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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:
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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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