purpose of curbing the epidemic. The evaluation methods and results of this historic lockdown economic losses would serve as a standard reference. We will use Wuhan as a standard unit to study the economic losess during lockdown.

For the assessment of losses for lockdown, we first obtained the total monthly economic losses for Wuhan lockdown which was $25.39 billion. Direct economic losses in the directly affected sectors (transportation, logistics and storage, postal service, hospitality, and catering) totaled $3.111 billion, with indirect economic losses totaling $5.22 billion. The total health economic losses was $17.071 billion. It includes population health burden losses and population mental health economic losses. The former one amounts to $644 million, and the later one amounts to $15.427 billion.

We use the concept of “standard unit incident” and an economic losses assessment methodology developed for Wuhan as a standard area and then apply to other areas and countries. We estimate the monthly economic losses of the 40 countries by using adjustment coefficients associate with the study area. The details are shown in Figure 1.


[image: Figure 1]
FIGURE 1. Each country's monthly lockdown economic losses.


Meanwhile, according to the criteria for economic losses of COVID-19 and each country's score, the United States, India, and United Kingdom are classified as Level I; France, Turkey, and 24 other countries are classified as Level II; Austria, Switzerland, and 12 other countries are classified as Level III; New Zealand is classified as Level IV.

As shown in Figure 2, North America suffered the greatest economic losses from the epidemic, followed by Asia and Europe, South America and Africa, and Oceania and Antarctica, with Oceania and Antarctica suffering relatively low economic losses.


[image: Figure 2]
FIGURE 2. Monthly economic losses for lockdown (unit: 100million).


Using the Wuhan “standard unit lockdown” data package as a reference, the economic losses for China's lockdown were calculated, and the monthly economic losses for each assessed 40 countries were calculated (see Supplementary Material). The top ten countries in terms of monthly economic losses during lockdown are the United States, India, the United Kingdom, Russia, Turkey, France, Argentina, Spain, Italy and Germany. Among them, the United States suffered the greatest monthly economic losses during lockdown, roughly 1.5 times that of China, while Germany suffered the least, roughly 1.3 times that of China. The top ten countries' average monthly economic losses for lockdown were $58.97 billion. Figure 2 depicts the precise amount of losses.

We use EWM to estimate the monthly economic losses for the 40 countries that have adopted the lockdown policy by taking the economic loss of Wuhan for 1 month as the standard unit. As the total economic volume and level of economic development in various countries are different, the relative impact of equivalent absolute economic losses on the economies of various countries is also different. Therefore, we compare the estimated monthly economic losses of 40 countries using their monthly GDP in 2020, and obtains the loss infected coefficients of influence of the monthly economic losses of the lockdown countries.

These coefficients take into account the economic levels of different countries, reflects the loss of COVID-19 associate to GDP, and indicates the extent to which the monthly economic losses of different countries. The loss infected coefficients are presented in Table 3.


Table 3. The impact coefficients of monthly economic losses during lockdown in the 40 countries.
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According to the values of the impact coefficients, we divide the above-mentioned countries into three categories: severe impact; moderate impact; mild controllable impact. The top eight countries with a large impact coefficient: Ecuador, Kuwait, Hungary, Peru, Greece, Portugal, the Czech Republic, and Vietnam are more affected by the economic losses during the lockdown. First of all, the economic aggregates of the above-mentioned countries are relatively small. Second, in the economic loss assessment, the number of infections and deaths are the most weighted, while the death toll and the number of infections in the above-mentioned countries are relatively large. Take Peru and the Czech Republic as examples. The total number of infections and deaths in the two countries are 2.4 and 1.8 million respectively. The resulting high medical costs and loss of human capital have thus increased the economic loss, which has a serious impact on the country's economic growth.

Countries with an impact coefficient of 0.5–2 are mainly moderately developed or developing countries. Their economies volume are relatively large. At the same time, the total number of infections and deaths caused by the epidemic are at a moderate level, therefore their economic development was moderately affected. The rest of the 13 countries with an impact coefficient of 0-0.5, including China, the United States, Japan, Germany, France, India, the United Kingdom, Italy, Canada, Australia, Russia, etc. The above-mentioned countries are mainly developed countries and some in the rapid developing stage, their economic volume is at the fore-front of 40 countries. Therefore, although the total number of infections and deaths such as the United States, India, the United Kingdom, and Russia are among the top four in the world, due to their high level of economic development, the economy The volume is large, and the impact of economic losses from the lockdown on economic growth is slightly controllable. It is worth noting that, according to the monthly economic losses from the lockdown of cities estimated in this article, the monthly economic losses in China and the United States account for only 3 and 4% of the monthly GDP of these two countries. China's economic growth rate in 2020 will drop by about 3% year-on-year, while the United States' economic growth will shrink by 3.5% in 2020. Therefore, the evaluation results of this article are reliable. In addition, the monthly economic losses of the monthly GDP is 0.5% higher than the percentage GDP reduction in the United States, the loss infected coefficient and percentage GDP reduction in China are the same. Owing to the fact that the number of confirmed cases and deaths during the outbreak in the US was far larger than in China, the consequent Health-related Economic Losses are greater than the percentage GDP reduction. For Thailand and Argentina, which have similar loss infected coefficients, Thailand's economic growth rate in 2020 fell by approximately 6.2% and Argentina's economic growth rate in 2020 fell by approximately 9.9%, while our estimated monthly economic losses for these two countries are 9.6% and 11% of their respective countries' monthly GDP, respectively. Unlike Argentina, Thailand's core business, tourism, was hurt harder during the lockdown, demonstrating that the economic losses estimated by the loss infected coefficient for each country are more comprehensive and reasonable.



4. DISCUSSIONS

By exploring the theory and application of sustainable economic and social economical development, the concept and methodology of the economic losses assessment using “standard unit incidents” serve as a powerful tool: First, economic losses assessments have been developed as various disastrous events such as natural disasters, public health events, and animal blights occurred in human history. For a typical outbreak of any disastrous events, we can quickly assess the economic losses for policy makers to develop and formulate optimal prevention and control strategies. Secondly, various incidents inevitably occur in the course of human economic and social development. When it happens, the most critical and difficult questions for governments is to decide the priority of economy and life. The rapid assessment method of “standard unit incidents” can provide the government with a “governmental morality” coordinate for decision making.

The selection and differences in epidemic prevention and control strategies are worth thinking about and debating. Bo Peng previously claimed that Western countries had better anti-pandemic efforts than China, but CNN recently reported that China was the first to control the Delta virus successfully. Based on the various evaluations in the international community, this paper draws more specific conclusions based on objective data from countries around the world and an assessment of the “standard unit lockdown” methodology. Different countries take different epidemic prevention and control strategies due to differences in their government management systems, resource endowments, cultural traditions, religious beliefs, and political and economic models. The following are the main points:

First, the institutional structure is dominated by two major models: a high degree of unified command and a relatively independent response to epidemics. The former is advantageous to coordinated control mechanisms, effectively containing the spread of the epidemic and ensuring coordinated socioeconomic operations; the latter is advantageous to relatively flexible and differential responses to epidemics in different regions but affects the consistency of coordination in epidemic prevention and control.

Second, the specific measures and requirements for implementing lockdown in various countries were primarily divided into strict lockdown and semi-lockdown, with significant differences in the degree of lockdown. Wuhan, China's first city to implement a lockdown policy, activated the “pause button” mode, halting almost all economic activities. During the first few days of the lockdown, one person per household was allowed to go shopping outside the community every 3 days, a strict foot ban was soon implemented, and community volunteers delivered all household goods. On the other hand, other countries have adopted a semi-lockdown measurement, with some issuing foot-bans and customs-closure that restrict certain areas for activity. The former's strict lockdown policy had a significant economic impact. With the enormous costs of prevention and control, Wuhan generated nearly no revenue during this period. However, the epidemic was curbed quickly and effectively, providing a reliable guarantee for the subsequent resumption of economic activities (17). The latter, with its semi-lockdown, although it ensured the operation of some economic activities and granted a certain degree of residential freedom, was not conducive to the control of the epidemic, increased its spread, and slowed down the process of economic recovery.

Third, there is a deep gap in the results of lockdown measures in countries. Based on the earliest epidemic-stricken 25 countries' epidemiological data (up to the end of 2020), our paper examines the effectiveness of national control measures on the spread of COVID-19. We conclude that strict restrictive policies (lockdown, school closures, cluster restrictions) were significantly effective in controlling the epidemic's spread. A quick and robust government response significantly accelerates the turning point arrival and decreases infections and deaths. During the first wave of the epidemic, China and South Korea had the most successful response strategies. The study found that if China (or Korea) take timely efficient strategy, the other 23 countries would have seen an average reduction of 91 percent (89 percent) in cases and an average reduction of 88 percent (86 percent) in deaths (18). Around the second wave, most countries' responses were significantly weaker than in the first wave, resulting in an average duration of the second wave of the outbreak that was more than twice as long as the first. In the 17 European and American countries, the government's restrictive policies, economic aid (such as financial subsidies, debt relief) were effective in alleviating the epidemic spread, while transportation mobility contributed significantly to the epidemic spread. Simultaneously, the effects of the same policy differ across countries. In Europe and America, Germany, Sweden, France, Spain, and Turkey were the top five most effective countries for restrictive policies. The policies are approximately twice as effective in controlling the spread of the epidemic in Asian and Oceanian countries as they are in Europe and the United States. However, economic aid and health policies (testing policy, mask level requirements, medical resources, contact tracing) have had no discernible impact. Although the epidemic is not over, it is worthwhile to consider and research what scientific control strategies we should employ in the face of the epidemic.

From the time of relaxation, Table 4 collates the periodicity of blockades and the length of blockades studied in this paper as a way of illustrating the blockade policies of the 40 countries. It is important to note that the monthly economic losses of the different countries studied in this paper are measured in months, while Table 4 shows the actual length of the blockade in each country, and therefore does not directly correlate with the monthly economic losses in the previous section. This is an issue that requires further research.


Table 4. Each country's lockdown time.

[image: Table 4]

The timing of countries implementing lockdown measure is very close. China was the first country to experience an outbreak of COVID-19, and it was the first to implement the lockdown policy. Except for Germany and Denmark, other countries began the lockdown in March and April 2020, with the length ranging from one to 3 months, with Denmark being the first and only lockdown. Several countries experienced a second lockdown between July and November 2020 due to the multiple waves of the outbreak all of which lasted approximately 1 month, and the third lockdown in April 2021 lasted also approximately 1 month. As a country with three times of lockdown, Israel's third lockdown occurred on a different timeline than the others and was due to the second outbreak.

We conclude that depending on the economic and epidemiological conditions, the timing of the lockdown and the economic losses will have different outcomes. Although this point is not addressed in this paper at this time, we believe it is an important and worthwhile topic to investigate.

As the epidemic worsens and the more transmissible variants keep emerging and pose new threat to control the epidemic, we must unavoidably to consider the impact of vaccination and economic losses caused by the epidemic.

As we can see from the above epidemic economic losses assessment, the proportion of health economic losses caused by the epidemic is significant. Increasing vaccination rates is the most effective way to reduce health economic losses caused by the epidemic. To that end, we must address several issues:

First, we need to understand the vaccination coverage and epidemic control. There are currently differences in residents' willingness to get vaccinated in countries worldwide: some are actively vaccinating, others are on the fence and hesitant, and others are paralyzed and sluggish about epidemic prevention and control (19). Government research, planning, and epidemiological studies are required to address both the fear of vaccine shortage and vaccine effectiveness. The primary issue confronting humanity today in terms of economic and social development and human health is epidemic control. Governments should put advocacy interventions and policy measures as a priority.

The second is the relationship between vaccination rates and economic health and economic activity losses. In terms of global economic integration, vaccination rates should be considered not just for a single country but for the entire world's population. The uneven development of the global economy and the vast difference in vaccination rates between developed and developing countries will have a significant impact on the global economy's recovery. As a result, international organizations and governments should continuously promote equitable vaccine distribution and improve vaccine supply capacity. International organizations and governments should work together to promote equitable and reasonable vaccine distribution and to continuously improve vaccine supply capacity to aid in the fight against epidemics around the world, particularly in developing countries, as this is an effective way to reduce health economic losses and accelerate global economic recovery.

The third point is about the vaccine effectiveness ratio. We should consider the cost of vaccines and their contribution to economic development. It should be noted that the cost of vaccine development and the economy's sustainable development are two sides of the same coin. On the one hand, vaccine research and development, production, and vaccination process are prohibitively expensive. In China, the R&D and production costs for each vaccine are approximately US$28.68, and with two doses required per person, the cost of universal vaccination for China's 1.4 billion population is approximately 1.4 billion x 2 x 28.68 = US$80.311 billion. In contrast, the national per capita medical cost for confirmed and suspected patients with COVID-19 is approximately US$2,438. In comparison, the vaccine costs much less than the medical costs for sick patients. On the other hand, on an economic and health level, universal vaccinating benefits the population's health and society's economic reboot. It can be observed that any country that vaccinates a large scale of population will be able to quickly break free from the grip of the epidemic and gain a good position in the global economic recovery and development as soon as possible. Thus, spending on universal vaccination is a strategic national investment rather than a pure consumer one, and it is the most efficient way to promote economic recovery, which will have a significant economic and social impact.

The purpose of this paper is to a new methodology for calculating economic losses using a “standard unit event.” This rapid economic losses assessment method is intended to provide a macro-level foundation for decision-making, but it cannot accurately measure the total economic loss during by the lockdown. This is because the economic losses for the lockdown are multifaceted. First, the epidemic impacts the health of the population, and the burden of disease on the population reduces labor productivity, resulting in varying degrees of economic losses in every industry that requires human capital. Second, the epidemic raises public health expenditures and creates a high demand for medical supplies, but this is not considered into loss range in this paper's analysis, which only considers losses to directly affected industries and indirect economic losses to all industries, as well as health economic losses. Third, our research subject is assessing economic losses, and the epidemic's economic impact is not included in the assessment. The epidemic has had a huge impact on all aspects of the economy. Moreover, many countries around the world experienced other nature disasters when batting with COVID-19 such as floods, earthquakes, and animals' blights. We believe that assessing economic losses caused by the superimposed impact of multiple events is an important research question addressed in future research.
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Purpose: In this study, we empirically investigate the impact of the COVID-19 pandemic on China's stock price volatility during and after its initial outbreak, using time-series daily data covering the period from July to October, 2020 and 2021, respectively.

Design/Methodology/Approach: In the estimation, the ARDL bounds test approach was employed to examine the existence of co-integration and the relationship of long-run and short-run between the new infection rates and stock price volatility, as stable and unstable variables are mixed. The inner-day and inter-day volatility, based on the Shanghai (securities) composite index, are estimated in separate empirical models. In addition, the Inter-bank overnight lending rate (IBOLR) is controlled in order to consider the effect of liquidity and investment cost.

Findings and Implications: We find that in the initial year (2020) of the epidemic, the new infection rate is negatively correlated to stock prices in the short-term, whereas no significant evidence existed in the long-term, regardless of model specifications. However, after the epidemic's outbreak (2021), the result depicts that new infections increased stock prices in the long-term, and depressed its inner-day volatility in the short-term, which is inconsistent with most investigations. This phenomenon may be due to the fact that investors were more concerned about the withdrawal of monetary easing and fiscal stimulus, which were introduced to fight against the epidemic's impact on economy, than the epidemic itself. This study complements the limitations of most existing studies, which just focus on the period of the epidemic's outbreak, and provides insight into macroeconomic policy making in the era of the post COVID-19 epidemic such as the structural and ordered exit of the stimulating policies, intervention in IBOLR and balance social and economic sustainability.

Keywords: COVID-19, ARDL bounds test, IBOLR, policy withdraw, stock volatility


INTRODUCTION

As the most influential health crisis of the recent decade, the COVID-19 pandemic has triggered tremendous social and economic influences among countries in the past 2 years. There is a proliferation of papers investigating its sudden impact on the stock market with most of their perspectives suggesting that the impact is devastating (1–3). Despite the increase or decrease in prices, the volatility itself is also of great significance to the market (1, 4, 5). China's stock market is the world's second largest, behind the US,1 and is inextricably linked to economic development and social stability, its yields have a global spillover effect (6). Moreover, due to current mass vaccination, proficiency in countermeasures and adaptation of investors' psychology, it is possible to yield different impacts on the stock market to the extensive literatures which mainly focus on the period of its initial outbreak. Studying the correlation of COVID-19 and China's stock market, during and after the outbreak, is helpful in detecting the pandemic's potential external shock on capital markets and shed light on policy implications to promote a smooth transition and balanced development in society and the economy to achieve sustainable development goals (SDG) in the forthcoming years. The light can even contribute to investors making risk management and portfolio assets allocation in the stock market (7).

The aims of the study are to examine the long- and short-term impacts of the COVID-19 pandemic on China's stock market volatility during and after its outbreak, detect the differences in their influences and provide possible tailored policy suggestions. The time range covers July to October (2020 and 2021, respectively) for the reason that in these periods, during both of the 2 years the macroeconomic variables are relatively stable, whereas in other periods the fiscal and monetary policies, international supply chains, main trade partners' epidemic and commodity prices experienced drastic changes. ADRL modeling has advantages in dealing with variables integrated with different orders (8, 9) and small samples (10). Compared to other techniques, the ARDL method can also provide long and short-term coefficients simultaneously, with an error correction model. In our study, we firstly make a unite root test to detect if the variables' are stationary or unstationary. Its result suggests that the dependent variables and independent variables are combined with I(0) and I(1). Therefore, we employ the ARDL approach to investigate the existence of co-integration and both the long and short-term effects of the epidemic on China's stock market. In the estimation, we consider three aspects of volatility: the increase rate, the inner-day and inter-day volatility, using separate empirical models. Confirmed cases and death cases are usually used as influencing factors (3, 11, 12). Since 2021, the epidemic in China has been fading out with almost no death cases, we only consider the data of confirmed cases per million people as a unifying measurement. The inter-bank overnight lending rate is considered in order to reflect on the impact of market liquidity and investment cost on the stock index.

The remaining part of the paper is organized as follows. Section Literature Review: presents the theoretical background and related literature. Section Data and Empirical Model: describes data descriptions, empirical equations, and estimation methods. Section Empirical Results: provides a series of empirical results. Section Conclusions and Policy Implications: contains some conclusions and policy implications.



LITERATURE REVIEW

Public health emergencies have been suggested to hit global economic growth, social stability and cause upheaval in financial markets (5, 13–15), for instance, SARS in 2004 (16), H1N1 in 2009 (17), and EBOV in 2014 (18). Currently, the COVID-19 pandemic is also regarded as exerting significant influence on the economy (12, 19, 20), even surpassing that of the previous health crisis (21). Specifically, the epidemic is attributed as disrupting production, distribution and the supply chain (22), in changing personal consumption patterns (23, 24), investors' behaviors (25), and business confidence (23), therefore impacting the entire economy and channels to the financial market. Besides downside risks in financial or stock markets, it's denoted to increase fear-induced sentiment (26–28) and resulting economic uncertainty (29). Economic uncertainty may also be a result of government reaction triggered by the pandemic (30), such as prohibiting human mobility and manufacturing lockout (12, 31). Kalyvas et al. (29) and Sharif et al. (32) suggest that this uncertainty leads to a financial crash risk and to stock markets tumbling. In addition, risks are suggested to be touched off by a possible “domino” effect. Some institutions' or sectors' problems may spill over to endanger the entire market (33–37).

Numerous studies have specifically investigated the epidemic's assaults on the stock market. Based on the US, UK, Japan, and other developed countries' evidence, Bai et al. (2) and Rahman et al. (3) argue a significant negative influence of COVID-19 on stock prices and a positive influence on stock volatility. The adverse impacts of the epidemic on stock price or fluctuations are also addressed in emerging markets (1, 4, 28). Particularly, some of the investigations reveal that the reaction of the stock market is in the short-term (38, 39). Additionally, the unpredictability of the pandemic process is suggested to raise volatility (40). To put it another way, less unpredictability in the epidemic process tends to reduce stock volatility. It is consistent with risk aversion in portfolio investment suggested by Modern Portfolio Theory (MPT) and Capital Asset Pricing Model (CAPM), which use the Standard Deviation (SD) as the volatility to detect the relationship between expected return and investment risk. There is even attempt to explore the cross-region spillovers between countries' stock markets hit by COVID-19 (15). Nevertheless, few literatures focus on the influence of COVID-19 in the post-epidemic period, let alone their comparison, which may currently yield more practical significance.

Longstanding and extensive studies have suggested that there is an important relationship between interest rates and stock prices. Nozar and Philip's (41) investigation reveals that the immediate response of US stock prices is significant and dynamic, similar conclusions can also be seen in studies such as Fama (42), Rahman et al., (3) and Pal and Mittal (43). Specifically, in Germany and the UK, the interest rate's shock even accounts for approximately half of stock price's movement (44). However, the direction of the interest rates impacts proposed by prior studies is still ambiguous. For example, Amado (45) denotes that the effect of interest rates on stock prices is heterogeneous to industry characteristics and conditionally on the direction of interest rate change, whereas Hogan (46) and Alam and Uddin (47) address it as positive and negative, respectively. Besides, interest rates may affect a firm's profits, nest present values of future cash flow, and even stock transaction cost, in case a significant amount of stock purchasing is by borrowed money, therefore affecting stock value (48). In addition, although inflation and money supply are regarded as impacting stock prices based on the money demand theory and the dividend discount model (3, 49–54), they are indicated to finally increase or decrease the interest rate (55). Hence, in the investigation we employ the interest rate; here inter-bank overnight lending rate, as the control variable in the ARDL approach.



DATA AND EMPIRICAL MODEL

The data sets utilized are daily new infection rate, stock price volatility, and the inter-bank overnight lending rate in China. We choose the data scope ranging from July to October (2020 and 2021, respectively) because in this period of 2 years the macroeconomic policy and international economic background are relatively stable. Hence, it is more suitable than any other period to detect the impact of the epidemic on the stock market and in order to make comparisons. Each day's COVID-19 new infection rate (henceforth CNIR) is measure by new infections per million people in China. Because the number of new infections is officially released every other day at 9:00 a.m., the independent variable of CNIR refers to the epidemic situation of the previous days. Likewise, the inter-bank overnight lending rate (henceforth IBOLR) is controlled in the estimation.

The stock price volatility consists of three aspects: the increase rate, inner-day volatility, and inter-day volatility, which are examined in separate models. Their calculating formulas are as follows:
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Here, INCR represents the increase rate, measured by the growth rate of the closing index to the previous day's; INEDV is the inner-day volatility, which is the disparity rate of the closing index to the opening index; INTDV is the inter-day volatility, calculated by the change rate of the opening index to the previous day's closing index. Besides indexopen, indexclose denotes the opening index and closing index of China's stock market, using Shanghai Securities Composite Index (SSCI). Subscript t in the variables signifies the day of the stock index, and Subscript (t-1) is the previous day of t. The data of SSCI are drawn from the website of the Shanghai Stock Exchange. In particular, the days that exist missing values are gotten rid of in the estimation. In order to unify the scale and make the value positive for further logarithm, the independent variables are normalized before estimation, as is shown in the following method:
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Here, y denotes the independent variables in the estimation, such as INCR, INEDV, and INTDV. ymin and ymax is the minimum value and maximum value of y. int is integral function, signifying the maximum integer that does not exceed the value of ymin. The summary statistics of the variables is provided in Table 1.


Table 1. Summary statistics of main variables.
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On account of these time-series data's possible stationary or unstationary nature, first, we apply a unit root test. In the unit root test, both the Augmented Dickey-Fuller (ADF)test and the Phillips-perron (PP) test are examined to mutually confirm the results. Specifically, we employ the Schwarz Information Citeria (SIC) and check all the possible cases including “constant term”, “constant + trend”, and “none” to judge the variables' optimal lags. The testing results are contained in Table 2. INCRa, INEDVa, INTDVa, CNIRa, and IBOLRa signify the increase rate of the stock index, the inner-day volatility of the stock index, the inter-day of the stock index, the new infected rate per million people and inter-bank overnight lending rate in 2020, while INCRb, INEDVb, INTDVb, CNIRb, and IBOLRb are the corresponding variables in 2021. The unit root test results that all the dependent variables such as INCRa and INCRb, INEDVa, and INEDVb, INTDVa, and INTDVb are integrated at level, denoted as I(0), while both the independent variables of CNIRA and CNIRB are integrated in order 1, denoted as I(1).


Table 2. Results of unite root tests.
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Since both of the ADF and PP tests suggest that the orders of the variables between the dependent variables and independent variables are mixed of I(0) and I(1), then we employ The ARDL approach in the estimation because the ARDL approach has advantages in dealing with co-integration, regardless of the integration orders and samples scale. It also considers the classification of dependent and independent variables and results in showing the relationships in both long and short-terms. Specifically, we follow the Pesaran et al. (36) approach, which examines the co-integration by estimating an unrestricted error correction model (UECM) based on an equation. UECM for ARDL bounds testing with two independent variables is as the following formulas:
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Where, Y is stock price volatility, INCR, INEDV, INTDV are respectively estimated in Model A1, Model A2, Model A3 of 2020, and Model B1, Model B2, and Model B3 of 2021. α0 is constant coefficient, α4, α5, and α6 are long-run coefficients, α1i, α2i, and α3i are short-run coefficients. et is an error term of white noise. Then the null hypothesis and the alternative are set based on the above equations, as is shown as follows:
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Where, H0 denotes that no relationship existed in the long run, otherwise H1 implies the existence of long-term association. In the ARDL bounds test, The Wald test is used to check the possible co-integration. If the resulting F-statistics is smaller than the corresponding lower critical bound, there is no co-integration. If the value of F-statistics is bigger than the corresponding upper critical bound, there exists co-integration. If the value is between the two, it is equivocality whether these series are co-integrated or not.

As long as a relationship of co-integration between independent variables and dependent variables are checked, the ARDL model of long-run and short-run relationship can be developed with equations as follows:

Long-term equation:
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Short-term equation:
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Where, n is the number of variables, m is the maximum of lags' number. a, b, c, and d are the lag lengths of the variables. In particular, the determinants of the lag length are based on the resulting value of Akaike information criteria (AIC) and Schwarz information criteria (SIC). ECT is the error correction term of the long-run equation. Thus, the ARDL approach based on Pesaran et al. (36) is established to estimate the long-run and short-run relationship between the variables.



EMPIRICAL RESULTS

The empirical results of the ARDL approach contain two sequences: Model A and Model B, which are the estimations of COVID-19 pandemic's impact on stock prices in 2020 and 2021, respectively. The results of optimal length adopted in The ARDL bounds test, recommended by AIC and SIC, is shown in Table 3. We develop six UECM models, Model A1, A2, and A3, INCRa, INEDVa, and INTDVa are employed as dependent variables, respectively, to detect possible impacts in 2020, while Model B1, B2, and B3, INCRb, INEDVb, and INTDVb are employed as dependent variables to detect possible impacts in 2021. In the models, IBOLRa and IBOLRb are introduced, respectively, as control variables. The optimal lags of each model recommended by Table 3 are used in the estimation of ARDL model's long-run and short-run equations. In models A1, the optimal lag length is recommended of 2 AIC and 1 SIC, we take the length lag of 1 by AIC. Similarly the optimal lag length in Model A2 and A3 is taken of 3 and 2 by SIC. In the sequences of 2021 data, in Model A1, A2, and A3 all of the optimal lag lengths are recommended of 1 by AIC and SIC.


Table 3. Optimal lags of models.
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Adopting the recommended lag length by AIC and SIC above, we employ the Wald test to check the possible integration. The results (contained in Table 4) show that the F-statistics in all the models are larger than corresponding upper bound values at a 1% significance level. It signifies that the null hypothesis of no co-integration in all the models is rejected. Hence, the ARDL approach is tailored to investigate the relationship of long-run and short-run, adopting the optimal lag length recommend in Table 3.


Table 4. Results of ARDL bounds test.
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The estimating results of long-run coefficients and short-run coefficients are demonstrated in Table 5. In the year of 2020, it shows that the coefficients of CNIRa are negative to INCRa in the short-run at 5% significance level, whereas no significant coefficient in the long-term is detected at a conventional significance level, regardless of model specifications. It implies that the COVID-19 epidemic negatively impacted China's stock market index only during a short time period. However, in the year 2021, the coefficient of CNIRb is significant at the conventional significance level and positively correlated to INCRb in the long-term, while in the short-term it is statistically insignificant. It means that, in the epilog of the COVID-19 breakout, the epidemic may have contributed to the increase of China's stock index. In addition, in Model B2, it shows a negative impact of CNIRb on INEDVb in the short-run, denoting that the epidemic reduced the stock's inner-day volatility and the impact lasted not very long. Likewise, IBOLR indicates a negative impact on stock index and inner-day volatility in model A1 and A2, and inner-day volatility in model B2. It implies that an increase in the inter-bank overnight lending rate reduced SSCI and mitigated inner-day volatility in 2020, whereas just significantly reduced inner-day volatility in 2021.


Table 5. Empirical results in long run and short run.
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The results revealed by Model B1 and B2 are different from the previous investigations and even economic common sense, in which the direct impacts of the epidemic on stock are negative (2, 3, 38, 39) or increase its fluctuation (4, 5, 28). However, considering the epidemic's influence on government and central bank policies tailoring, this phenomenon can be interpreted. Responses to policies intervention in the stock market have been suggested by a growing number of literature [e.g., (56–59)]. As for fiscal policy, most of the papers find positive influences of government expenditure and negative influences of taxes on stock prices [e.g., (60, 61)]. Even the government budget balance is acknowledged to be one of the main factors impacting the economic growth and stability that affect stock market returns (62) and thereby its price. As for monetary policy, studies on conventional monetary intervention (such as a change in policy interest rates) and unconventional monetary intervention (such as a change in monetary easing and liquidity support) have established its relationship with regard to stock price and its volatility (56, 58, 62–65). Specifically, as highlighted by Rogalski and Vinso (66), money supply has a lagged positive impact on stock return. With a similar suggestion about the direct impact of liquidity injection on the stock market, Cecioni et al. (67) further denotes that funding conditions of the policies may also influence prices through mitigating the friction of the finance system. He also addressed that the “portfolio channel” is one of two transmission channels by which monetary policy influences the economy. Moreover, the effects of monetary policy on stock prices can also be impacted by factors such as investors' trust (68) and expectations (67). In particular, some investigations provide evidences that the effect of policy information (65) and policy announcements (63) on stocks are significant. In the initial year of the COVID-19 outbreak, China's government and central bank had implemented unprecedented strong expansionary fiscal2 and monetary3 policies to counter the epidemic's shock on the economy. Under the logic that these stimulation policies may gradually fade out and return to “normal” as the epidemic slows down, the phenomenon may be due to the fact that in the post COVID-19 epidemic era, stock investors are more concerned about the impact of policies' withdraws implemented during the outbreak of the epidemic, than the epidemic itself.



CONCLUSIONS AND POLICY IMPLICATIONS

The main objective of the study is to explore the long-run and short-run impact of the COVID-19 epidemic on China's daily stock price volatility during and after its outbreak. As I(0) and I(1) variables are mixed, the ARDL bounds test approach is employed to examine the existence of co-integration and the relationships of the long-run and short-run between daily new COVID-19 infections and China's market volatility. It was found that the COVID-19 epidemic decreased China's stock index and rise exacerbate its volatility during the period of COVID-19's outbreak (2020), as is suggested in Baiget al. (69), Bai et al. (2), Rahman et al. (3), and Dai et al. (27), although the impact was in the short-term. However, in the period of post COVID-19's outbreak (2021), the epidemic has a positive long-run impact on the stock prices and a negative short-run impact on its inner-day volatility. A plausible explanation is that in the post-epidemic era, the infections stabilize investors' expectations for the maintenance of the existing stimulating policies, which were introduced to fight against the epidemic's negative impact on the economy, thereby increasing the stock price and mitigating the inner-day volatility, rather than decreasing its price and exacerbating its fluctuation in the pandemic's initial year. This study extends the existing literature of COVID-19's impact on stock price volatility, which mainly focuses on the price itself and the period of the epidemic's outbreak. It also provides empirical evidence with regard to the epidemic's different impacts on China's stock market in the period when the pandemic was roughly controlled and gradually slowed down.

From a policy perspective, the study's outcome to a certain extent helps to respond to the causation of the complicated volatility of stock prices during different periods of the COVID-19 epidemic and provide insights on effective policy intervention in the forthcoming period. First, the government and central bank should prepare a policy cupboard such as liquidity injection and interest rate adjustment to counter possible fluctuations in the stock market. Second, the exits of the stimulus fiscal and monetary policies countering the pandemic's shock ought to take the influence factors of the stock market into consideration. A gradual and orderly way out of the stimulus policies can stabilize investors' expectations and trust, reduce the objectionable influence of the policies' transition and the risk of debt shock. In particular, it is imperative to provide a special grace period for the most severely affected sectors during the pandemic (e.g., travel, hotel, and restaurant sectors), and small and medium enterprises (SME) of which recovery is slower and more sensitive to debt risk, with policies such as preferential interest rates, targeted crediting, and easing. Moreover, the negative association between IBOLR and inner-day volatility unveiled by the research provides a news possible tool of intervention in stock price's inner-day fluctuations. That is, the monetary policy makers can manipulate the inter-bank overnight lending rate to reduce the epidemic's impact on the inner-day volatility of stock prices, instead of the traditional interest rate intervention as addressed in the most previous studies [e.g., (3, 41, 43, 45)], which may bring about significant and complicated influences on other economic variables (70) except stock prices. In addition, since the impact of COVID-19 on the stock market is no longer negative, an integrated policy is imperious to balancing social and economic sustainability, such as trade opening, fostering a favorable business environment, and supporting S&M enterprises, more than just focusing on public health, to achieve SDG.

Several issues remain for future study. First, it is possible to detect the impact discrepancy on stock prices and the volatility of different industry sectors and provide more precise and tailored policy implications. Second, investigate the possible asymmetric effect of the epidemic by employing an asymmetric estimation approach. Third, try to explore mediating or moderating variables to help find empirical evidence of the transmission mechanism from epidemic's impact to stock volatility which is the limitation of this study. Fourth, it is possible to explore whether other developing or emerging countries' stock markets have experienced similar phenomenon in the post-epidemic period.
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FOOTNOTES

1The total market value of China is 11.92 trillions RMB in October, 2021, equals 75.19% of GDP in 2020.

2In 2020, China expanded its government budget deficit by 1 trillion RMB, special bonds by 1.6 trillion RMB, and increased public expenditure by 0.81 trillion RMB, reduced taxes by 2.5 trillion RMB (Collected from government website of the People Republic of China: https://www.gov.cn/).

3In 2020, China's center bank has reduced the deposit reserve ratio to 9.4% which is the lowest in 5 years, lowered the benchmark interest rate twice to 2.95%, and put in a total of 1.75 trillion RMB base money to provide long-term liquidity to the market (Collected from the central bank website of the People's Republic of China: http://www.pbc.gov.cn/).
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The outbreak of COVID-19 has brought a serious impact on the economies of various countries, monetary policy needs to play a role in stimulating economic recovery when the economy encounters a serious negative impact. Since the recurrent outbreak of COVID-19 has caused great obstacles to the normal economic exchanges between countries, it has become particularly important to build the domestic market and optimize the industrial allocation at this time. This paper focuses on studying the dynamic impact of China's monetary policy implementation on the industrial structure during the pandemic. Based on the data of the eight major economic zones in Mainland China and the dataset containing many of China's macroeconomic variables, a SV-TVP-FAVAR model is established. The manuscript compares the time-varying effects of monetary policy tools on the industries at different stages before and after the epidemic. The study supported some interesting conclusions. (1) Either the quantitative or price-based monetary policy shocks have significant time-varying impacts on the industries in different economic zones. The impacts of monetary policy on the primary, secondary, and tertiary industries in each economic zone are uneven. (2) The developed Northern, Eastern, and Southern coastal economic zones in Mainland China are more sensitive to the changes in monetary policy. (3) COVID-19 has brought a tremendous negative shock on the economy, which has destroyed the original steady-state of the economic system and added more uncertainty to the regulatory effect of monetary policy. Compared with other periods in China's economic history that severely negatively impacted (the Southeast Asian financial crisis and the global economic crisis), industries in most economic zones under the COVID-19 epidemic have been affected by monetary policy for a longer lag time. Therefore, for the implementation of monetary policy, at the moment of COVID-19 epidemic, we should pay more attention to the dual-pillar role of macro-prudential regulation, further improve the process of China's interest rate reform, enrich the monetary toolbox, and implement differentiated monetary policies in line with the economic zone's position, to optimize the regional industrial structure, and promote long-term economic growth.
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INTRODUCTION

The outbreak and epidemic of COVID-19 have significantly impacted economic activities. To alleviate the epidemic's effect, governments worldwide have introduced a series of measures to stimulate economic recovery. Fiscal policy and monetary policy are the most commonly used macroeconomic control methods. Due to the existence of Ricardian Equivalence, monetary policy is more capable of quickly stabilizing the situation when the economy suffers severe external shocks than fiscal policy (1). Moreover, the COVID-19 has the characteristics of recurrent global outbreaks. Each recurrent outbreak of the epidemic have a significant negative impact on the economy, and will greatly deplete consumer confidence (2). Since the founding of the People's Republic of China, monetary policy has developed from nothing to perfection. Especially after the Economic Reform and opening up, monetary policy has gradually grown from an additional fiscal policy to a series of guidelines, policies, and initiatives with clear policy goals that adapt to domestic and foreign financial development. Each fluctuations ironing of China's economy is inseparable from the macro-control of monetary policy, such as inflation control in 1993, deflation caused by the Asian financial crisis in 1997, four interest rate cuts in the global financial crisis in 2008 to stimulate economic recovery, and release of liquidity under the background of the new crown epidemic in 2020, etc. But unlike the previous crises, the COVID-19 pandemic forced the government to take many measures to quarantine and isolate while using macro-control steps to guide economic recovery (3), which have brought great difficulties to regular economic exchanges between countries. In this context, the concept of domestic monetary circulation has been repeatedly mentioned. The top priorities are establishing and improving the domestic market and updating the industrial layout.

In the post-epidemic era, the governments of various countries have taken measures to stimulate the economy internally and strengthen external prevention and control, making the political and trade environment extremely complicated. Moreover, the trend of COVID-19 is changeable and unpredictable. These factors have exacerbated the difficulty of monetary policy implementation, and the industrial structure and layout will also change. To explore the implementation of monetary policy under the background of COVID-19 and its impact mechanism and dynamic evolution principle on the transformation of industrial structure, this paper establishes a time-varying parameter factor-augmented vector autoregressive model with stochastic volatility (SV-TVP-FAVAR) based on the industrial distribution of the eight economic zones in mainland China. Through the establishment of three-dimensional impulse response in the sampling interval and an impulse response function based on time points, taking the impact of the epidemic as a virtual node, the Southeast Asian financial crisis, and the global economic crisis as historical references, this paper analyzes the driving effect of China's monetary policy implementation on industries in different economic zones in detail. It provides experience and respect for China to optimize the industrial structure and implement the feasible path of monetary policy in the post-epidemic era.

On the whole, there is a severe structural imbalance in the distribution of China's industries, and the lack of high-end industries and the overcapacity of low-end industries coexist. Thanks to the effective regulation of the government, the proportion of the tertiary industry have continued to increase in recent years, and the government has made gratifying achievements to a certain extent in restraining backward production capacity and promoting innovation and development. However, there are considerable differences in element endowments, labor composition, natural environment, and industrial layout in different regions due to the vast territory of China. Figure 1 shows the GDP of eight economic zones in mainland China. It can be seen that there are apparent differences in the development level of different economic zones. These differences have hindered coordinated development among regions and further led to an allocation imbalance of financial resources in other economic zones, especially in the context of COVID-19 pandemic; this imbalance will be further exacerbated. Monetary policy can adjust the industrial structure by actively guiding the allocation of element endowments among different industries. Nonetheless, the vast conditional differences in other regions of China objectively lead to the heterogeneous policy effects of a single monetary policy in the different areas. When discussing the industrial structure effect of monetary policies, if external differences such as regional economic development level and financial market organizational structure are not considered, the conclusion will be incomplete. At present, the world economy is in the post-epidemic era. Although governments and central banks have launched a series of fiscal and monetary policies, China faces internal problems such as the disappearance of demographic dividends and the transformation of industrial structure, and external issues such as the impact of trade wars, economic downturn, and pressure of repeated epidemics. Under such circumstances, it is necessary to explore how China's monetary policy guides industrial optimization and how the heterogeneity of policy implementation affects economic growth continuously and healthily.


[image: Figure 1]
FIGURE 1. GDP trend of eight major economic zones in mainland China.




LITERATURE REVIEW

Monetary policy is an essential means of national macroeconomic regulation and control. The guiding industrial structure adjustment mechanism is rooted in the uneven distribution of resources among different industries (4). In other words, various industries respond differently to a single monetary policy, and factors of production will be distributed in different sectors under the action of monetary policy (5–9). A complete and reasonable industry chain is one of the critical foundations for realizing technological innovation. Under the background of the epidemic, cross-border communication has suffered a great strike, and the economic growth is weak. It is imperative to explore new endogenous growth points of the economy, optimize, and improve the industrial structure, actively promote sustainable development, and develop high-end industries. Therefore, clarifying the regulatory effect of monetary policy on the industrial structure is an important strategic choice for grasping and deepening China's economic construction. Based on the Ricardo Equivalence theorem (10, 11), monetary policy is more effective than fiscal policy in promoting the industrial structure to optimize and upgrade. The classic literature on the effect of monetary policy on industrial design focuses on verifying its existence and formation mechanism (12, 13). In the process of implementing monetary policy to guide the transformation and upgrading of China's industrial structure, we have to pay attention to one problem: China has a vast territory, and there are differences in objective conditions such as element endowments, industrial layout, and economic development in different regions. Will implementing a unified monetary policy have other policy effects in the various areas? The answer to this question can be traced back to the concept of “Optimal Currency Areas” proposed by Mundell in the 1960s (14). He believed that implementing a unified monetary policy in countries or regions with substantial regional differences is not the optimal solution, and structural effects can interfere with the final policy effect (15–18). Although the criteria for dividing the optimal currency area are almost the same, implementing differentiated monetary policies for areas that do not meet the optimal currency areas can maximize the operating efficiency of the microeconomics and macroeconomics under certain conditions, which has obtained the consensus of most scholars. Chinese scholars start from theoretical and empirical perspectives, analyzing, and comparing the characteristics of different regions in China, believing that China does not meet the optimal currency area hypothesis (19–23). In other words, during the transmission process of a believing monetary policy, due to the friction in the transmission path and the objective conditions of different regions, there will be heterogeneous results in the other areas of China, which will put forward higher requirements for deepening the monetary policy reform. At the same time, it should be noted that the balance of industrial structure between regions does not mean complete homogeneity, and it is equally important to take advantage of different economic zones.

In conclusion, the existing literature has carried out a multi-angle analysis of the monetary policy's effect on the industrial structure and other issues. However, in particular, there are still some deficiencies. First, monetary policy shows apparent asymmetry due to the differences in transmission channels (24–27), so using static or relatively static means to analyze the guiding role of monetary policy on industrial upgrading is not comprehensive. The evasion of the dynamic nature of the monetary policy is one of the reasons why some literature has not reached a unified. Second, monetary policy has a complete target system. When the monetary policy implemented by the central bank acts on the final target through the operation of intermediary indicators, it will affect many economic variables in the financial system. However, the econometric model used in traditional empirical methods can quickly and accurately obtain results when dealing with low-dimensional data. In contrast, it is easy to fall into the “dimension disaster” when facing more variables. The existing literature does not pay enough attention to the large number of variables involved in the process of monetary policy. Third, when monetary policy acts on the industrial structure, China's actual economic situation will inevitably produce structural effects. Therefore, it is not comprehensive to consider monetary policy's guiding role and structural impact in isolation. At present, there is little literature about considering these two aspects' roles into a unified framework. Fourth, the epidemic has caused a large-scale impact on China's economy, politics, and trade. In the complex and changeable post-epidemic era, the dynamic evolution that China's monetary policy impacts industries in different economic zones have not been fully revealed. The implementation of monetary policy requires a more scientific decision-making basis.

Given the shortcomings of the current research, the marginal contribution of this paper is as follows. First, a time-varying parameter factor-augmented vector autoregressive model with stochastic volatility (SV-TVP-FAVAR model) is constructed to replace the classical model, which fully considers the asymmetry of monetary policy in time and structure, using the quarterly data from 1997 Q1 to 2021 Q4 to help observe the dynamic impact of monetary policy on the eight major economic zones in mainland China. Second, the principal component analysis method is used to abstract a large number of economic variables, which contains a lot of information into several unobservable common factors, avoiding the limitation that the model is challenging to deal with high-dimensional variables. Third, while considering the monetary policy to guide the upgrading of the industrial structure, the paper pays attention to the structural effects caused by the transmission mechanism and regional factors and consider them in a unified framework, which provides a richer perspective for monetary policy to guide industrial upgrading and optimization and inter-regional coordinated development. Finally, the epidemic is selected as a virtual event. The Southeast Asian financial and global economic crises are used as comparative events to dynamically clarify the industrial driving effect on China's monetary policy in each economic zone post-COVID-19.



MODEL SPECIFICATION

To avoid the loss of variables in the economic system as much as possible and to deeply analyze the driving effect of monetary policy on industrial structure in different economic contexts, especially during the epidemic, we use the SV-TVP-FAVAR model for empirical research. The SV-TVP-FAVAR model combines the classical VAR model with the factor enhancement idea and uses an innovative random walk method to process the coefficient matrix and the variance-covariance matrix to handle complex time-varying problems. Sims proposed the classical VAR model is widely used in economics because it treats all variables as endogenous variables and avoids the correlation between explanatory variables (28). However, when analyzing macroeconomic issues, especially exploring the dynamic effects of monetary policy on the industries in this paper, the classic VAR model still has many shortcomings. For example, when monetary policy is transmitted to different industries in different regions through channels like interest rates and credit, it will involve much economic information. The traditional VAR model is limited by degrees of freedom and cannot include as many explanatory factors as possible. Hence, it is easy to cause important missing variables (29, 30). Factor enhancement needs to be introduced into the model to eliminate the limitation of degrees of freedom. The classical VAR model is as follows:

[image: image]

Where β1, β2……βp are model coefficients, y1, y2……yp are p-order lag term of yt, α is a constant, and vt ~ N(0, Ω t) is a disturbance term.

It can be seen that the parameter estimation will be limited by the degrees of freedom in the model, and the dimension of [image: image] is the maximum number of variables that the traditional VAR model can accommodate. This number is generally not higher than 20 and <6 in most cases. Since many indicators are usually needed to consider in studying the dynamic effect of the monetary policy on the industrial structure, many variables involved in the economic process are extracted on this basis, and the high-dimensional matrix is abstracted into several unobservable common factors (29, 30). The Equation used to extract the element is as follows:

[image: image]

where, Xt is (N × 1) dimension database, and is the economic variables of the monetary policy effected on different industries in this paper, Ft and Yt stand for the part of common factors and proxy variables in the model, respectively, Λf and Λy for (N × K) and (N × M)-dimension factor matrix, respectively, K and M stand for the number of the extracted common factors and the proxy variables of the industries, respectively, and N ≫ K + M., εt ~ N(0, Ωt).

On the other hand, it is necessary to endow the character of time-varying to the model (31, 32) to describe the dynamic impact of quantitative and price-based monetary policies on industrial indicators. Therefore, the following improvements are made on the basis of the classic VAR model:

[image: image]

where βit is a time-varying coefficient matrix (i = 1, 2, ⋯ , p), and its residuals have the form of random walks (33). Further, the covariance of disturbance term in Equation (3), then we get:
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[image: image]

where, Σt = diag(σ1, t, ..., σk+1, t), At is a lower triangular matrix with the main diagonal of 1, the form is as follows:

[image: image]

Rearrange the Equation, where [image: image], [image: image], [image: image], j = 1, ..., m. Assume the new matrix constituted by Bt, αt and logσt following the innovation random walk (33):

[image: image]

where, [image: image] is the innovation variables in the model and are independent of each other, the innovation covariance matrix of Bt, αt and logσt corresponds to the variance matrix Qθ of [image: image]. When [image: image], there is no time-varying part in the estimated parameter, the model returns to the classical constant parameter model. when [image: image], it means that the parameters involved in the model are time-varying, and θt ∈ {Bt, αt, logσt}.

Further use the lag operator to rearrange the VAR system:

[image: image]
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where, [image: image], [image: image], and Ct is the relatively observed variables of the primary, secondary, and tertiary industries, Pt is instrumental variables of quantitative and price-based monetary policy implement. Wt = diag(exp(h1t)/2, ..., exp(hnt)/2, 01 × l+1), [image: image]; [image: image]; [image: image] is the disturbance term, these two are independent and identically distributed and obey the standard normal form; [image: image], λz, C, P = [λz, λC, λP], solve the above Equations (8) and (9) simultaneously:
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Where [image: image], [image: image]; ςt is also an innovation vector that obeys the innovation walk, and is a standard normal distribution. In this way, the SV-TVP-FAVAR model with the idea of factor-augmented and time-varying added to the classical VAR model is constructed.



VARIABLE SELECTION

The paper discusses the dynamic role of monetary policy according to the eight economic zones on China's mainland divided by the Development Research Center of the State Council. The variables involved in the model include quantitative and price-based monetary policies economic variables such as the added value of the primary, secondary, and tertiary industries in the eight economic zones. The sampling interval of this paper is selected in consideration of the availability of data and the industrial driving effect of China's actual monetary policy and finally determined the sampling interval from 1997 Q1 to 2021 Q4. The data involved in different economic zones are from the China Economic Net database, and the rest are from the Wind database. All data are quarterly, and some missing data are filled by interpolation. All non-stationary data are converted to stationary form by difference or logarithm.


Monetary Policy Proxy Variables

According to intermediary variables, monetary policy can be divided into quantitative and price-based. As for quantitative monetary policy, it is necessary to discuss which caliber of the money supply is a proxy variable. Considering that the central bank is the only government agency with the function of currency issuance, through the control of the base currency, the cash M0, M1, and M2 of various calibers can meet the measurability and controllability in the principle of monetary policy intermediary indicators. The problem studied in this paper is the driving degree of monetary policy on the three major industries in each economic zone. However, the scope of cash M0 and M1 is too narrow to reflect society's total demand and purchasing power in real economic life. It is challenging to adjust total supply and demand by M0 or M1. Hence, the quarter-on-quarter added value of M2 is used as a proxy variable for quantitative monetary policy. As for price-based monetary policy, interest rate indicators are highly controllable and measurable. The central bank can easily adjust market interest rates through open market operations or rediscount. Considering that the interbank market can solve the problem of short-term capital shortage and surplus for financial institutions, and has the characteristics of the short loan period, high flexibility, convenient transaction, and interest-rate sensitivity, the interbank market interest rate can more intuitively reflect the supply and demand conditions of the money market. The 7-day interbank rate is selected as the proxy variable of price-based monetary policy, which CHIBOR represents. The proxy variables of monetary policy are all from the China Economic Net database. The selected proxy variables of monetary policy are subjected to the ADF test, and the non-stationary data is logarithmically stable. The statistical description of the data before and after processing is shown in the following Table 1.


Table 1. Statistical description of the main variables in the article.
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Variables Related to Each Economic Zone

The eight major economic regions in mainland China are the Northeast, the Northern Coastal, the Eastern Coastal, the Southern Coastal, the Middle Reaches of Yellow River, the Middle Reaches of Yangtze River, the Southwest, and the Northwest Economic Zone. There are considerable differences in objective conditions such as geographical endowment, economic strength, and population size. The three coastal economic zones (the East, the South, and the North) are the most prosperous, with solid economic vitality and complete industrial chains. At the same time, the Northwest Economic Zone has a vast territory and sparsely populated areas, and there is still much room for economic development. We select the primary, secondary, and tertiary industries' added value in each economic zone as the observed variables. The statistical description of the variables is shown in the following Table 2.


Table 2. Descriptive statistics of different industries in China's economic zones.
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Macroeconomic Variables Background Database

One of the most important innovations of this paper is the inclusion of as many macroeconomic variables as possible within the analytical framework to avoid the distortion of the industry-driven effect of monetary policy caused by missing essential variables. Concerning classic literature and the availability of data, and considering the final goals, operational indicators, and intermediary indicators in the process of monetary policy implementation, the economic variables of the database in the factor enhancement idea are divided into the following categories. First, macroeconomic regulation and control are ultimately committed to promoting economic growth in actual economic activities. This category includes GDP that measures long-term growth and the GDP of various economic zones in China. Second, the monetary policy implementation process pursued a long-term steady increase in the price circulation category, including GNP deflator, CPI, PPI, and other price indices that measure inflation. Third, in the category of total supply, monetary policy adjustments will affect the total supply, and changes in the supply market will also affect the final policy effect, including labor indicators of each economic zone, etc. Fourth, in the category of financial activity, considering the non-negligible role of financial markets and financial intermediaries in the process of monetary policy transmission, this category covers various calibers of money supply, various stock indexes, various term interest rates, etc. To sum up, 82 economic variables were selected and included in the model information set, and the ADF test was carried out. Difference or logarithmic processing was performed on non-stationary data, X-12 seasonal adjustment was performed on variables with obvious seasonal factors, and data with non-uniform frequencies were interpolated or averaged. After the above processing, all data are quarterly and do not contain first-order unit-roots. The test results are not listed due to space limitations.




EMPIRICAL RESULTS

This section describes the dynamic three-dimensional impulse response among the three industries in different economic zones caused by adjusting various monetary policy tools. A comprehensive analysis of the time dimension and the response dimension discusses the driving effect of monetary policy on the industry. At the same time, to study the changeable impact of monetary policy during the epidemic, the Southeast Asian financial crisis and the global financial crisis are selected as comparisons, research, and compare the similarities and differences in depth of the impact of monetary policy on the industry between the epidemic and the previous economic system which was severely and negatively affected, to provide empirical evidence for the implementation of monetary policy in particular periods.


Three-Dimensional Impulse Responses of Quantitative Monetary Policy Acting on Different Economic Zones in Mainland China

Taking into account the availability of data and the evolution of China's monetary policy implementation, data from 1997 Q1 to 2021 Q4 is selected as the time interval for the impact of monetary policy on industries in different economic zones and test the dynamic three-dimensional impulse responses of the primary, secondary, and tertiary sectors to quantitative and price-based monetary policies of the eight major economic zones in mainland China, respectively. The X-axis in the figure is the period influenced by the shock, the Y-axis is the time point of the shock, and the Z-axis is the response level of industrial added value in different economic zones to monetary policy, where the X-Z plane constitutes the response dimension of the three-dimensional impulse response. The Y-Z plane includes the time dimension of the three-dimensional impulse response.

First analyze the impact effect of quantitative monetary policy on the primary, secondary, and tertiary industries of mainland China. As shown in Figure 2, expansionary monetary policy has a positive response to all three industries, that is, increasing the money supply can promote the growth of three industries of mainland China in the short term. At the same time, from the perspective of the added value of three industries, the tertiary industry is more than the secondary industry, and more than the primary industry, in other words, the promotion of expansionary monetary policy to three industries is asymmetrical, and there is a trend to promote the transformation into the tertiary industry. China is the largest developing country with a vast territory, and the mainland China has great differences in factor endowments and development among various parts, including the extremely uneven distribution of important resources such as water (34). In order to deeply study the influence of quantitative monetary policy on China's industrial structure, the following is a specific analysis of the dynamic changes facing to the shocks of quantitative monetary policy in different economic zones of mainland China.


[image: Figure 2]
FIGURE 2. Three-dimensional impulse responses of quantitative monetary policy acting on different economic zones in mainland China. The three sub graphs represent the impulse responses of the primary, secondary, and tertiary industries from left to right, respectively. One period in the figure denotes one season.


Supplementary Figure 1 describes the quantitative monetary policy, researching the dynamic effect caused by one unit of positive shock on the primary, secondary, and tertiary industries in different economic zones in China. Longitudinal comparison finds that primary, secondary, and tertiary sectors in different economic zones do not significantly differ in their response to monetary policy. However, in particular, the responses of industrial added value to quantitative monetary policy do have a considerable difference. As can be seen from Supplementary Figure 1, one unit of shock mainly causes adverse fluctuations in the added value of the primary industry in the Northeast Economic Zone from 1997 Q1 to 2021 Q4. The impact duration is short, and the shock disappears around the 8th period. When the secondary industry in the Northeast Economic Zone is faced with a quantitative monetary policy shock by the same intensity, the impulse response shows more robust heterogeneity. Specifically, one unit of quantitative monetary policy shock on the Northeast Economic Zone's secondary industry-first gives I've downward fluctuations and then upward. The response duration lasts long and returns to the level before the shock at about 12nd. After the shock on the tertiary industry in the Northeast Economic Zone, the maximum response occurs in the second period. The response value is positive, increasing year by year in the time dimension. This shows that both in terms of impact time and impact range, the shocks of quantitative monetary policy cause the most significant fluctuation in the secondary industry in the Northeast Economic Zone, which is consistent with the economic fact that the proportion of the secondary sector in the Northeast industrial base ranks high in the country. The expansionary quantitative monetary policy has a specific positive effect on optimizing the industrial structure in the Northeast Economic Zone. The primary industry in the Northern coastal economic zone has a solid response to the shock of the expansionary quantitative monetary policy. The negative effect was evident before 2000. After entering the twenty-first century, the positive impact gradually prevailed but decreased in 2009 year by year. The response of the secondary industry to the expansionary quantitative monetary policy in the Northern coastal economic zone is slightly weaker than that of the Northeast economic zone. On the whole performs positive fluctuation, which means that the increase of money supply is conducive to raising the secondary industry's added value in the Northern coastal economic zone. The dynamic shocks of the expansionary quantitative monetary policy on the tertiary sector in the Northern coastal economic zone are first negative and then positive, which means that the increase in the money supply will hinder the growth of the tertiary industry in the Northern coastal economic zone in the short term, but stimulate the development of it in the long term. Most of the time, the primary industry in the Eastern coastal economic zone has a negative response to the shocks of quantitative monetary policy. It shows a wave shape that first declines and then rises in the time dimension; that is to say, the effectiveness of driving the primary industry of the expansionary quantitative monetary policy has a weakening trend in the Eastern coastal economic zone. The secondary industry in the Eastern coastal economic zone generally shows an upward fluctuation trend but reaches the maximum positive response value in the third period; there is a time lag in a particular context. The impact of the expansionary quantitative monetary policy on the tertiary industry in the Eastern coastal economic zone is similar to that in the Northern coastal economic zone, which behaves first negative and then positive, indicating that the increase in the money supply of the central bank will be conducive to stimulate the growth of the tertiary industry in the Eastern coast in the long term. The secondary industry in the Southern coastal economic zone response to the expansionary quantitative monetary policy shows a negative effect. The range and trend of response are similar to the primary industry in the Northeast economic zone. The secondary industry in the Southern coastal economic zone is relatively insensitive to the expansionary quantitative monetary policy, which corresponds to the economic fact that the secondary industry in the Southern coastal economic zone accounts for the lowest proportion in the country. The tertiary industry in the Southern coastal economic zone has a more pronounced response to a unit of the positive shock of quantitative monetary policy, showing a slight negative fluctuation at first and then a large positive fluctuation, which supports the conclusion that expansionary monetary policy is beneficial to the tertiary industry in the Southern coastal economic zone in the long term. The response of the primary industry to expansionary quantitative monetary policy in the middle reaches of the Yellow River and the middle reaches of the Yangtze River economic zone is different from the four economic zones mentioned above. The primary industry has a positive added value, which means that the increase of money supply has a driving effect on the Yellow River's middle reaches and the Yangtze River economic zone. Among them, the secondary industry's added value in the middle reaches of the Yellow River economic zone has strong heterogeneity when facing the shock of expansionary quantitative monetary policy, which is characterized by alternating positive and negative responses and a long duration. The tertiary industry in the middle reaches of the Yellow River economic zone showed a response trend of first falling and then rising, reaching the maximum negative response value at the second period and the maximum positive response value at the third period. From the perspective of a time dimension, the negative response value of the tertiary industry to expansionary quantitative monetary policy has an increasing trend in the middle reaches of the Yellow River economic zone after the global economic crisis. The secondary industry has a negative response to expansionary quantitative monetary policy in the middle reaches of the Yangtze River economic zone. The tertiary industry has a negative response first and then a positive response, which the maximum value of the positive response has an increasing trend. The response of the primary industry to the expansionary quantitative monetary policy in the Southwest economic zone shows a trend of rising first and then falling. The maximum value of the positive response increases with time. The secondary industry's added value has strong heterogeneity and a small response range, which is related to the underdevelopment of the secondary industry in the Southwest economic zone. The added value of the tertiary industry-first decreases and then increases when facing a unit of the positive impact of quantitative monetary policy. Supporting quantitative currency has a short-term inhibitory effect on the tertiary industry in Southwest China but has a long-term driving impact. The primary industry in the Northwest economic zone shows a positive response to the expansionary quantitative monetary policy. Yet, the response is minor, related to the weakness of the primary industry in the Northwest economic zone. The secondary industry positively responds to the quantitative monetary policy, indicating that increasing the money supply can promote the secondary industry in the economic area. The tertiary industry-first reacts negatively and positively to the expansionary quantitative monetary policy, which means that the expansionary quantitative monetary policy promotes the tertiary industry's construction in the Northwest economic zone in a relatively long period.



Three-Dimensional Impulse Responses of Price-Based Monetary Policy Acting on Different Economic Zones in Mainland China

Further analysis of the impact of price-based monetary policy on the three industries in mainland China. As shown in Figure 3, for the three industries, the contractionary price-based monetary policy causes a negative reaction on the primary industry, the responses range is different, and the tertiary industry has the largest response, which means that the negative impact of increasing the interest rate on the tertiary industry is the most obvious, which is consistent with China's actual economic reality. Supplementary Figure 2 depicts the dynamic effects of a unit of price-based monetary policy on the primary, secondary, and tertiary industries in different economic zones in China. By comparison, it is found that other industries in each economic zone respond to a similar positive impact by the same unit of shock by price-based monetary policy. The growth of each economic zone will be suppressed by the contractionary price-based monetary policy, suggesting that rising interest rates may cause the weakening of industrial development in most economic contexts. In particular, the first, second, and tertiary industries in the Northeast Economic Zone all showed a negative response to the contractionary price-based monetary policy. The primary industry reaches the maximum negative response value in the second period. It returns to the state before the shock at about the 10th period, which means that the contractionary price-based monetary policy will not cause permanent influence to the primary industry in the Northeast economic zone. Within the sampling interval, the secondary industry in the Northeast economic zone has a brief positive response to the contractionary price-based monetary policy in the early stage. Then the response turns negative and increases year by year. The tertiary industry in the Northeast economic zone also shows a negative impulse response to the contractionary price-based monetary policy, indicating that raising interest rates may hinder the growth of the value of the tertiary industry in the Northeast. The Northern coastal economic zone also negatively responds to a unit of the positive shock by price-based monetary policy. The difference is that when the tertiary industry in the Northern coastal economic zone faces a contractionary price-based monetary policy, it takes longer to calm down from the impact. It is related to the relatively developed tertiary industry in the Northern coastal economic zone. The primary industry in the Eastern coastal economic zone generally responds negatively to the contractionary price-based monetary policy, and there is a specific time lag. The effect of price-based monetary policy is longer than that of the Northeast economic zone and the Northern coastal economic zone. The impact of the contractionary price-based monetary policy on the secondary industry in the Eastern coastal economic zone is negative most of the time, and it is increasing year by year in the time dimension. When the tertiary industry in the Eastern coastal areas faces a unit of the positive impact of price-based monetary policy, it produces a short-term positive reaction. It then turns into a negative value at random. If the monetary policy is tightened in recent years, it will negatively impact the tertiary industry in the Eastern coastal economic zone. The Southern coastal economic zone is one of mainland China's most energetic economic zones. The horizontal comparison shows that the added value of the primary, secondary, and tertiary industries in the Southern coastal economic zone is more sensitive to the impact of price-based monetary policy than other economic zones. Specifically, the primary industry in the Southern coastal economic zone has strong heterogeneity in its response to the contractionary price-based monetary policy, which is characterized by frequent switching between positive and negative directions, and the duration of the answer is longer at the beginning of the sampling interval, then it takes 15 periods to recover. The impact of the price-based monetary policy on the primary industry in the Northern coastal economic zone will gradually decrease year by year, and the shock at 2021 Q4 will end around the 8th period. The secondary industry in the Southern coastal economic zone has an obvious negative response to the increase in interest rates, and the negative response value increases in the time dimension. The tertiary industry in this economic zone also negatively responds to the contractionary price-based monetary policy but shows a decreasing trend in the time dimension. Judging from the response mode of one unit of the positive shock of price-based monetary policy in the middle reaches of the Yellow River economic zone, the primary industry of the economic area has a positive response to the impact of the contractionary monetary policy, and the secondary and tertiary industries have a negative response. To a certain extent, it shows that if there is a shock of contractionary price-based monetary policy, it will not be conducive to upgrading the industrial structure in the middle reaches of the Yellow River economic zone. From 1997 Q1 to 2021 Q4, one unit of price-based monetary policy shock also mainly causes negative responses on the primary, secondary, and tertiary industries in the middle reaches of the Yangtze River economic zone, that is, the central bank implementing a contractionary price-based monetary policy mainly causes the negative response of the three industries in the middle reaches of the Yangtze River economic zone. The impact lasts for a long time and calms after about 12 periods. When the Southwest and Northwest economic zones face one unit of the positive shock of price-based monetary policy, the secondary and tertiary industries show obvious negative responses. The negative reaction of the added value of the secondary industry increases in the time dimension. From the response dimension perspective, the tertiary industries in the Southwest and Northwest economic zones are longer affected by the impact than the secondary industry.
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FIGURE 3. Three-dimensional impulse responses of price-based monetary policy acting on mainland China. The three sub graphs represent the impulse responses of the primary, secondary, and tertiary industries from left to right, respectively. One period in the figure denotes one season.




Quantitative Monetary Policy Affects the Industrial Structure of Different Economic Zones in Particular Period

The above three-dimensional dynamic impulse response analyzes the response effects of different industries in the eight major economic zones of mainland China to quantitative and price-based monetary policy tools from a time-varying perspective. It can be seen that quantitative monetary policy causes a more substantial dynamic effect on the industries in each economy zone, and there is significant heterogeneity in the impact on different industries. While price-based monetary policy mainly has a negative shock on various industries in each economic zone, the contractionary monetary policy will directly reduce the money supply and affect the enthusiasm of enterprises for investment, resulting in a negative response to the industrial added value. From the perspective of the time dimension, the impact duration of price-based monetary policy on various industries is longer than that of quantitative monetary policy in most economic contexts.

However, except for research from a time-varying perspective, to measure the driving effect of monetary policy on industries in various economic zones, it should also focus on the changes in industries driven by the monetary policy under particular economic backgrounds. Based on the situation, the next part will start on the epidemic, taking 2020 Q1, the outbreak of COVID-19 as a specific period, and selecting the period of the Southeast Asian financial crisis (1997 Q3). The global economic crisis (2008 Q3), as a representative of the particular period when the economy suffered from severe external shocks, quantifies the changes in industrial added value in different economic zones caused by monetary policy shocks from the actual data level. To make the study of driving effects of quantitative and price-based monetary policy on industries more precise, and provide some empirical evidence for the direction of monetary policy implementation when the economic system is severely negatively affected.

Figure 4 depicts the impact of quantitative monetary policy on China's primary, secondary, and tertiary industries in the special period, which shows that the primary and secondary industries were more affected by the impact of monetary policy during the Southeast Asian financial crisis, and the tertiary industry was more affected during the COVID-19 epidemic. This means that since the Southeast Asian financial crisis, China's industrial structure has undergone significant change and assumes the incline to the tertiary industry of the industrial structure, resulting in the largest response of the tertiary industry to the impact of one-unit quantitative monetary policy during the epidemic in the three selected special periods.
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FIGURE 4. Impulse response of quantitative monetary policy acting on mainland China in particular period. The three sub graphs represent the impulse responses of the primary, secondary, and tertiary industries from top to bottom, respectively. One period in the figure denotes one season.


Supplementary Figure 3A shows the impulse response to one unit of the positive shock of quantity monetary policy during the Southeast Asian financial crisis, the global economic crisis, and the Northeast Economic Zone epidemic. The epidemic period causes the most significant fluctuations of quantitative monetary policy on the primary industry in the Northeast economic zone. The second period reaches the maximum negative response value and disappears at the eighth period. The increase of money supply has an uneven impact on the primary, secondary, and tertiary industries, and the added value of the secondary and tertiary sectors may squeeze out the primary industry. The secondary industry in the Northeast economic zone has the most apparent response to quantitative monetary policy during the Southeast Asian financial crisis and the weakest response during the global economic crisis. The tertiary industry has a significant gap in the three selected special periods, and the Southeast Asian financial crisis and the global economic crisis upward.

The responses of the Northern coastal economic zone to one unit of the positive shock of quantitative monetary policy during the selected three special periods are shown in Supplementary Figure 3B. It can be seen that in the selected three special periods, the primary industry in the Northern coastal economic zone shows a positive response to the expansion of the money supply. It reacted positively to the global financial crisis and reached the maximum positive response value in the second period. Still, from the perspective of the response range, the response value of the secondary industry in the Northern coastal economic zone during COVID-19 is noticeably higher. For the tertiary industry, the shock of expansionary quantitative monetary policy leads to more obvious heterogeneity in its response. The tertiary industry in the Northern coastal economic zone fluctuated negatively during the Southeast Asian financial crisis. During the epidemic, the response of the tertiary industry in the Northern coastal economy is first downward and then upward, and the magnitude is significantly higher than the previous two special periods. By comprehensively comparing the responses of the three industries in the Northern coastal economic zone to one unit of the shock of quantitative monetary policy, it can be found that the response of the industry during the epidemic increased significantly, suggesting that the monetary policy changes during this period have a more noticeable effect on the Northern coastal economic zone.

The results of the response to expansionary quantitative monetary policy tools in the Eastern coastal economic zone in the selected three special periods are shown in Supplementary Figure 3C. It can be seen that in the period of the global economic crisis and the epidemic, the primary industry in the Eastern coastal economic zone has a similar response to the expansionary quantitative monetary policy. From the perspective of the response dimension, we can find that it takes longer for the shock to calm down during the global economic crisis; that is to say, the exact size of the shock of quantitative monetary policy lasts longer during the global economic crisis in the Eastern coastal economic zone. The response of the tertiary industry in the Eastern coastal economic zone to the quantitative monetary policy is first negative and then positive, which means that during the selected three special periods, the expansionary quantitative monetary policy has a short-time negative impact and returns positive in mid-term and long-term on the added value of the tertiary industry in the Eastern coastal economy. The response in the Eastern coastal economic zone during the epidemic is most violent and lasts the longest.

Supplementary Figure 3D shows that for the primary industry in the Southern coastal areas, the response to one unit of the positive shock of quantitative monetary policy during the Southeast Asian financial crisis is greater than that of the same scale during the global economic crisis and the COVID-19. We are observing the response of the secondary industry in the Southern coastal economic zone to the expansionary quantitative monetary policy, indicating that the response in different periods reaches the maximum negative response value in the second period. Overall, the expansionary quantitative monetary policy has a specific inhibitory effect on the development of the secondary industry in the Southern coastal economic zone during the three particular economic periods. The impulse response analysis of the special period supports that the secondary industry in the Southern coastal economic zone is more affected by the impact of the expansionary quantitative monetary policy during the epidemic, and the effect lasts for a longer time. Among them, the response during the epidemic is still the largest.

Observing the response of the primary industry in the economic zone in the middle reaches of the Yellow River to one unit of positive shock of quantitative monetary policy in Supplementary Figure 3E, it can be found that in the three selected special periods, the impact is first positive and then negative, and the response of the epidemic is negatively higher than that of the Southeast Asian financial crisis and the global economic crisis. The trend that the secondary industry in the middle reaches of the Yellow River economic zone response to the expansionary quantitative monetary policy is relatively similar, and turn positive after reaching the maximum negative value in the second period. The response of the tertiary industry to quantitative monetary policy in the middle reaches of the Yellow River economic zone is the period of the epidemic, the Southeast Asian financial crisis, and the global economic crisis in descending order. The impact of the epidemic lasts for a relatively longer period.

The response of the middle reaches of the Yangtze River economic zone to the quantitative monetary policy in the period of the Southeast Asian economic crisis, the global economic crisis, and the epidemic are shown in Supplementary Figure 3F. The comparison shows when the primary industry in the Middle Reaches of the Yangtze River economic zone is shocked by the expansionary quantitative monetary policy, a positive response is generated first and then gradually adjusted to a steady-state The response of one unit of shock on the secondary industry in the middle reaches of the Yangtze River economic zone caused by quantitative monetary policy is the strongest in the Southeast Asian financial crisis, and the corresponding duration of quantitative monetary policy impact lasts for a long time. Similar conclusions also apply to the tertiary industry in the middle reaches of the Yangtze River economic zone.

The results for the response of different industries in the Southwest economic zone to one unit of the positive impact of quantitative monetary policy are shown in Supplementary Figure 3G. It can be seen that the primary industry of the Southwest Economic Zone is affected by the expansionary quantitative monetary policy, first fluctuates upward, and then reaches the peak of positive response in the second period, and then fluctuates downward during the period of the Southeast Asian financial crisis, the global economic crisis, and COVID-19. The expansionary quantitative monetary policy causes the response of the secondary industry in the Southwest economic zone, and the differences are evident among the selected three special periods. During the Southeast Asian financial crisis, the secondary industry in the Southwest economic zone had a positive response followed by a negative response. In the global economic crisis, the response rate is relatively flat, and the response is positive and then negative. At a period of the epidemic, the magnitude of the positive response of the secondary industry in the Southwest economic zone is higher than that of the other two selected economic zones, and the duration is also longer.

Supplementary Figure 3H shows the response to one unit of positive shock on primary, secondary, and tertiary industries in China's Northwest region of quantitative monetary policy during the Southeast Asian financial crisis, the global economic crisis, and the epidemic. It can be seen that the primary industry of the Northwest economic zone has the lightest impact by the expansionary quantitative monetary policy in the three selected special periods, which is consistent with the development status of the Northwest economic zone. The shocks of expansionary quantitative monetary policy on the secondary industry of the Northwest economic zones are first positive and then negative during the selected particular period and are most affected during the epidemic. For the tertiary industry in the Northwest economic zone, in the three selected special periods, firstly fluctuated negatively and then positively fluctuated, which means that during the period of the Southeast Asian financial crisis, the global economic crisis, and the epidemic, the expansionary quantitative monetary policy has an inhibitory effect on the tertiary industry in the Northwest economic zone.



Price-Based Monetary Policy Affects the Industrial Structure of Different Economic Zones in Particular Period

Figure 5 depicts the impact of price-based monetary policy on China's three industries. Overall, contractionary price-based monetary policy will cause negative fluctuations in the three industries during all special periods. For the three industries, the impact of price-based monetary policy is more durable than quantitative monetary policy, which means that the use of interest rate to regulate the national industrial structure is easier to obtain long-term results.
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FIGURE 5. Impulse response of price-based monetary policy acting on mainland China in particular period. The three sub graphs represent the impulse responses of the primary, secondary, and tertiary industries from top to bottom, respectively. One period in the figure denotes one season.


The results that different industries in the Northeast economic zone respond to a unit of the positive shock of contractionary price-based monetary policy are shown in Supplementary Figure 4A. It can be seen that the primary industry in the Northeast economic zone is affected by the contractionary price-based monetary policy, making an adverse reaction during the period of the Southeast Asian financial crisis, the global economic crisis and the epidemic, which means that the increase in interest rates in the selected three special periods will lead a specific inhibition to the development of the primary industry in the Northeast economic zone. The contractionary price-based monetary policy causes the response of the secondary industry in the Northeast economic zone, and the differences are obvious in the three selected special periods. The magnitude of the positive reaction of the secondary industry in the Northeast economic zone is higher than that of the other two selected economic zones, and the response duration was also longer in the epidemic. Horizontal comparison with the response of the tertiary industry in the Northeast economic zone to the shock of the contractionary price-based monetary policy among the Southeast Asian financial crisis, the global economic crisis, and the COVID-19, it can be seen that the tertiary industry in the Northeast economic zone tends to respond negatively during the selected particular period. The response rate during the epidemic is significantly higher.

The response of the Northern coastal economic zone to the impact of price-based monetary policy during the Southeast Asian economic crisis, the global economic crisis, and the epidemic is shown in Supplementary Figure 4B. The comparison shows that when the contractionary price-based monetary policy impacts the primary industry in the Northern coastal economic zone, it produces a negative reaction. Among them, the magnitude and time of the response during the epidemic are more potent than those in the Southeast Asian financial crisis and the global economic crisis, suggesting that during the epidemic, the impact of price-based monetary policy on the primary industry in the Northern coastal economic zone may be more sensitive than that in other two special periods. The response of the secondary industry in the Northern coastal economic zone to a unit of the positive shock of price-based monetary policy is the strongest during the epidemic, and the impact lasts for a long time. Similar conclusions also apply to the tertiary industry in the Northern coastal economic zone.

Observing the response of the primary industry in the Eastern coastal economic zone to one unit of the positive impact of price-based monetary policy in Supplementary Figure 4C, it can be found that in the three selected special periods, the impact is negative. The secondary industry in the Eastern coastal economic zone is most affected by the contractionary monetary policy during the epidemic. The response of the tertiary sector in the Eastern coastal economic zone to price-based monetary policy ranged from large to small in the period of the epidemic, the global economic crisis, and the Southeast Asian financial crisis. The tertiary industry is negatively shocked by the contractionary price-based monetary policy, which negatively affects the industry during the global economic crisis and the COVID-19 epidemic. By contrast, it generates positive volatility in the Southeast Asian financial crisis.

As shown in Supplementary Figure 4D, the three industries in the Southern coastal economic zone face the impact of the contractionary price-based monetary policy, and the trends in the three selected special periods are relatively similar. In-depth analysis shows that for the primary industry in the Southern coastal areas, the response to a unit of the positive shock of price-based monetary policy during the global economic crisis is greater than the same in the Southeast Asian financial and epidemic period. Observing the response of the secondary industry in the Southern coastal economic zone to the contractionary price-based monetary policy, it can be seen that the reaction in different periods reaches the maximum negative response value in the second period. The impulse response analysis of the special period supports that the secondary industry in the Southern coastal economic zone is more affected by the contractionary price-based monetary policy in the period of COVID-19, and the impact lasts for a longer time. For the Southern coastal economic zone, one unit of the shock of price-based monetary policy causes negative fluctuations in its tertiary industry during the three selected special periods.

The responses of the middle reaches of the Yellow River economic zone to the impact of contractionary price-based monetary policy in three selected special periods are shown in Supplementary Figure 4E. It can be seen that the primary industry in the middle reaches of the Yellow River economic zone had a positive impact during the three selected special periods. The secondary industry in the middle reaches of the Yellow River fluctuates positively during the Southeast Asian financial crisis, negatively during the global economic crisis, and the epidemic. Compared with the Southeast Asian financial crisis, there is a specific time lag in emerging the maximum positive value. The response of the tertiary industry to the price-based monetary policy in the middle reaches of the Yellow River Economic Zone is negative first, which means that during the period of the Southeast Asian financial crisis, the global economic crisis, and the COVID-19, the contractionary price-based monetary policy has a short-term negative impact on the added value of the tertiary industry in the Middle Yellow River Economic Zone and the response of the economic zone in the middle reaches of the Yellow River during the epidemic is relatively strong.

The Middle Reaches of the Yangtze River economic zone to a unit of the shock positive of price-based monetary policy in the Southeast Asian financial crisis, the global economic crisis, and the epidemic is shown in Supplementary Figure 4F. It can be seen that in the three selected special periods, the primary industry in the middle reaches of the Yangtze River economic zone has a negative response to the contraction of the money supply. The reaction ranged from large to small in the Southeast Asian financial crisis, the global financial crisis, and the epidemic. The shocks of the same scale of the price-based monetary policy on the secondary industry in the middle reaches of the Yangtze River economic zone are adverse during the three selected particular periods. The contractionary price-based monetary policy shocks lead to more obvious heterogeneity in its response for the tertiary industry. During the Southeast Asian financial crisis, the tertiary industry in the middle reaches of the Yangtze River fluctuated negatively. In the epidemic period, the tertiary industry of the middle reaches of the Yangtze River economic zone first downward and then upward. A comprehensive comparison of the responses of the three industries in the middle goes of the Yangtze River economic zone to one unit of the shock of price-based monetary policy shows that the reaction during the epidemic is more robust than that during the Southeast Asian financial crisis and the global economic crisis, indicating that the effect of the changes of monetary policy on the middle reaches of the Yangtze River economic zone is more prominent.

The Supplementary Figure 4G shows the impulse response to the one-unit positive shock of price-based monetary policy during the Southeast Asian financial crisis, the global economic crisis, and the COVID-19 in the Southwest economic zone. The price-based monetary policy in the selected three special periods causes the negative fluctuations of the Southwest economic zone's primary, secondary, and tertiary industries. For the primary industry, the changes made by the impact of the price-based monetary policy during the global economic crisis are higher than that during the Southeast Asian financial crisis and the epidemic. The secondary industry in the Southwest economic zone has the most apparent response to the price-based monetary policy during the period of COVID-19 and the weakest response during the global economic crisis. The tertiary industry has been affected by the positive shock of price-based monetary policy for the longest time during the Southeast Asian financial crisis.

The responses of different industries in the Northwest economic zone to one unit of the positive shock of price-based monetary policy are shown in Supplementary Figure 4H. It can be seen that the primary industry of the Northwest economic zone is affected by the contractionary price-based monetary policy. During the three selected special periods, the secondary industry in the Northwest economic zone fluctuates downward. Yet, the magnitude of the negative response during the COVID-19 period is higher than that during the global economic crisis. Comparing the response of the tertiary industry in the Northwest economic zone to the shock of the contractionary price-based monetary policy during the period of the Southeast Asian financial crisis, the global economic crisis, and the epidemic, it can be seen that the tertiary industry of the Northwest economic zone tends to be negative during the selected particular period. Among them, the tertiary industry's rate and duration of response in the Northwest economic zone during the epidemic are higher than those during the Southeast Asian financial and global economic crises.




CONCLUSION

Starting from the background of COVID-19 pandemic, this paper emphasizes the importance of the government's macro-control, especially monetary policy. And based on the actual economic situation under domestic and international pressure, this paper discusses the necessity and urgency of further optimizing and upgrading the industrial structure. Due to Ricardian Equivalence, monetary policy is a more effective means of regulating the industrial system. The paper establishes the SV-TVP-FAVAR model, taking the eight major economic zones in mainland China as the research object, and profoundly analyzes the dynamic mechanism of monetary policy implementation's impact on different industries in each economic zone. Based on the impulse response function based on time point, the COVID-19 epidemic period is selected as a particular period, and the Southeast Asian financial crisis period and the global economic crisis period are compared and analyzed, focusing on the comparison of time-varying effects on industrial added value between quantitative and price-based monetary policy tools at different stages before and after the epidemic.

The following is based on the analysis of the above empirical results. First, whether a quantitative or price-based monetary policy, the shocks on industries in different economic zones are significantly time-varying. The impact on the primary, secondary, and tertiary sectors in each economic zone is uneven. Among them, the expansion of quantitative monetary policy tends to guide the flow of financial resources into the secondary sector, causing short-term adverse fluctuations, and mid-term and long-term positive fluctuations in the tertiary industry, which means that the positive guiding ability of quantitative monetary policy to the tertiary sector needs to be improved. The tightening of price-based monetary policy will decline industries' added value in all economic zones to varying degrees, and the effect lasts longer. High financing costs will aggravate the financing difficulties of manufacturers in most economic zones and inhibit the desire of enterprises to invest. The impact of the price-based monetary policy affected the secondary and tertiary industries more significantly, which corresponds to the economic fact that the capital of the primary sector is not intensive compared with other sectors, relatively. Second, relatively developed economic zones like Northern coastal, Eastern coastal, and Southern coastal economic zones in mainland China are more sensitive to changes in monetary policy, and the effect of quantitative monetary policy tools is mainly negative in the short term. In relatively developed economic zones, the public tends to think of the increasing money supply as a short-term economic stimulus, so it isn't easy to increase investment and consumption by expanding quantitative monetary policy.

On the contrary, it may lead to price-rising and inflationary pressures, forming a vicious circle. In areas with relatively slow economic growth, such as the Northeast Economic Zone, the Southwest Economic Zone, and the Northwest Economic Zone, the expansion of quantitative monetary policy in these economic zones is conducive to the improvement of infrastructure and related equipment, and it is shown more time positive fluctuations of industrial added value. Third, the influence of monetary policy on the industries of various economic zones under the shock of the epidemic has shown some new characteristics compared with the Southeast Asian financial crisis and the global economic crisis. Specifically, with the spread of COVID-19, the lag time of industries in most economic zones affected by monetary policy will become longer, which means that the epidemic has dramatically disrupted the original steady-state of the financial system, leading to the blockage of monetary policy's transmission channels, and adding more uncertainty to the regulatory effect of monetary policy.

According to the conclusions from the above empirical research, we further propose the following suggestions. The empirical results show that the macroeconomic regulation influence of monetary policy on the industry structure has significant heterogeneity under different economic backgrounds and has apparent structural effects. In general, the regulation effect of price-based monetary policy on the industrial system is much better than that of quantitative monetary policy most of the time. It shows that the process of China's interest rate reform should be further improved, and the economic toolbox should be enriched so that the central bank can be more convenient in formulating relevant macroeconomics monetary policies. Continue to guide the macroeconomics regulation of China's monetary policy from quantitative to price-based, aiming at the different characteristics of economic zones development, implementing differentiated financial procedures matched with the economic zone's position, especially in the epidemic, and more attention should be paid to the two-pillar regulation role of macro-prudence. The regional industrial structure should be further optimized. In particular, the COVID-19 is characterized by repeated outbreaks, and each round of outbreaks is a huge consumption of consumer confidence and GDP. Under such circumstances, it is very difficult to take into account both epidemic prevention policies and economic protection. How to balance the trade-offs is an urgent need for further research in the future.

Although we try to expand the data set affecting the commodity market and stock market as much as possible in this study. There are too many variables involved in the process of monetary policy actions on the industrial structure, and the unavailability of relevant data may limit the scope of the study. With the advancement of statistical methods and computer technology, we look forward to using more advanced methods to study the impact of monetary policy on industrial structure.
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The COVID-19 pandemic has affected various dimensions of the economies and societies. At this juncture, this paper examines the effects of pandemics-related uncertainty on fertility in the panel dataset of 126 countries from 1996 to 2019. For this purpose, the World Pandemics Uncertainty Indices are used to measure the pandemics-related uncertainty. The novel empirical evidence is that pandemics-related uncertainty decreases fertility rates. These results are robust to estimate different models and include various controls. We also try to explain why the rise in uncertainty during the COVID-19 pandemic has resulted in the fertility decline.
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Introduction

The COVID-19 pandemic has affected various aspects of the economy and society. It has led to different fiscal and monetary policy implications (1, 2), which also caused higher price volatility in assets, commodities and financial markets [see, e.g., (3, 4)]. It is shown that the uncertainty shocks related to the pandemic can distort the current capitalist economic system. For instance, pandemics and household consumption have decreased global economic activity (5–8). The pandemics have also increased income inequality (9) and conflicts (10).

Fertility is also affected by cultural, economic, political, and social factors (11). Previous papers have observed that fertility negatively correlates with economic development in the long run [see, e.g., (12–14)]. The demographic change can also affect the demand side of the economy and thus the economic performance. It can also provide implications for population aging, retirement, and social welfare. In this paper, we aim to examine the effects of pandemic-related uncertainty on the fertility rate.

It is also important to note that uncertainty shocks can also be essential in fertility behavior. Expectations related to business cycles can affect the change in fertility rates. For instance, in a recent empirical study on more than 100 million births in the United States from 1988 to 2014, Buckles et al. (15) observed that fertility decision is forward-looking. It is related to the short-run expectations about employment and income changes. Therefore, individuals can react to uncertainty shocks and change short-run expectations. These uncertainty shocks can come from the news, stock markets and other macroeconomic indicators. In this paper, we also suggest that pandemics-related information can also change the short-run expectations of households, and this issue can affect their fertility decisions. A higher level of “bad news” related to the pandemics can create pessimistic expectations of future incomes (wages) and the stability of the current jobs or finding new jobs. The expectations during pandemics can lead to declining consumer confidence and reduced household consumption. This effect is known as the precautionary savings motivation in the literature (16). There are other concepts of uncertainty in social sciences [see, e.g., (17)]. For instance, social distancing and the fear of contagion also changed people's behavior during the pandemic (18–20). Similarly, staying indoors during the pandemic can also affect pregnancy plans.

All in all, families can postpone having a child during periods of higher uncertainty (21). We suggest that precautionary savings explain countries' cross-country fertility levels and changes. Several theoretical models link precautionary savings to fertility decisions [e.g., (22)]. However, it is essential to note that empirical studies on testing the validity of precautionary savings motivation have provided mixed findings.

In this paper, we assume that pandemic-related uncertainty by a decline in consumer confidence and reduced or delayed household consumption–suggesting that “precautionary saving motivation” is the primary mechanism affecting fertility plans during the pandemic. However, we can also indicate that becoming pregnant does not have to immediately increase or affect consumption; instead, having a child influences family consumption and spending over a very long period when the child is growing up and in education. In addition, our precautionary saving perspective is reducing the potentially wide-ranging impact of uncertainty just to one specific factor, ignoring many other relevant motivations and potential drivers of fertility decisions, including the actual experiences of economic hardship (unemployment, loss of income, unstable employment), health consequences of infection or limitations due to lockdowns and government measures intended to limit the spread of the COVID-19. For instance, women in some Latin American countries were advised not to get pregnant during the Zika Epidemic as the disease could damage the fetus's brain during pregnancy. Thus, precautionary saving should be seen as one of many possible factors affecting fertility due to pandemic-related uncertainty.

This paper aims to contribute to the empirical literature by examining the effects of pandemics-related uncertainty on fertility behavior. We focus on precautionary savings motivation to explain the level of fertility rate and changes. At this point, we use a novel measure of pandemics-related uncertainty, so-called the World Pandemics Uncertainty Index (WPUI), proposed by Ahir et al. (23). The WPUI was created by focusing on country reports of the Economist Intelligence Unit. The country reports trackback to economic agenda, policy implications, and political aspects to model uncertainty shock about the pandemics conditions in a given country. Indeed, events and policies related to pandemics can be defined as exogenous shocks. In other words, pandemic-related uncertainty should affect fertility behavior (24). The empirical results from the panel dataset of 126 countries from 1996 to 2019 show that pandemics-related uncertainty decreases the fertility rate. These results are robust to estimating different models. We suggest that this evidence may also explain why the rise in anticipation during COVID-19 has resulted in fertility decline in various countries.

The rest of the paper is organized as follows. Section Literature review on fertility decisions reviews the previous articles in the literature. Section Empirical model and data sets the empirical model and provides the features of the data. Section Empirical results discusses the empirical findings for the countries at different stages of economic development. Section Robustness checks provides the results of the robustness analyses based on other empirical models. Section Conclusion and recommendations concludes.



Literature review on fertility decisions

The fertility theory documents a negative association between fertility and economic development in the long run. Specifically, fertility rates decline as a country develops (11, 13, 25). However, the direction of the relationship between fertility and economic growth is positive in the short run (26). Therefore, fertility decisions are sensitive to business cycles, making fertility a pro-cyclical indicator (15). Therefore, we need to separate fertility rates' long-run and short-run drivers. For this purpose, we use the level of fertility rates and the differences in the fertility rates for modeling long-run and short-run effects, respectively.

In microeconomics, the marginal utility of consumption is convex (27, 28). This issue explains the validity of the “precautionary” savings. According to this view, uncertainty increases precautionary savings by reducing current consumption and lowering fertility (16, 21). Therefore, a higher uncertainty (such as pandemics) will increase the motivation for precautionary savings and cause lower fertility in a country. Pandemics may not fully explain the cross-country differences between fertility rates. Still, this issue should be valid in the short run as the pandemics should affect business cycles.


Determinants of fertility rates

Many studies have provided evidence of the negative impact of human capital on fertility rates in the long run (29–32). Early studies, such as Becker (33, 34) and Becker and Lewis (35), show the significant impact of human capital on fertility behavior. According to these models, the increasing education level (human capital) leads to higher costs. The rationale behind the effect is that as education increases, children will elderly join the labor market, decreasing the income of their parents' families due to their higher expenditures for their children's education. Another reason is that parents with higher education will spend their time on full-time work. Therefore, they will decide to have fewer children. Thus, in a higher level of human capital, the quality of the child, rather than quantity, will be prefered (14). Women's employment and roles, changing values and aspirations also have crucial impacts on fertility postponement due to the incompatibility of education enrolment and parenthood (13).

There is also a negative theoretical relationship between the fertility rate and per capita income. According to Greenwood and Seshadri (36), the negative relationship between fertility and per capita income comes from the structural transformation from agriculture to manufacturing and services. Other theoretical approaches, provided by Barro and Becker (37), Boldrin and Jones (38), Ehrlich and Kim (39), Kalemli-Ozcan (40), and Sah (41), indicate that as the country develops then, infant and child mortality reduces. Therefore, fertility will decline as the country reaches a higher per capita income [e.g., (42–44)].

In addition, Ehrlich and Kim (39), Alhassan et al. (45), Evans et al. (46), Finlay (47), Nandi et al. (48), and Nobles et al. (49) find that life expectancy affects fertility rates. According to most of these studies, health developments can increase life expectancy and boost economic growth and fertility rates. However, improved life expectancy can also suppress fertility rather than improve it. Women need to give birth to fewer children. It is important to note that Hoem (50) criticized a strong mechanistic focus on reporting and discussing significance in fertility modeling.

Following these discussed papers, we should include economic development, human capital, and life expectancy as the main controls in the empirical models for the long run.



Effects of uncertainty shocks on fertility rates

There are also several determinants of the changes in the fertility rates, which are mainly related to short-run business fluctuations. Uncertainty is one of the leading determinants of fertility changes, given that consumption and income uncertainty decrease fertility rates. According to the precautionary motivation approach, uncertainty in income leads to pessimist expectations. It decreases “consumer confidence” during recessions (15). Consumer confidence is negatively associated with fertility, given a higher level of economic uncertainty (51). Shocks related to natural disasters or pandemics can increase health concerns over having children. For instance, Gozgor et al. (51), Alderotti et al. (52), Chabe-Ferret and Gobbi (53), Comolli and Vignoli (54), Hanappi et al. (55), Hondroyiannis (56), Matysiak et al. (57), and Sobotka et al. (58) find that a higher uncertainty decreases fertility rates. However, Kohler and Kohler (59) and Kreyenfeld (60) indicate no significant relationship between uncertainty and fertility rates during the period following the breakdown of the Soviet Union and the state-socialist political system in Central and Eastern Europe. De la Croix and Pommeret (22) theoretically explain the clashing evidence in the empirical literature. The authors indicate that there could be a reverse causality: fertility decisions affect uncertainty, i.e., employed women (or parents) face more substantial labor market uncertainty (61, 62).

Previous empirical papers suggest finding a “purely exogenous” measure of uncertainty to investigate the relationship between uncertainty and fertility. We offer that the WPUI is a purely exogenous indicator to measure uncertainty.



Epidemics, pandemics, and fertility rates

Several papers have focused on the effects of the COVID-19 pandemic on fertility rates. However, previous articles focus on the impact of the earlier pandemics before COVID-19. For instance, Boberg-Fazlic et al. (63) document that the 1918–9 Spanish Flu pandemic decreases the fertility rate in Sweden in the long run. Similar evidence is obtained by Chandra et al. (64) for the states level data in the United States. Marteleto et al. (65) observed that the Zika Epidemic significantly reduced Brazil's fertility rate in 2016.

Regarding the COVID-19 studies, Aassve et al. (66) discuss that the impact of the COVID-19 pandemic on fertility depends on the countries' income levels. Economic uncertainty related to COVID-19 should decrease the fertility rate in high-income economies. Still, the relationship can be mixed in the low-income and middle-income economies due to the role of informal economies. In a further study, Aassve et al. (67) found that the COVID-19 pandemics decrease fertility rates. The most significant declines are observed in Italy, Spain, and Portugal.

On the other hand, Ullah et al. (68) discuss how COVID-19 affects future birth rates, which are expected to be negative. Voicu and Bădoi (69) theoretically show that the COVID-19 pandemic significantly affects fertility decisions due to economic uncertainty, health emergency, and social distancing measures. Fostik (70) also reviews the previous papers and indicates that COVID-19 is expected to decrease the fertility rate in Canada. Berrington et al. (71) document that the COVID-19 pandemic is negatively associated with the fertility rate in the United Kingdom. Luppi et al. (72) observe that COVID-19 reduces fertility plans in young people (18-34 years old) in Germany, France, Spain, and the United Kingdom. Ghosh (73) also finds that the COVID-19 pandemic decreases the fertility rate in Hong Kong and South Korea.

Furthermore, Rovetta (74) demonstrates that the Google Trends data accurately captures the anomalies related to the COVID-19 pandemic in Italy's regions. Similarly, Wilde et al. (24) consider the Google Trends data and predict that the fertility decline due to the COVID-19-related uncertainty in the United States would be 50% higher than the fertility decline due to the Global Financial Crisis 2008-9. However, Berger et al. (75) also use the Google Trends data and find that the COVID-19-related economic uncertainty has little impact on fertility changes in the United States.

Following the precautionary motivation hypothesis, we focus on the uncertainty related to pandemics, which can affect fiscal, monetary, and other policy changes. Indeed, pandemics have significantly affected the world economy via declining trade volumes and portfolio flows. Pandemics also have created uncertainty over future income, affecting the expectations similar to business cycles. We aim to contribute to the empirical literature by connecting pandemics-related uncertainty and the fertility rate. Following De la Croix and Pommeret (22), we define the pandemics-related uncertainty as exogenous to fertility rates.




Empirical model and data


Empirical models

We focus on the panel dataset of 126 countries from 1996 to 2019. The list of countries is provided in Appendix Table A1. The data capture the countries at the different stages of economic development. Therefore, we also split the countries into the Organization for Economic Co-operation and Development (OECD) and non-OECD countries. Following previous papers, we aim to explain cross-country differences in the level and the change in fertility rate over the period under concern. We, therefore, use the level and the changes (first differences) in the WPUI across 126 countries. We also control for the lagged fertility, the lagged per capita GDP, the lagged human capital, the lagged life expectancy, and the measures of the WPUI. At this stage, we estimate the following equations:
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In Equations from (1) to (4), ΔFertilityi,t, Fertilityi,t, and Fertilityi,t−1 are the first difference, the level of current and the level of lagged fertility rate in country i and time t. WPUIi,t−k and ΔWPUIi,t−k are the World Pandemics Uncertainty Index in country i at time t-k. Xi,t−1 represents the vector for control variables. Finally, ϑi,t, and εi,t represent the “time and cross-section fixed-effects” and “error terms”. We estimate these models using the fixed-effects estimations, the standard estimator in the empirical papers.

The dependent variables are the level and the change in total fertility rate (births per woman), downloaded from World Bank (76). Some models have also included lagged fertility, which can model unobservable determinants, such as culture and religion, to affect fertility behavior. The income effect and economic development level are captured by the lagged log of per capita GDP (constant 2010$ prices) in terms of control variables. The data are obtained from World Bank (76). Total life expectancy at birth (years) is also included in the models. Life expectancy captures the public health conditions, which are also correlated with child mortality (77) and parents' health conditions (78). The data are also downloaded from World Bank (76). Finally, the index of human capital, based on the stock measure of years of schooling, is also used. The human capital index is based on the educational attainment data of Barro and Lee (79) and the quality of education. Human capital has captured the knowledge on the cost of children, and the related data are accessed from the Penn World Table (PWT) (version 10) in Feenstra et al. (80).

Table 1 provides a summary of the descriptive statistics of all these variables.


TABLE 1 Descriptive statistics.
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The primary variable of interest is the level and the change of the WPUI in the lagged and the current forms. The related data have been accessed on the Ahir et al. (23) introduced by their website. The index is constructed by text mining from the country reports of the Economist Intelligence Unit. The index is based on counting words related to “pandemics”, the total words in articles and country reports. The WPUI significantly changes across countries, and the variations are determined by unpredictable pandemics-related shocks (23). The WPUI properly reflects the threat of pandemics since it aims to systematically assess the local pandemic conditions. The main advantage of the WPUI is that it is a comparable measure across countries, but it is limited to 142 countries. Several studies also use this indicator [e.g., (8)]. During the period between 1996 and 2019, most of the world regions had been free from pandemics; however, the WPUI has increased during the periods of several pandemics, such as the Avian Flu, Bird Flu, Ebola, Influenza, the Middle East Respiratory Syndrome (MERS), the Severe Acute Respiratory Syndrome (SARS), and Swine Flu. The WPUI is used for 126 countries in the empirical analyses. The frequency of the data is annual, which is the average of the quarterly data. The starting date is 1996, which is related to the data availability. Furthermore, Figure 1 provides a graph of the WPUI, the average values of countries, according to their GDPs from 1996 to 2021.


[image: Figure 1]
FIGURE 1
 World pandemics uncertainty index (WPUI) (1996–2021). Data Source: https://worlduncertaintyindex.com/data/, provided by Ahir et al. (23).





Empirical results


Level of pandemics-related uncertainty shocks

Table 2 provides the results of the fixed-effects estimations for Model (1), which focus on the difference between the fertility rate and the level of the WPUI.


TABLE 2 Fixed-effects estimations for Model I (1996–2019).
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Columns 1 and 2 report the results for all (126) countries from 1996 to 2019. The first column provides the findings of the current WPUI, and the second column provides the results of the lagged WPUI. In addition, the findings of 92 non-OECD economies are provided in Columns 3 and 4. The results of 34 OECD economies are reported in Columns 5 and 6.

In all countries, the coefficient of the current WPUI is −0.195, and it is significant at the 1% level. Similarly, the coefficient of the current WPUI is −0.166 for the non-OECD economies, and it is significant at the 1% level. However, the current WPUI is −0.566 for the OECD economies, statistically insignificant. Note that the coefficients of the lagged WPUI are positive, but they are statistically insignificant. These results indicate that the pandemics-related uncertainty has an adverse and temporary effect on fertility behavior in developing countries. This evidence may be explained that the non-OECD economies have less human capital than the OECD economies. The evidence can also be related to the issue of economic resources and welfare state policy implications in the OECD economies, and these countries are not significantly affected by uncertainty shocks related to pandemics.

Furthermore, the control variables' significant effects on the fertility rates. For instance, the lagged per capita GDP is positively associated with the fertility rate. The related coefficients are statistically significant at the 5% level at least. The lagged life expectancy decreases the fertility rate, and their coefficients are also statistically significant at the 1% level. The lagged human capital is positively related to the fertility rate. The coefficients are statistically significant at the 1% level for all countries and non-OECD economies; however, the coefficients are statistically insignificant in OECD economies. This evidence suggests that the effects of pandemics shocks on fertility are essential even though various controls are included.

Our findings are based on the coefficients of the level of WPUI, and the lagged WPUI shows no significant effect on fertility. This evidence related to the issue that the impact of the uncertainty shock on fertility behavior is mainly valid in the short run, as previous papers [e.g., (24, 66)] suggested.



Change of pandemics-related uncertainty shocks

Table 3 reports the findings of the fixed-effects estimations for Model (2), which focus on the difference between the fertility rate and the first difference in the WPUI.


TABLE 3 Fixed-effects estimations for Model II (1996–2019).
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Again, Columns 1 and 2 provide the findings for all (126) countries from 1996 to 2019. The first column reports the results of the current WPUI, and the second column provides the findings of the lagged WPUI. In addition, the results of 92 non-OECD economies are reported in Columns 3 and 4. The results of 34 OECD economies are compared in Columns 5 and 6.

In all countries, the coefficient of the current WPUI is −0.285, and it is significant at the 1% level. Similarly, the coefficient of the current WPUI is −0.243 for the non-OECD economies, and it is significant at the 1% level. Also, the current WPUI is −0.82 for the OECD economies and is statistically significant at the 1% level. In addition, the coefficients of the lagged WPU are negative, but they are statistically insignificant. These findings show that pandemics-related uncertainty has an adverse and temporary effect on the fertility rate in all countries.

On the other hand, the significant effects of the controls on the fertility rates are observed. Specifically, the lagged per capita GDP is positively related to the fertility rate. Their coefficients are statistically significant at the 1% level. The lagged life expectancy reduces the fertility rate, and the related coefficients are also statistically significant at the 1% level. The lagged human capital increases the fertility rate. The corresponding coefficients are statistically significant at the 1% level for all countries and the non-OECD economies; however, the coefficients are statistically insignificant in the OECD economies. These results show that pandemics hurt fertility, mostly in poor or developing economies. These findings indicate that the effects of pandemics shocks on fertility are crucial when various controls are included. According to most papers in the empirical literature, the negative impact of COVID-19 is mainly valid in developed economies. However, according to Aassve et al. (66), the COVID pandemic also increased economic losses and uncertainty in the Low- and Middle-income economies. This negative impact occurs in transition economies and urban areas of developing economies and causes the decline of the population size in developing economies.




Robustness checks


Persistent fertility rates and level of pandemics-related uncertainty shocks

Table 4 provides the results of the fixed-effects estimations for Model (3), which focus on the fertility rate and the level of the WPUI.


TABLE 4 Persistent fertility rates: fixed-effects estimations for Model I (1996–2019).

[image: Table 4]

Again, Columns 1 and 2 report the results for 126 countries from 1996 to 2019. The first column provides the findings of the current WPUI. The second column reports the results of the lagged WPUI. In addition, the results of 92 non-OECD economies are provided in Columns 3 and 4. In comparison, the findings of 34 OECD economies are reported in Columns 5 and 6.

In all countries, the coefficient of the current WPUI is −0.356, and it is significant at the 1% level. Similarly, the coefficient of the current WPUI is −0.316 for the non-OECD economies, and it is significant at the 1% level. However, the current WPUI is −0.787 for the OECD economies, which is statistically insignificant. Moreover, the coefficients of the lagged WPU are positive, but they are statistically insignificant. These results indicate that the pandemics-related uncertainty has an adverse and temporary effect on fertility behavior in developing economies.

It is also noteworthy that the controls statistically affect the fertility rate. Specifically, the lagged fertility rate is statistically significant at 1%, indicating a substantial persistency in fertility decisions. The lagged per capita GDP is positively related to the fertility rate. The related coefficients are statistically significant at the 1% level. The lagged life expectancy decreases the fertility rate, and the associated coefficients are also statistically significant at the 1% level. The lagged human capital spurs the fertility rate. The related coefficients are statistically significant at the 1% level for all countries and the non-OECD economies; however, the coefficients are statistically insignificant in the OECD economies. These results show that the effects of pandemics shocks on fertility are essential when various controls are included.



Persistent fertility rates and change of pandemics-related uncertainty shocks

Table 5 reports the findings of the fixed-effects estimations for Model (4), which focus on the level of the fertility rate and the difference in the WPUI.


TABLE 5 Persistent fertility rates: fixed-effects estimations for Model II (1996–2019).
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Again, Columns 1 and 2 provide the findings for 126 countries from 1996 to 2019. The first column provides the results of the current WPUI. The second column reports the findings of the lagged WPUI. In addition, the findings of 92 non-OECD economies are reported in Columns 3 and 4. The results of 34 OECD economies are compared in Columns 5 and 6.

In all countries, the coefficient of the current WPUI is −0.26. The current WPUI is −0.223 for non-OECD and −0.765 for OECD economies. All of these coefficients are statistically significant at the 1% level. Furthermore, the coefficients of the lagged WPU are positive, but they are statistically insignificant. These findings show that the pandemics-related uncertainty has an adverse and temporary effect on fertility decisions in all countries.

It is also noteworthy to note that the significant effects of the controls on the fertility rates are found. For instance, the lagged fertility rate is statistically significant at 1%, meaning a considerable persistency in fertility behavior. The lagged per capita GDP is positively related to the fertility rate. The related coefficients are statistically significant at the 5% level at least. The lagged life expectancy reduces the fertility rate, and the associated coefficients are also statistically significant at the 1% level. The lagged human capital increases the fertility rate. The related coefficients are statistically significant at the 1% level for all countries and the non-OECD economies; however, the coefficients are statistically insignificant in the OECD economies. These findings again indicate that the effects of pandemics shocks on fertility are essential even though various controls are included.

In short, various empirical model estimations indicate that pandemics-related uncertainty decreases the fertility rate, and the effect is temporary. Per capita GDP and human capital increase fertility, but life expectancy is negatively associated with fertility. These results are statistically significant for developing economies in all models.

The results in Tables 3, 5 indicate that the effect size of difference of WPUI among OECD is greater than that among non-OECD countries. This evidence is in line with the findings of most papers in the empirical literature, i.e., the negative impact of COVID-19 is mainly valid in developed countries. This evidence is primarily related to the issue of demographic transition and age distribution (population aging) in different countries. In developed countries, where the negative impact of COVID-19 is higher, the demographic transition is slow, and population aging is a more severe problem than the developing countries.




Conclusion and recommendations


Conclusion

This paper examines the effects of pandemics-related uncertainty on fertility behavior in the panel dataset of 126 countries from 1996 to 2019. For this purpose, we use the WPUI introduced by Ahir et al. (23) to capture the pandemics-related uncertainty. The WPUI measure models pandemics' uncertainty, which is exogenous to the fertility behavior. The novel empirical evidence is that the WPUI reduces the fertility rate. The empirical results show that per capita income and human capital promote the fertility rate, but a higher life expectancy decreases fertility. These results are robust to estimating different models.



Limitations and recommendations

Our evidence from the WPUI may also explain why the rise in uncertainty during COVID-19 resulted in fertility decline. It suggests that fertility is negatively associated with business cycles due to increased uncertainty. However, our results are limited to the panel data across various countries. Note that the sample is the main limitation of our findings since most WPUI values are zero in our case. The COVID-19 pandemic can change the dynamics of uncertainty shocks on fertility at this stage. For instance, Wilde et al. (24) use Google Trend searches data to show that the COVID-19 pandemic reduces fertility due to the rising unemployment (a measure of uncertainty shock). Therefore, future papers can use different indicators of uncertainty shocks to explain the difference in the fertility rates across countries during the COVID-19 pandemic era.

It is also essential to indicate that our findings are valid, with a limited number of control variables included. Therefore, future papers include more control variables in the model estimations. Finally, future articles can use individual microdata to analyse pandemics-related uncertainty shocks' effects on the fertility rate.
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Table A1 126 Economies in the dataset.
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The COVID-19 pandemic has dramatically reshaped consumers' grocery shopping behavior. Meanwhile, change in consumer shopping behavior might further exert a considerable and far-reaching impact on the food retail industry. Although the existing literature provides investigation on the impact of the pandemic on the retail industry, very few studies discuss the impact of changes in consumer shopping behavior on the stock market performance of the retail industry. This paper investigates selected food retailers listed in China's stock market. To overcome the problems of the Chow test, the Quandt-Andrews test was used to identify the dates of breakpoints of structural change in the stock price performance of those selected companies. The results suggest that there has indeed been an industry-wide structural change in the stock market performance during the pandemic. The study found that the dates of breakpoints for the selected companies were concentrated in the first half of 2020, when China was hit by the Covid-19 pandemic the most. Our survey shows that under strict epidemic prevention and control measures, consumers have gradually adapted to the new normal of epidemic prevention to a certain extent, established safety awareness, and changed their consumption behavior. Our study on stock price data implies that Chinese consumers experienced a shift from physical store offline purchases to online purchasing model.

Keywords: COVID-19, stock market, China, retail industry, consumer behavior


INTRODUCTION

The COVID-19 pandemic has exerted a tremendous impact on the global economy1,2 (1). During the pandemic, China took strict measures such as travel restriction and community “lock-down” to fight the epidemic. Those measures may have reshaped the behavior of billions of Chinese people. A remarkable change took place in the shopping behavior of consumers in China as they have greatly reduced exposure to the public, especially places such as supermarkets and shopping malls3,4. With the restaurant shut-down wave in China during the epidemic, many people in China, especially young consumers, have to rely on home cooking. Hence, the demand of Chinese households for fresh products (1) and packaged food have experienced substantial growth. In addition, consumers used to shop at physical retail stores rather than online platforms before the epidemic. By contrast, during the epidemic, they tend to shift from offline purchase to online purchase.

The change in Chinese consumers' shopping behavior driven by the epidemic is also considered to be projected on the stock market. Investigation of the impact of major public health events such as the “COVID-19” on consumers' shopping behavior helps the food industry improve quality and efficiency and promote innovations in operation and marketing. This paper selects the food-based retail industry to study whether the “COVID-19” pandemic leads to a change in consumer behavior using data from the stock market.



LITERATURE REVIEW

Compared with other grocery goods, fresh produce goods are perishable and require good quality cold chain transportation5–10 (2, 3). With the outbreak of the Covid-19 pandemic, traffic control has been introduced across China. Many scholars have carried out research on this control from the perspective of supply chain in agricultural products. Wenjin (4) analyzed the serious impact of the outbreak on the supply chain structure of agricultural products from the perspective of supply risk, demand risk, safety risk and environmental risk. Xicai (5) analyzed the impact of the epidemic on the supply chain of agricultural products from the perspectives of supply and demand. He pointed out that the sudden outbreak of the epidemic has greatly changed the consumption habits and lifestyles of residents and online grocery shopping and home delivery is the trend. Yanan (6) investigates the impact of social responsibility performance on the performance improvement in the e-commerce supply chain of fresh produce under public health emergencies. Gucheng (7) analyzed the impact of the epidemic on the agricultural product supply chain in Wuhan before and after the “city lock-down.” The study found that the “city lock-down” measure has exacerbated the impact of the epidemic on the agricultural product supply chain, and the impact of this measure on different types of agricultural product suppliers varies. Mitchell et al. (8) examine the response of the U.K. fruit and vegetable food supply chain to COVID-19, and their findings show that, despite major disruptions, the retail-led fresh food supply chain has shown a high degree of resilience.

In addition to the research from the perspective of supply chain, some scholars have also explored the impact of the epidemic on the agricultural product industry from other perspectives. Chen et al. (9) studied the impact of the epidemic on consumers' fresh food purchasing behavior, and the results showed that more citizens buy fresh food online. Butu et al. (10) also explored the direct impact of the COVID-19 crisis on consumers' fresh vegetable purchasing behavior.

Although there have been some discussions on the impact of the “COVID-19” pandemic in the existing literature, there is little literature on the impact of the epidemic on consumers shopping behavior from the perspective of the stock market. Therefore, this paper selects representative retail companies listed on China's stock market and investigates the impact of the epidemic on the stock prices of those companies. The economic impact of the shock of the COVID-19 pandemic on the grocery retail industry is examined. The Quandt-Andrews test is used to identify the structural change in the stock price during the epidemic for each selected company. Furthermore, based on the structural changes of those companies, we analyze whether the epidemic has changed consumer shopping behavior to expand the existing research.



METHODOLOGY, DATA AND EMPIRICAL RESULTS

The outbreak of the Covid-19 pandemic has brought an unprecedented impact on the food retail industry, which is manifested by the structural changes in the stock prices of representative retailers from the industry. In order to identify the breakpoints of structural change in the stock price data, this paper conducts parameter stability test on the stock price time series data for each selected representative food retail company in China. The parameter stability test, also known as the structural change test, aims to test for the change in the structural parameters of a model. However, the breakpoint date of a structural change in parameters is often unknown. In view of the shortcomings of Chow test, Quandt and Andrews proposed a test method for unknown breakpoints of structural change. One or more break points may exist on the value interval (τ1, τ2). According to the Quandt-Andrews method, the interval (τ 1, τ 2) is first divided into k subintervals, and the Chow test is made for each subinterval. Then, those k statistics from Chow test are summarized into one single statistic to test for a structural change between τ1 and τ2.There are three ways to summarize the k statistics from Chow test into the statistic of the Quandt-Andrews test: (1) Maximum statistic, the maximum value of the k statistics; (2) Ave statistic, the simple arithmetic mean of the k statistics; (3) Exp statistic defined in equation (3).

Max statistic is defined as the following equation:

[image: image]

Ave statistic is the simple average of the k individual statistics:

[image: image]

Exp statistics is shown in the following equation:

[image: image]

In order to effectively identify the breakpoints of structural change in the stock price data for the selected representative food retailer in China's stock market, this paper selects the time series of the average daily stock prices from 2019 to 2022 for empirical analysis.

In terms of the selection of food retailers, the listed companies with the main revenue source from the food retail industry as shown by their annual reports are selected. The food retail revenue accounts for more than 50% of the total revenue. In order to identify the changes in the company's stock price before and after the epidemic, our data are based the daily average price data for five selected food retailer for a total of 803 days from November 1, 2019 to January 5, 2022. The selected companies are Jiajiayue Group Co., Ltd. (hereinafter referred to as Jiajiayue), Yonghui Superstores Co., Ltd. (hereinafter referred to as Yonghui Supermarket), Sanjiang Shopping Club Co.,Ltd (hereinafter referred to as Sanjiang Shopping), Renrenle Commercial Group Co., Ltd. (hereinafter referred to as Renrenle), and Rainbow Digital Commercial Co., Ltd. Co., Ltd. (Rainbow Digital Commercial Co., ltd.) (hereinafter referred to as Rainbow). Stock price data are all from the Wind database.

Based on the above time series data, the Quandt-Andrews test is used to test the parameter stability for the breakpoints of structural change, and the statistic size of Equations (1)–(3) is calculated to obtain the approximate asymptotic p. The test results are shown in Table 1. Note that for each individual Chow test, two types of F statistics can be obtained, that are Likelihood Ratio F-statistic and Wald F-statistic. Hence, the result of the above three Quandt-Andrews statistics can be presented either in LR F-statistic value or Wald F-statistic value.


Table 1. The results of Quandt-Andrews test for selected food retailer listed in China's stock market.

[image: Table 1]

Table 1 shows the Quandt-Andrews test results of selected food retailers. It can be seen that at the 1% significance level, the Quandt-Andrews maximum statistics, Exp statistics and Ave statistics of each company all have passed the significance test, indicating that there exist breakpoints of structural change in all companies.

The maximum statistic > Exp statistic > Ave statistic.

In terms of the dates of the breakpoints, it can be found that the three companies, Yonghui Supermarket, Renrenle, and Rainbow Co., Ltd., have undergone structural change in April 2020. The breakpoint dates occurred on April 02, 2020, April 09, 2020, and April 14, 2020, respectively in less than half month. And the other two companies, Sanjiang Shopping and Jiajiayue, underwent structural change in May 2020. The breakpoint dates were May 15, 2020 and May 27, 2020. These two breakpoint dates were nearly 1 month behind Yonghui Supermarket, Renrenle, and Rainbow. However, the breakpoint dates of these five companies all occurred in the first half of 2020.

Feiteng (11) believes that China has entered the “post-epidemic era” in June 2020. As of 24:00 June 30, 2020, a total of 83,534 confirmed cases have been reported in mainland China, and 1,698 confirmed cases have been reported in Hong Kong, Macao and Taiwan [National Health Commission of the People's Republic of China (11)]. During the second half of 2020, there were 3,537 new confirmed cases in mainland China and 7,993 new confirmed cases in Hong Kong, Macao and Taiwan (National Health Commission of the People's Republic of China) (2). From 2021 to January 2, 2022, there were 15,595 new confirmed cases in mainland China, and 20,122 new confirmed cases in Hong Kong, Macao and Taiwan (National Health Commission of the People's Republic of China) (3). Hence, the first half of 2020 was obviously the period hit by the epidemic the most in China. Meanwhile, all selected food retailers are shown to experienced structural changes during the first half of 2020.This result might imply the change in Chinese consumers' shopping behavior because Chinese consumers used to rely on physical retail stores and they experienced substantial shift to online purchases driven by the epidemic.

During the outbreak of the epidemic in early 2020, the Chinese government responded to this public health emergency quickly. Consumers across China actively responded to the call for stringency and restrictions on public gathering. During the Chinese New Year 2020, the shut-down of a large number of restaurants in China also affected many young people. They started cooking at home. Driven by the epidemic prevention policies, online purchase of fresh food has become the first choice for many of them. The emergence of these factors has led consumers to prefer to buy fresh food online. At the beginning of 2020, the sales volume of fresh food e-commerce platforms such as Daily Youxian, JD Daojia, Dingdong Buying Foods and Fresh Hema all experienced a remarkable surge of 220−470% during the same period. Consumers' attempts to purchase fresh food online in the early stage of the epidemic have cultivated the habits of on-line shopping. In the post-epidemic era, the model of fresh food e-commerce has been widely accepted by Chinese consumers. With the rapid development of the Internet and the improvement of the logistics system, fresh food e-commerce will become an important business model to satisfy consumers' grocery needs. Therefore, such consumers who buy fresh food online have changed their consumption behavior after the epidemic. Instead of shopping at a physical off-line store offline, they tend to turn to online purchases.



CONCLUSIONS

This paper examines the impact of the “COVID-19” pandemic on the food retail industry from the perspective of stock prices in capital market. The high-frequency daily stock price data of selected food retailers were analyzed to investigate if the COVID-19 pandemic has exerted impact on the food retail industry. The results show that the stock prices experienced significant structural change for all 5 selected food retailers in China. In addition, for all selected retailers, the dates of structural change are all shown to take place in the first half of 2020 when China was hit by the Covid-19 pandemic with the highest intensity.

The impact of the Covid-19 pandemic on the stock market performance of food retail industry might imply a substantial change in Chinese consumers' shopping behavior. Our study provides evidence which implies a significant shift of Chinese consumers' grocery shopping behavior from physical stores to online purchases. Consumers' favorable attitude to online fresh food purchase make fresh food e-commerce platform an important model to satisfy consumers' grocery needs. Therefore, consumers who buy fresh food online have changed their consumption behavior after the epidemic. Instead of relying on offline purchases, they tend to move to online.

However, there is still room for a considerable growth in fresh food e-commerce platform in China. The “Covid-19” pandemic, to a certain extent, promotes the customer base of fresh food e-commerce platform. Our study also suggests that food retail companies should make reasonable improvements, reduce logistics costs & operating costs, and increase total revenue. Given the emergence of the Big Data era, the food retailers can use offline physical stores as the operating portal, and use physical store operations to improve product visibility and customer traffic. Food retail stores combined with online sale can promote the integration of online business and offline business in food industry, thereby promoting the overall performance of the whole industry. In addition, the food retail industry can better adapt to the change in consumer behavior by improving the supply capacity of food products in the context of big data.
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FOOTNOTES

1Food refers to fresh products and packaged foods, the same below.

2Fresh products generally refer to unprocessed primary agricultural products, including vegetables, fruits, meat, eggs, milk, and aquatic products.

3Food refers to fresh and cooked food and packaged food.

4Zhong Feiteng. Slow globalization: New crown epidemic and China's external economic environment [J]. Teaching and Research, 2020(10): 69-80.

5http://www.nhc.gov.cn/yjb/s7860/202007/a98e49570be24eaf88de98e6e6217fc8.shtml
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8http://www.gov.cn/zhengce/content/2020-01/27/content_5472352.htm

9A report released by the Chinese Cuisine Association the impact of the COVID-19 on China's catering industry in 2020 [J].China Food, 2020(04):80-87.

10China's New Economy Investment Research Report 2020 [C]. Iresearch Series Research Report (the third issue of 2020), 2020:158-208.
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The COVID-19 virus has challenged the development of the cultural industries seriously, so far, however few studies have used empirical methods to analyze the impact of the pandemic on the overall cultural industries. Based on the panel data of listed companies, this paper explores the impact of COVID-19 on cultural industries from the perspective of stock market returns. The empirical results show that the pandemic has a significant negative impact on the stock market returns of cultural industries, but the degrees of impact on various creative sub-sectors are significantly different. The findings also indicate that digitalization can effectively reduce the negative impact of COVID-19 on cultural companies, and the epidemic has bigger negative impacts on small and newly-established cultural companies. Moreover, we find that the stock market returns of cultural industries have an inverted U-shaped relationship with the daily growth in total confirmed cases and in total cases of death caused by COVID-19, indicating that the negative marginal impact of COVID-19 on the cultural industries increases firstly and then gradually decreases. Finally, implications for companies and governments are presented respectively based on the findings.
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Introduction

The Black Swan Event of 2020—the outbreak of Covid-19, had a huge shock on the cultural industries (1–5). Taking China as an example, COVID-19 began to spread in China at the beginning of 2020. By the first quarter of 2020, the operating income of cultural, entertainment and leisure services fell by 59.1% compared with the same period of the previous year. Among them, entertainment services fell by 62.2%; cultural communication channels fell by 31.6%, and radio, film, television, and art performances, which represents offline consumption, fell by 78.5 and 46.2%, respectively1.

The stock market is a monitor that reflects the development of industries and enterprises. As the epidemic worsened, market sentiment spiraled out of control. On February 3, China's comprehensive daily market rate of return fell to the bottom, and the stock market fluctuated violently. The enterprises and whole industry suffered heavy losses. Judging from the performance of the cultural industries, on the first trading day after the Chinese Spring Festival, the cultural tourism sector of shares plunged 9.86% at the opening, and the cultural leisure and entertainment sector also fell by more than 9%.

Based on the sensitivity of the stock market to public emergencies, scholars have studied the stock market reaction of different industries, such as the accommodation industry (6), pharmaceutical industry (7), etc. However, there are few literatures about the impact of public emergencies on the cultural industries empirically.

The conclusions of the paper are similar to those of (8). Al-Awadhi's paper found that both daily growth in confirmed cases of COVID-19 in China and the growth rate of deaths are linearly negatively correlated with stock returns. However, there are differences between this paper and Al-Awadhi's paper. First, this paper focused on the impact of the epidemic on the cultural industries, rather than the overall industries. Second, the paper expanded the research conclusions of (8) and found that the heterogeneity of cultural companies, including industry type, digitalization level, company scale, and time to market, all affect its market response to the epidemic. Third, this paper also found that the stock market returns of cultural industries had an inverted U-shaped relationship with the severity of COVID-19, indicating that COVID-19 had an impact that strengthening first and weakening later on the stock market returns of the cultural industries.

The paper enriches the research about the economic consequences of infectious public health events. It focused on the impact of COVID-19 on the cultural industries and attempted to clarify the company heterogeneity in it. These are of great significance for government to response to public emergencies and to formulate targeted industry policies of cultural industries. It is also important for cultural enterprises to take emergency measures and for investors' awareness of the connection between public emergencies and stock market returns.

The rest paper is structured as follows: the second part is literature review and research hypothesis; the third part is sample selection and research design; the fourth and fifth parts are empirical analysis; and the final part is the conclusions and suggestions.



Literature review and research hypothesis


Research on the industry impact of infectious public health events

The uncertainty of infectious public health events may lead to negative psychological reactions like psychological imbalance, loss of control and other psychological reactions (9). The types of negative psychological reactions mainly include fear, anxiety, stress, and frustration. If most investors in the stock market are in this kind of psychology, they will be unwilling to invest, which will have a negative impact (10) and excessive market reaction on the stock market (11). For example, Ichev and Marine (12) found that the Ebola outbreak resulted in negative excess returns in the US stock market, and companies that had operations in the outbreak area would be more affected. Chen et al. (6) found that under the influence of SARS, the stock prices of listed accommodation companies in Taiwan Province of China generally fell during May 2003, with the largest drop of 29%. Similarly, infectious public health incidents also have a serious negative impact on the tourism industry (13, 14).

The impact of serious public emergencies on the development of the industry is also one of the important objects of this kind of research. Based on the impact of public emergencies on the development of the industry, existing research industries include commerce, tourism (15), hotel (16), etc. In terms of COVID-19, scholars have conducted research on the impact on the tourism (16), hotel and accommodation (17), dairy (18), energy industry (19) and some other industries. However, there are relatively few studies on the impact of COVID-19 on the cultural industries (2, 20–23), and they are mainly researches on a certain creative sub-industry, while the impact on the overall cultural industries is very small.

In terms of research methods, the existing research on the impact of covid-19 on cultural industries mainly uses case studies (24, 25), review of the literature (20) or government program analysis (26), but empirical methods are rarely used.

Therefore, this paper selected the panel data of listed companies in the cultural industries in China's stock markets. Based on stock market returns, fixed-effect model was adopted, empirically analyzing the impact of COVID-19 on the cultural industries. We also made suggestions for the government and creative enterprises to respond to public emergencies.



Definition and classification of cultural industries

In the past few decades, the cultural industry has achieved tremendous development (27). Cultural industry is the main activity of producing and providing spiritual products to meet people's cultural needs as the goal, and refers to the creation and sale of cultural meaning itself. UNCTAD also provides a standard definition (28), which defines cultural industries as “any activities producing symbolic products with a heavy reliance on intellectual property and for as wide a market as possible” (29). Under the definition of UNCTAD, cultural industries include both traditional cultural industries such as publishing, broadcasting, television, film, performing arts, heritage and handicrafts, and cultural industry service industries such as advertising, architecture, design and photography (29–32).



The impact of COVID-19 on cultural industries

At the beginning of 2020, COVID-19 pandemic began to spread in China. On January 23, 2020, Wuhan, where COVID-19 first be found in China, began to be locked down. Then various provinces and cities across China also imposed restrictions on the movement of people. The cultural industries have been hit hard by the sudden outbreak of COVID-19. Almost all offline entertainment activities, such as tourism, sports events, conventions, theaters and other gathering activities and places have been canceled and banned. Since the end of February, the epidemic has spread across the world, affecting as many as 200 countries and external environment on which the restoration of the cultural industry depends continued to deteriorate. COVID-19 has caused great damage to the cultural industries (2, 21, 23).

The cancellation of cultural events, exhibitions, concerts, performances and festivals caused by the epidemic, as well as restrictions on residents' activities and business activities in many countries, have had a negative impact on the cultural industry (3, 4, 23). The operations of many cultural companies have been disrupted, most of which were temporarily closed due to the epidemic. After resumption of work, they faced with a series of problems such as cash flow rupture, shortage of employees, suspension of production by upstream and downstream enterprises, and the unrecovery of consumer market. For example, XinChao Media, a well-known unicorn company, is the second largest cultural media company in China that focuses on community elevator advertising. Facing this sudden epidemic, it has carried out large-scale layoffs and salary cuts under huge pressure. The epidemic has caused many projects that have been invested by creative enterprises to a sudden halt and the costs could not be recovered in the short term. Banks and other financial institutions became more cautious while facing financing needs, leading to the collapse of corporate cash flow and difficulty in operating.

Furthermore, cultural companies generally have high requirements for the working environment and high mobility of personnel. In order to reduce operating costs, many companies often choose to rent sites, which made them fall into the awkward situation of suspension of production and work but still need to pay rent. Statistics show that more than 80% cultural companies' liquidity in the accounts can only maintain for 3 months. Cultural companies face great operating pressure, and some companies fail to maintain their operations and go bankrupt.

The stock market is the “barometer” of the development of the industry. After the outbreak of COVID-19, the major global stock markets have plummeted, setting a record for the decline in recent years. In terms of China's cultural industry, on the first trading day after the Chinese Spring Festival, the cultural and tourism sector of A-shares dropped 9.86% at the opening, and the cultural, Leisure and entertainment sector also fell by more than 9%. The epidemic has caused insufficient effective demand for the cultural industry and poor corporate operating efficiency. As a result, the development of the cultural industry faced huge challenges. The reflection in the stock market was investor pessimism, stock market volatility and decline in stock market returns. Therefore, we propose the following hypothesis:

H1: The stock market returns on the cultural industries are negatively correlated with the severity of COVID-19.



The impact of COVID-19 on different creative sub-industries

Existing studies have shown that infectious public health events have different impacts on the performance of listed companies in different industries, leading to different stock returns (8). Ichev and Marine (12) found that during the Ebola outbreak, the stock returns of the US medical device manufacturing, pharmaceutical, biotech, and food manufacturing industries were all significantly positive, while those of other industries were all negative. Chen et al. (33) found that SARS caused the market value of listed companies in the tourism, retail, and railway transportation industries in Taiwan Province to plunge, while it had a positive impact on the biotechnology industry.

Belitski (20) divides the different situations of creative sub-industries under COVID-19 into four categories. The first type of creative sub-industries is low digital capabilities and low ability to adapt, such as the music industry, theaters, etc. These companies are facing serious crises or even bankruptcy under the impact of COVID-19. The second type of creative enterprises belong to the types of high digital capabilities and low ability to adapt, such as social media, publishing, and journalism. They can still barely maintain and earn a small amount of income during the epidemic. And industries such as IT and software belong to high digital capabilities and high ability to adapt, and they can continue to grow during the epidemic period. The last category is low digital capabilities and high ability to adapt, such as museums, libraries, exhibition industries, which may suspend operations and cope with COVID-19 through government funding and cost reduction until they are allowed to reopen (20).

Due to differences in the service characteristics, venue requirements, and customer demand flexibility of cultural enterprises, the impact of the epidemic on the market returns of different types of creative sub-sectors is obviously different. Therefore, we propose the following hypothesis:

H2: There are significant differences in the impact of the epidemic on the stock market returns of different creative sub-sectors.



The moderating effect of digitalization on the impact of the epidemic

Under the wave of new technologies, the digital cultural industry has been showing a trend of vigorous development in recent years. The epidemic has also caused some museums to offer online exhibitions, and musicians provide online concerts or record their performances (24, 34, 35). Digital tools and digital services are considered a safe and effective way for cultural companies to maintain normal operations and growth during the epidemic (36).

During the epidemic, traditional offline cultural companies suffered severe negative impacts, while emerging digital cultural companies have highlighted their advantages due to the characteristics of online consumption and gained a larger market share because hundreds of millions of people are isolated from home and work remotely. Correspondingly, the stocks of cultural companies with higher levels of digitalization are increasingly sought after by the capital market. For example, the share price of China Reading Group, the leading digital reading company listed on the Hong Kong Stock Exchange, bucked the trend and rose on February 3.

Digital technology also has a significant impact on some traditional creative enterprises. Take Songcheng Performing Arts, a listed performing arts company in China, as an example. In 2018, the company's annual report pointed out that the company will actively participate in online entertainment through cooperation with Internet companies, and strive to create an ecosystem of offline performing arts and online entertainment. On February 3, when China's cultural, leisure and entertainment sector fell by more than 9%, the stock price of Songcheng Performing Arts, which deployed online entertainment business in advance, fell only 4.60% on the trading day. The increase in digitalization has offset the impact of the epidemic on the cultural industries to a certain extent. Therefore, we propose the following hypothesis:

H3: The digitalization of creative enterprises can effectively reduce the negative impact of COVID-19 on the cultural industries.




Sample selection and research design


Sample selection and data source

At the beginning of 2020, COVID-19 began to spread in China. On January 23, 2020, Wuhan began to “close,” urban buses and subways were temporarily suspended, and passages such as stations and airports were temporarily closed. Subsequently, various provinces and cities in China also imposed restrictions on the movement of people.

Since the Chinese Health Commission began to release data related to COVID-19 on January 11, 2020, this paper regards it as the starting point of this research. Therefore, in order to observe the continuing impact of the epidemic on the cultural industries, the research period of this paper is from January 11, 2020 to July 15, 2020.

This paper selects cultural companies listed on the Shanghai and Shenzhen Stock Exchange in China as the initial sample. In terms of the definition of creative enterprises, the UNCTAD (29) definition of cultural industries was adopted and combined with the 2012 edition of the China Securities Regulatory Commission's industry classification. Therefore, the sub-sectors of the cultural industry in this paper mainly include (1) news and publishing industry, (2) film, TV, and broadcasting related industries (3) culture and art industry (4) sports industry.

After excluding cultural companies with special treatment or missing data, there are a total of 54 Chinese listed cultural companies with 4,735 valid sample. The data comes from the CSMAR database and the annual reports of these cultural companies. All the continuous variables are winsorized at 99% percentiles.



Model specification and variable definition

The paper did not use the traditional event method to conduct research as COVID-19 pandemic is a continuous event. Hsiao (37) believed that panel data regression can reduce prediction bias and multicollinearity, control individual heterogeneity, and identify the dynamic relationship between the explained variable and the explanatory variable. Therefore, after controlling the individual characteristics of the company, we used the panel data fixed-effect model to investigate the impact of COVID-19 on stock returns of cultural industry. Drawing on the research of Al-Awadhi (8) and Ichev and Marine (12), the paper sets up models (1) and (2) to test the hypotheses. The variable definitions are shown in Table 1.
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This paper uses the daily growth in COVID-19 confirmed cases and the daily growth in death cases from COVID-19 to measure the severity of the epidemic. The stock return of cultural companies is used as an explained variable to measure the stock market return of cultural industries. In order to control the heterogeneous selection of individual companies, daily market-to-book ratio and daily market capitalization are used as control variables. The variable description is shown in Table 1.


TABLE 1 Variable definition and description.
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Empirical results analysis


Descriptive statistics

As shown in the statistical results in Table 2, the average DR is 0.003; the minimum is −0.0772; the maximum is 0.1, suggesting that the stock returns of listed companies are not consistent in the positive and negative directions during COVID-19 pandemic. There may be two reasons for this phenomenon. First, companies with different industry classifications in the cultural industry are affected differently by the epidemic. For example, due to restrictions on public activities during the epidemic, the film and performance industry were more affected. With its performance bleak, its stock prices inevitably fell. Second, with the effective intervention of the government, the development of the epidemic, information disclosure and economic policies have gradually become clear. The uncertainty caused by the epidemic continued to decrease, and the mentality of investors became more rational. Therefore, stock prices that have fallen excessively at the beginning of the epidemic got retaliatory increases.


TABLE 2 Descriptive statistics.
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Multiple regression analysis

P-value of the F-test is 0.000, suggesting the mixed estimation model is rejected at the significance level of 1%; P-value of the Hausman test is also 0.000, indicating that the random effect model is rejected, thereby we adopted a fixed effect model to regress.


COVID-19 and stock returns

Column (1), (2), and (3) of Table 3 list the regression results of the confirmed growth rate on stock returns using the panel fixed effects model. Among them, column (1) is the regression result without adding control variables, and column (2) and (3) are the regression results after adding control variables. The regression results show that the regression co-efficients of daily growth in confirmed cases (DGCC) are all significantly negative, and they all pass the significance test at the 1% level, and the null hypothesis was accepted.


TABLE 3 Panel regression.
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Column (4), (5), and (6) of Table 3 report the regression result of another indicator of the severity of epidemic, namely the growth rate of death and stock returns. The co-efficients of the death growth rate (DGDC) are also significantly <0 at the 1% level, indicating that the death growth rate and stock returns are also negatively correlated. Therefore, the hypothesis H1 that the returns on the cultural industry stock market are negatively correlated with the severity of the epidemic has been verified.



Sector analysis

According to the 2012 edition of the China Securities Regulatory Commission's industry classification, there are four types of cultural industry subordinates, namely (1) press and publication industry, (2) Film, TV, and broadcasting related industries (listed companies are mainly in the film industry) (3) culture and art industry (4) sports industry. To explore whether there are differences in stock market returns for different types of cultural industries affected by COVID-19, we took these four types of listed companies as the research objects, and substitute their relevant data into the fixed effects model. The results are shown in Tables 4, 5.


TABLE 4 Panel regression with specific sectors dummy variable.
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TABLE 5 Panel regression with specific sectors dummy variable.
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The regression results in Table 4 show that in the film industry group, the regression co-efficient of daily growth in confirmed cases (DGCC) is −0.025, which is significant at the 10% level; in other groups, the regression co-efficient of DGCC failed the significance test. We further tested the regression results of death growth rate (DGDC) and stock returns in different types of cultural industry groups. As shown in Table 5, the regression co-efficients of the three creative sub-sectors (1) the press and publication industry; (2) film production industry; (3) the culture and art industry, are all negative and have passed the significance test. However, the film industry still has the highest level of significance and the largest absolute value of the co-efficient. This shows that COVID-19 mortality rate still has the most significant negative impact on the film industry.

The greater impact of the epidemic on movies and related industries stems from industries such as movies and performing arts, and the most negative impact was suffered during the epidemic. Taking China as an example, movie box office data show that the box office of the Spring Festival in 2019 was 5.9 billion, accounting for nearly 10% of the annual box office. In the 2020 Spring Festival season, all the seven New Year films of 2020, known as the strongest in China's history, were forced to be taken off the shelves. Various agencies have predicted that the box office of the 2020 Chinese New Year would exceed 10 billion, but it was only 23.57 million finally. Huge losses have brought financial difficulties to film companies, led a crisis of survival, and resulted in a sharp decline in film production capacity in 2020. On the other hand, various theater crews were also affected by the prevention and control of the epidemic, and could not produce film and television dramas in the first quarter of 2020. The original production plan of the work has been shelved, making the prospects of film and television recording industries serious.



The moderating effect of digitalization

We used manual sorting and automatic word segmentation with Python algorithm to determine the basic ways of different companies in the annual report to express digitization-related information. The final selected keywords are shown in Table 6. On the basis of obtaining specific keywords for digital transformation, utilizing big data crawler function of Python, the text of the annual report of listed companies in the cultural and cultural industries in 2019 is captured. We matched it with the keywords in Table 6, counted the number of occurrences of each keyword in the annual report, and then totaled up them to obtain the total indicators of the company's digital level. According to this digital indicator, we sorted from high to low, and then divided cultural companies into two groups: high-digital level and low-digital level.


TABLE 6 Keywords related to enterprise digitalization in the cultural industry.
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Table 7 is the regression results of the impact of different digitalization levels on the relationship between COVID-19 and the stock market return. The first and third columns and the fourth and fifth columns are the groups with low and high digitization degree, respectively. When the company is at a low degree of digitalization, the regression co-efficient of daily growth in confirmed cases (DGCC) is −0.0348, and it is significant at 1% level, When the company is at a high degree of digitalization, the regression co-efficient of daily growth in confirmed cases (DGCC) reduced greatly to −0.007, and the significance test is not passed. This statistical result shows that a higher degree of digitization can effectively reduce the negative impact of COVID-19 on stock market returns.


TABLE 7 The impact of firm digitalization on market response to COVID-19.
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Further analysis


The impact of firm size and age in market response to COVID-19

The large scale of a company represents a complete corporate governance system, reasonable staffing, outstanding industry status and standardized information disclosure to a certain extent. Existing studies showed that the larger the company, the greater they respond to good news and the stronger the immunity to bad news Schwert (38). Brown and Cliff (39) found that if investor sentiment is optimistic, the company's market value will be significantly greater than its embedded value, and this effect is more significant in large-scale companies. Schwert (38) found that in the 1987 US stock market crash, the market value of large companies fell less, and recovered faster and more after crash. Ichev and Marine (12) also found that the Ebola epidemic has less impact on larger companies. After the outbreak of COVID-19, although all creative enterprises faced the same external environment, large-scale enterprises were less affected by the epidemic due to their strong operating capabilities. Therefore, we expect that the stock prices of larger cultural companies will be less affected by the epidemic.

Similar to the company size indicator, some scholars argue that the company's age has a positive linear relationship with the company's growth rate 1 (40). Carroll (41) proposed that as companies grow older, they have accumulated profound operating experience, have strong environmental adaptability, and the ability to maintain and update resources, so the company's viability improves. Similarly, Jensen et al. (42) also found that the productivity of enterprises increases with age. Therefore, we assume that the stock prices of cultural companies with a longer listing age will be less affected by the epidemic.

We divided companies into three equal groups according to the scale of their assets, and then compared the market response to the epidemic of the smallest group and the largest group.

As shown in Table 8, in the regression of market response and DGCC, small-scale companies' are significantly negative, while large-scale companies have insignificant co-efficients. In the regression of market response and DGDC, although the co-efficients of small-scale and large-scale companies are both significant, the absolute value and significance of the co-efficients of small-scale companies are higher than those of large-scale companies. The results suggest that large market small companies experience significantly more negative effect on returns than larger companies.


TABLE 8 The impact of firm size on market response to COVID-19.
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Similarly, we also divided the cultural companies into three equal groups according to their listing age, and then compared the market response to the epidemic of the shortest listing age group and the longest listing age group. As shown in Table 9, in the regression of market response and DGCC, the co-efficient for the short-listed age group is significantly negative, while the co-efficient for mature companies with a longer age is not significant. In the regression of the market response and DGDC, the absolute value and significance of the co-efficient of the shortest-term group are higher than those of large-scale enterprises. The results show that the epidemic has a significantly lower negative impact on the stock returns of mature cultural companies that have been listed for a long time than young companies.


TABLE 9 The impact of firm age on market response to the COVID-19.
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The changing trend of the impact of COVID-19 on the market response

According to statistics, death rate of COVID-19 in China is far lower than 9% of influenza pneumonia and 10% of SARS. However, at the beginning of the epidemic, due to ignorance of it, lack of clear information channels and uncertain future economic development expectations, stock investors were generally panic and pessimistic, resulting in stock market volatility. However, with the strong and effective intervention of the government, the development of the epidemic, information disclosure, and economic policies gradually became clear. Uncertainty continued to decrease, and investors became more rational. Therefore, even if the epidemic still exists, its marginal impact on the stock market will be reduced significantly. Therefore, we assume that the severity of the epidemic has an inverted U-shaped relationship with stock market returns. The paper expects that COVID-19 will have a marginal impact on the stock market returns of the cultural industry that will first increase and then weaken.

Column (1), (2), and (3) of Table 10 show the regression results of daily growth in confirmed cases and stock returns. Among them, the co-efficient of DGCC2 is significantly negative. Turning point 0.1315 is located within the data range, so the turning point and the observed value to the right can be covered. This means that there is a non-linear “U” relationship between daily growth in confirmed cases and stock returns. Before the turning point, stock returns will decline with the increase of the confirmed growth rate, after reaching the turning point, it will rise. Column (4), (5), and (6) of Table 10 show the regression results of death growth rate and stock return. Similar to the confirmed growth rate, the co-efficients of DGDC2 in the three regressions are all significantly negative. The turning point 0.2973 is within the range of the data, indicating that the death growth rate and stock return are also in an inverted U-shaped relationship. Therefore, in line with our expectations, the severity of the epidemic has an inverted U-shaped relationship with stock market returns. The impact of COVID-19 on the stock market returns of cultural industries first increases and then gradually weakens.


TABLE 10 Changing trend of the COVID-19's impact on the stock returns in cultural industry.
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Conclusions and suggestions


Research conclusions

Utilizing the fixed effects model of panel data, the paper studied the impact of COVID-19 pandemic on the return of cultural industry stocks. We also examined the impact of company heterogeneity on the market response to COVID-19. The study found that the return of the cultural industry stock market is negatively correlated with the severity of COVID-19. Second, different types of cultural industries are affected by the epidemic significantly differently, and the film industry, for example, has been significantly negatively affected. Third, digitization can reduce the negative impact of COVID-19 on the cultural industry greatly. Further research shows that the negative impact of the epidemic on the stock returns of small-scale and younger cultural companies is more serious. Our empirical results also show that COVID-19 has a marginal impact on the stock returns of the cultural industry that strengthened first and gradually weakened later.



Implications for companies

The conclusion of this paper shows that the anti-risk ability of highly digitalized cultural companies is significantly higher than that of less digitalized companies. In fact, the COVID-19 pandemic has forced cultural companies to undergo extensive digital transformation (34, 43). Cultural companies, especially traditional cultural companies, should accelerate the pace of technological innovation. Companies should strengthen the application of 5G, VR, AR, big data, artificial intelligence, blockchain, and other technologies, change the industry's traditional production and operation methods that were single, decentralized, and less intensive in the past, and actively seize the digital consumer market. This is important for cultural companies to prepare for a new business model for the post-epidemic era and other possible public emergencies in the future. For example, the convention and exhibition industry has derived an “online exhibition” model, and the publishing industry has accelerated its deployment to “digital publishing” and “digital reading”(44).

Meantime, there are more and more cross-industry behaviors being quietly carried out (45). The emergence of “shared employees” and “shared scenes” has provided a new model for industry and enterprise collaboration. The application of media digital technology has a positive impact on social governance and omni-media integration. Short video, webcast, UGC and other digital communication methods also brought more cross-border integration to traditional industries such as catering, clothing, construction, and e-commerce market. It is foreseeable that the application of digital technology will blur the boundaries between different industries and further enhance liquidity. The digital cultural industry will penetrate more widely into all walks of life, achieving a deeper, more diversified, and more directional integration.

Creative enterprises also need to optimize their own structure to become stronger and bigger. Most cultural companies are small in scale and have a single business model, so their profits are usually relatively low. However, as the empirical results of this paper show, the negative impact of the epidemic on the market returns of smaller cultural companies is significantly higher than that of large-scale companies. With the increasing demand of residents for high-quality cultural and sports leisure services, the cultural industry should continue to strengthen the adjustment of its own scale and industrial structure while ushering in a broader market prospect. Take Disney as an example, its business includes the entire industry chain of film and television entertainment, television media, new media communications, Disneyland and consumer products. In 2018, its operating income reached 59.4 billion U.S. dollars and net profit was 12.6 billion U.S. dollars. After the outbreak of the epidemic, the cultural industry suffered a greater impact in the short term, especially cultural tourism and leisure service companies. On the bright side, this also provides opportunities for mergers and reorganizations of leading companies. Therefore, some high-quality cultural companies may expand their competitive advantages and market share through mergers or reorganizations, and stand out.



Implications for government

The research shows that the impact of COVID-19 on different types of cultural industries is significantly different. For creative sub-sectors such as performing arts and film industry that have been greatly negatively affected, it is recommended that the government use loan interest discounts, tax reductions, rent reductions, financial support and other supporting policies to help them overcome difficulties in production and operation.

On the one hand, these companies should be encouraged to carry out more service innovation and to improve the level of digitalization, such as the development of network theaters, online performing arts and other digital business formats. On the other hand, according to the findings of Hylland (34), the recent rapid digitization of cultural enterprises was forced to occur due to the epidemic, rather than spontaneous changes in consumer behavior or more efficient cultural service tools, and many cultural providers and consumers hope to return to a normal, less digital situation. Therefore, once the epidemic is relieved, various offline cultural activities should be resumed and policies should be adopted to stimulate offline cultural consumption in order to alleviate the pressure on these severely negatively affected industries.

Our conclusion also show that the negative impact of the stock market on larger creative enterprises with longer years is significantly less than that of younger SMEs (small and medium-size enterprises). Small, medium and micro enterprises and young creative enterprises are extremely vulnerable to shocks in the face of public emergencies, and then face severe survival dilemmas. Therefore, SMEs or young creative enterprises should be given certain support policies, with preferential treatment in terms of bank loans, rent subsidies, tax reductions and exemptions. These policies will alleviate the pressure of survival for these small enterprises and establish a corporate ecological environment that resists the risks that may arise in the process of creative enterprises and their digital transformation.

In addition, some scholars suggest establishing a stronger support for cultural companies and their practitioners through third-party organizations such as professional associations (20). Due to economies of scale, this centralized third-party organization will provide creative SMEs with databases, artist relationships, and partner networks with lower management costs, and in short, can provide better overall support.

Finally, this paper shows that the impact of COVID-19 on the stock returns of the cultural industry first strengthened and then gradually weakened. This phenomenon is mainly due to the public's irrational and pessimistic judgments about the future situation in the early stage of the epidemic, caused by the suspension of business and production. With the effective intervention of the government, the epidemic, information disclosure and economic policies have gradually become clear. The uncertainty caused by the epidemic continued to decrease, and the mentality of investors became more rational. The impact of COVID-19 on the return of the cultural industry's stock market has gradually weakened. Therefore, the impact of infectious public health events on the economy is largely due to the public's uncertainty about the infectious disease itself and its economic consequences. To control these uncertainties, the infectious disease prevention and control system needs to be further strengthened. The authority of the National Center for Disease Control and Prevention should be increased in order to detect and disclose any new epidemics in a timely manner.
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000114
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—0.0682"
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0.00736"**
(0.00187)
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~000175
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0.00003
(0.000222)
-047
©0.187)
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(0:271)
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(1.178)
0.691

Robust standard errors in parentheses.

‘0 < 0.01, "*p < 0.05, *p < 0.1.
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0.444

Robust standard errors in parentheses, AR(2) and Hansen test report the p-value.

*p <0.01, *'p <0.05,°p < 0.1.

L1.Ingdppc is the first-order lag term of Ingdppc.
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The dependent variable

The core independent
variable

The mediating variables

The control variables

Variable

Ingdppc
digeco

Inservadd
Inunemploy

Inserviabor
Incapital
inflation
Inopen
FOI

Ingovern

Meaning

Logarithm of GDP per capita (2010 constant price dollars)
Digital econormy development scores

Logarithm of services value-added as a share of total value-added (%)
Logarithm of total unemployment as a percentage of the total labor
force (%)

Logarithm of the share of service employment in total employment (%)
Logarithm of the gross fixed capital as a share of GDP (%)

Annual inflation rate as measured by the consumer price index (%)
Logarithm of total imports and exports as a share of GDP (%)

Net foreign direct investment inflows as a share of GDP (%)

Logarithm of general government final consumption expenditure as a
share of GDP (%)

Mean

9.08
32.64

3.98
177

4.02
311
3.93
4.33
8.34
274

Std. Dev.

1.04
17.98

0.18
0.75

0.26
0.27
4.74
055
28.54
031

Min

6.78
0.00

3.32
-1.56

3.27
2.32
-2.10
3.18
—40.33
1.75

Max

10.99
100.00

4.33
3.31

4.44
3.88
48.70
5.63
280.13
3.40
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Ranking Country 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

1 Singapore 75 n 74 74 76 76 80 84 90 20 100
2 Israel 61 59 61 61 60 61 68 69 il ! 74
3 Malaysia 59 60 60 62 62 66 68 67 67 67 g
4 Estonia 42 47 51 51 51 53 54 55 57 57 66
5 The Czech Republic 40 42 43 43 43 46 46 49 52 52 62
6 China 35 38 40 41 45 45 46 50 53 53 58
7 Vietnam 18 20 22 28 33 36 40 44 48 48 52
8 Hungary 44 46 44 40 39 38 36 42 45 45 50
9 Lithuania 34 34 35 37 37 38 40 41 43 43 49
10 Thailand 31 31 28 31 33 34 38 43 46 46 49
1" Slovenia 37 37 34 34 34 33 37 38 42 42 48
12 Latvia 27 27 30 34 37 40 43 41 40 40 45
13 Cyprus 46 47 42 36 35 36 34 34 39 39 41
14 Bulgaria 23 23 25 - 4 27 26 28 31 36 36 39
15 Greece 28 27 29 28 27 30 32 33 34 34 38
16 Saudi Arabia 28 33 a7 35 34 32 35 34 34 34 38
17 Poland 29 29 28 29 29 32 33 34 36 36 38
18 Russian federation 23 25 22 25 28 31 33 33 33 33 37
19 Croatia 25 ar ar 28 29 28 28 30 29 29 34
20 Romania 24 23 22 20 20 24 24 25 26 26 32
21 Kazakhstan 20 23 26 33 38 38 38 32 29 29 32
o2 Oman 20 24 27 28 29 28 26 21 28 28 31
23 Azerbaijan 12 15 16 21 26 25 24 24 29 29 30
24 Armenia 1 9 10 14 15 16 18 21 21 21 25
25 Ukraine 15 14 16 20 19 20 23 20 21 21 25
26 Mongolia 6 6 9 10 10 12 7 12 10 10 -4
27 India 14 13 15 14 14 11 13 bid 18 18 21
28 The Republic of Egypt in Arabia 10 10 1 12 12 9 1 1 15 15 20
29 Moldova 3 7 10 11 13 16 16 16 18 18 20
30 Kyrgyzstan 2 0 3 4 5 8 13 15 16 16 14
31 Pakistan 1 3 4 4 4 2 3 3 8 8 13

The ranking is based on the comprehensive score of 2019 digital economy development indicators for each country. Data sources: SPSS22.0 software calculations.
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Data sources: SPSS22.0 software calculations.
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Region Supply-side Demand-side

Labor force Consumption Investment Preference for digital

industries
CHN —1.66% -091% 3.24% 8.34%
MYS 0.78% -2.87% -15.79% 6.63%
IDN -0.87% -2.10% —7.22% 13.40%
PHL -3.11% —5.24% —24.83% 9.73%
IND —4.66% -71% —15.14% 3.49%
PAK —2.06% -2.01% —6.61% 5.09%
POL —0.62% —1.56% —7.85% 4.48%
CZE -1.16% -2.61% -7.01% 2.23%
SVK -0.97% -0.68% -9.62% 4.93%
HUN -0.38% -1.96% —4.43% 3.04%
SN —-0.53% —6.75% —1.15% 651%
HRV -0.71% —4.12% -2.17% 7.92%
ALB -1.37% —2.00% 0.02% 8.72%
EST —0.68% -0.64% 17.74% 18.23%
LU -0.32% —1.45% 3.55% 4.63%
VA -0.13% -6.95% 3.48% 7.71%
UKR —3.69% 0.48% —25.16% 5.40%
BLR -1.91% —1.44% -14.23% 3.20%
TUR -3.01% 3.02% —0.58% -0.22%
ISR -0.57% -5.87% -0.13% 13.75%
ARM —5.23% —10.20% —2.74% 7.24%
GEO 0.01% 5.42% —7.26% 7.47%
EGY —2.35% 7.25% -891% —2.89%
OBLT -1.28% -1.87% —6.91% 5.08%
DEV -1.01% —2.33% —1.67% 6.65%
ROW -3.59% —4.28% -10.61% 8.76%

Data sources: World Development Indicators (WDI) and International Monetary Fund (IMF).
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Digital economy (DE) 07612 05212

(.87 (1.95)
COVID-19 outbreak (COV) -0.165™" 0345

(-0.12) (-0.45)
The intersection of digital economy and ~ 0.7831**  0.7952**

COVID-19 pandernic (DE‘COV) 8.59) (6.238)
Industrialization level (SIZE) 16086 1.4718"
(5.45) ©621)
Urbanization level (CITY) 03058 0.3019"
8.59) @21
Foreign direct investment (FDI) —0.3591"*  —0.4061***
(-262)  (-241)
Advanced industrial structure (ADV) 2341 24129
@8.24) @.41)
Constant —3.5685™"  —4.5457""

(-8.12) (-8.24)

. ** and * represent significant level at 1%, 5% and 10% respectively.

West

02153
(1.24)
—0021*
(-0.08)
02415"
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Primary theme

Pharmacies wil offer long term employment opportunities in the future.
Many applicants seeking to enter the pharmaceutical industry since lockdown.
Demand for mediicine will create more job opportunities.

Developing countries should produce their medicine domesticaly.

Long-term impacts of COVID-19 include the pharmaceutical industry becoming self-suficient.

Demand for vaccines was higher in low- and middle-income states than high-income countries during the first wave of the pandemic.
Plizer, Moderna, AstraZeneca, and Johnson & Johnson are the main produces of COVID-19 vaccines.
Plizer, BioNTech, and Moderna make profits of one thousand dollars per second.

The European continent has employed pharmacists to develop vaccination programs in vaccination centers.
Vaccination centers present opportunities for physicians to identify other problems patients are encountering due to the pandemic.
The future of vaccination jobs is uncertain.

COVID-19 testing requires the contribution of healthy healthcare workers.
Population-based testing is vital in ensuring the containment of the virus.
Medical pressures like avaiing sufficient testing centers prevailed at the pandemic’s beginning.
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2019 2020
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Variable Mean Standard Minimum Maximum
value deviation value

Gross domestic product (GDP) 11.08 0.39 10.40 12.01
Digital econorny (DE) 580 010 564 607
COVID-19 outbreak (COV) 4.26 3.34 0 1113
Industrialization level (SIZE) 1834 1497 -1.084 4182
Urbanization level (CITY) 7664 0.645 5.225 8.749
Foreign direct investment (FDI) 3258 0847 1450  6.194

Advanced industrial structure (ADV) 4624 0580 3230  6.193
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Province

Beiing

Tianjin City
Hebei province
Shanxi province

Inner Mongolia autonomous
region

Liaoning province
Jiin province
Hellongjiang province
Shanghai

Jiangsu province
Zhejiang province
Anhui province

Fujian province
Jiangxi province
Shandong province
Henan province
Hubei province
Hunan province
Guangdong province

Guangxi Zhuang autonomous
region

Hainan

Chongaing

Sichuan province

Guizhou province

Yunnan province

Tibet

Shaanxi province

Gansu province

Qinghai province

Ningxia Hui autonomous region

Xinjiang Uygur autonomous
region

economy
total score

399.00
344.11
305.06
308.73
293.89

311.01
292.77
292.87
410.28
361.93
387.49
330.29
360.51
319.13
327.36
322.12
344.40
310.85
360.61
300.91

328.75
325.47
317.11
29351
3083.46
293.79
322.89
289.14
282.65
292.31
294.34

2020 digital
economy
total score

417.88
361.46
322.70
325.73
309.39

326.29
308.26
306.08
431.93
381.61
406.88
350.16
380.13
340.61
347.81
340.81
358.64
332.03
379.53
32517

344.05
344.76
334.82
307.94
318.48
310.53
342.04
305.50
298.23
310.02
308.35

Growth rate
(%)

473
5.04
5.78
551
5.27

491
5.29
451
5.28
5.44
5.00
6.02
5.44
6.73
6.25
5.80
413
6.81
5.25
4.92

4.65
5.93
5.68
4.92
4.95
570
5.93
5.66
551
6.06
476
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Incost

Intime
BITs in General BITs in Force BITs in General BITs in Force
) @ ) @ (] @ ® @
Intreaties 0142+ 0.106"* 0120 0,089 0.086" 0.075* 0099 0.084"
(5.86) ©.78) (650 @.62) (2.18) (1.99) 2.99) (2.29)
Inpgdp 0013 0015 -0017 -0.022
(1.24) (1.40) (~1.26) (-1.61)
Intrade 0036 0,038 0.069"** 0067
@11) (2.20) @.14) 858)
Incontrol 0.086" 0,087 0128 0.006"
(2.69) @.73) @.12) (2.33)
Inresources 0,004 0004 —0.022** —0.026"*
0.62) ©.72) (~2.94) (-3.41)
Inurban 0,055 0054 0.408"** 0391
(1.16) (1.14) (6.84) 6.61)
constant 3671 2,982 3.780" 3.040" 3.766" 1819 3755 3071
(44.59) (14.12) (650 (14.28) (26.88) (6.89) @3.27) (14.35)
R? 03405 0.3804 03012 0.3561 03274 03519 0.3061 03138
Observations 1,095 1,095 1,095 1,095 1,095 1,095 1,095 1,095

* means significant at 1, 5, and 10% levels respectively. The values reported in parentheses are t-values.
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First-level ~ Secondary
dimension  dimension

Coverage  Account
coverage

Payment
business

Money fund
business

Personal
consumption
loans

Investment  Small and micro
business  business
operators

Insurance
business

Investment
business

Credit business.

Mobility

Affordabilty
Degree of  Creditization
digitization

Faciltation

QR, quick response.

Specific indicators

Number of Alipay accounts per 10,000 people

Percentage of Alipay users according to their
cards

Average number of bank cards bound to each
Alipay account

Per capita payment

Amount paid per capita

High frequency (50 times or more per year)
active users accounted for one time or more
uses per year

Per capita purchases of Yu'e Bao

Per capita purchase amount of Yu'e Bao

Number of people who purchased Yu'e Bao,
per 10,000 Alipay users

The number of users with internet consumer
loans per million Alipay adult users

Per capita loans

Per capita loan amount

The number of small and micro internet

business loan users per million Alipay adult
users

Average number of loans per household for
small and micro-operators

Average loan amount of small and
micro-operators

Number of insured users per million Alipay
users

Insurance per capita
Insurance amount per capita

Number of people participating in internet
investment and wealth management per
10,000 Alipay users

Investment per capita

Investment amount per capita

Per capita credit calls for natural persons
Number of users using credit-based services
per Alipay user (including financial,
accommodation, travel, and social
Proportion of mobile payments

Proportion of mobile payment amounts
Average loan interest rate for small and
micro-operators

Average personal loan interest rate

Credit

Proportion of Huabei's payment amount
Proportion of the number of Credit Sesame
free deposits (compared to all cases where a
deposit is reqired)

Percentage of Credit Sesame free deposits.
(comparedito all cases where deposits are
required)

Percentage of user QR code payment

The proportion of the amount paid by the
user's QR code
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BITs in General BITs in Force

) @ ® @

Intreaties 0.123 0.002" 0.135" 0101

©.78) (2.52) (4.99) (2.80)
control variables YES YES YES YES
constant 3.019" 2821 3131 2054

5.07) (19.16) (52.00 (12.29)
R? 02885 03007 0.2902 0.3251
Observations 990 990 990 990

**, **, * means significant at 1, 5, and 10% levels respectively. The values reported in
parentheses are t-values.
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BITs in General BITs in Force

(U] @ ®) @
Iv-2sLs IV-GMM Iv-2sLS IV-GMM

Intreaties 0043 0043 0050"* 0050
2.92) 292) @.16) 8.16)
control variables YES YES YES YES
FAR Test 0.203 0203 0227 0227
Cragg-Donald F 2165 2273 26.31 25.80
Wald F Statistic 8.08) 8.08) 8.18) 8.18)
Kleibergen-Paap rk 15.77 15.77 18.26 18.26
Wald F Statistic 8.08) 18.08) 8.13) 8.13)
constant 16767 1676 1.053%  1.053"
©.42) (6.42) ©.87) 8.87)
"2 03036 0303 02004 02004
Observations 1,002 1,022 1,022 1,022

The values reported in brackets are critical values of Stock and Yogo (2005) under the
10% level.

*+, *, * means signiicant at 1, 5, and 10% levels respectively. The values reported in
parentheses are t-values.
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Civil Law System Common Law System

[V} @ ® @

Intreaties 0052 0,039 0122 0.108"
.39 ©2.01) (3.05) (2.69)

Inpgdp ~0010 -0.023
(-0.65) (125

Inopen 0029 0.039"
(2.70) (1.90)

resources 0,086 0059
(@.42) (2.65)

control ~0.008" ~0012
(2.16) (287

constant 2790 2451 4021 3838
(62.32) (19.56) (69.45) (18.16)

[ 02231 02145 0.2930 02882
Observations 390 300 705 705

***, *, * means significant at 1, 5, and 10% levels respectively. The values reported in
parentheses are t-values.
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Targeted market  Nominal exchange rate Real exchange rate

A Bi Ai Bi
Australia -3.06 22.94 9.49 16.14*
Canada 0 21.12 -59 2160
France —112 ~1.48 -4.89
Germany -6.13 -26 -6.46
Greece 9.19 ~36.02 -138 ~12.01
Israel -683 ~20.40" ~134 -856™
Italy ~136 193 -934 —2.12
Japan 352 ~0.03" 7.04 002+
Korea -4.13 0.023 -23 0.01*
Malaysia 319 18.61 —123 865
Netherlands —4.2 -38.17 -1.84 -21.63
New Zealand 1.15 33.50 1.16 16.79
Philppines ~186 002 -875 -0.06
Russia 5.18 036" —261 023"
Saudi Arabia -597 636 ~165 147
Singapore -8 813 —2.59 32.32
Spain -3.68 25,39 -551 599
UAE 1.42 14.23 263 10.19
UK -287 -2028 -9.49 -5.23
us ~1.01 22.05" -7.43 6.22
Vietnam -322 0003 425 ~0.0006

dicates statistical significance at the 10%, 5% and 1% level.
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Mean
Median
Maximum
Minimum
Observations

Price

4213
3.417
27.447
0.144
602

Nominal

122.849
0.202
3,482.792
0.066
602

Real

143.324
0.2206865
3,695.236

0.044
602
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BITs in general

U]
Intreaties 0,074
(@.52)
Inpgap
Inopen
resources
control
constant 2.757"
(18.61)
R? 02455
Obsenvations 1,095

@

0040
©.76)
~0.006
(0.98)
0027
(@55)
0,048
(.42)
~0.008"
(2.16)

1.494
(5.14)

0.2236
1,095

BITs in force
® @
0074 0.048"*
(6.19) 8.02)

~0.008
(-1.18)
0027
(2.59)
0056
(2.43)
~0.007*
(-2.01)
3,085 1,620
(13.81) (561)
02376 02622
1,05 1,095

***, . * means significant at 1, 5, and 10% levels respectively. The values reported in

parentheses are t-values.
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Variable

be
treaties
Pgdp
open
resources
control

Variable name

contract execution

bilateral investment treaty

per capita GDP

International trade

abundance of natural resources
level of corruption control

Observations.

1,096
1,095
1,096
1,095
1,096
1,096

Average Std.dev. Minimum Maximum

62.79
33.85
6272.71
86.30
9.42
42.84

11.68
24.20
7876.46
34.45
12.24
12.40

33.60
3
292
22.49
0.01
19.54

88.41
109
56,494.95
208.31
61.95
81.656

Data sources

World Bank Doing Business

United Nations Conference on Trade and Development
World Bank World Development Indicators

World Bank Worid Development Indicators

World Bank World Development Indicators

World Bank World Governance Indicators
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oLs Lower quantiles Median Upper quantiles
10th quantile 25th quantile 50th quantile 75th quantile 90th quantile
FF 12.8241" 18.7647" 11.5787" 0.4851 0.1824 ~0.2873
(3.6228) (2.3187) (85125) (1.4981) (0:2127) (0.1642)
FF2 —0.0087** —0.1366"** -0.0812* -0.0028 -0.0009 0.0025
(0.0291) (0.0206) (0.0312) (0.0133) (0.0019) (0.0015)
REVG 0.4119" 01233 0.1484 00330 00160 00121
(0.2109) (0.3278) (0.4966) ©2111) (0.0301) (0.0232)
RDG —32.0693 -34.8215 —6.1910 1.2455 1.5060 1.5659
(21.6539) (36.3846) (85.1181) (23.4295) (3.3379) (2.5767)
BNIG 0.0004 00008 0.0003 0.0000 0.0000 ~0.0000
(0.0008) (0.0009) (0.0013) (0.0006) (0.0001) (0.0001)
OEG 0.1010** 0.1895* 0.1237 0.0035 -0.0035 -0.0110
(0.0364) (0.0986) (0.1494) (0.0635) (0.0090) (0.0070)
ARD -0.0818 00214 —0.0008 ~0.0074 -00032 ~00101
(0.0665) (0.1184) (0.1794) 0.0762) (0.0109) (0.0084)
Constant ~346.379" —612.470" —400.552" —24.0144 —11.4138" 3.9073
(97.6361) (65.9778) (99.9482) (42.4858) (6.0528) (4.6725)
Sample size 59 50 59 59 59 59
Quarter fixed effect Yes Yes Yes Yes Yes Yes
R-squared/Pseudo R? 05071 06283 02319 0.0691 00758 0.0964

SEs are shown in parentheses.
<01,

“p <0.05.

“p < 0.01.
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Variables

FF
FF2

REVG

RDG

BNIG

OEG

ARD
Constant
Sample size

Quarter fixed effect
R-squared/ Pseudo R?

SEs are shown in parentheses.
<01,

“p <0.05.

0 < 0.01.

oLs

07314
(0.1262)
—0.0061***
(0.0012)
00644
(0.0308)
—0.1064
(0.1530)
0.0000
(0.0000)
0.0211
(0.0190)
-0.4369"
(0.1690)
-9.0828"
(3.8437)
60
Yes
0.6450

Lower quantiles

10th quantile

0.8048""
(0.1945)
—0.0079**
(0.0019)
0.0408
(0.0420)
0.1315
(0.2650)
0.0000
(0.0000)
00536
(0.0359)
-0.9385"*
0.1318)
20,9386
(4.2828)
60
Yes
05721

25th quantile

08630
(0.2462)
—0.0075"
(0.0024)
00685
(0.0532)
0.1016
(0.3356)
00000
(0.0000)
00233
(0.0454)
-0.3879"
(0.1668)
—25.7280""
(6.4229)
60
Yes
05188

Median

50th quantile

07909
(0.1324)
~0.0065"*
(0.0013)
00361
(0.0286)
—-0.0588
(0.1804)
0.0000
(0.0000)
~0.0034
(0.0244)
~0.3581"
(0.0897)
~19.9127"
(2.9158)
60
Yes
0.4251

Upper quantiles

75th quantile 90th quantile
0.7383" 0.5840"**
(0.1381) (0.0707)
~0.0065"** —0.0045"
0.0013) (0.0007)
00395 00988
(0.0298) (0.0153)
0.0286 —0.2663"**
(0.1882) (0.0963)
0.0000* 00000
(0.0000) (0.0000)
~0.0272 ~0.0255*
(0.0255) (0.0130)
~0.2581" —0.2768"
(0.0936) (0.0479)
—15.4274" —11.8064"
(3.0411) (1.5560)
60 60
Yes Yes
03774 0.4827
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Portfolio

EW 0.0207"**
~0.0021
ToP 0.0471°
—0.0682
BOTTOM 0.0885™"
-0.0039
%300 0.0581""
(0.0044)

~0.0227"
~0.0283
~0.0306
-0.254
~00139
-0.2659
00098
0.2130)

~0.0316
—0.4565
—0.0399"
~0.0201
~0.0265
-02584
~0.0652
(0.3076)

00287
~0.1785
~0.0206
-0.3007
~00116
-0.3452
~0.0086
(0.2648)

-0.0085
~0.1549
~0.0073
~0.2766
~0.0028""
~0.0056
~0.0031"
(0.0091)

~0.0274
~0.1976
-00344
-0.1785
~0.0148
-0.2315
-0.0059
(0.3512)

—0.0046
—0.1563
—0.005
-0.1787
—0.0032"
—-0.0019
—0.0026"*
(0.0015)

01650
~0.0001
0.1404**
-0.0216
02208
~0.0005
02853
(0.0002)

~0.0651""*
0
~0.0548"
0
~0.1650""
0
~0.0263°
(0.000)

This table presents the results of the linear regressions based on the selection of DRNs, which covers the three portfolios of insurance stocks (EW, TOR, and BOTTOM) and the CSI
300 index. The table uses the daily return data for the period from February 1, 2003 to December 31, 2020, involving a total of 6,544 statistical values. The p-values are shown in

parentheses. ‘represents significance at the 10% level. **represents significance at the 5% level.

spresents significance at the 1% level.
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Variables oLs Lower quantiles Median Upper quantiles

10th quantile  25thquantile  50th quantile  75thquantle  90th quantile

FF 28727 116715 17.4857" 11,6756 1.1877 09350 0.8519*
(1.0243) (3.1459) (2.6735) (3.8234) (1.5767) (0.1423) (0.0219)
FF2 —0.1066"* —0.1303" —0.0887* ~0.0094 -0.0082"** —0.0068"*
(0.0292) (0.0807) (0.0439) ©0.0181) (0.0016) (0.0003)
REVG 0.1466 -0.0106 -0.1202 —0.0878 00012 00173 00186
(0.2848) (0.1860) (0.3767) (0.5387) (0.2221) (0.0200) (0.0031)
RDG —11.0053" 26470 1.0878 0.0394 ~0.0539 0.2000 —0.0575
(4.3514) (2.1619) (6.8956) 8.4314) (3.4769) (0.3137) (0.0483)
BNIG ~0.0003 ~0.0001 ~0.0007* ~0.0004 ~0.0000 0.0000 0.0000***
(0.0002) (0.0002) (0.0004) (0.0005) (0.0002) (0.0000) (0.0000)
OEG 0.1912" 0.1221% 0.1863* 0.1231 0.0091 0.0026 0.0031***
(0.0729) (0.0516) (0.1050) (0.1502) (0.0619) (0.0056) (0.0009)
ARD 0.1914 00714 00353 0.0361 0.0076 0.0046 0.0161"*
(0.1186) (0.0797) (0.1313) (0.1878) (0.0774) (0.0070) (0.0011)
SIZE 78.1766"" 68.1093"* 28.1518 31.4854 6.4851 46943 50453
(26.6061) (21.1040) (20.2077) (28.8994) (11.9174) (1.0754) (0.1656)
Constant ~1,344.20"" ~1,327.69"* —9907.27 -843.27* -134.30 -98.54" —102.34*
(446.3582) (3.1459) (2.6735) (3.8234) (1.5767) (0.1423) (0.0219)
Sample size 54 54 54 54 54 54 54
Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes
R-squared/ Pseudo R? 05165 06764 06672 03001 0.1112 0.1030 0.1531
SEs are shown in parentheses.
<01,
“p <0.05.

‘0 < 0.01.





OPS/images/fpubh-10-810515/fpubh-10-810515-t005.jpg
Portfolio

Ew 0.0137+* —0.0034*
-0.0023 —0.0241

TOP 0.0109* -0.0277
—0.0587 -0.3672

BOTTOM 0.0659 -0.0196
—0.0027 -0.2765

-0.0197
—0.5426
—0.0238*
-0.0105
-0.0179
-02175

0.0163

~0.1094
-0.0278
-0.2658
-0.0132
—0.2987

-0.01056
-0.2109
-0.0073
-0.2674
—0.0016***
-0.0087

—0.0265
—0.3741
-0.0372
—0.2544
—0.0241
-0.3755

-0.0072
—0.1958
—0.0087
—0.2659
—0.0056"**
—0.0041

0.5386**
—0.0002
0.4293*
—0.0003
0.8871***
—0.0002

—0.1092**
0
—0.0769"*
0
—0.0077***
0

This table presents the results of the linear regressions based on all DRNs, which cover the three portiolio categories (EW, TOR, and BOTTOM) of insurance stocks. This table uses the
daily return data for the period from February 1, 2003 to December 31, 2020, involving a total of 6,544 statistical values. The p-values are shown in parentheses. “represents significance

at the 10% level.

‘represents significance at the 5% level.

‘represents significance at the 1% level.
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Variables oLs Lower quantiles Median Upper quantiles

10th quantile 25th quantile 50th quantile 75th quantile 90th quantile
FF 0.0769 0.3493" 0.5072** 0.3333 0.1782 0.0786 0.31356"
0.0711) (0.1327) (0.1412) (0.2106) (0.1380) (0.2106) (0.1546)
FF2 —0.2522" ~0.0030" ~0.0019 ~0.0012 ~0.0009 ~0.0035"
(0.1075) (0.0013) (0.0019) (0.0012) (0.0019) (0.0014)
REVG 0.0599"" 0.0698"* 0.0525" 00620 0.0251 00224 0.0075
0.0217) (0.0247) (0.0249) (0.0372) (0.0244) (0.0372) (0.0273)
RDG 02414 08008 ~0.4501 08372 1.5531 2.1073 42763
(1.6719) (1.6713) (1.4017) (2.0902) (1.3698) (2.0905) (1.5344)
BNIG —0.0000 —0.0000 0.0000 00000 0.0000 0.0000 0.0000
(0.0000) (0.0000) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001)
OEG ~00173 ~0.0363 ~0.0732" 00032 ~0.0098 ~0.0261 ~0.0422
(0.0320) (0.0314) (0.0282) (0.0420) (0.0275) (0.0420) (0.0309)
ARD ~0.1893 -0.2208" ~02812" ~0.1574 ~0.2013 ~0.2806 ~0.5356""
(0.1295) (0.1289) (0.1498) (0.2239) (0.1464) (0:2284) (0.1639)
SIZE ~0.3954 ~05108 0.8867 ~0.1843 —15762 —2.1118 ~3.9646""
(1.6899) (1.6614) (0.9952) (1.4839) (0.9725) (1.4841) (1.0894)
Constant 29779 ~0.1821 —32.7614" —13.2031 14.9431 29.9414 57.2015""
(28.4147) (27.9549) (16.0164) (23.8828) (15.6518) (23.8859) (17.5326)
Sample size 65 65 65 3 65 65 65
Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes
R-squared Pseudo R? 0.4908 05225 05624 0.4664 0.3848 03702 0.4340

SEs are shown in parentheses.
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Portfolio

Ew 0.0149 -0.0126™ —0.0253 0.0161 —0.0092 —0.0249 —0.0053 0.1726™" —0.0812"
—0.0043 -0.0125 -0.2749 -0.1161 -0.1756 —0.2064 -0.1327 —-0.0002 0

TOP 0.0221* —0.0289 —0.0267* —0.0205 —0.0049 —0.0321 —0.0073 0.1508* —0.0635"*
—0.0637 —0.1641 -0.0148 —0.2437 -0.3873 —0.1647 -0.2079 -0.0176 0

BOTTOM 0.0716** -0.0078 -0.0211 —0.0055 -0.0014** -0.011 —0.0038*** 0.2197** —0.1005"**
-0.0032 -0.213 —0.2394 -0.3237 -0.0087 -0.3572 -0.0025 —-0.0007 —0.0002

This table presents the results of the linear regression based on all DRNs, which cover the three portfolio categories (EW, TOR, and BOTTOM) of insurance stocks. This table uses the
daily return data for the period from February 1, 2003 to December 31, 2020, involving 6,544 statistical values. The p-values are shown in parentheses. “represents significance at the
10% level. “*represents significance at the 5% level. ***represents significance at the 1% level.
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Q(90/10)

FF

FF2

REVG

BNIG

OEG

ARD

SIZE

F-statistics
Significance
F-statistics
Significance
F-statistics
Significance
F-statistics
Significance
F-statistics
Significance
F-statistics
Significance
F-statistics
Significance
F-statistics

Significance

Q90/10) = 90th quantine(y)~10th quantinely).

<0.1.

4.57
0.0348"
4.63
0.0338"
0.13
0.7169
0.43
05125
0.28
0.5963
0.63
0.4310
0.00
0.9624
2.99
0.0865"
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EW TOP BOTTOM

Mean —0.012784 —0.015301 —0.008815
Median 0.000201 0.000000 0.000234

Maximum 0.117143 0.124050 0.182057

Minimum —0.684513 —1.000000 —0.673271
Std. Dev. 0.088149 0.109782 0.064571

Skewness —6.000809 —6.742884 —5.613968
Kurtosis 39.69130 51.20875 39.16907

Jarque-Bera 238262.6 402622.5 230439.1

Probability 0.000000 0.000000 0.000000

Sum —49.20653 -59.00120 —33.99225
Sum Sq. Dev. 29.95431 46.46064 16.07311

Observations 3,856 3,856 3,856

Data source: Eviews statistics.
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Variables

FF
FF2

REVG

RDG

BNIG

OEG

ARD

SIZE
Constant
Sample size

Quarter Fixed Effect
R-squared/ Pseudo R?
SEs are shown in parentheses.

“p < 0.05,
‘0 < 0.01.

oLs

71832
(2.5035)
~0.0550""
(0.0200)
03115
(0.1458)
—3.5975™
(1.6081)
~0.0001
(0.0001)
00902
(0.0360)
~0.0564
(0.0503)
32,8389
(12.2472)
6846803
(249.9651)
119
Yes
04328

Lower quantiles

10th quantile

11.8027*
(4.2314)
-0.0881"
(0.0897)
-0.0222
(0.6538)
06719
(8:3158)
~0.0005
(0.0008)
0.1240
(0.2285)
00131
(0.2668)
18.5571
(30.6959)
—673.9087
(475.3999)
119
Yes
02922

26th quantile

09535
(1.8671)
~0,0070
0.0175)

00319
(0.2885)
~0.1139
(3.6693)

0.0000
(0.0003)

00071
(0.0086)
~0.0029
©0.1177)

3.0050
(13.5443)

~789195

(209.7664)

119
Yes
0.1076

Median

50th quantile

05308
(0.0991)
—0.0087"**
(0.0009)
0.0349"
(0.0153)
~0.0574
(0.1947)
0.0000
(0.0000)
0.0017
(0.0052)
~0.0094
(0.0062)
1.0282
(0.7188)
~35.7002"
(11.1316)
19
Yes
0.0004

Upper quantiles

75th quantile

03306
(0.1045)

—0.0024™
(0.0010)
00377+
(0.0162)
~0.0056
(0.2055)
0.0000
(0.0000)
~0.0033
(0.0055)
~0.0080
(0.0066)
~0.2665
(0.7584)
~6.6004
(11.7454)

119
Yes
00792

90th quantile

0.4166"
(0.1657)
-0.0034
(0.0016)
0.0678"*
(0.0256)
~0.0795
(0.3257)
0.0000
(0.0000)
~0.0094
(0.0083)
~0.0109
(0.0104)
-0.8683
(1.2022)
5.1965
(18.6185)
19
Yes
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Stock code

2818.HK
601318.8H
1299.HK
2628.HK
601628.SH
2601.HK
1339.HK

601601.SH
601319.8H

2328.HK

1836.HK
601336.SH
0966.HK
1508.HK
6060.HK
000627.87
600291.5H

Stock short name

Ping An of China
Ping An of China

AA

China Life

China Life

China Taipa Insurance
People’s Insurance
Group of China

China Tai Bao

China

Renminbi Insurance
China Property and
Casualty Insurance
Xinhua Insurance
Xinhua Insurance
China Taiping

China Reinsurance
Zhong An Online:
Tianmao Group
Westwater

Data source: Wind database.

Total market capitalization 1
[Trade date] 12-31-2018
[unit] $

1,208,677,298,336.6100
1,058,955,428,801.6600
785,009,145,765.0000
608,404,325,690.6040
533,083,870,082.4000
274,337,969,357.4530
245,449,210,275.6900

240,374,928,751.0000
215,062,598,043.5600

178,164,550,077.0300

132,695,958,455.0250
116,268,194,417.2930
77,271,398,567.0000
67,967,692,936.0000
36,818,813,145.0000
27,716,929,615.6500
11,247,632,449.6200
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(1) FF

@) REVG
) RDG
(4) BNIG
(5)OEG
(6) ARD
(7)SIZE
VIF
p<01.

“p < 0.05.
‘p < 0.01.

U]

1
0.204*
0.463**
0.162*
-0.019
-0.109
—0.115

@ ® @ ®)
1

0.049 Bk
0.122  0.039 1
-0029 -0.015 0.050 1
0.122 -0.088 0.011 0.080
-0078 0.315** -0.082 -0.199"

1.08 156 1.04 1.06

©

1
-0.231*
111

@

1
1.37
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Variables ROE x2

Before-COVID During-COVID

FF -0.5099 7.1832" 9.66"
(0.7415) (2.5035)

FF2 0.0039 ~0.0550"* 891
(0.0056) (0.0200)

REVG ~0.0051 03115 478"
(00119 (0.1458)

RDG 0.1598 -3.5075" 6.82
(0.3693) (1.6081)

BNIG 0.0041* ~0.0001 9.5
(0.0017) (0.0001)

OEG —00384"* 00802 12,32
©0112) (0.0360)

ARD 0.0011 —0.0564 115
(0.0186) (0.0503)

SizE -05351 328380 813"
(2.4878) (12.2472)

Constant 218171 —684.6893" 908
(65.6969)  (249.9651)

Sample size 120 19

Quarter fixed effect  Yes Yes

R-squared 0.2305 0.4328

Breusch-Pagan test of independence: x? (18) = 337.38, p-value =(

.0000<0.01

Standerd errors (SEs) are shown in parentheses.
“p < 0.05.
0 < 0.01
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Variables

ROE

FF

Before COVID-19 period: Q3 2018~Q4 2019

Mean
St. deviation
Min

Max

10th percentile
25th percentie
50th percentie
75th percentile
90th percentie
Skewness
Kurtosis

Sample sizes

0.966
18.374
—-63.83
173.46
-5.22
—1.255
057
1.905
6.05
6.538
67.494
120

Jarque-Bera test = 842
During COVID-19 period: Q1 2020~Q2 2021

Mean
St. deviation
Min

Max

10th percentile
25th percentile
50th percentie
75th percentile
90th percentie
Skewness
Kurtosis
Sample sizes

—17.662
90.378
—714.92
24.69
-14.02
—5.46
-0.63
0.84
4.45
-6.198
42315
119

Jarque-Bera test = 83,000

54.804
27.488
2.825
99.38
16.477
32.085
53.996
81.414
91.936
-0.062
1.819
120

53.203
29.308
2029
103.369
14.453
26.675
53.747
83.1
91.654
0.039
1.599
19

REVG

4225
78.863
—285.66
697.83
—40.135
-8.37
1.455
7.655
35.635
5.468
53.043
120

—13.043
45.374
—136.15
179.92
-61.7
-433
-17.23
8.28
4413
1.07
6.167
119

RDG

2015
3.704
0.149
20.761
0.285
0.437
0.838
1.645
4.136
3.524
15.467
120

2.041
3.824
0.046
21.159
0.245
0.427
0.871
1.624
4.947
3.479
15.029
119

BNIG

—43.993
876.811
—8196.67
3508.42
-182.375
—-38.95
5.905
709
2141
-6.318
66.294
120

—2,513.264
32,438.193
—284984
1,02,000
—1,440.41
—142.03
—20.51
82.77
253.28
-6.076
55.07
19

OEG

19.308
196.421
~76.16
2112.92
—21.265
712
0.825
6.635
19.47
10.263
100.443
120

10.69
119.124
—88.67
1,073.57
-30.06
—15.41

-3.19

284

10.61

74
61.435
119

ARD

24.309
54.569
0.02
429.44
4.425
7.845
11.31
15.145
2357
5.085
31.702
120

34.659
100.608

856.13
1.01
6.52

1051
17.45
63.96

5.96
43.391

19

SIZE

15.072
0918
13.192
16.59
13.884
14.248
14.995
15.963
16.201
-0.086
1.965
120

15.085
0.955
13.279
16.578
13.816
14.196
15.143
16.059
16.323
-0.054
1.793
119
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* *indicates statistical significance at the 10%, 5%, and 1% level.
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)
WHO

—19.7"
89

355.7*
@11.7)
725.3"
(425.5)

~500.1
(855.6)
2103
(294.1)
103.2
(235.6)
-0.0
©0)
587.3
(6102)
—202.3
(476.6)
80,833

WHO

-16.3"
©.1)
348.1°
(2109
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(425.4)
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855.3)
2088
(293.5)
69.0
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-0.0
©00)
567.6
©11.7)
—324.7
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@
WHO

2752
(173.1)
6813
(“165)
-531.7*
(800.7)

-582.3
(©795)
2476
8102)
635
(197.3)
-0.0
©.0)
5376
(620.0)
156.5
(462.8)
80,833

@
WHO

218,14
(82.5)
658.5"
(844.3)

—506.1
(287.7)

5858
(©78.4)
192.4
(288.2)
80.0
(208.5)
-00
0.0)
5234
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©)
WHO
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120.0
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©0)
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(623.6)
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©)
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** *indicates statistical significance at the 10%, 5%, and 1% level.
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GRI

CHI
WHO
Sehool
Move
Vaccine
Testing
Information
Elder
Invest

Ask
Tracking
Support
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Trans it
Grocery
Parks
Workplace
Resident

Government response index

Containment health index
Daily new cases

School closures

Restriot internal movement of people

Availabiity of vaccines

Availabiity of detection

Public information

Gare policy for the elderly population

New investment in vaccines

Requirements for wearing masks

Epidemiological investigation

The level of government cash subsidies for the unemployed
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Traffic system

Grocery stores and pharmacies
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Workplace

Place of residence

Mean
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2100
1.800
1.400
504,965
2.500
1.400
0.600
-15.30
-20.20
6.900
9.600
-19.30
6.800

Sd
15.40

15.80
9,907
1.100
0.900
-4
0.800
0.500
1.100
4.500e+07
1.200
0.700
0.500
28.40
29.40
32.40
55.80
20
9.200

@

7.900e+09
4
2
1
156
135
228
670
106
55





OPS/images/fpubh-09-778671/math_6.gif
In GDPj

@ + folnDEj¢ + p1 In COVi¢ + B In SIZE;
+ BsInCITYy + faIn FDI; + fsIn ADVie
w4,

(1)





OPS/images/fpubh-10-882872/crossmark.jpg
©

2

i

|





OPS/images/fpubh-09-778671/math_5.gif
®)





OPS/images/fpubh-10-884324/math_1.gif
Closing price;, — Closing price,
Return,, = « g price,, g price,
. Closing price,





OPS/images/fpubh-09-778671/math_4.gif
k) paijIn(py),
n

@





OPS/images/fpubh-10-884324/fpubh-10-884324-t003.jpg
Null Hypothesis:

‘SEARCH does not Granger Cause RETURN
RETURN does not Granger Cause SEARCH
UNGERTAINTY does not Granger Cause RETURN
RETURN does not Granger Cause UNCERTAINTY
UNGERTAINTY does not Granger Cause SEARCH
SEARCH does not Granger Cause UNCERTAINTY

Obs

242
3.42235
242
0.27909
242
1.38308

F-Statistic

0.47462
0.0656
2.97032
0.5078
0.33030
0.2391

Prob.

0.4915

0.0861

0.5660
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ADF statistic The cutoff value at the 1% significance level Schwarz Criterion Stationarity

RETURN —16.02335 —2.574513 5.636233 Stationary
ARETURN —11.67494 —2.574756 5.739063 Stationary
SEARCH —3.086717 —3.996271 —0.627749 Non-stationary
ASEARCH —-14.91810 —2.574553 —0.629616 Stationary
Uncertainty —3.442558 —3.457173 1.125236 Non-stationary

AUncertainty —16.27744 —2.574563 1.142875 Stationary
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Return
Search
Uncertainty

Mean

0.265005
10.14416
16.49937

Maximum

12.42287
11.43895
20.02864

Minimum

—19.9956
9.220291
14.31843

Std. dev.

3.808179
0.436147
0.983669

Observations

244
244
244
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No.  Global
infectious disease

Peumonic Plague
SARS

Avian Flu

Influenza A (H1N1)
MERS

ok ON =

4

Ebola

7 Zika Virus

8 Cholera
9 Measles/Rubeola
10 Ebola

Data source: Guotai Junan Securities Research, CEIC, and WHO.

Outbreak country

India

China

China

The United States
Saudi Arabia
Korea

Guinea, West Africa
and other countries

Brazil
Tanzania
Brazil
DRC

Outbreak time

August, 1994
February, 2003
February, 2006
April, 2009
June, 2012
June, 2015
March, 2014

May, 2015
August, 2015
February, 2018
August, 2018
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Conditions
1a
Virtual currency
Cash benefit ®
Social identity
Community reputation ®
Skill training .
Communication *
Consistency 0.9481
Raw coverage 0365
Unique coverage 0.0381

Overall solution consistence

Overall solution coverage

1b

® ® @

0.9337
0.3178
0.0027

0.9481
0.6485
0.0204

Configurations

2b

0.9388
0.6197
0.0158
0.8839
0.8240

3a

0.9405
0.6386
0.0081

3b

0.8922
0.4249
0.0136

3c

0.9422
0.6450
0.0433

Black circles (s) indicate the presence of a condition, and circles with x (®) indicate its absence. Circles with * mean core condition and circles without * mean peripheral condition. Black

spaces mean “does not care” condition.
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Conditions

Virtual currency *
Cash benefit *
Social identity ®
Community reputation

Skill training ®
Communication

Consistency 0.8680
Raw coverage 0.2986
Unique coverage 0.0049

Overall solution consistence

Overall solution coverage

®

*
*
09741
0.3075
0.0171

® ® % ®

®
0.9013
0.2633
0.0063

*
®
®
0.8804
0.2534
0.0056

Cont

*

®

figurations

0.9336 09726
0.2636 0.6459

0.0151

0.0366
0.8856
0.7592

3b

0.9638
0.5216
0.0120

0.9606
0.5386
0.0157

4b

0.9597
0.6342
0.0096

0.9441
0.5447
0.0044

Black circles (s) indicate the presence of a condition, and circles with x (®) indicate its absence. Circles with * mean core condition and circles without * mean peripheral condition. Black

spaces mean “does not care” condition.
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Antecedent variables

Virtual currency
~ Virtual currency

Cash benefit

~ Cash benefit

Social identity

~ Social identity
Community reputation
~Community reputation
Skill training

~ Skill training
Communication

~ Communication

Consistency

0.745490
0.470520
0.683636
0.544405
0.759290
0.484870
0.7209119
0.502697
0.739199
0.508972
0.767343
0.468876

ICA

Coverage

0.856598
0.662452
0.845816
0.704910
0.909253
0.650405
0.885936
0.663667
0.944270
0.638021
0.936255
0.616153

Consistency

0.850306
0.485445
0.785189
0.562090
0.832887
0515245
0.813148
0527427
0.869527
0.489061
0.822423
0.535886

SCA

Coverage

0.801012
0.560332
0.796441
0.596687
0.817696
0.566632
0.810032
0.670781
0.869794
0.526893
0.861309
0.550735
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Conditions tested

Market-oriented Incentives

Social Incentives

Knowledge collaboration performance

Virtual currency

Cash benefit

Social identity
Community reputation
Skilltraining
Communication

ICA

SCA

Full member

6.6667
6.6667
6.6
6.75
7
6.75
65
65

Cross-over

5.3333
5.3333
56
6.75
6
575
5.8333
5.6667

Non-member

2.6667
1.6667
34
3
4
3.75
35
42
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Characteristics

Gender
Male

Female

Age

Under 20

20-30

30-40

40-50

Over 50

Use days per month
<5 days

5-10 days

10-15 days

15-20 days

More than 20 days

No. of responses

107

94

62

25

45
3

53

(%)

53.23%
46.77%

0.00%
22.39%
21.39%
29.85%
26.37%

Usage time

0.00%
22.39%
21.39%
29.85%
26.87%

Characteristics

Usage behavior
Browse knowledge

Search knowledge

Post a question

Upload fles (text, picture. etc.)
Personal creation

Answer the questions

Post or repost

Comment or like

<1 year
1-8 years.
3-5 years
5-7 years
More than 7 years

No. of responses

175
163
111
47
38
101
96
148

43
91
47
17

(%)

87.06%
81.09%
56.22%
23.38%
18.91%
50.25%
47.76%
73.63%

1.49%
21.39%
45.27%
23.38%

8.46%
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Title

Organization
readiness

Technology
challenges

Environmental
threats

Future research directions

* What are the key success factors affecting the Al transformation strategy of SMEs?

« Toimplement and use Al on alarge scale in response to the pandemic, what special skills, resources and knowiedge do SMES need to realize

the transformation strategy of AI?

What challenges may SMES face in participating in Al transformation in response to the pandemmic?

How to change the operation mode to increase the scale, scope and learning opportunities of Al n the organization?

How to select Al automation tasks? How automated is each task?

How can human inteligence provide support in the case of automation errors in A1?

How to keep the infrastructure refated to Al technology of SMESs always available? What are the appropriate systems and support personnel

needed?

How can supply chain finance help SMES se the potential of Al technology to obtain financial services?

« How can digital payment help SMES integrate into digital transformation?

* Understand whether SMEs should adopt Al strategies adopted by large organizations or formulate new Al strategies? How to develop and
apply simple processes, systems, and technologies for SMEs?

« How to use the data from machines in different SMES to enable operators and managers to investigate accidents and make fact-based
decisions?

* How to ensure better quality control and production monitoring by implementing powerful machine learning methods such as machine vision,
or at least as auxiliary tools?

* To expand the ability of SMEs in monitoring machinery and scheduling processes, what optimization algorithms are there to enable them to
quicly produce cheaper monitoring results?

* What are the specific methods of applying Al to normative analysis in small and medium-sized manufacturing organizations?

« Focusing on specific scenarios, this paper discusses what human capabiliies can be enhanced by Al from the perspective of building
cost-effective Al solutions?

* What types, scope and strength of support can the government and relevant industry organizations provide?

* What specific policies, regulations, ethical guidance, and legal frameworks need to be formulated and implemented by government regulators
to promote the intelligence of SMEs?

* What are the criteria for the appropriateness of the policies, regulations, ethical guidance, and legal framework developed and implemented
by government regulators?

* What are the cultural and socio-economic challenges to the Al technology acceptance behavior of SMEs?
« How does Al technology change the working mode of SMEs?

* What are the effects of Al technology changing the working mode of SMEs on users and data privacy?

* What specific policies need to be formulated by SMES in collecting, sharing, and analyzing data?

« How to meet the needs of Al application by collecting the absolute minimum data with the consent of the subjects?
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Variables

DID x Infprice)
DID x Infvolume)

DID x continuitycounts
DID x continityprop
Controls
Province-fixed effects
Year-fixed effects

Constant

Observations

R

U]

-0.038"
(-5.92)

Yes
Yes
Yes
—3411
(-4.75)
450
0.128

Infemission)

@

-0.022"
(-6.13)

Yes
Yes
Yes
—2.780"
(-3.86)
450
0.137

®

~0.001%*
(~4.46)

Yes
Yes
Yes
—2.676""
(-3.74)
450
0.136

“@

—0.167"
(-5.49)
Yes
Yes
Yes
~3.061"
(~4.29)
450
0.132

values in parentheses.
*p < 0.01






OPS/images/fpubh-10-848211/fpubh-10-848211-t007.jpg
Variables Infemission)

(U] @
Pilot x post ~0.108" —0.123"
(-1.74) (-2.14)
Piot x yearbefore™ -0.083 —0.104
(-1.30) (=177
Pilot x yearbefore™ -0.065 —0.064
(-1.22) (-1.27)
Pilot x yearbefore=3 —-0.047 —0.043
(-0.90) (-0.86)
Pilot x yearbefore™ -0.045 -0.047
(-1.00) (-1.07)
Pilot x yearbefore™ -0.040 -0.087
(-0.94) (-0.88)
Pilot x yearbefore™® -0.036
(-1.42)
Pilot x yearbefore™ -0.052 ~0.044
(~1.48) (-1.32)
Piot x yearbefore™® -0.081 —0.076
(-1.95) (=199
Pilot x yearbefore™ -0.076 -0.072
(-1.80) (-181)
Pilot x yearbefore™'® -0.073 —0.057
(~1.38) (-1.09)
Pilot x yearbefore™"! 0.007 0012
©.11) (0.20)
Controls AR Yes?
Province-fixed effects Yes Yes
Year-fixed effects Yes Yes
Constant 4.784" 2988
(1.88) (16.60)
Observations. 88 88
R? 0582 0.490

t-values in parentheses.
*p < 0.01,p < 0.05,"p < 0.1
abpefer to Table 6.
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Variables

Pilot x post

Controls
Province-fixed effects
Year-fixed effects
Constant

Observations
R?

Effects on emissions®

t-values in parentheses.

DID
) @
~0.139 ~0.134"
(-687) (-6.69)
Al Yes®
Yes Yes
Yes Yes
~3.380 —3.687"
(~4.66) (-5.10)
450 450
0.129 0.125
~12.985 ~12.508

*'p < 0.01, “p < 0.05,p < 0.1
abAl the control variables incluced and only statistically significant ones included, respectively.
°Effects on the absolute magnitude of CO emissions.

@

—0.041*
(-1.62)
AlR

Yes
4809
@21
8
0598
~4.009

In(emission)

@

-0.042*
(-1.74)
Yes®
Yes
Yes
3349
(18.64)
88
0.451
-4.078

PSM-DID (k-NNM within radius of 0.56,s)

®)

-0.073
(-3.44)
AR
Yes
Yes
5960
@.15)
AR
0559
~6.995

k=4

©

—0.078"
(-3.76)
Yes®
Yes
Yes
3549
(16.11)
m
0.495
~7.466

(U]

~0.091"*
(~4.64)
Al
Yes
Yes
7378
(@.15)
124
0375
—8.727

®

-0.090"
(-4.56)
Yes®
Yes
Yes
8686
(6.36)
124
0221
-8.567
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Area

Organization readiness

Technology challenges

Environmental threats

Challenges

(1) Manpower: enterprise leaders (managers) lack the knowledge and
transformation consciousness of applying Al; Enterprises lack experts in the
field of Al; Employees lack the abilty of Al

(2) Financial resources: digital paradox or digital trap - enterprises face
economic challenges of high income, high input cost and low actual return.
(3) Material resources: poor infrastructure support and data acquisition
abilty of enterprises.

(1) Complexity: practicabilty, ease of use and application cost.

(2) Compatibilty: data quantity and qualit, transparency, data standard and
data structure.

(1) Cooperation of employees, customers, and other stakeholders: form a
good data use ecosystem.

(2) Ethics and trust risk: moral problems, trust problems; Legal issues; User
privacy issues, etc.

References

(6. 12,32, 42-46)

(8,37, 48, 45, 47, 48)

(11,27, 42, 49)

(1,27, 47,50
(11,30, 45)

(9, 10, 36-38, 51)

(11,33, 41, 43)
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Variables Sample  Treatment Control Difference p-Value of

t-Test

Infemission)  Unmatched ~ 5259 5482  —-0.223 0.001
Matched 5350 5442  —0092 0577

I(realGDPpe)  Unmatched 1479 0803 0676 0.000
Matched 1031 0946 0085 0395

Infoopden) Unmatched 6577 5001 1486 0.000
Matched 6050 5903 0146 0.185

indshare Unmatched 41178 43605  -2.523 0.020
Matched 46083 47.751  —1.668 0.268

coalshare Unmatched  60.578 105.473 —44.895 0.000
Matched 74456 79367  —4910 0.168

ecintensity Unmatched  0.772 1.511 -0.739 0.000
Matched 0969 0960 0009 0.897

ubanshare  Unmatched 69.471 49.432 20088 0.000
Matched 58279 52680 5600 0010

eximshare Unmatched 73.687  18.611 55.076 0.000
Matched ~ 57.077 38544 18534 0,059

rdshare Unmatched 1337 0808 0529 0.000
Matched 1014 10389  -0026 0.801

indpoinvestshare Unmatched ~ 0108 0176 —0.068 0,000
Matched 0.8 0111 0027 0235

Matched sample size: N = 88, with 43 and 45 observations in treatment and
control, respectively.
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Pilot Coefficient t-Value

InrealGDPpc) ~8.432 -855
Infoopden) 2529 394
indshare 0211 558
coalshare -0087" -5.64
ecintensity —1.791" -2.70
urbanshare 0240 529
eximshare —-0.039"* —4.24
reishare —1.230" —235
indpoinvestshare 2903 1.82
Constant —28.737"" -5.07
Observations 450

Pseudo A2 0675

*p < 0.01, **p < 0.05, *p < 0.1.
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Variables

Infemission)
In(realGDPpc)
In(popden)
indshare
coalshare
ecintensity
urbanshare
eximshare
rdshare

Pilot (V = 105)

Mean P50 SD CV

5259 5183 0537 0.102
1.479 1557 0531 0359
6.577 6.421 0.850 0.129
41.173 44.934 10.173 0.247
60.578 61.722 19.104 0.315
0.772 0.732 0.326 0.421
69.471 64.243 15.195 0.219
73.687 71.803 49.951 0.678
1337 1262 0591 0442

indpoinvestshare 0.108 0.076 0.103 0.955

Non-pilot (N = 345)

Mean P50 SD CV

5482 5552 0824 0.150
0.803 0847 0512 0.637
5.001 5344 1.176 0.231
43.695 43.865 7.445 0.170
105.473 99.759 39.612 0.376
1611 1284 0.816 0.540
49.432 49.734 9.470 0.192
18.611 12.504 16.991 0.913
0.808 0.687 0.498 0.616
0.176 0.143 0.151 0.858





OPS/images/fpubh-10-885067/crossmark.jpg
©

2

i

|





OPS/images/fpubh-10-848211/fpubh-10-848211-t002.jpg
Period

20190101-20190131
20200101-20200131
20190201-20190831
20200201-20200831
20190901-20190930
20200801-20200930
20191001-20191231
20201001-20201231

Trend

Downward
Downward
Upward
Upward
Downward
Downward
Upward
Upward

s

78
101

46
46

s*

15
15
28

14
15

K-value

o o

coo =~

p-value

3.05e-05
3.05e-05
6.26e-07
1.31e-24
4.88e-04
3.05e-05
1.42e-14
1.42e-14
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Period

20190101-20190131
20200101-20200131
20190201-20190831
20200201-20200831
20190901-20190930
20200801-20200930
20191001-20191231
20201001-20201231

Mean

29802.335
28694.036
27882.246
27443.480
28358.785
29446.249
30172.647
31927.276

P50

30701.864
31301.914
27841.723
28378.704
28196.294
28630.508
29718.501
31814.731

sD

2483.063
4210.001
1870.095
3225.738
1406.607
1687.701
2719.407
2885.190
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Variables All countries All countries High-income High-income Middle and low income  Middle and low income

LnGDPC, 0286 (0.005) 0264 (0.006)  0.462°*(0.010)  0.459"* (0.011) 0266 (0.006) 0.228"* (0.007)
POP; 0035 (0016)  0033"(0016) 0013 (0.006)  0.013" (0.006) 0,043 (0.018) 0.037* (0017)
FERT, - ~0.025"* (0.007) - ~0.023** (0.008) - ~0.052"** (0.008)
WP ~0.024"(0012)  -0025"(0011)  —0.073"*(0.028) ~ —0.074"" (0.028) —0.030" (0.010) ~0.031"** (0.010)
Constant term ~0.940"* (0.059)  -0.609** (0.089)  —-2.975"* (0.134)  —2.892"* (0.138) —0.856"" (0.064) -0.238" (0.105)
Obsenvations 2928 2,808 1,016 982 1,012 1,824
Number of countries 122 122 42 a2 80 80
Adjusted R-squared 0553 0562 0.748 0.757 0538 0557

The dependent variable is the index for human capital investments (HC}). The standard errors are in (. * and ** represent the 1 and 5% significance levels, respectively. Source: The
authors’ estimations. ***p < 0.01,"p < 0.05,"p < 0.10.
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Concept Levels First Differences Decision

Variable Intercept Intercept and Intercept Intercept and
trend trend

Hel 8347 (0.000) —4.024 ~21.57 (0.000] ~13.38 10)
[0.000] [0.000]

LnGDPC ~56.5530.000] ~3.001 ~13.23(0.000] ~9.524 10)
[0.001) 0.000)

POP —21.27 (0.000) —2063 ~19.32 (0.000] —14.34 10)
0.000] 0.000)

FERT ~17.10{0.000) —18.67 ~14.620.000] —9.801 10)
0.000] 0.000]

WPl —7.393 [0.000) —4.506 —26.26 [0.000] —20.78 10)
[0.000] 0.000)

Probability values are in the brackets. Source: The authors’ estimations.
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Variable

Hel
LnGDPC
POP
FERT
WPI

Source: The authors’ estimations.

Hcl

1.000
0.523
0.048
—-0.805
-0.097

LnGDPC

1.000
0.728
-0.568
—-0.069

POP

1.000
-0.051
0.009

FERT

1.000
0.061

WPI

1.000
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Variable

Mean

Maximum
Minimum
Standard deviation
Observation

Source: The authors’ estimations.

Hel

2.448
4.351
1.083
0.716
2,928

LnGDPC

11.66
16.85
6.266
1.840
3216

POP

2649
7.268
—0.648
1.373
3216

FERT

3.105
7.716
0977
1.666
3,174

WPI

2978
438.9
0.000
17.50
3312
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Variable

Intercept (o)
COVID-19 (By)
In DFD (B2)

In POP (B)
FAI(Ba)

GDP (5)

INF (Be)
Log-likelihood
AIC

BC

Normal panel data model

-1.7617
—0.1046
0.2669
0.1046
-00114
-0.0128
0.0350
34.2
—54.4
-30.5

‘Skew-normal panel data model

-1.9378
—0.0970
0.3047
0.0939
—0.0096
—-0.0100
0.0424
8.1
-102.2
-783
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Type Variable Description Abbreviation

Dependent variable Regional digital financial risk level Digital financial risk index DFR

Independent variable Impact of COVID-19 Whether after the outoreak of COVID-19 covip-19
Digital finance development level Logarithm of the digital financial inclusion index InDFD
Population size Logarithm of the population InPOP
Fixed asset investment level Growth rate of fixed asset investment Al
National economic development level Growth rate of GDP GoP
Inflation level Consumer price index-100 INF

Data are from the Peking University digital financial inclusion index (2011-2020) report, national bureau of statistics, local bureau of statistics, and provincial national economic reports
from 2013 to 2020.
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2013 2014 2015 2016 2017 2018 2019 2020
Beijing 0.3561 0.3529 0.3382 0.6562 05623 0.7485 0.9286 0.6492
Shanghai 0.4261 0.3356 0.3810 0.5209 0.3374 0.4504 0.5440 0.4476
Zhejiang 0.4279 0.3444 0.4283 0.4362 05658 0.6283 0.6249 0.5948
Jiangsu 0.4119 0.3687 0.4594 0.5451 05943 0.5860 0.7714 0.6888
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Quantitative model Price-based model

Parameter (a1 (do)z (da) (do)2
Acceptable rate 856 413 819 46.2
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Second-level indicator weight Beijing Shanghai Zhejiang Jiangsu

@ P a P @ ] @ P
[ 0.1884 0.1391 0.1350 01054 0.1888 01202 0.1381 0.1058
" 00868 00868 0.0765 00561 00862 00817 00826 00579
Iy 00871 0.1278 0.0888 04771 00852 0.1155 00616 0.1464
e 00996 0.1029 0.0991 00918 0.1251 0.1069 00847 00843
lzs 0.0967 0.0781 0.0762 00620 0.0008 00702 00775 0.0621
Ist 00559 00671 0.0801 00719 00645 00869 00469 00546
[ 00459 0.0452 0.0870 00363 0.0965 00607 00836 0.0557
las. 0.0624 0.0955 0.2381 0.1669 0.1203 0.1230 0.1069 0.1110
les 0.1166 0.1158 0.0724 00817 00519 00716 0.1276 0.1076
le2 00615 0.0624 0.0304 00893 0.0879 00455 0.0499 0.0499
lea 00474 0.0994 0.0341 00755 0.0658 0.1086 0.0908 0.1222

ls1 0.1018 0.0720 0.0321 0.0362 0.0369 0.0402 0.0448 0.0425
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Variable

sbi
sb2
sat
sa2
shi
sh2

Average value

0.0228
0.0228
1.4381
0.0455
0.2698
0.4698

‘Standard deviation

0.0027
0.0026
11.0802
0.0391
0.1033
0.3597

95% confidence interval

0.01883, 0.0288)
0.0183, 0.0287)
0.0238, 14.3306)
[0.0291, 0.0814)
01201, 0.5216)
0.0758, 1.4044)

Geweke

0.991
0.709
0.191
0.036
0.648
0.785

Inef

13.20
4.00
58.91
41.05
44.67
254.27
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Criteria layer

Iy

Weight

0.1046

0.4142

0.1841

0.2625

0.0346

Suberiteria layer

I11
Iz
l2y
l22
l2s
la1
ls2
las
las
laz
lag
ls1

Weight

0.6667
0.3333
0.7226
0.1741
0.1033
0.2973
0.1638
0.5389
02973
0.1638
0.6389
0.0346

pi

0.0697
0.0349
0.2993
0.0721
0.0428
0.0547
0.0302
0.0092
0.0780
0.0430
0.1415
0.0346
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Variable Average value ‘Standard deviation 95% confidence interval Geweke Inef

sb1 0.0230 0.0029 [0.0183, 0.0296] 0.128 333
sb2 0.0228 0.0026 [0.0183, 0.0285) 0.351 3.00
sal 5.8412 82.5035 [0.0250, 32.4765] 0.056 11.50
sa2 0.0489 0.0855 [0.0291, 0.0926] 0.648 33.30
shi 0.2618 0.0988 [0.1123, 0.4918] 0.249 32.53

sh2 0.7193 1.0014 [0.0949, 4.6281] 0.015 192.96
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Variable

EPU
DEPU)
QcPl
D(QCP)
Y

M2
D(M2)

DR)

Student’s t-test

-3.203
—13.789
—-1.827
-5.370
-9.927
—1.449
-8.392
—2.404
—6.202

Critical value at 1%
significance

—3.552
-3.562
—3.553
—3.563
3553
—3.662
-8.562
—3.662
—3.562

Critical value at 5%
significance

—2914
—2.920
-2.915
-2.920
—-2915
-2914
-2.920
-2914
—2.920

Critical value at 10%
significance

—2.502
—2.595
-2.592
—2.595
—2.502
—2.592
—2.595
—2.592
—2.595

P-value

00198
0.0000
0.3671
0.0000
0.0000
0.5585
0.0000
0.1406
0.0000

Conclusion

Non-stationary
Stationary
Non-stationary
Stationary
Stationary
Non-stationary
Stationary
Non-stationary
Stationary
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Scale Implication

1 Indicator i is as important as indicator j

3 Indicator s slightly more important than indicator

5 Indicator  is more important than indicator j

7 Indicator s significantly more important than indicator

9 Indicator  is absolutely more important than the indicator /
2,4,6,8 Intermediiate scale values between the adjacent scales above

Reciprocal If the scale value a; = n, then the scale value a; = 1/n





OPS/images/fpubh-10-872561/inline_4.gif
Eid





OPS/images/fpubh-09-771364/fpubh-09-771364-g015.gif





OPS/images/fpubh-10-822097/fpubh-10-822097-t001.jpg
First-level indicator Second-level indicator

Operation risk Iy Number of websites tampered with I1;
Number of websites implanted with backdoor I
Credit risk |2 Times interest earned (TIE) of cash flow of digital

finance enterprises oy
Number of troubled enterprises in the current year
22

Cumulative number of troubled enterprises in the
current year I

Market risk I; Annualized yield of digital finance enterprises ls;
Growth rate of online retail sales 2
Price-earnings ratio of digital finance enterprises Iz

Liquidity risk I Turnover ratio of account payable of digital finance
enterprises la

Net assets year-on-year growth of digital finance:
enterprises iz
Acid test ratio of digital finance enterprises lus
Policy risk Is Number of policies and regulations on digital
financial issued by government departments Isy

"Operation risk. The network security risk may arise for the improper operations of digital
finance enterprises or customers, which increases the probabilty of network vuherabiities
and makes network viruses easier to penetrate. Therefore, this article measures the
operation risk of digital finance by the number of websites that are tampered with and
the number of websites that are implanted with backdoor

2Credit risk. For the lack of complete credit system, digital finance enterprises and
customers have the default risk because of the lack of interest repayment abilty and
other problems. Consequentl, this article employs the TIE of cash flow of digital finance
enterprises and the number of troubled enterprises to measure the crecit risk of digital
finance.

SMarketrisk. For the low entry threshold of e digitalfinancial merket and the uneven scale
and professional level of the digital financial market, this article uses the annualized yield
and price-eamings ratio of digital finance enterprises to measure the risk of the digital
financial merket. In addiion, because of the strong positive correlation between the e-
commerce merket and digitel finenciel market, the growth rate of online reteil sales s also
included in the index to measure market risk.

“Liquidity risk. As digital finance enterprises have not established a complete financial
security system, itis easy to encounter capitel tunover difficulties. So, this article takes
the accounts payable turnover rate, net assets year-on-year growth, and acid test ratio of
digitel finance enterprises as the indicators to measure the liquidity risk of digitel finance.
SPolicy risk. The digitel financial supenvision policy is not perfect at present, which causes
the absence of digital financial supervision easily. Therefore, this article selects the number
of regulatory policies o regulations on digital finance to measure its policy risk. The more
the number of policies and regulations, the more complete supervision framework of the
digital finance industry, which means the lower the risk of digital finance.
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log(t) Club1+2 Club2+3 Club3+4 Club4+5 Club5+6 Club6+7 Club7+G~8

Coefficient -1.008 —0.455 -3.51 —2.281 -1.903 -0.869 —4.079
T-statistic —156.422 —28.842 —6.796 —23.029 —21.697 —4.264 —24.955
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Group

Full Sample
Club 1: (9)
157151719253135

Club 2: (1)
46111218202123333437
Club 3: (2)

1314

Club 4: (2)

2227

Club 5: (2)

210

Club 6: (2)

2436

Club 7: (2)

829

Not convergent Group 8 (7)
301626283032

T-statistic

—12.228

10.486

-0213

-0.274

-1.266

-0.917

0.009

-0.13

—105.408

Coefficient

—2.487

0.672

—0.007

-0.615

—2.44

—0.437

0.249

-0.241

3977
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Variable Obs Mean Std. Dev. Min Max

Average Vaccination Rate 37 5263.59 939.704 3460.044 6915.485

The average vaccination rate is calculated as the mean value of the daily vaccination per milion of the population for each panel of OECD member countries.
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Country Average Country Average

vaccination vaccination

rates rates
Slovakia 3460.04 Germany 5390.57
Mexico 3583.24 Turkey 5394.63
Colombia 3707.15 Sweden 5681.46
Israel 3876.36 Netherlands 5733.83
Latvia 3912.06 Finland 5826.93
Poland 4038.47 Norway 5923.62
Estonia 4243.03 South Korea 5967.09
United States 4349.13 France 5963.31
Slovenia 4403.50 Belgium 5973.78
Czechia 458224 Italy 5980.93
United Kingdom 477722 Ireland 5996.18
Greece 4846.25 Japan 6115.22
Costa Rica 4964.65 Denmark 6209.51
Lithuania 4972.85 Spain 6201.72
Switzerland 4993.09 Canada 6366.72
Austria 5070.60 Portugal 6669.92
Luxembourg 5265.98 Iceland 6748.58
Australia 5308.68 Chile 6915.48
New Zealand 5368.95

The average vaccination rate is calculated as the mean value of the daily vaccination per
million of the population for each panel of OECD member countries.
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Country ID

Country

Australia
Austria
Belgum
Canada
Chile
Colombia
Costa Rica
Czechia
Denmark
Estonia
Finland
France
Germany
Greece
Iceland
Ireland
Israel

Italy

Japan

Country code

AUS
AUT
BEL
CAN
CHL
coL
CRI
CZE
DNK
EST
FIN
FRA
DEU
GRC
IsL
IRL
ISR
ITA
JPN

Country ID

20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37

Country

Latvia
Lithuania
Luxembourg
Mexico
Netherlands
New Zealand
Norway

Poland
Portugal
Slovakia
Slovenia

South Korea
Spain

Sweden
Switzerland
Turkey

United Kingdom
United States

Country code

WA

Ly

LUX
MEX
NLD
NZL
NOR
POL
PRT
SVK
SN
KOR
ESP
SWE
CHE
TUR
GBR
USA
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Dependent variable: innov, Full-sample

china_pdi ¢ —0.558"* [-6.97) -
china_pdi 11 - ~0.497" [-3.49)
profit - 0.825 (5.94) 0855 (5.22]
expo_int 11 0.006™ [2.16] 0006 [2.40]
fin_cons 1 ~0.057 [~1.39) ~0.072 [~0.95)
state_owner ¢_; 0357 [0.92) 0.345 [1.07)
mana_eff,_s 0582 (4.10] 0633 (4.29]
gov_subs _; 0,054 [3.95) 0,067 [3.61]
valuad_pro «_ 0.002 [1.36] 0.002 (1.47)
firm_age 1 0011[1.39] 0011(1.43)
Constant term Yes Yes
Lagged dependent variable Yes Yes
Industry fixed-effects Yes Yes
Province fixed-effects Yes Yes
AR(1) (0.00) (0.00)
AR(2) ©0.72) 0.68)
Sargan test (0387 (0:36)

The t-statistics are in brackets and the probabillty values in parentheses. **'p < 0.01 and
‘P < 0.05.
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Dependent variable: innov, Full-sample

china_pdi ¢ ~0.891"** [-6.69] -
china_pdi 11 - —0.735"" [-3.81]
profit, 0,854 (5.81) 0.882" (5.48)
expo_int ¢ 0005™ [2.13] 0.005" 2.35)
fin_cons ¢ ~0.026 [~0.67) ~0.035 [~1.26]
state_owner ¢ 0.398 [0.63] 0.369 [1.25]
mana_eff 0514 (3.91) 0582 (4.38)
gov_subs ; 0,071 [4.62) 0.078"* [4.85]
valuad_pro ¢ 0003 (0.65] 0008 [0.71)
firm_age . 0013[1.34) 0.014[1.46]
Constant term Yes Yes
Lagged dependent variable Yes Yes
Industry fixed-effects Yes Yes
Province fixed-effects Yes Yes
AR(1) (0.00) (0.00)
AR(2) (0.64) 062
Sargan test (0.43) 0.41)

The t-statistics are in brackets and the probabillty values in parentheses. **'p < 0.01 and
‘P < 0.05.
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Dependent variable: innov,

china_pdi ¢
china_pdi 1

profit -1
expo_int t—1
fin_cons -1
state_owner ,_;
mana_eff s
gov_subs
valuad_pro ¢_;
firm_age 11

Constant term
Indlustry fixed-effects
Province fixed-effects

Observation
R-squared
F-statistics

The t-statistics are in brackets.

Full-sample

~0.715"* [-2.78]

- ~0.604" [-2.68)
0.852"* [3.66] 0.802"** (3.45)
0.006"" [2.61] 0,005 [2.71]
—0.078 [~1.46] ~0.095 [~1.55]
0.3750.92) 0.363[1.09]
0774 (6.14] 0.799"* (5.95)
00447 [4.91] 0.053"** [5.04]
0,002 (1.17) 0,002 [1.11)
0014 [1.27) 0015[1.38]
Yes Yes
Yes Yes
Yes Yes
205,196 205,196
0.181 0.179
6245 616.7"

*p < 0.07 and **p < 0.05.
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Dependent variable: innov,

china_pdi ¢
china_pdi 1

profit,
expo_int ¢
fin_cons ¢
state_owner (
mana_eff
gov_subs ¢
valuad_pro
firm_age ¢

Constant term
Industry fixed-effects
Province fixed-effects

Observation
R-squared
F-statistics

The t-statistics are in brackets.

Full-sample
~0.690"" [-2.72] -

- ~0578" [-2.51)
0.818"* [3.84] 0.843"* [3.76]
0.006"* [2.58] 0005 [2.64]
—0.037 [~1.35) ~0.041 [—1.41)

0.367 [1.09] 0356 [1.02]
0755 (6.26] 0783 (6.52)
0,053 [5.01] 0058 (5.22)

0.002 (1.39] 0,002 [1.30]

0.011 [1.13] 0012 [1.25]

Yes Yes

Yes Yes

Yes Yes
239,542 205,196
0.192 0.195
634.2 651.2

*p < 0.07 and **p < 0.05.
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Indicator

innov
china_pdi
profitr
expo_int
fin_cons
state_owner
mana_eff
gov_subs
valuad_pro
firm_age

Mean

0.010
37.44
0.064
0.159
0174
0.451
0.704
0.050
5.546
11.14

Std. Dev.

0.076
99.68
0.161

0.396
0.394
0.164
0.826
0171

1.133
10.021

Min.

0.000
0.000
—82.41
0.000
0.000
0.000
0.000
0.000
0.000
0.000

0.969
4379
1204
42.31
13.19
1.000
3.871
1.448
16.26
4140

Obs.

282,566
282,556
282,566
282,566
282,556
239,542
282,556
282,556
282,556
282,556
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Label

innov

china_pd

profit

expo_int

fin_cons

state_owner

mana_eff

gov_subs

valuad_pro

firm_age

Indicator

Firm's innovation
level

Pandemics
discussion index in
China

Firm's profit

Firm's exports
intensity

Fir's financial
constraints
Fir's ownership

Firm's
management
efficiency
Government
subsidies to fim
Value-added
productivity per
employee
Firm's age

Definition

The ratio of sales revenue of newly
introduced products in total sales revenue

Annual values based on averages of
quarterly values

Operation profits relative to total sales
revenue

Total exports relative to total sales revenue

Expenses on interest relative to the value
of fixed assets

Share of state ownership in total paic-in
capital

Primary operation revenues relative to the
value of total assets

Government subsidies relative to total
sales revenue

Log (operating profit added to salaries and
payroll expense per employee)

Log (based year—year of establishment of
the firm +1)

Indicators are calculated with the current (nominal) prices in the RMB.
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Indicator oLs (1) oLs (2) oLs (3) KRLS (4) KRLS (5) KRLS (6)

Social mobility: total time spent away from home ~ 11.78"" (2.128) - 19817 (2.248) 2,918 (1.617) = 6.455" (3.356)
Stringency measures - —0,024" (0.009)  ~0.059" (0.024) - —0.067"* (0.014)  —0.082"* (0.017)
R-squared 0.1319 0.1186 01778 05662 04611 06432
Observations 521 521 521 521 521 521

The dependent variable is the log of total deaths, and the constant term is included. The robust standard errors are in the parentheses.
*p < 0.01, **p < 0.05, and *p < 0.10.
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Indicator oLs (1) oLs (2) oLs @) KRLS (4) KRLS (5) KRLS (6)

Social mobility: total time spent away from home  16.27°** (2.173) - 22.09™ (2.328) 1191 (1.749) = 9781 (3.581)
Stringency measures - —0.048" (0.021)  ~0.049" (0.026) - -0.086* (0.016)  —0.138"* (0.018)
R-squared 0.1947 0.0545 0.2101 05971 0.4599 06432
Observations 521 521 521 521 521 521

The dependent variable is the log of total cases, and the constant term is included. The robust standard errors are in the parentheses.
*p < 0.01, **p < 0.05, and *p < 0.10.
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Indicator

The log of total cases
The log of total deaths
Social mobility
Stringency

The log of total cases

1
0.973
0.233

—-0.441

The log of total deaths

0.136
-0.363

Social mobility

-0.759

Stringency
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Indicator

The COVID-19 outcome: total cases

The COVID-19 outcome: total deaths

Social mobiity: total time spent away from home
Stringency measures

Definition

Natural log
Natural log

Per cent change
Index from 0 to 100

References

Hasell et al. (17)
Hasell etal. (17)
Chetty et al. (18)
Hale et al. (19)

Mean

15.88
1221
-0.101
64.46

Std. dev.

1.760
1.541
0.047
8.549

Min.

7.044
3.496
—-0.237
21.76

17.41
13.33
0.006
75.46

Obs.

521
521
521
521
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U]
Treat;xTime, 0,070
(2.02)
Cash
ROA
Lev
Sales_growth
Lnassets
DA
BM
PE
Con
_Cons 1,635
(94.41)
Fixed effect of Yes
business
entity
Fixed effect of Yes
time
N 6771
R 0.168

q
@

0.065*
(1.92)
—0.104
(~4.48)
-0003
(-138)
0011
(-2.79)
0.000
(0.90)
-0048
(-1.28)
0,000
@.14)

3.014™
@.68)
Yes

Yes

6,771
0.186

®

0.088"+*
(2.95)

~0.636"*
(~11.44)
0033
(6.90)
0018
(17.89)
0821
(15.08)
Yes

Yes

6,771
0.334

q
@

0085+
(2.91)
~0.155"
(-7.53)
-0002
(~1.44)
~0.021"
(-3.20)
0.000
(1.02)
~0.207"*
(~5.60)
0.000
(1.28)
—0572
(-1052)
0029
652
0020
(@4.21)
5689
(.07
Yes

Yes

6,771
0.378

**, **, *Represent the 1, 5, and 10% levels of significance, respectively. The values
reported in brackets are t-statistics. The bold values mean regression coefficients.
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Variable symbol

Sales_growth
Con
Lnassets

DA

BM

Meaning of variable

Enterprise value
Enterprise P/E ratio
Cash flow of enterprise:
Return on assets (%)
Financial leverage ratio
Revenue growth rate (%)
Ownership concentration
Enterprise’s assets scale
Development ability
Book-to-market

Mean value

1.706
2.085
2.656
5.445
3.316
18.897
56.429
22262
15.985
0.182

‘Standard deviation

0.733
2271
0.664
12.612
3.773
67.428
17.049
1.360
37.553
0.207

Minimum value

-0.824
o
0.047
—183.981
0.418
—97.390
[
17.804
—60.732
[

Maximum value

9.017
7.082
4518
727.529
119.630
3,137.895
98.685
28.636
214.076
0.857

Observed value

6,771
6,771
6,771
6,771
6,771
6,771
6,771
6,771
6,771
6,771
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Sample size = (distribution of 0.5)/((error margin%/CI)")

Where CI 1.96 (for CI of 95%), error margin = 0.05.

True sample = (sample size x population); (sample size
+ population — 1)
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Dependent variables® Predictors Unstandardized coefficients R square Constant p-value

Practices of using PPE Qualification 0.072 0.053 0.543 0.001
Work place 0.029 0.017
Attitude toward PPE Qualification 0.055 0.013 0.546 0.037

§ No contributors were detected for changes in reporting drawbacks of PPE and cost of PPE.
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Variable

Sex

Male®

Female

p-value®

Qualification

B8DS*

HDD or MSc or PhD

p-value*

(BDS) Graduation year

<2013

22013

p-value®

Work place

Governmental®

Private

Both

p-value™

Resuming work after restriction easing

<3 months$

>3 months

p-value®

Overall Mean  SD
Median

§ Reference variable.

Practice of using PPE

5.45 £ 1.69
636+ 1.75
0.771

518 £1.68
5.88+1.70
0.0001

5.66 +1.84
518 +£1.56
0.004

4.90 +1.556

5.68 +1.89

5.56 + 1.66
0.004

5356+ 1.75
547 +1.68
0.933
541171
6

*Comparison by Mann-Whitney U test, with significance level at 0.05.
*“Comparison by Kruskal-Walls test, with significance level at 0.05; practices of using PPE differs between governmental and private work place (adjusted p-value of 0.018) and between
governmental and both work places (adjusted p-value of 0.006). The bold numbers are significant, the bolds word are the separation between sections of questionnaire.

Attitude toward PPE

224+£093
2274087
0.752

218+ 088
2404093
0.033

2324091
2.19£0.89
0.175

2234085

222097

227 £0.90
0867

226 £0.90
225+091
0.596
2.26 +0.90
2

Drawbacks of PPE

521+£1.26
5.23+1.28
0816

521+£1.28
524+1.18
0.331

523+ 1.17
521+131
0.942

528+ 1.14

512+ 131

5.24+£127
0722

5.27+£1.20
5.16+1.29
0.507
522+ 124
5

Cost of PPE

1.65£0.73
1.71£075
0.585

1.68£0.77
1694068
0.761

171+£072
1.67 £0.75
0.561

164 £0.77

178 £0.74

1.71£0.70
0178

1.75£0.75
1.61+£0.72
0.059
1.68+0.74
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Practices about PPE  Responses' Attitude toward PPE  Responses®
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Q4 271 (81.4) Qi3 100 (30.0)
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o] 293 (88.0) Qis 303 (91.0)
[eS] 81(24.3) at7 225 (67.6)
Cost of PPE Qis 231(69.4)
Q21 276 (82.9) ato 178 (53.5)
Q22 65 (19.5) Q20 243 (73.0)
Q23 220 (66.1)

§ Frequency (oercent).





OPS/images/fpubh-09-770164/fpubh-09-770164-t002.jpg
Variable

Age (mean = SD)
Patients seen/day since COVID-19 (mean  SD)
Sex

Male

Female

Qualification

B80S

HDD or MSc or PhD
(BDS) Graduation year
<2013

>2013

Work place
Governmental

Private

Both

Number (n)

33.83+7.68
714 £9.92

185
148

224
109

157
176

92
83
168

Resuming work after COVID-19 pandemic restriction break

<3months
>3 months

173
160

Percent (%)

55.6
444

673
32.7

474
529

276
249
474

519
48.1
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- Gender

Male  Female
- Age:
- Qualification

BDS  HDD Msc PhD
- Graduation year?
- Work place

Private Governmental Both

When did you resume treating patients <8 months >3 months ot resumed
following easing of COVID-19 pandemic: my work yet
restrictions?

How many patients (on average) have you seen per day since the COVID-19
pandemic started?

Response for all questions is Yes or No

1- Do you use a surgical mask for all dental procedures?
2- Do you se respirators (e.g., N95) when indicated?
3- Do you use a face shield?

4- Do you use garments (gown, tunic/scrubs) for aerosols generating
procedures (AGP)?

5- Do you use garments for non-AGP procedures?
6- Did you do fit test before wearing your mask?
7- Do you use a head cover?

8- Do you think that mishanding PPE is a potential source of
COVID-19 transmission?

9- Are you using other protection equipment (e.g., Ventiators, Air fitration
systems, Physical barriers/screens)?

10- Do you feel safe wearing your PPE?

11- Is it very important to wear the full PPE?

12- Using PPE has no impact on the communication with the patient?
13- Are you satisfied with the extra cost of the PPE?

14- Do you feel fatiguetired during or at the end of the dental treatment?
15- Is your PPE impacting your clinical time?

16- Do you experience increases in sweating/body temperature whie wearing
your PPE?

17- Is it hard to put on (don) the full PPE?

18- Is it hard to remove (doff) the full PPE?

19- Is it hard to hear/see around you while wearing the full PPE?

20- s it hard to make decisions while wearing the full PPE?

21- Did your budget for purchasing PPE increase after the COVID-19 pandemic?
22- Did you increase the fees for treatments to compensate for PPE cost?

23- During the pandemiic, the PPE was not cost effective?

The bold number are significant, the bold word are separation between sections of
questionnaire.
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Treat;x Time,

Control variables
Entity fixed effects
Time fixed effects

Large-scale
enterprises

q
)

0.077*
(2.57)
Controlled
Yes
Yes
5,187
0.379

Small to
micro
enterprises

q
@

0.063
(0.84)
Controlled
Yes
Yes
1,578
0.427

Eastern
region

ki

®

0.100***
@3.21)

Controlled

Yes
Yes
4,456
0.454

“represent the 1%, 5%, and 10% levels of significance, respectively. The bold values mean regression coefficients.

Central
region

q
@

0.081
(0.69)
Controlled
Yes
Yes
1,200
0302

Western
region

q
®

—0.044
(-047)
Controlled
Yes
Yes
1,109
0294
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Control variables
Entity fixed effects

Time fixed effects.
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R?

State-owned
enterprise

q
V)

0055
(1.23)

Controlled
Yes
Yes

2,620
0.332

“represent the 1%, 5%, and 10% levels of significance,

Non
state-owned
enterprises

q
@

0.064*
(1.72)

Controlled
Yes
Yes

4,145
0417

respectively. The bold values mean regression coefficients.

Enterprise of
high-tech
industry

q
®)

0.066*
(.71

Controlled
Yes
Yes

3,281
0.500

Enterprises in
traditional
industries
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0.085"
(1.98)
Controlled
Yes
Yes
3484
0289
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Control variables Controlled Gontrolled Controlled
Entity fixed effects. Yes Yes Yes
Time fixed effects Yes Yes Yes
N 5,650 3,287 6,742
R 0.804 0052 0.145

" “represent the 1%, 5%, and 10% levels of significance, respectively. The bold values

mean regression coefficients.





OPS/images/fpubh-09-794195/fpubh-09-794195-t005.jpg
yrr tv
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Treat;xTime; 0.024* 0.021*
(1.69) (1.89)
Control variables Gontrolled Controlled
Entity fixed effects Yes Yes
Time fixed effects Yes Yes
N 6,567 6,554
R 0322 0.206

**, **, *represent the 1%, 5%, and 10% levels of significance, respectively. The bold values
mean regression coefficients.
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Treat;x Time; xER 0.128*
(1.89)
Treat; x Time;xFin 0.402*
(2.02)
Treat; x Timey 0.030 —0001
(1.44) (~0.08)
ER ~0.050
(=1.64)
Fin -0028
(=137
Control variables Controlled Controlled
Entity fixed effects. Yes Yes
Time fixed effects Yes Yes
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R 0328 0350 0.380 0378 0378 0.307 0.289

“represent the 1%, 5%, and 10% levels of significance, respectively. The bold values mean regression coefficients.
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CFR Teststatistics ~ CV(5%)  Lag Break dates Teststatistics ~ CV(5%)  Lag

Indonesia -3.629 -3.56 1 17-11-2020; 2021-06-08 -10.68"" -3.56

6
Malaysia —4.519"* -3.56 2 14-07-2020; 2020-10-01 —5.820" -3.56 5
Philippines -3.005 -3.56 6 29-05-2020; 2021-13-03 —4.836" -3.56 3

The table reports () two breaks on the level of series (left column) and (i) the two breaks on the first difference of series (right column).
Null hypothesis: The indicator follows a unit root process. The optimal number of lags is selected by the BIC.
The maximum lags are 12. The Trimmer rate is 0.05. CV, Critical Value. ***p < 0.01.

Break dates

22-06-2020; 2021-12-01
09-06-2020; 2021-01-16
10-07-2020; 2020-22-09
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Country

Indonesia

Malaysia

Philippines

Indicator

CFR

CFR

CFR

Source

Hasell et al.

(17

Hasell et al.

(17)

Hasell et al.

(17

Mean

0.037

0.008

0.024

Std. Dev.

0.012

0.004

0.013

Max.

0.026 0.081

0.003 0017

0.015 0.067

Obs.

428

428

428
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CFR Test CV(1%) CV(5%) CV(10%) Lag Breakdate Teststatistics CV(1%) CV(5%) CV(10%) Lag Break date

statistics
Indonesia —4.463 -5.34 -4.80 -4.58 4 28-08-2020 -8.925" -5.34 —4.80 —4.58 3 11-07-2020
Malaysia =5.907" -5.34 -4.80 —4.58 4 01-10-2020 —7.688" -5.34 —4.80 —4.58 4 04-09-2020
Philippines —4.045 -5.34 -4.80 -4.58 4 21-10-2020 —7.007** -5.34 —4.80 —4.58 2 09-07-2020

The table reports () one break on the level of series (lft column) and () the one break on the first difference of series (right column).
Nul hypothesis: The indicator follows a unit root process. The optimal number of lags is selected by the BIC.
The maximum lags are 12. The Trimmer rate is 0.05. CV, Critical Value. ***p < 0.01.
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Hong Kong

ASEAN
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EU + UK

Non-EU Europe
Africa

Rest of world

World total
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-0
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—04
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Asia (6)

The Pacific (1)

North America (2)

Afica (1)

Central-South America (1)
Europe (2)

Others (1)

Economy or economic group

ASEAN, India, China, Hong Kong, Developed
Asia (Japan, Korea, Taiwan), Developing Asia

Australia

US, Other North America

Africa

Central-South America

European Union, Other European economies
Rest of the world
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Sectors absent have no change for Australia, China and the World Total.

Source: Authors’ own estimation.
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Gender

Salary Range

Highest qulification

Department

Male

Female

Total

Less than 5 million per annum
5-30 milion

30-35 millon

35 million and above

Total

BSc/HND

MBAMSC
Postgraduate/Professional
Certification

Total

Production/Supply chain
Marketing and Sales
Operations

Total

Frequency

508
268
560
309
383
365
30
660
356
300
342

670
593
38
350
560

Legitimate %

60
50
300
35.4
56.9
363
32
300
356
56.8
306

250
63.5
56
30.87
200

Collective %

95.3
300

353
63.5
98.5
300

35.6
69.5
390

63.5
69.3
300
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Hypothesized model

COV— FT— BS
COV— U— BS

COV— CR— BS
COV— FT- BS

2

0.056
0.327
0.304
0.079
0.090

Standardized effect

0.23(DE)
0.453(E)
0.74(E)
~053 ()
0.53(E)

t-value

4.780
12.322
15.244
—7.245
71238

P-value

o oo oo

Remark

Effects that are both positive and direct
Effects that are both positive and direct
Effects that are both positive and direct
Effects that are both positive and direct
Effects that are both positive and direct

DE, direct effect; IE; indirect effect; BS, business survival; FTA, firn technology; P = 0.05; where: DE, direct effect; IE, indirect effect; BS, business survival; FTA, firm technology; CR,

customer retention; U, unemployment; COV, Covid-19.
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Cov-1

Positive testing for the new covid-19 virus has been reported in my country.

cov-2 This is the first time a pandemic of this size has struck my country. Udofia et al. (39)
cov-3 My company's supply networks have been impacted by the virus.
cov-4 The covid-19 virus has spread throughout the country.

FIRM TECHNOLOGY ADOPTION (FTA)
SD1 We have completely embraced technological adoption across the whole value chain of the organization.
sD2 As a result of the epideric, performance, and service delivery have become increasingly automated. Turker (11)
SD3 1find it tough to use technology to deliver successfully.
SD4 The company’s overall performance is harmed as a result of the work-from-home policy.

BUSINESS SURVIVAL (BS)

oP1 Due of the epidemic, the corporation is facing a significant financial burden. Bates (40)
op2 As a result of the epidernic, there has been a major drop in the production of products and services. Singh (41)
oP3 Poor manufacturing has resulted in low sales and returns during the last few months. Korunka et al. (42)
oP4 To mitigate the impacts of the epidemic, we had to lay off employees. Singh (41)
OPs

To cover salaries and/or wage payments, we had to restrict employee work hours every day.

Bates (40)
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CR2

CR3

CR4

CR, composite refiability; AVE: average variance extracted: CFI, comparative fit indices; x2, Chi-square Value. ** is 0.05 significance level: * is 0.1 significance level.
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Albania, Algeria, Angola, Argentina, Armenia, Australia, Austria, Bangladesh, Belgium, Benin, Bolivia, Botswana, Brazil, Bulgaria, Burkina Faso, Burundi,

Cambodia, Cameroon, Canada, Central African Republic, Chile, China, Colombia, Congo DR, Congo Republic, Costa Rica, Cote d'Ivoire, Croatia, Czech

Republic, Denmark, Dominican Republic, Ecuador, Egypt, El Salvador, Ethiopia, Finland, France, Gabon, the Gambia, Germany, Ghana, Greece, Guatemala, Haiti,

Honduras, Hong Kong SAR (China), Hungary, India, Indonesia, Iran, Iraq, Ireland, Isracl, Italy, Jamaica, Japan, Jordan, Kazakhstan, Kenya, Korea Republic,
Kuwait, Kyrgyz Republic, Laos, Latvia, Lesotho, Liberia, Lithuania, Madagascar, Malawi, Malaysia, Mali, Mauritania, Mexico, Moldova, Mongolia, Morocco,

Mozambique, Myanmar, Namibia, Nepal, the Netherlands, New Zealand, Nicaragua, Niger, Nigeria, Norway, Pakistan, Panama, Paraguay, Peru, the Philippines,

Poland, Portugal, Qatar, Romania, Russia, Rwanda, Saudi Arabia, Senegal, Sierra Leone, Singapore, Slovak Republic, Slovenia, South Africa, Spain, Sri Lanka,

Sudan, Sweden, Switzerland, Tajikistan, Tanzania, Thailand, Togo, Tunisia, Turkey, Uganda, Ukraine, the United Arab Emirates, the United Kingdom, the United

States, Uruguay, Venezuela, Vietnam, Yemen, Zambia, and Zimbabwe.
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Regressors All countries
Fertility rate—, 0.966*** (0.005)
Log per capita GDPy_y 0,021+ (0.008)
Life expectancyi_; —0.005*** (0.001)
Index of human capital_,  0.080"** (0.017)
AWPUI —0260°** (0.072)
AWPUIL_, -

Intercept 0.082 (0.074)
Observation 2722

Countries 126

R? (Within) 0988

“p <001,
“p <005,
“p<0.10.

All countries

0,964+ (0.005)
0,022 (0.007)
~0.006"* (0.001)
0.071%** (0.016)
~0.126 (0.094)
0.120° (0.072)
2,646

126

0987

he dependent variable s Fertlity Rate,. The standard errors are in ().

Non-OECD

0.970°** (0.005)
0.019* (0.008)
~0.005"* (0.001)
0.088°** (0.019)
—0.223*** (0.065)
0.064 (0.085)
2,024

92

0991

Non-OECD

0.968* (0.005)
0.020*" (0.007)
—0.005*** (0.001)
0.079** (0.018)
~0.117 (0.074)
0.100 (0.082)
1,932

92

0991

OECD

0,936 (0.015)
0.064°* (0.018)
—0.007** (0.002)
0.016 (0.044)
—0.765"* (0.193)
~0.052 (0.156)
748

34

0,89

OECD

0.936"** (0.015)
00617 (0.019)
—0.007** (0.002)
0.015 (0.048)
—0.248 (0.407)
0.008 (0.163)

748

34

0888
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Regressors All countries
Fertility rate,_; 0,966 (0.005)
Log per capita GDPy_y 0.0217* (0.008)
ife expectancy_y —0.005*** (0.001)
Index of human capital,_, 0.080°* (0.017)
WPUI, —0.356"** (0.133)
WPUIL,, -
Intercept 0.083 (0.074)
Observation 2,722
Countries 126
R? (Within) 0988

“p <001,
p < 0.05.

All countries

0.966"** (0.005)
0,021 (0.008)
—0.005** (0.001)
0.080°** (0.017)
~0.092 (0.137)
0082 (0.074)
2,722
126
0988

he dependent variable s Fertility Rate,. The standard errors are in ().

Non-OECD

0.970*** (0.005)
0.019°** (0.007)
~0.005*** (0.001)
0088 (0.019)
—0.316"* (0.139)
0.065 (0.085)
2,024
92
0.991

Non-OECD

0.970*** (0.005)
0,019+ (0.007)
—0.005*** (0.001)
0.088*** (0.019)
~0.064 (0.136)
0.064 (0.085)
2,024
9
0991

OECD

0,936 (0.014)
0,064+ (0.018)
~0.007** (0.003)
0.016 (0.044)
—0.787 (0.550)
~0.049 (0.157)
748
34
0896

OECD

0936 (0.014)
0.064°** (0.018)
—0.007** (0.003)
0.015 (0.044)
~0.082 (0.126)
—0.053(0.157)
748
34
0896
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Regressors All countries
Log per capita GDPy-y 0,023+ (0.007)
Life expectancyi—y —0.003"** (0.001)
Index of human capital -y 0,091 (0.017)
AWPUI, —0.285"* (0.076)
AWPUI_, -
Intercept —0.204** (0.064)
Observation 2722
Countries 126

R? (Within) 0.109

“p < 0.01.

All countries

0.023*** (0.007)
—0.003+** (0.001)
0.081°** (0.017)
—0.137 (0.096)
~0.180*** (0.062)
2,646
126
0.092

e dependent variable is AFertiity Rate;. The standard errors are n ().

Non-OECD

0,021+ (0.007)
~0.003*** (0.001)
0.104*** (0.020)
—0.243"* (0.069)
—0.216" (0.065)
2,024
92
0.157

Non-OECD

0.022°** (0.007)
—0.003** (0.001)
0.094** (0.019)
—0.127 (0.077)
~0.196"* (0.063)
1,932
92
0.138

OECD

0,054 (0.017)
~0.008"** (0.002)
0.054 (0.038)
—0.820°** (0.198)
~0.043 (0.155)
748
34
0031

OECD

0,053 (0.020)
—0.009* (0.003)
0.052 (0.041)
—0.254 (0.395)
0.027 (0.168)
714
34
0.028
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Regressors

Log per capita GDP,_y
Life expectancyi1

Index of human capital,_;
WPUI,

WPUI_,

Intercept

Observation

Countries

R? (Within)

“p <001,
p < 0.05.

All countries

0,022 (0.007)
~0.003** (0.001)
0,091+ (0.017)
~0.195** (0.048)
—0.204** (0.064)
2722
126
0.109

All countries

0,023+ (0.007)
~0.003""* (0.001)
0.091°** (0.017)
—0296 (0.181)
~0.204"* (0.064)
2722
126
0.109

he dependent variable is AFertiity Rate;. The standard errors are n ).

Non-OECD

0.021°* (0.008)
~0.003** (0.001)
0,104+ (0.020)
~0.166"* (0.057)
—0.216"* (0.065)
2,024
92
0156

Non-OECD

0.021° (0.008)
~0.003+** (0.001)
0.105°** (0.020)
—0.248 (0.165)
—0217*** (0.066)
2,024
92
0.157

OECD

0,054 (0.017)
—0.008"* (0.002)
0.054(0.039)
~0.566 (0.523)
0.042(0.155)
748
34
0031

OECD

0054 (0.017)
—0.008"** (0.002)
0,053 (0.038)
—1.555(1.173)
—0.045 (0.155)
748
34
0.031
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0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
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0.0001
0.0001
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2086
2037
2088
2039
2040
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2042
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2047
2048
2049
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Pr<o0

0.0011
0.0013
0.0016
0.0016
0.0018
0.0020
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0.0024
0.0026
0.0028
0.0030
0.0031
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0.0036
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Age group

under 25 years
25-44 years
45-64 years
65-74 years
75-84 years

85 years or older

0.0559
0.3649
0.2345
0.3469
0.3218
0.2391

2021

0.3001
0.1494
0.2848
0.1987
0.0354
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Indicator Definition Data source Mean  Std.Dev. Min. Max. Obs.

Total fertility rate Births per woman World Bank (76) 3.107 1655 0901 7715 3266
Per capita GDP (constant 2010 US$) Logarithmic form World Bank (76) 8.341 1545 5233 1143 3377
Life expectancy at birth Total (years) World Bank (76) 68.45 9.984 3538 8493 3266
Human capital Index PWT 100, Feenstra et al. (80) 2437 0.718 1053 4351 3,024

World pandemics uncertainty index (WPUI)  Index International Monetary Fund, Ahiretal. (23)  0.106 1417 0000 5647 3,408
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1

DGCC 03647 (13.12)
DGCC? —1386*** (~14.53)
DGDC

DGDC?

LnMCAP

MTB

_cons ~0.000 (~0.63)
3278

@

0.360"" (13.04)

—1371" (~14.42)

—0.020"** (=5.15)

0.440** (5.15)
3278

table reports the co-cfficients of the panel regressions results for cultural compa
considering trends in the impact of the epidem
of the panel regressions for daily growth rate in confirmed cases (DG
. The dependent variable is DRy, which is the daily stock return of company i on day

3) )

0362 (13.11)

—1.376"" (—14.49)
0,085 (5.89)
—0.145" (~8.43)

—0.029"* (~6.15)

3,674 (3.36)

0.636*** (6.15) 0.000 (0.52)

3,278 3278

s of the panel regres:

5)

0.087° (6.08)
—0.147** (~8.58)
—0.021"" (=5.51)

0478 (5.51)
3278

(6)

0,088 (6.15)
—0.148"** (~8.66)
—0.031""" (~6.41)
3,667 (3.30)
0,673 (6.42)
3278

Shanghai and Shenzhen stock Exchange from January 11, 2020 to July 15, 2020,
Therefore, the square terms of DGCC and DGDC are added to the regression model. Column (1), (2), and (3) reports the co-efficients
). Column (4), (), and (6) reports the co-eflici for daily growth rate in death cases

. T statistics are in parentheses; *** denote statistical significance at the 10%, 5%, and 1%
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Short listed period Long listed period Short listed period Long listed period

DGCC —0.034*** (-2.62) —0.001 (~0.04)

DGDC —0.035"* (=5.07) —0.020"* (~2.54)
LnMCAP —0.013* (=2.17) —0.055**" (~2.95) —0.051"" (=2.74)
MTB, 2.870" (2.40) —3.883 (~0.42) —3.685 (~0.40)
_cons. 02717 (2.15) 1.250*** (3.06) 0.003°** (3.33) 1.162°*" (2.86)

1,330 1,037 1,330 1,037

“This table reports the co-efficients of the panel regressions results for cultural companies listed on the Shanghai and Shenzhen stock Exchange from January 11,2020 to July 15, 2020,
considering firm age. Column (1), (2) reports the co-efficients of the panel regressions for daily growth rate in confirmed cases (DGCC). Column (3), (4) reports the co-efficients of the
panel regressions for daily growth rate in death cases (DGDC). The dependent variable is DRy, which i i
cultural companies are sorted and divided into three groups equally, and the shortest listing age group (colu
**,*** denote. -al significance at the 10%, 5%, and 1% level

he daily stock return of company i on day t. According to th
1,3)
respe

g age, the
2,4) are respectively used

d the longest listing age group (colus
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Small-scale Large-scale Small-scale Large-scale

DGCC —0.035" (~2.30) 0009 (0.70)

DGDC —0.037"* (~4.44) —0.019*** (~2.78)
LnMCAP —0.017**" (~2.64) =0.100"* (=7.50) —0.091" (~6.79)
MTB, 3.017* (2.22) 12.271°** (4.10) 11061 (3.71)
_cons. 0361 (2.62) 23017 (7.53) 0.003°*" (2.64) 2076 (6.81)

1,143 1,037 1,143 1,037

“This table reports the co-efficients of the panel regressions results for cultural companies listed on the Shanghai and Shenzhen stock E
considering firm size. Column (1), (2) reports the co-efficients of the panel regressions for daily growth rate in confirmed cases (DG
panel regressions for daily growth rate in death cases (DGDC). The dependent variable is DRy, which i
cultural companies are sorted and divided into 3 groups equally, and the smallest group (colus
are in parenthe **,*** denote statistical significance at the 10%, 5%, and 1% ley

change from January 11, 2020 to July 15, 2020,

C). Column (3), (4) reports the co-efficients of the
of assets, the

the daily stock return of company i on day t. According to the s
d the largest group (columns 2, 4) are respectively used for regressio
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Digitalization degree Low High Low High

DGCC —0.0348"** (~3.25) ~0.0070 (<0.53)

DGDC ~0.0335"* (~3.16) —0.0069 (~0.54)
LnMCAP ~0.0002 (~0.21) ~0.0002 (~0.25)
MTB 0.1011 (0.34) 04542 (1.68)

_cons —00027"** (~3.57) 0.0055°* (6.48) 0.0007 (0.04) 0.0085 (0.48)

N 1,598 1,598 1,598 1,598

able reports the co-efficients of the panel regressions results for cultural companies

isted on the Shanghai and Shenzhen stock Exchange from January 11, 2020 to July 15, 2020,
considering digitalization. Column (1), (2) reports the co-efficients of the panel regressions for daily growth rate in confirmed cases (DGCC). Column (3), (4) reports the co-efficients of
the panel regressions for daily growth rate in death cases (DGDC). The dependent variable is DR, which s the daily stock return of company i on day t. The enterprise digita
level indicators are caleulated and sorted. Those in the top 50th percentile are classified as high-digitization level groups (columns 2 and 4), and those in the bottom 50th percentile are
classified as low-digitization level groups (columns 1, 3). LaMCAP, natural logarithm of daily firm market capitalization; MTB, daily market-to-book ratio divided by 1,000. T statistics are
in parentheses; *, *** denote statisti ficance at the 10%, 5%, and 1% levels, respectively.
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Mobile internet, mobile internet, E-commerce, smart cultural tourism, smart

marketing, digital marketing, unmanned retail, Internet Finance, digital finance,

Fintech big data, data mining, text mining, data visualization, heterogeneous
data, augmented reality, mixed reality, virtual reality, online, ecological
collaboration, online retail, internet-+, business smart, digital city, digital
creativity, digital divide, digital business, digital, digital technology, knowledge
‘management, smart office, smart terminal, natural language processing, internet,

relational database, machine learning, deep learning, data empowerment, data

visualization, data cleaning, network security, cloud storage, cloud computing,

cloud networking, cloud platform, platform economy, internet of things, etc.





OPS/images/fpubh-09-753508/math_3.gif





OPS/images/fpubh-09-753508/math_4.gif
=
A =at 50, + Y BIAYL @
—





OPS/images/fpubh-09-753508/inline_1.gif





OPS/images/fpubh-09-753508/inline_2.gif
»





OPS/images/fpubh-09-753508/math_1.gif
L
Ayi=a+dy1+) A+

bl





OPS/images/fpubh-09-753508/math_2.gif
L.
Ayi=a+) PAyi+e ®





OPS/images/fpubh-09-753508/fpubh-09-753508-g001.gif





OPS/images/fpubh-09-753508/fpubh-09-753508-t001.jpg
Small Businesses Revenues (Leisure and Hospitality)

Criteria & (Lag) Test Stat. Prob. 5% CVs HL (Days)
AIC (1) —2.479 (0.092) ~2.799 -

Small Businesses Revenues (Accommodation and Food Services)

Criteria & (Lag) Test Stat. Prob. 5% CVs HL (Days)
AC (1) —2.458 (0.093) —2783 -

Small Businesses Openings (Leisure and Hospitality)

Criteria & (Lag) Test Stat. Prob. 5% CVs HL (Days)
AIC (1) —2.200 (0.090) ~2566 -

Small Businesses Openings (Accommodation and Food Services)

Criteria & (Lag) Test Stat. Prob. 5% CVs HL (Days)
AIC (1) —2.268 (0.066) —2.420 -

CVs: Bootstrapped Critical Values. The CVs are obtained by 500 bootstrap replicates with 530 observations. For detais, refer to Dorta and Sanchez (16). The optimal number of lags
s selected by the AIC. Null hypothesis: random walk with drift; Alternative hypothesis: series are stationary.
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State Test stat.

AL -2.188
AK —2.849
AZ -2.673
AR —2.044
CA —2.533
co —2.461
cT -2.532
DE —2.465
DC —2.324
Pl —2.562
GA —2.006
HI -2.320
5] -1.943
L -2.287
IN —2.407
A —1.850
Ks -2.327
KY -2.181
LA —2.402
ME —2.360
MD -2.023
MA -2.573
M —2.040
MN —2.267
MS —2.045
MO —2.144
MT —1.698
NE -1.874
NV —1.772
NH -2.213
NJ —2.541
NM —-1.979
NY —2.417
NC —2.366
ND —2.268
OH —2.426
OK -2.110
OR —2.443
PA —2.446
RI —2.346
sC -2.113
sD —2.108
™ -2.016
™ —2.393
ur —2.706
VT —-2.418
VA -2.239
WA —2.285
wv -2.368
wi —-1.988
WY —1.954

Prob.

(0.238)
0.032)
0.076)
(0.300)
(0.060)
0.108)
(0.088)
©.118)
(0.144)
©.116)
0216)
(0.136)
(0.346)
(0.140)
0.102)
(0.398)
0.158)
(0.260)
0.112)
(0.150)
(0:200)
(0.068)
0.194)
(0.195)
(0.190)
(0:316)
(0.608)
(0.344)
(0.540)
(0.234)
(0.060)
(0.184)
(0.064)
(0.160)
0.194)
(0.148)
(0.206)
(0.134)
0.092)
(0.108)
(0.228)
0.276)
(0.336)
0.096)
0.078)
0.110)
0.120)
(0.252)
(0.138)
(0.334)
(0:340)

5% CVs

-2911
—2.849
-2.833
-2.885
—2.559
—2.806
—2.718
—2.961
—2.483
—3.009
—2.714
—2.831
-3.023
—2.801
—2.838
—2.886
—2.899
—3.006
—2.786
—2.835
—2.769
—2.668
—2.850
-2.888
—2.669
-3.038
-3.121
—2.856
-3.192
-2.929
—2.602
—2.601
—2.506
-2.878
-2.871
—2.856
-2.795
—2.767
—2.777
—2.717
-2.812
—2.892
—2.965
—2.659
—2.851
—-2.801
—2.668
-3.023
—2.736
—2911
-3.028

HL (Days)

GV: Bootstrapped Criticel Value. The CVs are obtained by 500 bootstrap replicates with
530 observations. For detais, refer to Dorta and Sanchez (16). The optimal number of
lags s selected by the AIC. Nul hypothesis: random walk with ciift; Alternative hypothesis:

series are stationary. *'p < 0.01.
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State Test stat.

AL —2.308
AK -2613"
AZ -2.182
AR -2.110
CA —2.367
co -2.379
cr —2.244
DE —2.167
DC —2.213
FL —-2.353
GA —1.06
HI —2.285
o) -1.730
9 —2.272
IN -2.263
A -1.972
KS -2.282
KY —2.401
LA —2.289
ME —2.453
MD -2.107
MA —2.202
M -2.292
MN -2.181
MS —2.441
MO —2.060
MT -1.762
NE -1.377
NV —2.865
NH —2.477
NJ —2.356
NM -1.998
NY —2.417
NC —2.565
ND -2.134
OH —2.227
OK —2.041
OR -2.263
PA —2.317
RI -2.226
sc -1.878
SD -1.562
™ —2.367
™ 2,158
utr —2.234
VT —2.185
VA -1.938
WA —2.267
wv —2.221
wi —2.384
wy -1.876

Prob.

(0.102)
(0.030)
(0.120)
0212
(0.064)
(0.108)
(0.096)
(0.123)
(0.088)
(0.086)
©.118)
©.112)
0310
©.110)
©.112)
(0.226)
(0.098)
(0.096)
(0.128)
(0.084)
(0.108)
(0.062)
(©0.078)
(0.140)
(0.124)
(0.196)
(0.260)
(0.378)
(0.075)
(0.080)
(0.0600)
(0.128)
(0.054)
(0.067)
(0.158)
(0.130)
(0.168)
0132
©0.116)
0.132)
(0.138)
(©0.276)
0.092)
(0.093)
(0.130)
(0.180)
(0.138)
(0.130)
©.110)
0.102)
(0.252)

5% CVs

—2619
—2.411
—2619
-2885
—2524
—2716
~2574
—2.452
~2.450
—2.474
—2291
~2.703
—2.698
-2703
—2544
-2913
—2.731
—2829
~2.690
—2676
—2.497
~2338
—2513
-2:863
—2683
—2717
-2633
—2845
—2879
—2.806
—2.449
—2.361
—2.462
~2.689
—2733
-2780
—2.697
—2.887
~2.808
—2714
~2558
~2.703
—2.624
2455
2854
2794
—2.492
-2723
—2715
~2.690
-2.755

HL (Days)

92

CV: Bootstrapped Critical Values. The CVs are obtained by 500 bootstrap replicates with
530 observations. For details, refer to Dorta and Sanchez (16). The optimal number of
lags is selected by the AIC. Null hypothesis: random walk with diift; Aternative hypothesis:

series are stationary. *'p < 0.01.
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Variable

Dependent variable

Independent variable

Control variable

Abbr.

DR;

DGCCry

DGDC,y

MTBis

InMCAP;_,

Definition

Daily stock return of

company i on day ¢

growth in confirmed
cases, that i, the number of
newly confirmed cases on day
t1 divided by the cumulative
number of confirmed cases on
the previous day

Daily growth in death cases
from COVID-19, that is, the
number of new deaths on day
1 divided by the cumulative
number of deaths in the
previous day

Daily market-to-book
ratio/1,000 of company i on
t-1 day

the natural logarithm of daily
market capitalization of

company i on day t-1
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company name

Jiajiayue

Yonghui Supermarket

Sanjiang Shopping

Everyone is happy

Rainbow shares

Mutation date

5/27/2020

4/02/2020

5/16/2020

4/09/2020

4/14/2020

Statistics

Maximum LR F-statistic
Maximum Wald F-statistic
Exp LR F-statistic

Exp Wald F-statistic

Ave LR Fstatistic

Ave Wald F-statistic
Maximurn LR F-statistic
Maximum Wald F-statistic
Exp LR F-statistic

Exp Wald F-statistic

Ave LR F-statistic

Ave Wald F-statistic
Maximum LR F-statistic
Maximurm Wald F-statistic
Exp LR F-statistic

Exp Wald F-statistic

Ave LR F-statistic

Ave Wald F-statistic
Maximurn LR F-statistic
Maximum Wald F-statistic
Exp LR F-statistic

Exp Wald F-statistic

Ave LR F-statistic

Ave Wald F-statistic
Maximurm LR F-statistic
Maximum Wald F-statistic
Exp LR F-statistic

Exp Wald F-statistic

Ave LR F-statistic

Ave Wald F-statistic

233504.2
487008.5
116746.2
233498.3
—43.49353
—86.98707
59579.08
119168.2
29783.62
59673.16
—666.6386
—1333.277
581677.5
1163356.0
290832.8
581671.6
—10131.05
—20262.09
43911520
8782303.0
2195570.0
4391146.0
5965.736
11981.47
1806.334
3612.668
897.2481
1800.415
—300.2362
—600.4724

P-value

0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
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Press and publication industry Film industry Culture and art industry Sports industry

Panel B: Daily growth in death cases from COVID-19

DGDC —0.017*** (~2.66) —0.037** (~5.10) —0.030"* (~2.34) —0.039 (~1.59)
LnMCAP —0.005 (~0.73) —0.065"" (=6.42) —0.043" (=2.02) —0.001 (~0.09)
MTB, —8.116" (—1.94) 6.926*** (4.82) 6.137 (1.46) —16.400 (—1.28)
_cons. 0.138 (0.86) 1432** (6.41) 0.955** (2.04) 0083 (0.28)

1,464 1334 419 61

table reports the co-efficients of the panel regressions results for cultural companies listed on the Shanghai and Shenzhen stock Exchange from January 11, 2020 to July 15, 2020,
considering specific sectors. The dependent variable is DRy, which is the daily stock return of company i on day t. Press and publication, ilm industry, culture and art industry, sports
industry are sector dummy variables that take the value on that res nd zero otherwise. LnMCAP, natural logarithm of daily firm market capi
MTB. daily market-to-book ratio divided by 1,000. T statisti *, %+ denote statistical significance at the 10%, 5%, and 1% le

respectively.
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Press and publication industry Film industry Culture and art industry Sports industry

Panel A: Daily growth in confirmed cases

DGCC —0.003 (~0.25) —0.025" (~1.87) —0.030 (~1.25) —0.067 (~1.46)
LnMCAP —0.004 (~0.53) —0.071** (=6.91) —0.045" (=2.11) —0.002 (~0.12)
MTB, —9.457** (—2.26) 7275 (5.02) 6556 (1.55) —18.892 (~1.49)
_cons. 0.107 (0.66) 1.548** (6.91) 1.002* (2.13) 0.101 (0.34)

1,464 1334 419 61

table reports the co-efficients of the panel regressions results for cultural companies listed on the Shanghai and Shenzhen stock Exchange from January 11, 2020 to July 15, 2020,
considering specific sectors. The dependent variable is DRy, which is the daily stock return of company i on day t. Press and publication, ilm industry, culture and art industry, sports
industry. are sector dummy variables that take the value one ifthe stockis listed in that respective sector, and zero otherwise. LaMCAR, natural logarithm of daily firm market capi
MTB, daily market-to-book ratio divided by 1,000. T stati %%, %** denote statistical significance at the 10%, 5%, and 1% ley

respect
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1) ) 3) () ) (6)

DGCC —0.022"" (=2.67) —0.021"" (~2.57) —0021"* (-2.57)

DGDC —0.031"** (~6.89) —0.030*** (=6.72) —0.030**" (=6.75)
LnMCAP —0.022+ (=5.45) —=0.030"* (=6.19) —0.021"** (=5.27) —0.029"" (~6.09)
MTB, 3412 (3.02) 3469 (3.09)
_cons. 0.001%* (2.44) 0.481°** (5.46) 0.663** (6.22) 0.002°** (3.49) 0464°** (5.29) 0.649**" (6.12)

3278 3278 3,278 3278 3,278 3278

s table reports the co-efficients of the panel regressions results for cultural companies listed on the Shanghai and
olumn (1), 2), and (3) reports the co-efficients of the panel regressions for daily growth rate in confirmed cases (DGCC). Column (4), (5), and (6) reports the co-efficients of the panel
regressions for daily growth rate in death cases (DGDC). The dependent variable is DRy, which is the daily stock return of company i on day t. LAMCAR, natural loga
ion; MTB, daily market-to-book ratio divided by 1,000. T statistics are in parenthes ical significance at the 10%, 5%, and 1% level

enzhen stock Exchange from January 11, 2020 to July 15, 2020,

‘market capital
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Variable N Mean Sd. Min. Max.

DR 4735 0.003 0.030 —0.077 0.100
DGCC 4735 0.022 0.073 0.000 0454
DGDC 4735 0032 0112 0.000 0.889
LnMCAP 4735 22320 0.986 20370 24940
MTB 4735 0.003 0.003 0.001 0.030

DR, daily stock return; DGC

ily growth i
s from COVID-19; LMCAP, natural loga
‘market capitalization/1,000; MTB, daily market-to-book ratio.

daily growth in death cas
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Coef.
Size -0.963
cG 2073
Equity ~1.958
Profit 0.494
Age 0.468
CONS 22.396

Significance: "p < 0.1, "p < 0.05.
Source: Data Processing.

Std. err.

0.534
1.984
3513
1.143
2.027
10.466

2019

-18
1.07
-0.56
0.43
0.23
2.14

P}

0.008"
0.305
0.587
0.673
0.821
0.054*

Coef.

0.044
-0.382
0.189
-0.082
—2.061
6.897

Std. err.

0.224
1.116
1.603
0.112
0.890
4.281

2020

0.2
-0.34
0.12
-0.73
-2.31
161

P &

0847
0.738
0.908
0477
0.039*
0133
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Coef.

Size -0.353
ca 0278
Equity —1.017
Profit ~0.059
Age 0611
CONS 8.206

Std. Err.

0.144
0.340
0.974
0.016
0.314
3.000

Significance: "p < 0.1, “p < 0.05, 'p < 0.01.

Source: Data Processing.
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Fixed effect Random effect Difference S.E.

Size ~0.440 ~0.354 -0.086 0.253
ca 0282 0276 0.006 0.133
Equity —2.812 ~1.088 —1.774 1.486
Proft ~0.061 ~0.059 ~0.002 0.003
Age 1.115 0620 0.495 0.364
CoNs 9709 8200 1.410 5232
chi2(e) 8240

Probchi2 0221

Source: Data Processing.
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Year Regional GDP

2020
2019
2018
2017
2016
2015

GDR, gross domestic product.
Mean = 35473.645: SD

41781.49
39752.1
36425.78
34590.6
31244.7
29047.2

Rate of increase (%)

38
7.6
78
8
79
8.6

1452.7816; Coefficient of variation 0.125523657.
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Serial DMU Total factor productivity Pure technical Scale efficiency ~ Technical efficiency Technological advances

number (TFP) efficiency (Pech) (Sech) (Effch) (Techch)
1 Chengde Lolo 1.007 0786 1.076 0.846 1.190
2 Wuliangye 2083 2035 0634 1.200 1615
3 New Hope 0643 0303 2154 0.652 0.986
4 Royal Group 0.946 4,689 0.652 3.058 0.309
5 Sanyuan 0683 0914 1.070 0.977 0.699
6 Tongwei 2759 5.393 0.448 2.415 1142
7 Guizhou Meotai 1.356 0772 0.858 0.663 2046
8 Bright Dairy 0961 0978 0.866 0.847 1136
9 Tsingtao Beer 1311 1.074 1.045 1123 1.168
10 Erie Shares 1.090 0.763 1134 0.865 1.260
11 Yanjing Beer 1.266 0.988 1379 1.363 0.929
12 Shuanghui Development 0783 0571 2.188 1.250 0.626
13 Sanquan Food 1.290 1.774 0560 0.993 1.300
14 Yanghe Shares 2,055 1.664 1.017 1.602 1214
15 Delisi 1103 0.094 2193 0.207 5335
16 Vivian Shares 3.847 0.086 1.761 0.152 25.260
17 COFCO Sugar 0961 1.000 0893 0.893 1076
Average 4581 1.405 1472 1.647 2782

Source: Data Processing.
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Year Total factor Pure Scale Technical Technological
productivity technical  efficiency efficiency  advances
(TFP)  efficiency  (Sech)  (Efich)  (Techch)

(Pech)

2012 1.193 1.294 0.962 1.245 0.958
2013 1.392 1.126 1.118 1.259 1.106
2014 1.343 1.157 0914 1.058 1.269
2015 1.552 1.881 1.011 1.903 0816
2016 1.130 1.008 0.961 0964 1473
2017 23818 1.607 1.734 2786 1012
2018 1.574 0.989 1.200 1.196 1.318
2019 1.836 2032 0.849 1725 1.065
2020 4.581 1.405 1.472 1.647 2782
Average  1.957 1.388 1.108 1532 1.278

Source: Data Processing.
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DMU

Chengde Lolo
Wuliangye

New Hope
Royal Group
Sanyuan
Tongwei
Guizhou Maotai
Bright Dairy
Teingtao Beer
Erie Shares
Yanjing Beer

Shuanghui
Development

Sanquan Food
Yanghe Shares
Delisi

Vivian Shares
COFCO Sugar
Average

2019

1.650
1114
1.985
1.670
0.697
1.271
1.048
0.764
0.488
1.265
0522
1.663

1.224
0.754
6.606
10.373
0.817
2048

Source: Data Processing.

Sortby

12

2020

1.396
1.437
1.294
5.106
0.681
3.070
1.201
0.646
0.548
1.094
0711
2079

1.215
1.276
1.366
1.580
0.729
1.501

Sortby

Range of change

-16.39%
28.97%
—34.82%
205.77%
—2.26%
141.51%
-33.74%
—16.34%
12.25%
-1351%
36.29%
25.03%

-0.71%
69.23%
—79.32%
—84.77%
-10.74%
13.44%
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DMU

Chengde Lolo
Wuliangye

New Hope

Royal Group

Sanyuan

Tongwei

Guizhou Maotai

Bright Dairy

Tsingtao Beer

Erie Shares

Yanjing Beer

Shuanghui Development
Sanquan Food

Yanghe Shares

Delisi

Vivian Shares

COFCO Sugar

Average

Source: Data Processing.

2011

1.792
0.820
3.246
1.422
3317
1.639
1.058
1.001
0.684
1.240
0569
1.639
0.959
1.466
0.992
2245
0.840
1.472

2012

1.963
0.837
2.745
0.835
1.411
2070
1.221
0.589
0518
1.548
0.497
1.827
0.616
1.717
0.807
7.653
2.020
1.681

2013

1.969
1.014
2128
0.766
6.787
2123
1210
0777
0.491
1.042
0585
1.892
1179
1.034
1.128
1.498
0.906
1.560

2014

2435
0.739
1.174
1.159
1.498
2,083
0.874
0.759
0.581
1.540
0539
1.284
0.761
0.864
0.928
1.083
2.076
1.194

2015

1.671
0.508
1.163
1.179
1.023
1.938
0.990
0.824
0.837
1.301
0.461
1.272
2672
1.143
3.104
4.835
1.656
1.662

2016

1.627
0.575
1.440
1.402
0.689
1471
0.831
0.663
0.492
1.261
0.405
1.835
0.937
0.982
4014
1471
2.739
1.326

2017

1672
0918
1116
0922
6874
1572
1613
0.860
0.444
1.260
0.483
2.128
0852
0877
6672
0728
0773
1.751

2018

1.730
0.691
1.466
2019
0.668
1.528
1.401
0917
0519
1.260
0611
2570
0.794
0.814
2.417
1117
0.905
1.260

2019

1.650
1114
1.985
1.670
0.697
1271
1.948
0.764
0.488
1.265
0522
1.663
1.224
0.754
6.606
10.373
0817
2.048

2020

1.396
1.437
1.294
5.106
0.681
3.070
1.291
0.646
0.548
1.094
o711
2.079
1215
1.276
1.366
1.580
0.729
1.601

Average

1.780
0.865
1.776
1.648
2.365
1.842
1.244
0.789
0.560
1.281
0.538
1.789
1121
1.003
2.803
3.256
1.336
1.534

Ranking

6
14
7
8
3
4
1
15
16
10
17
5
12
13
2
1
9
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Variable Mean Std. Dev. Min Max Observations

Return on net assets Overall 0.141 0.128 -0.308 0.500 N=170
Between 0.115 0.002 0.348 n=17
Within 0.062 -0.180 0.353 T=10
Tobin Q Overall 2.462 1.702 0.564 11.976 N=170
Between 1.334 1.062 5.658 n=17
Within 1.101 -0.589 8.806 T=10
Shareholder Overall 1.998 5.085 -0.740 37.170 N=170
Between 4.651 0.032 19.448 n=17
Within 2321 -9.010 19.720 T=10
Employees Overall 115609.400 68280.600 31445.260 407298.600 N=170
Between 61414.130 58128.650 287061.700 n=17
Within 33036.410 5865.077 235846.300 T=10
Creditors Overall 0.350 0.303 -0.267 1.251 N=170
Between 0.265 0.034 1.030 n=17
Within 0.159 -0.143 0.851 T=10
Consumers Overall 1.109 0.007 0.740 1524 N=170
Between 0.066 0915 1.196 n=17
Within 0.073 0.895 1.490 T=10
Government Overall 0.099 0.073 0.005 0.293 N=170
Between 0.071 0.018 0.222 n=17
Within 0.024 0.038 0.199 T=10

Source: Data Processing.
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Variables Stakeholders

Inputs Shareholder

Employees

Creditors.

Consumers.

Government

Outputs Enterprise

Source: Literature Research.

Indicators

Earnings per
share

Employee
proftabilty level

Gearing ratio

Operating cost
ratio

Tax contribution
rate

Return on net
assets

Tobin Q

Calculation formula

Net income/Nurmber of
common shares

Cash paid to and for
employees/Total
operating income

Total iabilties/Total
assets

The total cost of
operations/Total
operating revenue
(Taxes paid - Tax
refunds received)/Total
operating income

Net Income/Average
Net Worth

The market value of the
total capital of the
enterprise/Replacement
cost of the total capital
of the enterprise
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Size
Size 1
cG 0.110
Equity 0.069
Profit 0.101
Age 0.508*
VIF 1.390

Significance: 'p < 0.1.
Source: Data Processing.

ca

-0.063
-0.002
0.054
1.020

Equity

-0.028
0.080
1.010

Profit

-0.019
1.020

Age

1

1.360
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Variable

CSR  Overal
Between
Within
Size Overall
Between
Within
ce Overall
Between
Within
Euity  Overal
Between
Within
Profit  Overal
Between
Within
Age Overall
Between
Within

Mean

1.534

23.349

0.906

0.399

—0.437

2843

Source: Data Processing.

Std. Dev.

1.390
0.752
1.182
1219
1.170
0.436
0.293
0.156
0.250
0.156
0.150
0.053
6.215
1.918
5.928
0.530
0.468
0.271

0.405
0.538
-0.994
20816
21.264
22.110
0.000
0.500
0.006
0.088
0.108
0.108
-73.115
—7.309
—66.243
0.693
1.750
1.686

Max

10.373
3.256
8.652
26.086
25.253
24.897
1.000
1.000
1.406
0.734
0.608
0.682
8.835
0.604
9.663
3.332
3.149
3.291

Observations

N=170
n=17
T=10

N=170
n=17
T=10

N=170
n=17
T=10

N=170
n=17
T=10

N=170
n=17
T=10

N=170

17

=10
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Type Variables
Explined  CSR efficiency
variables

Enterprise size

Corporate governance
level

Explanatory  Shareholding
variables concentration

Profitability

Listing years

Source: Literature Research.

Symbols Indicator description

CSR

Size

CG

Equity

Profit

Corporate social
responsibility efficiency
Natural logarithm of total
assets at the end of the year
Take 1 when the level of
governance is high;
otherwise, take O

Number of shares held by
the largest shareholder/Total
number of shares

(Current year's net profit -
Prior year's net profit) / Prior
year's et profit

Current year - year of listing
+ 1, taking the natural
logarithm
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2019

Digital econormy (DE) 0.1241°** (1.56)
COVID-19 (COV) ~0.0102"** (~0.09)
(covy) 00131 (051)
(DE'COV) 04512 (351)
Level of industrialization (SIZE) 1.4241"" (6.21)
Urbanization level (CITY) 02212 (2.22)
Foreign direct investment (FDI) —-0.1241* (—1.09)
Advanced industrial structure (ADV)  1.5553" (6.11)
Constant ~8.5685™" (~8.12)

ind * represent level of significance at 1%, 5% and 10%.

2020

03156 (2.02)
~0.1721"" (-0.39)
0.1251°** (0.59)
1.6521 (7.02)
15244 (5.52)
01241 (2.08)
—0.2241" (-1.32)
2.2767* (6.34)
—4.5457"" (-8.24)
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2019

Digital economy (DE) 02451 (2.42)
COVID-19 (COV) —0.0251""* (~0.24)
(covy) 00145 (0.41)
Level of industrialization (SIZE) 1.4152" (5.28)
Utbanization level (CITY) 02524 (2.34)
Foreign direct investment (FDI) —0.163* (~1.21)
Advanced industrial structure (ADV)  1.5124" (6.21)
Constant —8.5355 (~8.55)

and * represent level of significance at 1%, 5% and 10%.

2020

06251 (3.29)
~0.1256"" (~0.75)
01521+ (0.62)
1.6124" (6.67)
016417 2.17)
—0.2231* (~1.64)
2.2241" (6.45)
—4.5524""" (~8.96)
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Variables

Integration degree of cultural tourism industry
Digital economy (DE)

COVID-19 (COV)

Level of indlustrialization (SIZE)

Urbanization level (CITY)

Foreign direct investment (FDI)

Advanced industrial structure (ADV)

Mean

0.429
5.80
4.26
1.834
7.664
3.258
4624

‘Standard deviation

0.124
0.10

3.34

1.197
0.645
0847
0.580

Min

0.131
5.64

—1.064
5.225
1.450
3.230

0.695
607

11.13
4.182
8.749
6.194
6.193
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First-level dimension

Coverage

Investment portfolio

Degree of digitization

Second-level dimension

Account coverage

Payment transactions

Money fund business.

Personal consumption loan

Small and microoperator

Insurance services

Investment business

Credit business

Mobilty

Affordable

Credibilty

Facilitation

Specific indicators.

Number of Alipay accounts per 10,000 people
Percentage of Alipay tied card users

Average number of bank cards bound to each Alipay account

Number of payments per person

Per capita payment

Active users with high frequency (50 or more active times per year) accounted for 1 or
more active times per year

Per capita purchase of Yu 'sbao

Per capita purchase amount of Yu 'ebao

The number of people who buy Yu "ebao per 10,000 Alipay users

The number of users of Internet consumer loan in every ten thousand Alipay users
Numnber of loans per capita

Per capita loan amount

Number of users of Internet small and microbusiness loans per 10,000 adult Alipay
users

Average number of loans for small and microbusiness owners
Average loan amount of small and microbusiness operators

Number of insured users per 10,000 Alipay users

Number of insurance per capita

Per capita insurance amount

Number of people participating i Internet investment and financing per 10,000 Alipay
users

Number of investments per capita
Per capita investment
Number of credit calls per natural person

Number of service users (including finance, accommodation, travel, social
networking, etc.) using credit service per 10,000 Alipay users

Proportion of mobile payment transactions
Proportion of mobile payment amount

Average loan interest rate for small and microbusiness operators

Average personal lending rates

Credibilty

Proportion of the payment amount of Huabei

Proportion of free deposit Sesame Credit (compared with all cases requiring deposits)
Proportion of Sesame Credit free deposit amount (compared with all cases requiring
deposit)

The proportion of users using QR code to pay

The proportion of the amount paid by users using QR codes
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System

Culture industry

Tourist industry

First-level indicators

Industrial scale

Industrial benefit

Industry factors

Industrial scale

Industrial benefit

Industry factors

Second-level indicators

Cultural expenses (ten thousand Yuan)

Total operating revenue of cultural market (ten thousand Yuan)
Number of museum visitors (ten thousand/person)

Audience of arts group performance (ten thousand/persor)
Operating income of cultural service Industry (ten thousand Yuar)
Operating income of cultural manufacturing industry (ten thousand Yuan)
Operating income of wholesale and retail enterprises (ten thousand Yuan)
At performance group performance income (ten thousand Yuan)
Number of museurns (units)

Number of public ibrary institutions (units)

Number of performing arts venues (units)

Number of legal entities in cultural and related industries (units)
Employees of cultural institutions (ten thousand people)

Domestic tourism revenue (100 milion yuan)

Foreign exchange income from tourism (USD 100 milion)
Domestic tourist number (ten thousand/person)

Inbound tourists (ten thousand/person)

Operating income of travel agency (ten thousand Yuan)

Star hotel operating income (ten thousand Yuan)

Operating income of tourist attractions (ten thousand Yuan)
Number of travel agencies

Number of star-rated hotels

Number of tourist attractions

Tourism industry employees (ten thousand people)
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Coupling coordination

0.00-0.09
0.20-0.29
0.40-0.49
0.60-0.69
0.80-0.89

Coordination level

Extreme imbalance
Moderate disorders

On the verge of disorder
Primary coordination
Good coordination

Coupling coordination

0.10-0.19
0.30-0.39
0.50-0.59
0.70-0.79
0.90-1.00

Coordination level

Serious imbalance

Mild disorder

Barely coordination
Intermediate coordination
Good coordination
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Country Lockdown periods Length of

lockdown
(Unit: Day)

Ecuador 2020.3.15-2020.5.4 51

Kuwait 2020.3.12-2020.3.29 2020.5.10-5.30 39

Hungary 2020.11.11-2021.3.15 125

Peru 2021.1.15-2021.2.14 31

Gresce 2020.3.23-20205.4 81
2020.11.7-2020.12.14

Portugal 2020.3.8-2020.5.2 2020.11.14 56

Gzech Republic 2020.3.16-2020.3.24 60
2020.10.22-2020.11.20
2021.3.1-2021.3.21

Vietnam 2021.7.23-2021.8.6 15

Bangladesh 2021.4.5-2021.4.11 2021.6.28-2021.7.4 28
2021.7.23-2021.7.13

Finland 2021.3.82021.3.28 21

New Zealand 2021.8.17-2021.8.23 10
2021.9.19-2021.9.21

South Africa 2020.3.26-2020.4.16 21

Philppines 2020.3.15-20205.15 62

Malaysia 2020.3.18-2020.3.312021.6.1-2021.6.14 28

Denmark 20203.12-2020.4.6 2

Israel 2020.9.18-2020.10.14 100
2020.3.20-20205.15
2020.12.27-2021.1.11

Singapore 2020.4.7-2020.6.1 20215.16-2021.6.16 85

Argentina 2020.3.20-2020.5.24 66

United Arab Emirates  2020.3.26-2020.6.13 49

Austria 2020.3.16-2020.4.14 109
2020.11.3-2020.12.7
2020.12.26-2021.2.7

Thailand 2020.4.9-2020.5.17 2021.6.28-2021.7.28 69

Belgium 20203.13-2020.4.3 64
2020.11.2-2020.12.13

Poland 2020.11.7-2020.11.29 53
2021.3.20-2021.4.18

Turkey 2020.4.23-2020.4.26 23
2021.4.20-2021.5.17

Switzerland 2020.3.16-2020.5.27 73

Saudi Arabia 2020.3.25-20209.15 175

Netherlands 2020.10.14-2020.11.4 118
2020.12.16-2021.3.15

Mexico 2020.3.30-2020.6.1 98
2020.9.18-2020.10.21

Spain 2020.3.16-2020.5.2 48

Russia 2020.3.28-2020.4.30 45
2021.10.28-2021.11.7

Australia 2020.3.23-2020.4.27 2020.7.8-20209.43 118
2021.6.26-2021.7.9

Canada 2020.3.18-2020.7.31 243
2020.11.28-20213.9

Htaly 2020.3.10-20205.4 113
2020.10.24-2020.11.30
2021.3.15-2021.4.2

United Kingdom 2020.3.23-2020.6.1 2020.11.52020.122 141
2021.1.52021.2.15

India 2020.3.25-2020.5.3 2021.4.19-2021.5.31 83

France 2020.3.17-20205.11 121
2020.10.30-2020.12.1 2021.4.3-20215.3

Germany 2020.11.2-2020.12.20 76
2021.3.23-2021.4.18

Japan 2020.4.8-2020.5.25 a7

United States 2020.3.16-2020.4.7 23

China (Wuhan) 2020.1.23-2020.4.8 7%
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®No o s -

©

1
12
13
14
15
16
17
18
19
20

Country

Ecuador
Kuwait
Hungary

Peru

Greece
Portugal

Gzech Republic
Vietnam
Bangladesh
Finland

New Zealand
South Africa
Phiippines
Malaysia
Denmark

Israel
Singapore
Argentina
United Arab Emirates
Austria

Loss
infected
coefficient

5.32
392
337
263
257
243
243
213
1.82
1.78
1.70
1.69
1.67
161
1.53
152
1.35
1.32
131
1.24

21
22
23
24
2
2
27

2888

32
33

588988¢

Country

Thailand
Belgium
Poland
Turkey
Switzerland
Saudi Arabia
Netherlands
Mexico
Spain

Russia
Australia
Canada

Italy

United Kingdom
India

France
Germany
Japan

United States
China

Loss
infected
coefficient

1.16
112
1.02
0.87
0.81
0.73
0.67
0.49
0.41
0.39
0.31
031
0.29
023
0.22
022
0.15
0.1
0.04
0.03
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Risk level of COVID-19

Level |

Level Il
Level Il
Level IV

The meaning of
risk level

Severe
Serious
High
Ordinary

Range of variable
scores

65<
55<<65
45<<55
35<<4.5
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Joint OLS Spatial fixed effects Time fixed effects Time and spatial
fixed effects
0.983 0.987 0.986 0.990
X1 3.430" 2.907** 2.826" 2,900
x2 4289 4301 4419 44127
LogP X3 0.041~ -1.007- -1.677* —0.667-
X4 -0.501- -1.670" -0.573~ -2.013"
X5 —4.110" —-2.875" —4.146" —2.463"
X6 6.442 3580 6358 2883
LM spatial lag test 0.0002- 0.0000~ 0.0000~ 0.0010~
LM spatial error test 12.3880" 11.6022* 7.5131 3.3127*
Robust LM spatial lag test 1.7989~ 1.3267- 0.9845~ 0.3606~
Robust LM spatial error test 14.1866" 12.9289"* 84977 3.6724"

GDR gross domestic product; OLS, ordinary least squares.
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General objectives

Comprehensive assessment indicator system for
monthly economic losses of COVID-19

Primary assessment variables

Indlustry’s economic losses.

Social-economic losses

Health economic losses

Secondary assessment variables

The percentage of the industrial output of GDP (%)

The percentage of the construction output of GDP (%)

The percentage of the wholesale, retail and catering output of
GODP (%)

The percentage of the transport, storage and post and
telecommunications output of GDP (%)

The percentage of consumer spending of GDP (%)

The percentage of government final consumption expenditure of
GODP (%)

The percentage of gross fixed capital formation of GDP (%)
Cures (person)

Deaths (person)

Infections (person)
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Variable
Constant
X1
X2
X3
X4

X5
X6

R2
S.E. of regression
Sigma-square
Log likelihood

Coefficient

-19,326
—-8.07057
16.7747
182.772
0.000515639
—23.245
0.000482438

0.996392
155.271
24109.2
—90.509

Std. error Z value
8806.79 —1.64529
3.83835 —2.10261
3.44211 4.87339
81.9198 223111

0.000368178 1.40052
5.26566 —4.42295

9.608e—005 5.02121

Mean dependent var
S.D dependent var
Akalke info criterion

Schwarz criterion

Probability

0.02820™
0.03550*
0.00000"*
0.02667"*
0.16136~

0.00001***
0.00000"*

2892.86
2585.02
197.018
202.13
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Variable

Constant
X1
X2
X3
X4
X5
X6

R
S.E. of regression
Sigma-square
Log likelihood

Coefficient

—9864.87
—12.6926
19.0856
87.5077
0.000442024
—6.98233
0.000230957

0.989472
266.245
70354.8

—86.206758

Std. error Zvalue
8738.91 —1.12884
413371 -3.07052

3.96255 4.81648

81.4873 1.07388
0.000338078  1.30746

6.46173 —1.08057
0.000188423  1.22674

Mean dependent var
S.D dependent var
Akaike info criterion

Schwarz criterion

Probability

0.26896~
0.00214*
0.00000"*
0.28288~
0.19106~
0.27989~
0.00000"*

2892.857143
2685.01922
186.414
190.887
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Variables

Constant
X1
X2
X3
X4
X5
X6

R
S.E. of regression
Sum squared resid
Log likelihood

Coefficient  Std.error t-statistic
—21561.9 13305.3 —1.62055
—3.97051 4.14586 —0.957704

13.1271 3.73844 351139
200.884 124.211 1.61727
0.000315832  0.000531627 0594085
—17.0679 5.29043 —3.22618
0.000452168  0.000144838  3.12188
0.995747 Mean dependent var
238.42 8.D dependent var
397,910 Akalke info criterion
—91.6496 Schwarz criterion

Probability

0.14915~
0.37011~
0.00984"**
0.14985~
057115~
0.01453*
0.01680**

2892.86
2586.02
197.299
201.773
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Independent variable @ 6 ©)

FOI —3.261" —8.207" -3274"
(1.689) (1.585) (1.543)
EXPC ~0.0005 ~0.001
(0.003) (0.003)
EXIMPC ~0.001
(0.002)
DOMTR ~0.287 —0.187 ~0.181
(0:227) (©271) (0276)
SECIND 1.025° 0996 0972
(0.547) (0519 (0.539)
TERIND 1.049 1.063* 1.062*
(0.699) (0.582) (0.603)
GRPPC 0.007 0010 0000
(0.005) (0.004) (0.004)
ECOSIG ~0.783 ~0.801 -0582
(1.435) (1.302) (1316)
TRANSP 0519° 0.698" 0664
(0.298) (0310 (0281)
INLF ~0027 ~0.027* ~0.026*
©0.017) (©.014) 0.014)
GOVEX -3.602 2.497 2735
(9.096) (6.656) (7.299)
EDUFND 1.151 0.736 0.936
(1.590) (1.175) (1.167)
EDUENR -3.122
(2.484)
EDUGRA -4.820 —4.661
(7.634) (7.649)
Time dummies Yes Yes Yes
Provincial dummies Yes Yes Yes
Observations: 251 251 251
Period of estimation 19972007 19972007 1997-
2007
AR (2) test (p-value) 0.124 0.104 0.116
Sargan test (p-value) 0.101 0.153 0.412
Hansen test (o-value) 0.793 0792 0788

The dependent variable is intra-provincial regional inequality (GINY) measured by the Gini
coefficient in each province. Standard errors (in parenthesss) are asymptotically robust to
heteroskedasticity. AR (2) s the Arellano-Bond test for the second-order serial correlation
in the first-differenced residuals, under the null hypothess of no serial correlation. Both
Sargan and Hansen are tests of the overidentifying restrictions under the null hypothesis of
valid instruments. *, *, and *** show that estimated coefficients are statisticelly signiicant
at the 10%, 5%, and 1% levels. See Appendix Table A1 for a list of all variables
and their defiitions. In all specifications, we employ untabulated year and provincial
dummy variables.
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Independent variable ) @ <)

FOI ~2.001" —3.417" -3513"
(0891) (1.509) (1.306)
X 0.242° 0085 0016
(0.187) (0:221) (0.058)
DOMTR ~0.424 ~0.405 —0.461"*
(0.346) (0.337) (0.149)
SECIND 0.906" 0.673* 0.702*
(0.359) (0.352) ©0:277)
TERIND 0.680" 0.608" 0995
(0375) (0.306) (0.456)
GRPPC 0.008 0012
(0.008) (0.006)
ECOSIG ~8.120 ~1238
@.175) (1.597)
TRANSP 0.618" 0762 0620
(0.250) (0.356) (0.245)
INLF ~0023" -0018 ~0.084""
0013) (0.014) 0.012)
Govex 1399 5.467 -0338
(5.540) (5.060) (4.829)
EDUFND -1.703 0.230 0.672
(1.308) (1.727) (1.788)
Time dummies Yes Yes Yes
Provincial dummies Yes Yes Yes
Observations: 251 251 251
Period of estimation 1997-2007 1997-2007 1997
2007
AR() test (p-value) 0.127 0.127 0111
Sargan test (p-value) 0058 0277 0349
Hansen test (o-value) 0750 0705 0799

The dependent variable is itra-provincial regional inequality (GINY) measured by the Gini
coefficientin each province. Standard errors (in parentheses) are asymptoticall robust to
heteroskedasticity. AR(2)is the Arellano-Bond test for the second-order serial correlation
in the first-differenced residuals, under the null hypothesis of no serial correlation. Both
Sergan and Hansen are tests of the overidentifying restrictions under the null ypothesis of
valid instruments. *, ", and *** show that estimated coeffcients are sttistically significant
at the 10%, 5%, and 1% levels. See Appendix Table A1 for a list of all variables
and their defiitions. I all specifications, we employ untabulated year and provincial
dummy variables.
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Independent variable

FoI -3.526"
(1.497)
X 0030
(0.033)
DOMTR -0.393"
(0.166)
SECIND 0.708"
(0.269)
TERIND 1.020"
(0.503)
GRPPC 0.011*
(0.008)
ECOSIG ~1.028
(2.035)
TRANSP 0574
(0.244)
INLF ~0.036"
(0.014)
GOVEX ~0076
(4.538)
EDUFND 0.808
(@.147)
Time dummies Yes
Provincial dummies Yes
Observations: 261
Period of estimation 1997-2007
AR(2) test (o-value) 0.107
Sargan test (o-value) 0285
Hansen test (p-value) 0798

The dependent vriable is intra-provincial regionel inequelty (GINI) measured by the Gini
coefficient in each province. Standard errors (in parentheses) are asymptoticaly robust to
heteroskedasticity. AR(2) s the Arellano-Bond test for the second-order serial correlation
in the first-differenced resicuals, under the nul hypothesis of no serial correlation. Both
Sargan and Hansen are tests of the overidentifying restrictions under the nul hypothess of
vald instruments. *, *, and ** show that estimated coefficients are statistically significant
at the 10, 5, and 1% levels. See Table A1 in the Appendix for a list of al variables
and their definitions. In all specifications, we employ untabulated year and provincial
dummy variables.
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Var.

M2
D(M2)
CHIBOR
D(CHIBOR)

Sam. per.

1996Q4-2021Q4
1997Q1-2021Q4
1996Q4-2021Q4
1997Q1-2021Q4

Mean

16.6157
—0.0002
3.5440
-0.0013

Max.

28.9467
0.0547

12.5667
0.4508

Var, variable; Sam. Per, sample period; Max, maximum; Min, minimum; Std. Dev, standard deviation.

Min.

8.0333
—0.0257
1.01
—0.8246

Std. dev.

4.8189
0.0126
2.5406
0.2669

p-value

0.9363
0.0000
0.0926
0.0136
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Variable

GINI

FOI

XM
DOMTR
SECIND
TERIND
GRPPC
TRANSP
INLF
GOVEX
ECOSIG
EDUFND

Obs.

279
294
297
295
297
297
297
297
296
270
297
297

Mean

0.283
0.013
0.240
0.342
0.450
0.369
9.552
0.084
101.3568
0.003
0.033
0.048

Std. Dev.

0.072
0.012
0.320
0.044
0.081
0044
5.566
0.047
2.149
0.004
0.027
0.015

cv

0.254
0.923
1.333
0.129
0.180
0.119
0.583
0.560
0.021
1.333
0818
0.326

Min

0.141
0.000
0.040
0.219
0.198
0254
2215
0.013
96.800
0.000
0.001
0.25

0.469
0.062
1.875
0.455
0.600
0.556
33.681
0.257
106.644
0.017
0.114
0.123
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Index TFP

™) @
o 1.6962 (0.1463) 1.5682'4(0.1517)
A ~0.1049" (0.0556) —0.0949"(0.0062)
A2 0.0122"* (0.0061) 0.0115°(0.0062)
TIA'DPI 0.0002"(0.0002)
TIAZ DPI ~0.00003"(0.00004)
ol ~8.29¢-08 (6.86¢-07) —1.486-07(7.13¢-07)
" 0.0456™ (0.0108) 0.0445"(0.0109)
M —0.0481"** (0.0144) —0.0477***(0.0145)
m —0.0461"* (0.0143) ~0.0464**(0.0146)
F-Test 5.21 (0.0001) 3.99(0.0002)
Numbers 200 200

09127 09033

* indicate that the variable is significant at 10, 5, and 1% confidence
fevel, rospectial.
The values in perentheses are the corresponding standard error
The selection of the model is mainly marked by F-test, and the corresponding statistical
value and significance level are marked.
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TestT TFP

3.6655** (0.0001)
—1.5101" (0.0655)
—3.2888" (0.0005)

Modified Phillips-Perron
Philips-Perron
Augmented Dickey-Fuller

*, *, *“Indicate that the variable is significant at 10, 5, and 1% confidence

level, respectively.
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Variables
Total factor productivity

Tourism industry
agglomeration

Discussion about
pandemics index

Residents’ disposable
income

Technological
innovation

Marketization institution

Transportation
infrastructure.

Abbr.

TEP

TIA

DPI

DI

™

M

m

Description

Total factor productivity of urban
agglomerations

The ratio of tourism industry income to
gross domestic product in urban
agglomerations to the national level

The discussion about pandernics index at
the country level

Residents’ disposable income

The ratio of the total number of patent
application to the total land area of urban
agglomerations

The marketization index of urban
agglomerations

‘The ratio of the total length of the road,
railway and inland waterway to the total
land area of urban agglomerations
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Name

Dependent variable
GINI

Explanatory variables
FDI

XM

DOMTR

SECIND

TERIND

GRPPC

TRANSP

INLF

GOVEX

ECOSIG

EDUFND

Definition

Intra-provincial regional inequalty for each province

Foreign Direct Investment/provincial GRP

The total value of exports and imports/provincial GRP'

Retail sales of consumer goods/provincial GRP

Secondary industry sector GRP/provincial GRP

Tertiary indlustry sector GRP/provincial GRP

Real GRP per capita (1,000 Yuan)

Transportation infrastructure (1,000 ki)

The provincial CPI (price base of the previous year is treated as 100)
Government expenditure for supporting underdeveloped areas/provincial GRP
Provincial GRP/national GDP

Educational funding/provincial GRP
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Variables Model A1 Model A2 Model A3

Year 2020
Long-run coefficient

c —0.68™ (~8.13) ~0.72" (-2.66) —0.36™" (~3.00)
CNIF 057 (0.35) 1.85(0.92) 001 (001)
IBOLR ~0.17(-056)  —0.23(-060)  -022(-0.13)
Short-run coefficient

c ~001(-028)  —000(-008)  —0.08(~1.14)
A CNIF —5.A7"(-164)  -367(-106)  —0.18(-0.10)
ABOLR ~049" (-2.32) -050" (-2.22)  —0.18 (~1.57)
Variables Model B1 Model B2 Model B3
Year 2021

Long-run coefficient

c ~0.68" (-2.06)  -027(-0.48) —1.03"" (~3.58)
CNIF 1.78" (1.86) 2.68(1.60) 039 (0.58)
IBOLR ~0.10(-028)  —083(-1.11) 073" (1.92)
Short-run coefficient

c 0.00(0.02) —0.01 0.00(0.09)

A CNIF 124(062)  -7.57"(-259) —2.33(-1.43)
A1BOLR 001(004)  —119"(-2.60) 071" (2.85)

1. CNIFa, INEDVa, INTDVa, INCRe, IBOLRa denote new infection rates, inner-day volatity
of the stock index, inter-day volatilty of the stock index, increase rate of the stock index,
and the inter-bank overnight lending rate in 2020, respectively; while CNIFa, INEDVa,
INTDVa, INCR, IBOLRa denote variables in 2021

2. t-values are provided in parentheses.

3. ("), (**), (") significant at 1, 5, 10% levels, respectively.
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Model

Year 2020
A1
A2
A3
Year 2021
B1
B2
B3

Significant
level

1%

5%
10%

AlC sic
2253 22,08
13.72" 13.72
25,06 25,06
1420 14207
12,69 12.69"*
1954 1954

ARDL bounds test, critical value

Critical value Critical value
of upper bound of lower bound
636 515
485 379
4.14 317

is significant at 1% significance level.
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Model

Year 2020
Al
A2
A3
Year 2021
B1
B2
B3

The optimal number of lags is provided in parentheses.

AlC

096 (2)
167 @)
257(2)

~7.43(1)
—6.55 (1)
~7.86(1)

sic

177 (1)
237(1)
1.23(1)

—-6.63(1)
—6.10(1)
~7.36 (1)





OPS/images/fpubh-10-810102/fpubh-10-810102-t002.jpg
Variable

Year 2020
LnCNIRa

LnINCRa

LnINEDVa

LnINTDVa

LnIBOLRa

Year 2021
LnCNIRb

LnINCRb

LnINEDVb

LnINTDVb

LnIBOLRb

Type

Intercept

Trend and intercept
None

Intercept

Trend and intercept
None

Intercept

Trend and intercept
None

Intercept

Trend and intercept
None

Intercept

Trend and intercept
None

Intercept
Trend and intercept
None

Intercept

Trend and intercept
None

Intercept

Trend and intercept
None

Intercept

Trend and intercept
None

Intercept

Trend and intercept
None

Level

—094[0.77)
~150(0.82)
0.79 [0.88)
~6.92* (0.00]
~6.98 (0.00]
—2.04"0.04)
~4.99 (0.00]
~4.95"" [0.00]
~1.98" 0.05]
—821" (0.00]
~8.23[0.00)
—1.40" 0.15)
—429" (0.00]
~4.26 (0.00]
~1.00 (0.28)

~2.25(0.19)
—2.85(0.18]
~1.25[0.19)
~6.26*(0.00]
~6:39" (0.00]
~1.14 (0.23]
~553(0.00]
~551"0.00]
—2.49" [0.01]
~7.95" (0.00]
—7.87"* 0.00]
~1.33(0.47)
—4.42"* (0.00]
—4.35" (0.00]
-0.78(0.37)

ADF

1st dif.

—~7.15"* [0.00]
~5.49*(0.00]
—7.07** (0.00]
~11.31" [0.00]
—11.18"* (0.00]
—11.43" 0.00]
—8.61* (0.00)
~8.52**(0.00]
~8.70" [0.00]
~8.24" (0.00]
—8.17"(0.00]
-8.33"*(0.00]
—6.63"* (0.00]
—6.56"* (0.00]
—6.70** (0.00]

—9.54* (0.00]
—9.46"*0.00]
~9.63** (0.00]
~10.94* [0.00]
—5.91"(0.00]

—9.40"** (0.00]
~9.61" (0.00]
—12.94"* [0.00]
—~12.80"* (0.00]
~18.09"* [0.00]
~9.39"* (0.00]
~9.31"*(0.00]
—9.47** (0.00]

Level

~1.28(0.63]
—3.02(0.14)
058 (0.84)
~6.94"* [0.00]
~7.01* (0.00]
~3.06* [0.00]
—4.94" (0.00]
—4.90" [0.00]
~2.360.06]
~8.23 [0.00]
—8.27" [0.00]
—2.18" [0.03]
~3.92"* (0.00]
~3.81(0.02)
—0.560.47)

~2.20(021)
—2.88(0.18)
~1.10(0.24)
—6.27" [0.00]
-6.38* [0.00]
~154[0.11)
~551" [0.00]
—5.46"* [0.00]
~2.28"(0.02)
~8.16* [0.00]
—~8.19" [0.00]
~1.98(0.05]
—4.42" (0.00]
—4.35™" [0.00]
—0.78(037)

PP

1st dif.

—10.66 (0.00]
~10.50 (0.00]
~10.51 (0.00]

~49.90" [0.00)

—45.09"* [0.00)

—48.84" [0.00)

—17.68" [0.00)

—17.35" [0.00)

—17.94" [0.00)

—40.22" [0.00]

—40.05"* [0.00)

—40.47"* [0.00)

~10.98" [0.00)

—10.68"* [0.00)

—11.15"* [0.00)

~9.54" (0.00]
~9.46™ [0.00]
~9.62'* (0.00]

~26.71"" [0.00)

~26.16"* [0.00)

~26.94" [0.00)

~20.74" [0.00]

~20.94" [0.00)

~21.00 [0.00]

—46.55"* [0.00)

—46.54"** [0.00]

—45.70" [0.00)

—12.64" [0.00)

—12.61" [0.00)

—12.77" [0.00)

1. CNIFa, INEDVa, INTDVa, INCRa, IBOLRa denote new infection rate, inner-day volatilty of the stock index, inter-day voatilty of the stock index, increase rate of the stock index, and
the inter-bank overnight lendiing rate in 2020, respectively; while CNiFa, INEDVa, INTDVa, INCRa, IBOLRa denote the variables in 2021. 2. p-values are provided in brackets. 3. (***), ("),
(") significant at 1, 5, 10% levels, respectively.





OPS/images/fpubh-10-810102/fpubh-10-810102-t001.jpg
Mean Median Maximum Minimum Std. dev. Observations

CNIFa 0.06 0.02 0.16 0.01 0.04 50
INEDVa  0.53 0.52 : 0.09 0.22 50
INTDVa  0.64 0.64 1 0.18 0.13 50
INCRa 053 053 1 0.02 0.17 50
IBOLRa 1.87 1.94 240 0.68 0.35 50
CNIFb 0036 0.08 0.09 0.01 0.02 47
INEDVb  0.59 0.59 1 0.10 0.18 47
INTDVb  0.67 0.67 1 037 0.09 47
INCRb  0.60 0.62 1 0.10 0.19 a7
IBOLRb  2.07 212 235 157 0.20 47

1. CNIFa, INEDVa, INTDVa, INCRa, IBOLRz denote new infection rate, inner-day volatiity
of stock index, inter-day volatility of the stock index, increase rate of the stock index, and
the inter-bank overnight lending rate in 2020, respectively; while CNIFa, INEDVa, INTDVa,
INCRe, IBOLRa denote the variables in 2021.

2. Variables of INEDVa, INTDVa, INCRa, INEDVb, INTDVb, INCRb are featured scaled.
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Gross exports (exp)
Exports to OBOR Members (brex)

Exports to ROEP Members (pex)

Global economic policy uncertainty
(gepu)

China econormic policy uncertainty
(cepu)

Industrial output (iav)

RMB exchange rate (rate)

Variable description

Log of Chinals actual gross exports
Log of Chinals exports to “One Belt
One Road" members

Log of China's exports to RCEP.
members

Global economic policy uncertainty
index

China economic policy uncertainty
index

Log of the month-on-year added
value of industrial enterprises above
designated size

Average exchange rate of RMB to
usp

Data source

Wind database
CElnet statistics database

CElnet statistics datebase
hitp:/www.policyuncertainty.com
hitp:/www.policyuncertainty.com

Wind database
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V) @ ® “@ ©) © @ ® © 10)

oLs 10% 20% 30% 40% 50% 60% 70% 80% 90%
d(GLOBAL_PANDEMICS) 0.031* 0.019™ 0.041% 0.051 0.038™ 0.026" 0.017 0.015 0.026 0.035
Constant 0.003 —0.174* =0.111" —0.087* —0.039" 0.003 0.037 0.094*** 0.115 0171
Observations 93 a3 93 a3 a3 93 a 93 a3 9B

“p < 0.01, **p < 0.05, and *p < 0.1.
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Prob.
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Prob.
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Prob.
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Prob.

"0 < 0.01 and **p < 0.05; (n0): not significant.

*MacKinnon (37) one-sided p-values.

‘GLOBAL_USD
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INDICATOR ‘GLOBAL_PANDEMICS GLOBAL _USD PANDEMICS_RETURN ART_RETURN

Mean 21.83642 164.8021 0.034545 0.006118
Median 1.699421 150.7463 —0.066987 0.009806
Max. 416.3459 243.2836 3.045614 0.358945
Min. 0.061256 95.52239 —1.641465 —0.442644
Std. Dev. 73.63242 38.37482 0.913938 0.141998
Skewness 3.98767 0.466349 1.413463 -0.086829
Kurtosis 18.06275 2.360128 7.664214 3.160983

Observations 94 94 a3 93
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Economic zone

The northeast economic
zone

The northern coastal
economic zone

The eastern coastal
economic zone

The southern coastal
economic zone

The middle reaches of
yellow river economic zone

The middle reaches of
yangtze river economic zone

The southwest economic
zone

The northwest economic
zone

Industry

Primary industry

Second industry
Tertiary industry
Primary indlustry

Second industry
Tertiary indlustry
Primary industry

Second industry
Tertiary industry
Primary industry

Second industry
Tertiary industry
Primary indlustry

Second industry
Tertiary indlustry
Primary indlustry

Second industry
Tertiary indlustry
Primary indlustry

Second industry
Tertiary indlustry
Primary indlustry

Second industry
Tertiary indlustry

Max, maximum; Min, minimum; Std. Dev, standard deviation.

Mean

3,679.37

111,287.93
11,850.82
5,401.89

28,347.07
37,599.50
3,775.89

39,187.29
43,306.04
4,001.10

29,779.98
31,397.04
5,197.01

23,004.72
20,519.79
6,639.66

25,695.13
26,389.71
7,062.45

20,496.84
24,399.36
1,738.44

5,182.87
6,150.13

Max.

7,275.9

17,979.06
26,638.24
9,561.69

52,729.84
97,723.68
6,800.52

80,928.85
118,394.3
8,638.29

64,834.23
86,724.71
10,593.08

49,044.49
56,816.22
13,798.63

59,915.1
76,080.35
17,054.52

49,170.97
71,881.23
4,002.38

11,147.24
16,493.86

1,262.55

3,662.46
2,500.46
2,108.62

6,265.38
5,203.00
1,716.29

7,746.53
5,370.04
1,683.29

5,007.39
43,84.35
1,746.51

3,548.92
2,738.77
2,643.36

3,488.13
3,473.63
2,429.08

3,569.36
3,067.50
570.98

881.36
885.02

Std. dev.

2,099.55

5,488.76
8,342.92
2,661.56

17,101.77
30,547.38
1,862.58

25,651.87
36,923.23
2,231.66

20,758.35
26,398.48
2,896.77

3,350.36
3,644.89
3,627.11

20,447.56
23,880.43
4,591.89

16,678.73
15,139.52
1,092.63

3,648.24
5,198.61
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Scenario  Type

Single

Joint

Single

Joint

Intervention strategy

Nointervention
Personal protection
Isolation-and-Quarantine
Community containment
Program A

Program B
Nointervention

Personal protection
Isolation-and-Quarantine
Community containment
Program A

Program B

Number of cases

1,698 + 716.41
1,319 + 950.02
2+£1.08
1£0.70
1£047
14048
1,998 + 2.00
1,998 + 2.17
84226
7191
7+£207
74175

ICERS, incremental cost-effectiveness ratios: compared with no intervention.
“Program A: personal protection and isolation-and-quarantine; Program B: personal protection and community containment.

Cost of cases

11,628.37 + 4,863.86
8,952.90 + 6,449.89
10.46 +7.38
9.64+£4.75
9.23+4.58
855+329
13,564.99 + 13.56
13,562.34 + 14.75
52.34 + 16.33
49.90 £ 12.96
49.15 + 14.06
4881+ 11.89

Cost

Cost of measures

0
486.97 + 260.28
1.97 + 1.65
551.97 +52.19
170.07 £ 22.89
712.60 + 60.02
0
501.24 + 54.21
6.21+£2.61
608.70 + 59.26
189.54 + 13.62
795.44 + 86.62

Total cost

11,528.37 + 4,863.86
9,439.86 = 6,700.97
12.43 + 8.40
561.61 % 53.21
179.30 £ 25.04
721.15 +£60.79
13,564.99 + 13.56
14,063.58 + 51.69
58.56 + 16.58
658.60 + 65.00
238.70 +£22.76
844.25 £ 90.98

ICERs

cost-saving
cost-saving
cost-saving
cost-saving
cost-saving

1,278.438

cost-saving
cost-saving
cost-saving
cost-saving
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Parameter

Model set
Initial agents

Background transmission
constant

Infect radius

Exponent in transmission
rates

Epidemiology
Serial interval (days)
Incubation period (days)

Odds ratio of personal
intervention

Cost (USS)

Surgical mask (per unit)
Soap (per unit)

Water cost per liter

Direct medical cost per
case

Quarantine of each close
contact per day

Other parameters
Hospitalization time (days)
Rest time (days)
Quarantine time (days)

Per capital disposable
income (USS)

Per capital GDP (US$)

ABM, agent-based model: GDP, gross domestic product.

Base-value

2,000

Mean:7.5;

; SD:3.4
Mean:4.8; SD:2.6

0.33

0.14
2.85
0.00041
6,500

50

17

7

14
4,401

9,595

Distribution

Gamma
Gamma

Sources

Assumption
@

@
@

(20
@1
@)

(24

Field work
Field work
(25, 26)

Field work

(25, 26)
Assumption
Field work
@n

28)
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Variable CTR (2020) (1) CTR (2020) 2)

LnGDPC —-0.562" (0.298) —0.466 (0.301)
LnPOP = 0.883*** (0.240)
LaWPUI - -
Countries 13 13
R-squared (Adjusted) 0.082 0.161

CTR (2020) (3)

—0.036 (0.375)
0984 (0.280)
6251 (2.521)
13
0286

CTR (2021) (4)

—0.525" (0.291)

113
0.059

CTR (2021) (5)

—0.420 (0.298)
0.873" (0.238)
13
0.162

CTR (2021) (6)

—0.142 (0.325)
0.892** (0.249)
3.756" (2.174)
113
0227

The dependent variable is the Comporate Tax Rates in 2020 (left columns) and the Corporate Tax Rates in 2021 (right columns). Constant Term is included, and the standard errors are

reported in parentheses. **'p < 0.01, **p < 0.05, and *p < 0.10.





OPS/images/fpubh-10-784668/inline_23.gif
dF(y)

o <0





OPS/images/fpubh-09-816561/fpubh-09-816561-t003.jpg
Variable CTR (2020) (1)
LnGDPC —1.779"" (0.589)
LnPOP -
LnWPUI -
Countries 113
R-squared (Adjusted) 0.067

CTR (2020) (2)

—1.431" (0.567)
1,630 (0.451)
113
0.158

CTR (2020) (3)

—1.020" (0.606)
1.409'* (0.463)
7.421° (4.411)
13
0.197

CTR (2021) (4) CTR (2021) (5)

—1.667"** (0.586) —1.319" (0.565)
- 1.622"* (0.449)

113 13
0.059 0.151

CTR (2021) (6)

—1.040" (0.608)
1.471%* (0.465)
5.045" (2.124)
13
0155

The dependent variable is the Comporate Tax Rates in 2020 (left columns) and the Corporate Tax Rates in 2021 (right columns). Constant Term is included, and the standard errors are
reported in parentheses. **'p < 0.01, **p < 0.05, and *p < 0.10.
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Epu Parameter Mean Sd 95% confidence interval Geweke value Invalid factor

System 1 sb1 0.0224 0.0026 (0.0181,0.0281) 0.716 11.36
sb2 0.0221 0.0025 (0.0178, 0.0276) 0.100 12.04
sal 0.0670 0.0327 (0.0362, 0.1556) 0.166 36.71
sa2 0.0841 0.0347 (0.0325, 0.1519) 0.198 16.58
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System 2 sb1 0.0228 0.0027 (0.0183, 0.0285) 0.686 16.22
sb2 0.0218 0.0023 0.0178, 0.0268) 0.482 10.72
sal 0.0767 00334 (0.0397,0.1612) 0047 35.82
sa2 0.0583 0.0276 0.0312, 0.1296) 0.964 26.89
sh1 0.2960 0.0781 (0.2100, 0.4850) 0.000 96.46
sh2 1.6503 0.2275 (1.2456, 2.1230) 0.763 126.23

The settings of system 1 variables and system 2 variables are the same as Table 3.
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System 1 variables include: gepu, exp, iav, and rate.
System 2 variables include: cepu, exp, iav, and rate.
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5% significance level
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P-value
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