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Abstract

:

The COVID-19 pandemic and pandemic-induced lockdowns and quarantine establishments have inevitably affected individuals, businesses, and governments. At the same time, the spread of the COVID-19 pandemic had a dramatic impact on financial markets all over the world and caused an increased level of uncertainty; the stock markets were no exception either. Most of the studies on the impact of the COVID-19 pandemic on stock markets are based either on the analysis of a relatively short period (the beginning of pandemic) or a longer period, which, in turn, is very heterogeneous in terms of both the information available on the COVID-19 virus and the measures taken to contain the virus and address the consequences of the pandemic. However, it is very important to assess the impact not only at the beginning of the pandemic but also in the subsequent periods and to compare the nature of this impact; the studies of this type are still fragmentary. Therefore, this research aims to investigate the impact of the COVID-19 pandemic on stock markets of two of the most severely affected European countries—Italy and Spain. To reach the aim of the research OLS regression models, heteroscedasticity-corrected models, GARCH (1,1) models, and VAR-based impulse response functions are employed. The results reveal that the stock market reaction to the spread of the COVID-19 pandemic differs depending on the country and period analyzed: OLS regression and heteroscedasticity-corrected models have not revealed the statistically significant impact of the spread of the COVID-19 pandemic, while impulse response functions demonstrated the non-zero primary response of analyzed markets to the COVID-19 shock, and GARCH models (in the case of Spain) confirmed that the COVID-19 pandemic increased the volatility of stock market return. This research contributes to the literature by providing a comprehensive impact assessment both during the whole pre-vaccination period of the pandemic and during different stages of this period.
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1. Introduction


On 11 March 2020, the World Health Organization officially declared the coronavirus (COVID-19) outbreak to be a global pandemic. In more than a few months the COVID-19 pandemic spreaded across the world, paralyzing daily economic and social life. While the numbers of affected individuals are increasing and the global economic impacts are unclear, the financial markets are no exception either. During the year 2020, many countries recorded a drop in the stock exchange indexes. Some of the countries, such as the USA, recorded the highest plunge in the stock index in the 21st century, whereas countries such as New Zealand did not experience such a decrease. According to Shehzad et al. (2020), the USA and Europe financial markets were more affected by the COVID-19 pandemic compared to Asian financial markets; moreover, Asian financial markets provide greater opportunities to diversify financial risks.



Most of the studies on the impact of the COVID-19 pandemic on stock markets are based either on the analysis of a relatively short period (the beginning or the “first wave” of the pandemic) or a longer period, which, in turn, is very heterogeneous in terms of both the information available on the COVID-19 virus and the measures taken to contain the virus and address the consequences of the pandemic. However, it is very important to assess the impact not only at the beginning of the pandemic but also in the subsequent periods and to compare the nature of this impact; the studies of this type are still fragmentary. Therefore, this paper aims to investigate the impact of the COVID-19 pandemic on the stock exchange indexes in Italy and Spain during the period of 1 March 2020 to 30 November 2020, dividing it into three phases of different characteristics.



The selection of these countries for the research is based on the fact that both countries had tremendous financial and economic consequences regarding the virus pandemic. Experiencing the disclosure of the financial markets led to a significant drop in share prices; therefore, in response to such events, the Italian FTSE MIB 40 and Spanish IBEX 35 stock indexes decreased as well. The selection of two individual countries instead of a wider sample is based on the need to analyze the response of individual stock markets instead of accumulated global or regional response since the response of the countries in the sample may be of the opposite nature. For example, Cheong et al. (2020) analyzed if the financial markets overreacted to the COVID-19 pandemic from December 2019 to January 2020 and February 2020 to March 2020. According to the provided descriptive statistics, many selected sample countries’ financial markets reacted to COVID-19 spread during the first period, except Malaysia and Thailand. Yet, during the February to March 2020 period, all countries had a lower negative mean of returns. The MSCI World Index recorded highs that were higher than the first pandemic period in Australia, Singapore, Thailand, and the United States of America.



Thus, as is stated by Cheong et al. (2020): (i) every country has different effects from the pandemic, and it is important to understand that such a phenomenon cannot be studied in a generalized way; and (ii) the global or regional samples will not provide correct conclusions—instead, the focus should be pointed to individual countries and their macro- and micro-level reactions to the COVID-19 pandemic.



Unlike other studies, this research aims to investigate the impact of COVID-19 on Italy (FTSE MIB 40) and Spain (IBEX 35) stock exchange indexes during the three separate periods: period 1—1 March to 31 May 2020; period 2—1 June to 31 August 2020; period 3—1 September to 30 November 2020, covering two waves of pandemic and the recovery period between them. These periods at least partially coincide with the first wave of the pandemic, the so-called quiet period, and the second wave of the pandemic. This allows us not only to evaluate the impact of the COVID-19 pandemic on stock markets quantitatively but also to compare this impact during the different periods or the phases of the pandemic, at the same time perceiving critical and stabilization periods. On the one hand, as is stated by Ciner (2021), stabilization of the stock markets is crucial to seeking economic recovery in the face of the COVID-19 pandemic and after it; on the other hand, it is very important to learn the lesson from such a rare pandemic, because there is a possibility that mankind will encounter similar “unusual disasters” in the future. It is the analysis of the effect of the COVID-19 pandemic on stock markets that provides a unique opportunity to identify the patterns for future preparations.



The number of confirmed cases of COVID-19 infection is selected as an independent variable, the FTSE MIB 40 and IBEX 35 indexes are selected as dependent variables, and the CBOE Volatility Index is selected as a control variable for our research. To reach the aim of this study, and based on previous studies, the research of three stages is conducted employing the following methods: (i) simple OLS (bivariate) regression, the ARCH-LM test, and robust Heteroskedasticity and Autocorrelation Consistent Covariance Method (HAC); (ii) VAR-based impulse response functions; (iii) GARCH (1,1) model; the average and percentage changes of index values and their volatility (measured as standard deviation) are also analyzed to confirm the results of regression analysis.



The most important contribution of this research to the existing literature is that even if the impact of the COVID-19 pandemic on financial markets has been widely analyzed recently, the analysis of separate stages of the pandemic is not still widely developed. Thus, this research provides a comprehensive impact assessment both during the whole pre-vaccination period of the pandemic and during different stages of this period.



The rest of this paper is structured as follows: (i) in Section 2, the main findings of the analysis of academic literature in the field of the COVID-19 impact on stock markets are discussed; (ii) in Section 3, the assumptions and design of the research are described; (iii) in Section 4, the results of the assessment of the impact of the COVID-19 pandemic on stock markets are discussed and compared; and, finally, (iv) the conclusions, limitations, and directions for future research are presented.




2. Literature Review


As well as other financial markets, the stock markets have been inevitably affected by the COVID-19 pandemic—uncertainty in the financial world increased, expectations of market participants deteriorated. The primary negative shock was sudden and severe, in some respects even compared to the Great Financial Crisis of the year 2007–2008.On 12 March 2020, it was stated that “It was a historic day on Wall Street. The Dow plunged 10% for its worst day since Black Monday in 1987. The 30-stock index fell 2352 points—its largest point drop on record. Meanwhile, the S&P 500 plunged 9% to close in the bear market territory, thus officially ending the bull market that began in 2009 during the throes of the financial crisis” (Stevens et al. 2020). A couple of days later, S&P Global reported that “It’s now clear that the hit to global economic activity from the measures to slow the spread of the coronavirus pandemic will be massive” (S&P Global Report 2020).



A significant number of researchers (for example, Sansa 2020; Ciner 2021; Ftiti et al. 2021; O’Donnell et al. 2021; Wei and Han 2021; Cheong et al. 2020; Izzeldin et al. 2021; Ashraf 2020; Dias et al. 2020; Wang and Enilov 2020; Zhang et al. 2020; Gormsen and Koijen 2020; Kanapickiene et al. 2020; He et al. 2020; Schoenfeld 2020; and others) have analyzed the impact of the COVID-19 pandemic on global or regional financial markets. Analysis of the results of these studies discloses clear evidence that the sudden spread of the COVID-19 pandemic had a major impact on the financial markets all around the world.



For example, Ben Haddad et al. (2021) have analyzed the volatility in commodity markets and found out that the COVID-19-pandemic-induced crisis has caused one of the highest volatility periods from the 1960s. Rakha et al. (2021) employed artificial intelligence and data from previous crises to assess and predict the economic impact of the COVID-19 pandemic in the United Kingdom; predictions showed a steady growth of GDP in 2021, although at around −8.5% contraction in comparison with pre-pandemic forecasts.



Sansa (2020) investigated if there was an impact of the COVID-19 on the financial markets in the USA within the period of 1 March 2020 to 25 March 2020. The research results revealed a positive relationship between the COVID-19 confirmed cases and New York Dow Jones Financial Stock. The research of Yousaf et al. (2020) revealed the increased volatility of stock market return in Russia, India, Brazil, and Peru.



Ashraf (2020) researched proof that stock markets react to new COVID-19 cases, but not the fatalities. According to panel pooled ordinary least squares regression results, the increase in confirmed cases variable is negative and more significant, in comparison with the growth in the deaths variable, and it loses significance when daily fixed-effects dummy variables are added into the model. Thus, the author confirms that daily growth in COVID-19 confirmed cases has a strong negative correlation with stock market returns in 64 selected sample countries. However, the growth in the deaths variable also has a negative result, yet the stock market response to the number of deaths is relatively low. Findings suggest that stock market prices react strongly during the early days of confirmed cases and less when confirmed cases die later on. O’Donnell et al. (2021) also examined the responses of China, Italy, Spain, the UK and the USA equity indexes to the growth of COVID-19 confirmed cases and confirmed that the equity index faced a significant negative shock due to the increasing number of COVID-19 confirmed cases. Analyzing the sample of the top 10 countries, Zhang et al. (2020) also revealed that the growth of confirmed cases is related to the increase in risk levels; the important role of market sentiment is highlighted. Czech et al. (2020) analyzed the COVID-19 impact on the financial markets of Visegrad Group countries and used the TGARCH model to measure the impact of COVID-19 cases on the exchange rates and stock market volatility. The results revealed that the COVID-19 pandemic had a negative impact on the Visegrad financial markets and that during the pandemic the volatility increased (Czech et al. 2020).



Ramelli and Wagner (2020) analyzed how international companies reacted in the first months of the COVID-19 pandemic outburst. Researchers selected to investigate three periods from the beginning of January to the end of March 2020. The results provided information that the COVID-19 pandemic issue topic accrued more often on calls in companies that have a stronger connection with international trade and also companies that have higher liquidity risks. The approach of selecting the different periods provided results with concerns that varied from period to period. For example, the international trade concern was mostly discussed during the outbreak period, while the liquidity topic was discussed in the fever (last) period. Thus, the financial state and international trade concerns in the companies were discussed in different periods and concluded that such factors had an important effect on stock market reactions.



Ibrahim et al. (2020) analyzed the relationship between the COVID-19 pandemic in its first wave, response measures implemented by governments, and stock market volatility in Asia-Pacific countries. The results indicated increased levels of volatility in the face of pandemic and stabilizing effects of government measures.



Ftiti et al. (2021) revealed that the COVID-19 crisis negatively affected the Shanghai stock market—price volatility increased and the level of liquidity decreased. According to the researchers, the knock-on effect was caused by an unprepared healthcare system, when the crisis-induced supply shock directly harmed the financial market. Izzeldin et al. (2021) used the most recent data available from G7 countries’ (USA, UK, France, Japan, Germany, Italy, and Canada) stock markets and categorized volatility analysis in 10 business sectors. The findings of this research revealed that: (i) the sectors of health care and consumer services were the most severely affected by the COVID-19 pandemic, (ii) while the sectors of telecommunications and technology were affected the least severely; (iii) United Kingdom and United States of America financial markets were affected the most, yet with big response heterogeneity across the business sectors.



Dias et al. (2020) have also analyzed G7 countries and revealed that during the period from 31 December 2019 to 23 July 2020, most markets displayed structure breaks between February and March 2020, because of global pandemic disruption. Furthermore, the findings of Wang and Enilov (2020) suggest that COVID-19 was able to establish a dominant short-term influence on the stock movement in financial markets, and it appears that it has the most significant effect on the largest advanced economies in the world.



The COVID-19 pandemic appeared to have a stronger effect on American and European stock markets compared to Asian stock markets. Despite the fact that in February 2020 China’s markets demonstrated a high level of uncertainty (measured by standard deviation), it decreased substantially in March 2020. At the same time, the US market volatility (measured by standard deviation) in March 2020 appeared to be nearly four times higher than in February 2020 (Zhang et al. 2020). Consumer spending in the Euro Area decreased from EUR 1532.09 billion to EUR 1463.141 billion in the first quarter of 2020 (Eurostat Database). Furthermore, after most of the Eurozone countries imposed strict quarantine and citizens were isolated in their houses, consumer spending decreased to EUR 1282.21 billion in the second quarter of 2020. In addition, the Eurozone economy’s gross domestic product shrank by 11.8% in the second quarter, whereas in the second quarter of 2019 it was increasing by 0.1% (Trading Economics 2020). Nevertheless, in the third quarter of 2020 “The Eurozone economy grew by 12.6 percent in the three months to September 2020, recovering from a record slump of 11.8 percent in the previous period and compared with early estimates of a 12.7 percent advance. It was the steepest pace of expansion since 1995” (Trading Economics 2020). These unprecedented circumstances led to the growth of scientific studies (for example, Frezza et al. 2020; Klose and Tillmann 2021; Bonaccolto et al. 2019; Nieto and Rubio 2020; Ahmar and del Val 2020; and others) concentrating on European stock markets and their reaction to the spread of the COVID-19 pandemic.



Using the multifractional Brownian motion as a model of the price dynamics, Frezza et al. (2020) analyzed the influence of the COVID-19 pandemic on the efficiency of 15 European financial markets; the pattern before and after the two pandemic crashes was estimated; the results revealed that European markets’ recovery of efficiency lasted not for long and, in accordance with the model, the volatility is still too high to be compatible with market efficiency. Bonaccolto et al. (2019) provided some evidence of an increase in the conversion risk for France and Italy since the beginning of January 2020. According to Nieto and Rubio (2020), analysis of the Spanish stock market revealed that, due to the COVID-19 pandemic, IBEX 35 stock index decreased significantly, and volatility increased to levels similar to the Great Recession (Nieto and Rubio 2020). Thus, rising uncertainty worldwide and an increase in risk aversion formed the behavior of financial markets during the first two quarters of the year 2020. Nevertheless, Ahmar and del Val (2020) determined that the Spanish stock market began to stabilize on the 24 March 2020.



A number of studies (for example, Fassas 2020; Kanapickiene et al. 2020; Albulescu 2020; Huynh et al. 2021; Panyagometh 2020) analyze the impact of the spread of the COVID-19 pandemic on the sentiment of financial market participants as well as on a broad economic sentiment. For example, Kanapickiene et al. (2020) analyzed the relationship between pandemic and economic sentiment and determined that customer sentiment was not so volatile as business sentiment. The results of Albulescu’s (2020) study demonstrated that VIX, the so-called “fear factor”, showing overall uncertainty in financial markets, significantly increased at the beginning of the COVID-19 pandemic. Huynh et al. (2021) analyzed investor sentiment in the face of the COVID-19 pandemic and pointed out that such countries as the United Kingdom, China, the United States, and Germany experienced sentimental shocks; moreover, these shocks were transmitted to other markets. Those shocks were also confirmed by the study conducted by Panyagometh (2020), which also indicated a negative reaction of Thailand’s stock market. Fassas (2020) analyzed connectedness across the variance risk premium in both developed and emerging equity markets and revealed that, due to the COVIDI-19 pandemic, the interconnectedness of investor sentiment, as well as the degree of risk aversion, increased.



Finally, it is important to mention that the impact of the COVID-19 pandemic on financial markets has led to changes in the efficiency of standard economic policy measures. For example, using the method of panel analysis for European countries, Klose and Tillmann (2021) determined that: (i) announcements of policy initiatives and regulation adjustments positively assisted some countries and led to a slight increase in stock prices; (ii) the increasing number of COVID-19 cases raised bond yields, showing deteriorating investor expectations; (iii) announcements of national liquidity assistance programs and national fiscal policy add input in rising the bond yields; (iv) purchase programs of the central bank led to raised stock prices and reduced bond yields; and (v) countries which are affected by increasing the growth of COVID-19 cases could face an increase in bond yields on days of a fiscal policy announcement, whereas the same announcement in less affected countries keeps yields unchanged. Wei and Han (2021), using the sample of 37 severely affected countries, estimated the impact on the transmission of monetary policy to financial markets in the face of the COVID-19 pandemic and revealed that, during the 2020 COVID-19 pandemic period, both conventional and unconventional monetary policy had significant effects on the financial markets, including exchange rate, governmental bond, CDS markets, and stocks. However, unconventional monetary policies were more effective, rather than conventional policies, since they can affect the stock, exchange rate, and markets to some degree.



Further, the design of our research is discussed.




3. Research Methodology


3.1. Data Selection


As mentioned in previous sections, seeking to achieve the main purpose of this research, i.e., to assess the impact of the COVID-19 pandemic on the European stock markets, the stock markets of Italy and Spain are selected for further research.



As is stated by Borri (2020), Italy is assumed to be one of the first European economies struck by the COVID-19 pandemic, as well as one of the most severely affected. Health crisis, the strict lock-down, and unsuspected virus spread for 4 months led to economic and financial problems. Equity markets dropped, first, by roughly 35% in Italy and the rest of the Eurozone; interventions of the central banks at least partially helped to limit uncertainty in financial markets; however, while the United States stock markets regained their potential almost fully later in 2020, the Eurozone and specifically Italy’s market remained about 15% lower than at the beginning of 2020 (Borri 2020).



Henriquez et al. (2020) noted that the Spanish stock market was also significantly hit by the COVID-19 pandemic: a significant decrease in the IBEX 35 stock index has been recorded since January 2020. However, in mid-June 2020, a significant increase appeared due to the credit loans for the tourism sector, which played an important role in Spain’s economy (Instituto Nacional de Estadistica 2020).



As mentioned in the introductory section, unlike previous studies, this research aims to evaluate the impact of the COVID-19 pandemic on Italy (FTSE MIB 40) and Spain (IBEX 35) stock exchange indexes during the two waves of pandemic and the recovery period between them (see Figure 1a,b). The first period is dated from 1 March 2020 to 31 May 2020, and is selected to represent the beginning or so-called first wave of the spread of the COVID-19 pandemic: from the beginning of March 2020, active cases of COVID-19 started rapidly rising in Italy and Spain, whereas at the end of May it stabilized to numbers similar to those seen at the beginning of March; thus, according to researchers, it was cited as the first wave of the COVID-19 pandemic. The second period is dated from 1 June 2020 to 31 August 2020, and is selected to represent the so-called quiet period after the beginning of the first wave of a pandemic: during the summer of 2020, both Italy and Spain had a stable and controlled situation without any drastic fluctuations in active cases of COVID-19; therefore, this period was established as a recovery period. Finally, the third period is dated from 1 September 2020 to 30 November 2020, and is selected to represent the second wave of the spread of the COVID-19 pandemic: during this period, the new confirmed cases of COVID-19 raised to new records in both countries, leading people to believe that the second pandemic wave was defined. After the summer 2020 season, both The Ministry of Health in Spain and The Ministry of Health in Italy (Sen 2020) governmental entities released public statements that one way or another the second wave of the COVID-19 pandemic would take place in the upcoming autumn months. Therefore, Period 3 is analyzed to reveal market reaction during the beginning and middle stages of the second wave of the COVID-19 pandemic. Unlike the research of Ramelli and Wagner (2020) (see Section 2), our research covers longer data series and allows for employing different methods of analysis.



The spread of the COVID-19 pandemic had a tremendous impact on both Italy and Spain during the 1st period (1 March to 31 May 2020): on the one hand, Italy’s financial and health sectors were unprepared for such disaster; on the other hand, the uncontrolled spread of the COVID-19 virus in Spain began later on. That being the case, it is very interesting to analyze and compare how Italian and Spanish stock exchange indexes reacted to the pandemic.



Further, the methods used to analyze this reaction are discussed.




3.2. Research Design


As was mentioned in the previous section, numerous studies analyze the impact of the COVID-19 pandemic on different national or regional stock markets, as well as on the global stock market. Analysis of the methods used in these studies (for example, Zhang et al. 2020; Sansa 2020; Ashraf 2020; Wang and Enilov 2020; Chikri et al. 2020; Klose and Tillmann 2021; Ciner 2021; Dias et al. 2020; Ahmar and del Val 2020; Kanapickiene et al. 2020; Lee 2020; and others) revealed that: (i) simple linear regression models estimating the relationship between independent and dependent variables are one of the most popular methods to assess the impact of the COVID-19 pandemic (Zhang et al. 2020; Sansa 2020; Ashraf 2020; Lee 2020); (ii) panel models are also used for these estimations (Wang and Enilov 2020; Klose and Tillmann 2021); (iii) vector autoregression (VAR) models and VAR-based impulse response functions are employed to investigate the response of financial markets to the spread of the pandemic (Shahzad et al. 2021; Ahundjanov et al. 2020; Beirne et al. 2020; Brueckner and Vespignani 2020; Milani 2021; Thakur 2020; Xu 2021); (iv) GARCH models are widely applied to assess the stock market (return) volatility in the face of the pandemic (Gherghina et al. 2021; Chaudhary et al. 2020; Duttilo et al. 2021; Endri et al. 2020); (v) and, finally, other regression techniques (such as NARDL, Detrended Fluctuation Analysis and Detrended Cross-Correlation Analysis, Lasso penalized regression, Arima and SutteArima) are also popular (Chikri et al. 2020; Dias et al. 2020; Ciner 2021; Ahmar and del Val 2020).



Our research itself consists of three main stages, which are further discussed briefly.



In Stage 1, the regression model is employed to investigate the possible effect of the spread of the COVID-19 pandemic on the Italian and Spanish stock markets. Thus, as is done in similar studies in the field (for example, Albulescu 2020; Zhang et al. 2020; Klose and Tillmann 2021; Sansa 2020; Kanapickiene et al. 2020; Ashraf 2020; and others), in our research, the method of simple OLS (bivariate) regression is chosen as it can efficiently examine the relationship between stock indices and COVID-19 confirmed cases. Simple OLS (bivariate) regression models are created for each period and each country.



It is important to mention that different studies use different COVID-19-related variables, for example, the number of affected countries (Albulescu 2020), the cumulative number of total cases of COVID-19 infection (Ashraf 2020; Al-Awadhi et al. 2020; Zhang et al. 2020; Czech et al. 2020) and the daily number of cases of COVID-19 infection (Albulescu 2020; Zaremba et al. 2020). Following the recent studies, to reach the main aim of the research, we select the number of newly confirmed cases of COVID-19 infection and the growth rate of this number as an independent variable because we aim to assess how markets respond to the changing situation daily.



As dependent variables, two indexes: the FTSE MIB 40 index (Milano Indice di Borsa) representing the Italian stock market and the IBEX 35 index (Índice Bursátil Español) representing the Spanish stock market, were selected. Natural logarithms of indexes are used for further analysis.



The FTSE MIB 40 (Milano Indice di Borsa) was selected because it is the national Italian stock exchange index, which consists of the 40 top traded stock classes. Moreover, it is a volatile index that frequently sees large moves and double-digit annual changes. According to AvaTrade (2021), FTSE MIB 40 includes powerful multi-national companies such as ENI Group, STMicroelectronics, and Fiat Chrysler, along with domestic Italian companies. Thus, the index can be used as an estimate of the overall Italian economy. IBEX 35 (Índice Bursátil Español) was chosen as it represents 35 of the largest Spanish companies, such as Repsol (oil/gas), Santander (finance/banking), and others (AvaTrade 2021). Thus, the IBEX 35 index can be seen as one of the indicators of the overall view of the Spanish stock market condition. For GARCH model indexes (see Section 4.3), we use the daily return of selected.



Seeking to assess the robustness of the relationship analyzed, the control variable is also included in the specifications of our models. In this research, the CBOE Volatility Index (VIX) was used as a financial benchmark tracking stock market volatility (on the basis of S&P500 Index option prices). This index was chosen as it measures the expected volatility (market expectations) of the U.S. equity market. According to Moran and Liu (2020), VIX is usually negatively correlated with price movements of the stock indexes, and, in periods of sharp decline in stock markets, it tends to rise. Grima et al. (2021) used the VIX index to assess the effect of daily new cases and deaths caused by COVID-19 on major stock markets, and Shankar and Dubey (2021) included VIX as a control variable in the model assessing the impact of the COVID-19 pandemic on the Indian stock market. Baek et al. (2020) also included VIX as a regressor in models measuring the impact of COVID-19 related news on US stock market volatility.



Seeking to check the stationarity of selected variables and their suitability for regression models, before constructing regression models, the unit-root test is conducted and the results of the Augmented Dickey–Fuller test (ADF) are evaluated (data are differenced if necessary) (the ADF test was conducted using a constant, lag length selected using the Schwarz information criterion, max lags = 14). After constructing OLS regression models, they are checked for the heteroscedasticity and residuals—the ARCH effect is tested using the ARCH-LM test (lag length q = 1). In the presence of the ARCH effect, the robust Heteroskedasticity and Autocorrelation Consistent Covariance Method (HAC) is employed and heteroscedasticity-corrected models are created.



In Stage 2, we employ impulse response functions to identify and assess the response of selected index values to the spread of the COVID-19 pandemic. As is done in the studies of Mzoughi et al. (2020) and Brueckner and Vespignani (2020), we use VAR-based impulse response functions. After all variables are checked for stationarity in Stage 1 (Augmented Dickey–Fuller test), VAR models are constructed when it is meaningful. Lag selection in VAR models is made using Aikake, Schwarz, and Hannan–Quinn information criteria. Finally, using previously described COVID-19-related (as an impulse) and stock-market-related (as a response) variables, we construct impulse response and accumulated impulse response functions.



Finally, in Stage 3, taking into account that the HAC method may not fully correct the influence problems induced by the ARCH effect, we have additionally decided to estimate the GARCH model to assess the impact of the COVID-19 pandemic on the volatility of Italian and Spanish stock markets. We apply the generalized autoregressive conditional heteroscedasticity (GARCH) approach as it is in previous studies (Gherghina et al. 2021; Chaudhary et al. 2020; Duttilo et al. 2021; Endri et al. 2020). It should be noted that the GARCH model is constructed only in the case of the presence of the ARCH effect (after the ARCH-LM test). We employ the GARCH (1,1) model as a standard and most widely used GARCH-type model. At first, we calculate the daily returns of FTSE MIB 40, and IBEX 35 indexes are calculated using the following formula (natural logarithm difference approach) (Chaudhary et al. 2020):


   R  i , t   = ln  (     P  i , t      P  i ,   t − 1      )   



(1)




where: Ri,t corresponds to the daily return on index i at time t; Pi,t corresponds to the daily closing price of index i at time t; and Pi,t−1 corresponds to the daily closing price of index i at time t − 1.



In case the data series demonstrates heteroscedasticity, they are modeled using the GARCH (1,1) model. In line with Chaudhary et al. (2020) and taking into account that we use the COVID-19-related variable (number of daily new cases of infection) as an exogenous variable in the GARCH model, our model can be described as follows:



Conditional Mean Equation


   y t  = μ +  λ 1  C O V I  D t  +  λ 2  V I  X t  +  ε t   



(2)







Conditional Variance Equation


   h t 2  = ω +  α 1   ε  t − 1  2  +  β 1   h  t − 1  2   



(3)




where: yt corresponds to the conditional mean; ht corresponds to the conditional variance;  μ  and  ω —constant terms; εt—error term of the mean equation;    α 1    and    β 1   —coefficients of the ARCH and GARCH terms.



Moreover, seeking to complement the results of analysis, the average and percentage changes of index values and their volatility (measured as the average of the monthly standard deviation of index return) are calculated for each country and each of the three periods. Daily data are used. The increase in the standard deviation allows for assuming the increase in volatility in the stock market.



The data of daily COVID-19 cases in Italy and Spain are retrieved from the Our World in Data Coronavirus Pandemic (COVID-19) database, and the data of selected stock indexes are retrieved from the Bloomberg database (research variables are summarized in Table 1). Collected data are organized and analyzed using the quantitative method technique and application of Eviews11 software package.
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Table 1. Research variables and abbreviations.






Table 1. Research variables and abbreviations.





	
Variable




	
Abbreviation

	
Full Name

	
Source






	
Dependent variables




	
lnFTSEMIB40t

	
Natural logarithm of Milano Indice di Borsa—Italian stock market index value

	
Bloomberg database




	
lnIBEX35t

	
Natural logarithm of Índice Bursátil Español—Spanish stock market index value

	
Bloomberg database




	
Ret.FTSEMIB40t

	
Daily return of Milano Indice di Borsa—Italian stock market index

	
Bloomberg database




	
Ret.IBEX35t

	
Daily return of Índice Bursátil Español—Spanish stock market index

	
Bloomberg database




	
Independent variables




	
grNCITt

	
Growth of the number of new daily confirmed cases of COVID-19 infection in Italy

	
Our World in Data Coronavirus Pandemic (COVID-19) database




	
grNCSPt

	
Growth of the number of new daily confirmed cases of COVID-19 infection in Spain

	
Our World in Data Coronavirus Pandemic (COVID-19) database




	
NCITt

	
New daily confirmed cases of COVID-19 infection in Italy

	
Our World in Data Coronavirus Pandemic (COVID-19) database




	
NCSPt

	
New daily confirmed cases of COVID-19 infection in Spain

	
Our World in Data Coronavirus Pandemic (COVID-19) database




	

	
Control variable

	




	
VIXt

	
CBOE Volatility Index

	
Bloomberg database








Source: compiled by the authors.











Further, the main results of our research are presented.





4. Results and Discussion


In this section, the dynamics of Italian and Spanish stock market indexes are analyzed, and the impact of COVID-19 on Italian and Spanish stock markets is evaluated.



4.1. Trends of Italian and Spanish Stock Markets


In the case of Italy, the COVID-19 pandemic had the biggest effects in Europe on countries’ economies and financial markets during the first two quarters of 2020. By the end of December 2020, more than two million (World Meters 2021) got sick with the virus.



From Figure 1a, it is possible to conclude that the pandemic affected the country in two waves: the first wave spread from March 2020 to May 2020; the second one started from October 2020 and it is still ongoing. While the country was in lockdown, which did help to decrease the new cases of infection, the quarantine had severe consequences for economic effect, for example, the gross domestic product (GDP) in Italy shrunk by 13% by the end of the second quarter of 2020, making it was one of the largest drops in the country’s history (see Figure 2a).



Spain was the second most affected country in Europe by COVID-19 during the first pandemic wave. According to the graph below (see Figure 1b), there were more than one and a half million confirmed coronavirus cases in Spain up until December 2020. During the first lockdown, the GDP growth rate in Spain shrunk by 17.8%, which is 4.8% more than in Italy. However, in the third quarter, the rate increased by 16.7% (see Figure 2b), and increasing consumer spending contributed significantly to the GDP.



The dynamics of selected Italian and Spanish stock market indexes during the whole period (covering Periods 1–3, 1 March 2020–30 November 2020) are provided in Figure 3a,b. At the end of the 1st quarter of the year 2020, when the spread of the COVID-19 pandemic was observed in Europe as well, the European stock markets experienced a sudden and strong shock. As it can be seen from Figure 3, the Italian and Spanish stock markets were no exception either—the significant negative shift in terms of index value can be observed in March 2020. Moreover, FTSE MIB 40 fell by 11% on the 9 March, while IBEX 35 fell by 14% on 12 March; this was recorded as the highest drop in history for one day (Camarero 2020).



However, after a significant negative shift, observed in the 1st quarter of 2020, Italian and Spanish stock markets regained an upward trend. The second wave of the COVID-19 pandemic was followed by a decrease in index values at the beginning of the 4th quarter of 2020; however, this decline was temporary in nature, and markets adjusted much faster than during the first wave of the pandemic.



Further, the impact of the spread of the COVID-19 pandemic is assessed.




4.2. Assessment of the Impact of the COVID-19 Pandemic on Italian and Spanish Stock Markets


4.2.1. OLS Regression and Heteroscedasticity-Corrected Models


As a starting point, it was attempted to assess the impact of the spread of the COVID-19 pandemic on Italian and Spanish stock markets using simple bivariate (OLS) regression models. Descriptive statistics of OLS regression model variables are provided in Table 2.



The results of the Augmented Dickey–Fuller test are presented in Table 3. As can be seen from the table, in the case of selected variables the hypothesis of the presence of a unit root can be rejected, i.e., variables are stationary and can be used in further analysis. Two variables (VIXt and NCSPt) appeared to be not stationary in level; thus, in further research, they are used in differences.



Further primary OLS regression models are constructed for each pair of dependent and independent variables and each period (including the whole period). After constructing OLS regression models, they are checked for the heteroscedasticity and residuals using the ARCH-LM test. The results of this test are provided in Table 4.



As can be seen from Table 4, the hypothesis of ARCH effect not existing is rejected, i.e., the presence of the ARCH effect is confirmed. Taking this into account, the HAC is employed, and heteroscedasticity-corrected models are created (both primary OLS regression models and heteroscedasticity-corrected models are provided in Table 5, Table 6, Table 7 and Table 8).



As can be seen from Table 5, consistent with the results of previous studies (see Section 2), VIX was confirmed to have a statistically significant negative effect on the values of selected stock indexes. The results in Table 5 also allow us to state that neither OLS regression models nor heteroscedasticity-corrected models have shown a statistically significant impact of the spread of the COVID-19 pandemic on the values of FTSE MIB 40 and IBEX 35 indexes. Moreover, such analysis does not allow one to assess differences of market response at different stages of the spread of a pandemic, which is why, if one is seeking to examine this effect in greater depth, the analysis of market reactions at separate stages or periods is necessary (the results of which can be seen in Table 6, Table 7 and Table 8).



Interestingly, both OLS regression and heteroscedasticity-corrected models have revealed a positive market reaction to the growth of new daily cases of COVID-19 in the case of Italy in Period 1, even under the control of the selected control variable; the effect of WIX appeared to be negative (Table 6).



Quite a different situation can be observed in Period 2 (Table 7) when the effect of the control variable, VIX, turned to be positive, and no statistically significant reaction to the spread of the COVID-19 pandemic can be observed. After the primary shock in Period 1, the uncertainty in the market decreased.



The analysis of the results of both OLS regression models and heteroscedasticity-corrected models for Period 3 does not reveal the statistically significant impact of the COVID-19 pandemic on the Spanish stock market. However, in Period 3 or the onset of the second wave of the pandemic, the growth of new daily reported cases of the infection appeared to have a statistically significant impact on Italy’s stock market (see Table 8), but only at 90% confidence level. Since the uncertainty in the equity markets increased again, the impact of VIX has proved to be negative on both Italy’s and Spain’s stock markets.



Since the results of this stage do not provide clear evidence of pandemic impact on stock markets, we seek to determine the short-term response of selected indexes representing Italy’s and Spain’s stock markets to the spread of the COVID-19 pandemic using impulse response functions.




4.2.2. VAR-Based Impulse Response Functions


As a starting point, the baseline VAR models, using one dependent and one independent variable mentioned in the previous section, are employed. The results of VAR estimation are provided in Appendix A, Appendix C, Appendix E and Appendix G, while lag selection criteria can be seen in Appendix B, Appendix D, Appendix F and Appendix H. Based on these VAR models, the impulse response functions as well as accumulated impulse response functions are created (Figure 4, Figure 5, Figure 6 and Figure 7). The analysis of these figures allows us to make certain assumptions regarding the direction, strength, and duration of the primary response of FSTE MIB 40 and IBEX 35 indexes in the face of the COVID-19 pandemic.



Figure 4 shows the dynamic effects of the growth of COVID-19 cases on the FSTE MIB 40 and IBEX 35 indexes taking into account the whole period. As can be seen, the impulse response functions constructed for the whole period indicate the primary negative response of both FSTE MIB 40 and IBEX 35 indexes in the face of the COVID-19 pandemic. Nevertheless, this response tends to weaken over time and approaches close to zero on day 30. However, the accumulated response appeared to be increasingly negative.



This allows us to assume that the stock markets of Italy and Spain were negatively affected during the early spread of the COVID-19 pandemic. As is stated by World Bank, both Italy and Spain were unprepared for such a massive pandemic; thus, the rapid spread of the COVID-19 pandemic had led to lockdown all across Italy and Spain. According to Sanfelici (2020), even though the rapid actions of the government of Italy were taken, the health crisis and lack of planning and communication resulted in policy framework chaos. The first gradual lockdown in Italy was in order on the 23 February, whereas in Spain this was only on the 29 March after the outbreak of the official death toll in Italy, which surpassed that of mainland China (Davies 2020).



Figure 5 shows the dynamic effects of the growth of COVID-19 cases on the FSTE MIB 40 and IBEX 35 indexes taking into account Period 1, i.e., the first stage of the pandemic.



As can be seen from Figure 5, the primary response to the COVID-19 pandemic is of inconstant strength and nature; moreover, it slightly differs depending on the country analyzed. In the case of the Italian stock market, the primary response is negative but inconstant, while the accumulated response is negative. In the case of the Spanish stock market, both primary response and accumulated response are close to zero on day 1 and start to fluctuate later on.



Figure 6 shows the dynamic effects of the growth of COVID-19 cases on the FSTE MIB 40 and IBEX 35 indexes taking into account Period 2, i.e., the recovery period.



As can be seen from Figure 6, the market reaction during Period 2 differs from the reaction in Period 1 in both Italy and Spain. (i) The initial response of the FTSE MIB 40 index to the spread of the COVID-19 pandemic appeared to be clearly positive, while the initial response of the IBEX 35 index is clearly negative; however, in both cases, the primary response tends to weaken over time and approaches zero in day 20 and 28, respectively. (ii) The accumulated response also differs depending on the country—in the case of Italy, it is positive, while in the case of Spain—negative.



Period 2 can be characterized as the summer season in which the recovery and preparations for the predicted second wave were implied and executed by the governments. During Period 1, Italy had in total 231,869 confirmed cases of COVID-19, while in Period 2 numbers drastically decreased to 36,217 (a decrease of 84.38%). At the same time, the situation in Spain was slightly different: in Period 1, the total number of confirmed cases of COVID-19 was 239,434, and in Period 2 this was 223,379 (a decrease of only 6.71%). Therefore, the results for Period 2 still show a negative impact in the case of Spain.



Different situations in Italy and Spain can be explained by several facts. First of all, during the summer period, Italy’s health system was rebuilt and the COVID-19 testing was quite successful; initially one of the most virus-affected countries, Italy managed to become one of the most successful examples compared to other countries during June, July and August of 2020. Secondly, Italy was one of the first countries that implemented the regional lockdowns around the country; according to Cartabellotta, President of the GIMBE health foundation (Ians 2021), the mobile hospitals had a major impact on the improvements rather than just using the hospital buildings; moreover, according to the Draghi, the Prime Minister of Italy (Ians 2021), the country’s vaccine rollout strategy was efficient. Thirdly, Spain faced the COVID-19 pandemic later than Italy; furthermore, the installments of mobile hospitals and virus-controlling strategies also took more time in the later dates in comparison with Italy. Thus, it is possible to conclude that during Period 2, Italy not only reduced its number of confirmed cases of COVID-19 but also demonstrated a sharper recovery of the stock market than Spain. The successful implementation of the government strategies and policies brought effective results, and the research results (Figure 5 and Figure 6) also contribute to the evidence.



Figure 7 shows the dynamic effects of the growth of COVID-19 cases on the FSTE MIB 40 and IBEX 35 indexes, taking into account Period 3, i.e., the onset of the second wave of the pandemic.



As is seen from Figure 7, the impulse response functions constructed for Period 3 indicate both primary and accumulated negative response of both FSTE MIB 40 and IBEX 35 indexes in the face of the COVID-19 pandemic; moreover, this response is of a much more constant nature than in previous periods.



Taking this into account, it can be said that the analysis of VAR-based impulse response functions revealed the non-zero response of selected stock market indexes to the spread of the COVID-19 pandemic. Moreover, this response varies in direction, strength, and duration depending on the country and period analyzed.




4.2.3. GARCH Models


Further, the impact of the COVID-19 pandemic is being analyzed using the GARCH model and using the index return volatility approach.



Figure 8 shows the daily values of FTSE MIB 40 and IBEX 35 index returns calculated using Equation (1). As can be seen from the figure, the returns at the very beginning and the very end of the whole period analyzed are much more volatile than in the rest of the period.



Descriptive statistics of selected dependent (index return) and independent (COVID-19 cases) variables are provided in Table 9.



The data are further checked for stationarity. The results of the Augmented Dickey–Fuller test are presented in Table 3. As can be seen from Table 9, the returns of selected indexes are negatively skewed, i.e., demonstrating left-sided asymmetry. The density plots for daily logarithm returns are shown in Figure 9.



The quantile–quantile plots of logarithm return of selected indexes are shown in Figure 10. As can be seen from the figure, the distribution of returns of selected indexes differs from the normal (theoretical) distribution.



After checking for the ARCH effect (Appendix M), we can conclude that, in the case of the return of selected indexes, the ARCH effect is present only in the whole period. As the presence of the ARCH effect can be considered a precondition for the development of the GARCH model, the HAC method is employed and GARCH models are created only for the previously mentioned case, i.e., the whole period, in which the ARCH effect is observed (results of GARCH estimations are provided in Table 10). For other pairs of variables, only OLS models are analyzed. OLS regression models, as well as heteroscedasticity-corrected models, are provided in Appendix I, Appendix J, Appendix K, Appendix L. None of these models revealed a statistically significant impact of the spread of the COVID-19 pandemic on the changes of the returns of selected stock market indexes (see Appendix I, Appendix J, Appendix K, Appendix L). The exception was Period 1 and Period 2 for Italy, where the positive and negative impact (respectively) of the spread of the COVID-19 pandemic was observed. However, models confirmed the negative effect of the control variable—VIX.



The GARCH estimations for FSTEMIB40 and IBEX 35 indexes return in the whole period approach are provided in Table 10.



The results in Table 10 reveal a statistically significant GARCH effect and a positive impact of the daily number of COVID-19 cases in the case of the Spanish stock market. A statistically significant GARCH effect is also observed in the case of the Italian stock market. This allows us to state that the spread of the COVID-19 pandemic appeared to have a statistically significant impact on the volatility of the return of stock market indexes analyzed. These results are consistent with those of Shehzad et al. (2020) and Chaudhary et al. (2020). (Note: it also can be seen from Table 10 that in the case of the Italian stock market, the GARCH (1,1) is not best suited, as it has negative and statistically insignificant parameters.)





4.3. Discussion of the Results, Limitations, and Directions for Future Research


Figure 11 presents the average volatility measured by the standard variation of Italian and Spanish stock indexes during three analyzed periods.



As can be seen from Figure 11, from Period 1 to Period 2, the volatility of the FTSE MIB 40 index decreased by more than three times, while the volatility of the IBEX 35 index decreased by more than two times. These results allow us to state the following: (i) after the initial negative shock in Period 1 (the first wave of the COVID-19 pandemic), both the Italian and Spanish stock markets showed significant signs of recovery as the index values rose on average by 13.76% and 5.26%, respectively; (ii) the Italian stock market demonstrated higher growth than the Spanish stock market; (iii) the substantial decrease in volatility in both markets in Period 2 shows that stock markets have adjusted at a certain degree, and the uncertainty, caused inter alia by the rapid spread of the COVID-19 pandemic, decreased substantially; (iv) during the recovery (or so-called quiet period), uncertainty declined more in the Italian than in the Spanish stock market (these results are at least partially confirmed by the results in impulse response function analysis).



Compared to Period 2, in Period 3, volatility increased in both Italian and Spanish stock markets; nevertheless, it appeared to be lower in Period 3 than in Period 1. It is important to note, in comparison with Period 2, that uncertainty in Period 3 increased in both Italian and Spanish markets; nevertheless, during the beginning and middle stages of the second wave of the COVID-19 pandemic (Period 3), both markets were more stable and displayed a lower degree of uncertainty compared to the first wave (Period 1). These results were quite expected because, as mentioned before, during a recovery period (Period 2), there was a favorable time for markets to stabilize and prepare for upcoming higher increases in new COVID-19 cases during the second wave of the pandemic.



The results of this research revealed that the stock market reaction to the spread of the COVID-19 pandemic differs depending on the country and period analyzed. OLS regression and heteroscedasticity-corrected models have not revealed the statistically significant impact of the spread of the COVID-19 pandemic, i.e., the impact appeared to be ambiguous. This mixed (ambiguous) effect of the COVID-19 pandemic was also revealed by Albulescu (2020) who analyzed the impact of rising COVID-19 cases and deaths on the volatility of the US stock market.



However, impulse response functions demonstrated the non-zero primary response of analyzed markets to the COVID-19 shock. The primary response during the first and the second wave of the pandemic appeared to be negative in both Italy and Spain. This is consistent with the results obtained by Ashraf (2020), who, using VAR-based impulse response functions, revealed that negative market reaction was strong during the early days of COVID-19 cases confirmed. Using the same approach, the negative response of different stock markets was also confirmed by Ahundjanov et al. (2020) and Thakur (2020). Moreover, the results of impulse response functions revealed that the market reaction was strongest in the first week and weakened later. This is consistent with the results of Milani (2021), which revealed that the peak response to the COVID-19 pandemic usually happens 4–6 days after the shock. Beirne et al. (2020) also confirmed that the duration of shocks varies in the range of 5 to 10 days.



Interestingly, in the case of Italy, the primary response of the stock market appeared to be positive during the recovery period, which coincides with the results of impulse response functions analysis conducted by Brueckner and Vespignani (2020) for the case of Australia.



Finally, GARCH (1;1) models confirmed that the COVID-19 pandemic increased the volatility of stock market return, i.e., the spread of the COVID-19 pandemic appeared to have a statistically significant impact on the volatility of the return of stock market indexes analyzed, which is consistent with the results of Shehzad et al. (2020) and Chaudhary et al. (2020). Endri et al. (2020) also employed GARCH models to prove that stock price volatility increased during the COVID-19 pandemic, which has led to a decrease in returns.



With regard to the contribution of our research, it could be stated that our research covers three separate periods of the COVID-19 pandemic, while a majority of other studies (for example, Albulescu 2020; Chaudhary et al. 2020; Gherghina et al. 2021; and others) analyze data from a much shorter period. We, in turn, develop the analysis of separate stages of the pandemic and provide a comprehensive impact assessment both during the whole pre-vaccination period of the pandemic and during different stages of this period.



Regarding the limitations of the performed research, it is very important to notice that the research is based on a relatively short data series, and deliberately does not cover the later periods of the pandemic; thus, the effect of vaccination announcements, etc., could be assessed in further studies. On the other hand, this research was aimed at analyzing the stock market response to the COVID-19 pandemic in the short term after its beginnings.



Another research limitation is that the index scenarios were developed on the assumption that they are affected by daily confirmed cases of COVID-19. Other factors, such as mortality rates, unemployment due to the lockdown, travel bans, etc., could also be considered in further studies. The analysis of the impact of the pandemic from the longer-term perspective (as soon as longer data series become available) and the analysis of the impact on Italian and Spanish stock markets, as well as comparison with the impact in other countries, could also be directions for further research.





5. Conclusions


This research contributes to the existing literature, as it assesses the impact of the spread of the COVID-19 pandemic during the whole pre-vaccination period of the pandemic and as well as in different stages of this period using different approaches.



The results of this research allow for concluding that the impact of the spread of the COVID-19 pandemic differs depending on the country and period analyzed.



OLS regression and heteroscedasticity-corrected models have not revealed the statistically significant impact of the spread of the COVID-19 pandemic, while impulse response functions demonstrated the non-zero primary response of analyzed markets to the COVID-19 shock, and GARCH models confirmed that the COVID-19 pandemic increased the volatility of stock market return.



Finally, the results of the research have shown that the spread of the COVID-19 pandemic caused the increase in uncertainty in the stock markets analyzed, but this increase was of a temporary nature. Moreover, the second wave of the pandemic has not affected the market volatility so drastically as during the first wave of the pandemic.



It should be noted that this research is based on a relatively short data series, from three periods of the year 2020. This was chosen seeking to focus on analyzing the stock market response to the COVID-19 pandemic in the short term after its beginnings. Thus, this research analyzes the impacts and consequences of the COVID-19 pandemic during the pre-vaccination period. In this way, the research data are equally compared without any new drastic (decisive) factors that shifted the pandemic statistical factors. Further studies are necessary to cover the periods of vaccination and detection and the spread of new variants of COVID-19.



From the academic perspective, this research is valuable, as it develops the analysis of separate stages of the pandemic and provides a comprehensive impact assessment both during the whole pre-vaccination period of the pandemic and during different stages of this period



From the practical perspective, the study assists with insights into how indexes shifted during the COVID-19 pandemic and how they reacted during specific periods. For example, one of the possible directions for scientists and professionals in the field would be to retrospectively examine the effects and consequences of the pandemic to selected FTSE MIB 40 and IBEX 35 indexes and, in years to come, to create algorithms for future predictions for such unforeseen and unusual disasters.



The findings of this research can be useful for policymakers by providing clues for decision making in the future (taking into account the direction and duration of the impact of the spread of the COVID-19 pandemic). Investors can also benefit from these results, as they identified the negative stock market reaction during the periods of the intense spread of the COVID-19 pandemic. This shows that, in similar future situations, with high market volatility and uncertainty, specific risk and return management (modification) decisions should be made.
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Table A1. Results of VAR Estimation for FTSE MIB 40 and IBEX 35 (Whole Period).
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Italy

	
Spain






	

	
lnFTSEMIB40t

	
grNCITt

	

	
lnIBEX35t

	
grNCSPt




	
lnFTSEMIB40t(−1)

	
0.883

	
0.117

	
lnIBEX35t(−1)

	
0.943

	
−2.209




	

	
(0.072)

	
(1.451)

	

	
(0.088)

	
(2.511)




	

	
[12.228]

	
[0.081]

	

	
[10.775]

	
[−0.879]




	
lnFTSEMIB40t(−2)

	
0.331

	
−2.308

	
lnIBEX35t(−2)

	
0.054

	
3.581




	

	
(0.095)

	
(1.914)

	

	
(0.119)

	
(3.391)




	

	
[3.472]

	
[−1.206]

	

	
[0.455]

	
[1.056]




	
lnFTSEMIB40t(−3)

	
−0.263

	
2.632

	
lnIBEX35t(−3)

	
−0.084

	
−3.059




	

	
(0.072)

	
(1.456)

	

	
(0.119)

	
(3.426)




	

	
[−3.633]

	
[1.807]

	

	
[−0.701]

	
[−0.893]




	
grNCITt(−1)

	
−0.008

	
−0.216

	
lnIBEX35t(−4)

	
−0.078

	
3.929




	

	
(0.004)

	
(0.072)

	

	
(0.115)

	
(3.298)




	

	
[−2.236]

	
[−3.010]

	

	
[−0.677]

	
[1.191]




	
grNCITt(−2)

	
0.001

	
−0.285

	
lnIBEX35t(−5)

	
0.093

	
−2.133




	

	
(0.004)

	
(0.072)

	

	
(0.083)

	
(2.369)




	

	
[0.201]

	
[−3.983]

	

	
[1.125]

	
[−0.901]




	
grNCITt(−3)

	
−0.004

	
−0.307

	
grNCSPt(−1)

	
0.001

	
−0.344




	

	
(0.004)

	
(0.072)

	

	
(0.002)

	
(0.077)




	

	
[−1.010]

	
[−4.313]

	

	
[0.318]

	
[−4.499]




	
C

	
0.490

	
−4.208

	
grNCSPt(−2)

	
−0.001

	
−0.113




	

	
(0.213)

	
(4.283)

	

	
(0.003)

	
(0.077)




	

	
[2.299]

	
[−0.982]

	

	
[−0.413]

	
[−1.474]




	
R sq.

	
0.919

	
0.158

	
grNCSPt(−3)

	
−0.003

	
−0.105




	
Obs.

	
189

	

	
(0.003)

	
(0.080)




	

	

	

	

	
[−0.952]

	
[−1.303]




	

	

	

	
grNCSPt(−4)

	
−0.006

	
−0.072




	

	

	

	

	
(0.003)

	
(0.086)




	

	

	

	

	
[−2.049]

	
[−0.844]




	

	

	

	
grNCSPt(−5)

	
−0.001

	
0.497




	

	

	

	

	
(0.003)

	
(0.079)




	

	

	

	

	
[−0.367]

	
[6.259]




	

	

	

	
C

	
0.602

	
−0.680




	

	

	

	

	
(0.259)

	
(7.408)




	

	

	

	

	
[2.321]

	
[−0.092]




	

	

	

	
R sq.

	
0.887

	
0.436




	

	

	

	
Obs.

	
150








Source: compiled by the authors. Note: R sq. = R squared; Obs. = Observations; standard errors in (); t statistics in []; for variable abbreviations, see Table 1.
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Table A2. VAR Lag Order Selection Criteria (Whole Period).
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Lag

	
LogL

	
LR

	
FPE

	
AIC

	
SC

	
HQ






	
lnFTSEMIB40t




	
0

	
67.194

	
-

	
0.002

	
−0.709

	
−0.674

	
−0.694




	
1

	
340.336

	
537.377

	
9.05 × 10−5

	
−3.634

	
−3.529

	
−3.592




	
2

	
352.143

	
22.972

	
8.32 × 10−5

	
−3.719

	
−3.544

	
−3.648




	
3

	
367.003

	
28.591 *

	
7.39 × 10−5 *

	
−3.837 *

	
−3.593 *

	
−3.738 *




	
4

	
369.313

	
4.394

	
7.53 × 10−5

	
−3.819

	
−3.504

	
−3.691




	
5

	
373.754

	
8.351

	
7.49 × 10−5

	
−3.823

	
−3.439

	
−3.668




	
6

	
376.627

	
5.340

	
7.59 × 10−5

	
−3.811

	
−3.357

	
−3.627




	
7

	
379.239

	
4.799

	
7.70 × 10−5

	
−3.796

	
−3.272

	
−3.584




	
8

	
382.917

	
6.676

	
7.73 × 10−5

	
−3.793

	
−3.199

	
−3.552




	
lnIBEX35t




	
0

	
70.614

	
-

	
0.001

	
−1.032

	
−0.998

	
−1.014




	
1

	
220.331

	
292.679

	
0.0001

	
−3.223

	
−3.093

	
−3.170




	
2

	
224.586

	
8.191

	
0.0001

	
−3.227

	
−3.009

	
−3.139




	
3

	
226.152

	
2.967

	
0.0001

	
−3.190

	
−2.886

	
−3.067




	
4

	
240.864

	
27.433

	
0.0001

	
−3.351

	
−2.960

	
−3.192




	
5

	
258.266

	
31.925

	
9.83 × 10−5 *

	
−3.553 *

	
−3.074 *

	
−3.359 *




	
6

	
260.004

	
3.209

	
0.0001

	
−3.519

	
−2.954

	
−3.289




	
7

	
265.768

	
10.156 *

	
9.91 × 10−5

	
−3.545

	
−2.893

	
−3.280




	
8

	
265.193

	
0.741

	
0.0001

	
−3.491

	
−2.753

	
−3.191








Source: compiled by the authors. * lag orders selected by the criterion. Note: LR = sequential modified LR test statistic (at 5% level); FPE = Final predictor error; AIC = Aikake information criterion; SC = Schwarz information criterion; HQ = Hannan–Quinn information criterion; for variable abbreviations, see Table 1.
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Table A3. Results of VAR Estimation for FTSE MIB 40 and IBEX 35 (Period 1).
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Italy

	
Spain






	

	
lnFTSEMIB40t

	
grNCITt

	

	
lnIBEX35t

	
grNCSPt




	
lnFTSEMIB40t(−1)

	
0.661

	
−0.723

	
lnIBEX35t(−1)

	
0.449

	
−14.946




	

	
(0.146)

	
(1.445)

	

	
(0.271)

	
(6.995)




	

	
[4.518]

	
[−0.500]

	

	
[1.647]

	
[−2.137]




	
lnFTSEMIB40t(−2)

	
0.241

	
2.382

	
lnIBEX35t(−2)

	
0.087

	
11.135




	

	
(0.169)

	
(1.677)

	

	
(0.262)

	
(6.761)




	

	
[1.422]

	
[1.419]

	

	
[0.334]

	
[1.647]




	
lnFTSEMIB40t(−3)

	
0.187

	
−1.597

	
lnIBEX35t(−3)

	
−0.050

	
−12.739




	

	
(0.163)

	
(1.609)

	

	
(0.211)

	
(5.447)




	

	
[1.150]

	
[−0.993]

	

	
[−0.238]

	
[−2.339]




	
lnFTSEMIB40t(−4)

	
−0.289

	
0.147

	
lnIBEX35t(−4)

	
−0.110

	
11.481




	

	
(0.158)

	
(1.556)

	

	
(0.230)

	
(5.9545)




	

	
[−1.836]

	
[0.095]

	

	
[−0.479]

	
[1.928]




	
lnFTSEMIB40t(−5)

	
−0.156

	
0.2289

	
lnIBEX35t(−5)

	
0.156

	
−6.213




	

	
(0.145)

	
(1.427)

	

	
(0.254)

	
(6.213)




	

	
[−1.077]

	
[0.203]

	

	
[0.612]

	
[−0.947]




	
lnFTSEMIB40t(−6)

	
−0.207

	
−0.142

	
lnIBEX35t(−6)

	
−0.491

	
3.193




	

	
(0.131)

	
(1.294)

	

	
(0.259)

	
(6.716)




	

	
[−1.582]

	
[−0.109]

	

	
[−1.889]

	
[0.475]




	
lnFTSEMIB40t(−7)

	
0.264

	
1.293

	
lnIBEX35t(−7)

	
0.352

	
0.529




	

	
(0.113)

	
(1.109)

	

	
(0.256)

	
(6.608)




	

	
[2.346]

	
[1.164]

	

	
[1.377]

	
[0.080]




	
grNCITt(−1)

	
−0.014

	
−0.552

	
lnIBEX35t(−8)

	
−0.119

	
−6.207




	

	
(0.014)

	
(0.133)

	

	
(0.172)

	
(4.458)




	

	
[−1.041]

	
[−4.140]

	

	
[−0.688]

	
[−1.392]




	
grNCITt(−2)

	
−0.007

	
−0.490

	
grNCSPt(−1)

	
−0.005

	
−0.816




	

	
(0.015)

	
(0.149)

	

	
(0.010)

	
(0.264)




	

	
[−0.435]

	
[−3.279]

	

	
[−0.462]

	
[−3.095]




	
grNCITt(−3)

	
−0.027

	
−0.182

	
grNCSPt(−2)

	
−0.001

	
−0.791




	

	
(0.013)

	
(0.131)

	

	
(0.011)

	
(0.262)




	

	
[−2.032]

	
[−1.387]

	

	
[−0.076]

	
[−3.017]




	
grNCITt(−4)

	
0.021

	
−0.048

	
grNCSPt(−3)

	
−0.014

	
−0.474




	

	
(0.013)

	
(0.132)

	

	
(0.009)

	
(0.254)




	

	
[1.562]

	
[−0.360]

	

	
[−1.375]

	
[−1.865]




	
grNCITt(−5)

	
−0.007

	
0.468

	
grNCSPt(−4)

	
−0.018

	
0.615




	

	
(0.014)

	
(0.133)

	

	
(0.008)

	
(0.203)




	

	
[−0.512]

	
[3.506]

	

	
[−2.295]

	
[3.022]




	
grNCITt(−6)

	
−0.017

	
0.238

	
grNCSPt(−5)

	
−0.001

	
0.026




	

	
(0.016)

	
(0.159)

	

	
(0.011)

	
(0.288)




	

	
[−1.034]

	
[1.499]

	

	
[−0.097]

	
[0.091]




	
grNCITt(−7)

	
−0.037

	
0.157

	
grNCSPt(−6)

	
−0.013

	
−0.162




	

	
(0.015)

	
(0.144)

	

	
(0.011)

	
(0.283)




	

	
[−2.551]

	
[1.089]

	

	
[−1.179]

	
[−0.574]




	
C

	
2.916

	
−16.069

	
grNCSPt(−7)

	
−0.013

	
−0.832




	

	
(1.081)

	
(10.673)

	

	
(0.010)

	
(0.242)




	

	
[2.699]

	
[−1.506]

	

	
[−1.215]

	
[−4.482]




	
R sq.

	
0.836

	
0.485

	
grNCSPt(−8)

	
−0.009

	
−1.085




	
Obs.

	
57

	

	
(0.009)

	
(0.242)




	

	

	

	

	
[−0.919]

	
[−4.482]




	

	

	

	
C

	
6.411

	
121.878




	

	

	

	

	
(3.309)

	
(85.548)




	

	

	

	

	
[1.937]

	
[1.425]




	

	

	

	
R sq.

	
0.770

	
0.828




	

	

	

	
Obs.

	
29








Source: compiled by the authors. Note: R sq. = R squared; Obs. = Observations; standard errors in (); t statistics in []; for variable abbreviations, see Table 1.
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Table A4. VAR Lag Order Selection Criteria (Period 1).






Table A4. VAR Lag Order Selection Criteria (Period 1).





	
Lag

	
LogL

	
LR

	
FPE

	
AIC

	
SC

	
HQ






	
lnFTSEMIB40t




	
0

	
76.036

	
NA

	
0.002

	
−2.644

	
−2.433

	
−2.473




	
1

	
119.238

	
81.776

	
6.01 × 10−5

	
−4.044

	
−3.088*

	
−3.209




	
2

	
125.726

	
11.818

	
5.50 × 10−5

	
−4.133

	
−2.962

	
−3.165




	
3

	
131.014

	
9.253

	
5.26 × 10−5 *

	
−4.179

	
−2.947

	
−3.231




	
4

	
134.699

	
6.185

	
5.34 × 10−5

	
−4.168

	
−2.723

	
−3.088




	
5

	
143.207

	
13.674

	
4.57 × 10−5

	
−4.323

	
−2.553

	
−2.998 *




	
6

	
146.601

	
5.212

	
4.70 × 10−5

	
−4.307

	
−2.411

	
−2.937




	
7

	
153.555

	
10.182*

	
4.27 × 10−5*

	
−4.413 *

	
−2.313

	
−2.921




	
8

	
156.111

	
3.561

	
4.55 × 10−5

	
−4.361

	
−2.151

	
−2.840




	
lnIBEX35t




	
0

	
70.004

	
NA

	
0.000

	
−2.230

	
−2.160

	
−2.203




	
1

	
112.249

	
80.334

	
0.000

	
−3.484

	
−3.276

	
−3.402




	
2

	
114.617

	
4.348

	
0.000

	
−3.430

	
−3.084

	
−3.294




	
3

	
115.540

	
1.634

	
0.000

	
−3.330

	
−2.845

	
−3.139




	
4

	
124.225

	
14.807

	
0.000

	
−3.483

	
−2.860

	
−3.239




	
5

	
138.163

	
22.849

	
7.66 × 10−5

	
−3.809

	
−3.047

	
−3.510




	
6

	
144.061

	
4.696

	
7.97 × 10−5

	
−3.775

	
−2.876

	
−3.423




	
7

	
144.061

	
4.395

	
8.31 × 10−5

	
−3.750

	
−2.702

	
−3.333




	
8

	
146.013

	
2.816 *

	
8.98 × 10−5 *

	
−3.673 *

	
−2.450 *

	
−3.211 *








Source: compiled by the authors. * lag orders selected by the criterion. Note: LR = sequential modified LR test statistic (at 5% level); FPE = Final predictor error; AIC = Aikake information criterion; SC = Schwarz information criterion; HQ = Hannan–Quinn information criterion; for variable abbreviations, see Table 1.
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Table A5. Results of VAR Estimation for FTSE MIB 40 and IBEX 35 (Period 2).






Table A5. Results of VAR Estimation for FTSE MIB 40 and IBEX 35 (Period 2).





	
Italy

	
Spain






	

	
lnFTSEMIB40t

	
grNCITt

	

	
lnIBEX35t

	
grNCSPt




	
lnFTSEMIB40t(−1)

	
0.830

	
5.557

	
lnIBEX35t(−1)

	
0.835

	
−4.697




	

	
(0.124)

	
(6.605)

	

	
(0.134)

	
(4.158)




	

	
[6.696]

	
[0.841]

	

	
[6.243]

	
[−1.129]




	
lnFTSEMIB40t(−2)

	
0.068

	
−2.417

	
lnIBEX35t(−2)

	
0.157

	
6.330




	

	
(0.163)

	
(8.695)

	

	
(0.174)

	
(5.413)




	

	
[0.414]

	
[−0.278]

	

	
[0.901]

	
[1.169]




	
lnFTSEMIB40t(−3)

	
−0.192

	
−1.521

	
lnIBEX35t(−3)

	
−0.203

	
1.537




	

	
(0.116)

	
(6.181)

	

	
(0.174)

	
(5.424)




	

	
[−1.656]

	
[−0.246]

	

	
[−1.166]

	
[0.283]




	
grNCITt(−1)

	
0.001

	
−0.192

	
lnIBEX35t(−4)

	
−0.045

	
−3.055




	

	
(0.002)

	
(0.126)

	

	
(0.179)

	
(5.591)




	

	
[0.359]

	
[−1.526]

	

	
[−0.248]

	
[−0.546]




	
grNCITt(−2)

	
−8.01 × 10−5

	
−0.324

	
lnIBEX35t(−5)

	
0.096

	
−0.347




	

	
(0.003)

	
(0.118)

	

	
(0.132)

	
(4.107)




	

	
[−0.036]

	
[−2.744]

	

	
[0.724]

	
[−0.085]




	
grNCITt(−3)

	
0.005

	
−0.346

	
grNCSPt(−1)

	
-0.002

	
−0.347




	

	
(0.002)

	
(0.121)

	

	
(0.004)

	
(0.111)




	

	
[2.403]

	
[−2.839]

	

	
[-0.637]

	
[−2.840]




	
C

	
2.912

	
−15.850

	
grNCSPt(−2)

	
−0.001

	
−0.153




	

	
(0.861)

	
(45.895)

	

	
(0.004)

	
(0.119)




	

	
[3.381]

	
[−0.345]

	

	
[−0.349]

	
[−1.279]




	
R sq.

	
0.638

	
0.224

	
grNCSPt(−3)

	
−0.003

	
−0.121




	
Obs.

	
64

	

	
(0.004)

	
(0.120)




	

	

	

	

	
[−0.901]

	
[−1.006]




	

	

	

	
grNCSPt(−4)

	
−0.006

	
−0.126




	

	

	

	

	
(0.004)

	
(0.115)




	

	

	

	

	
[−1.693]

	
[−1.099]




	

	

	

	
grNCSPt(−5)

	
−0.006

	
0.572




	

	

	

	

	
(0.003)

	
(0.108)




	

	

	

	

	
[−1.612]

	
[5.315]




	

	

	

	
C

	
1.429

	
2.361




	

	

	

	

	
(0.708)

	
(22.020)




	

	

	

	

	
[2.018]

	
[0.107]




	

	

	

	
R sq.

	
0.772

	
0.602




	

	

	

	
Obs.

	
65








Source: compiled by the authors. Note: R sq. = R squared; Obs. = Observations; standard errors in (); t statistics in []; for variable abbreviations, see Table 1.












Appendix F




[image: Table] 





Table A6. VAR Lag Order Selection Criteria (Period 2).






Table A6. VAR Lag Order Selection Criteria (Period 2).





	
Lag

	
LogL

	
LR

	
FPE

	
AIC

	
SC

	
HQ






	
lnFTSEMIB40t




	
0

	
83.248

	
NA

	
0.000

	
−2.500

	
−2.433

	
−2.473




	
1

	
112.868

	
56.506

	
0.000

	
−3.288

	
−3.088

	
−3.209




	
2

	
117.136

	
7.880

	
0.000

	
−3.296

	
−2.962 *

	
−3.165




	
3

	
125.014

	
14.059 *

	
0.000 *

	
−3.416*

	
−2.947

	
−3.231 *




	
4

	
126.070

	
1.821

	
0.000

	
−3.325

	
−2.723

	
−3.088




	
5

	
128.884

	
4.674

	
0.000

	
−3.289

	
−2.553

	
−2.998




	
6

	
132.616

	
5.972

	
0.000

	
−3.280

	
−2.411

	
−2.937




	
7

	
137.795

	
7.968

	
0.000

	
−3.317

	
−2.313

	
−2.921




	
8

	
140.882

	
4.560

	
0.000

	
−3.289

	
−2.151

	
−2.840




	
lnIBEX35t




	
0

	
70.004

	
NA

	
0.000

	
−2.230

	
−2.160

	
−2.203




	
1

	
112.249

	
80.334

	
0.000

	
−3.484

	
−3.276

	
−3.402




	
2

	
114.617

	
4.348

	
0.000

	
−3.430

	
−3.084*

	
−3.294




	
3

	
115.540

	
1.634

	
0.000

	
−3.330

	
−2.845

	
−3.139




	
4

	
124.225

	
14.807

	
0.000

	
−3.483

	
−2.860

	
−3.239




	
5

	
138.163

	
22.849 *

	
7.66 × 10−5 *

	
−3.809*

	
−3.047

	
−3.510 *




	
6

	
144.061

	
4.696

	
7.97 × 10−5

	
−3.775

	
−2.876

	
−3.423




	
7

	
144.061

	
4.395

	
8.31 × 10−5

	
−3.750

	
−2.702

	
−3.333




	
8

	
146.013

	
2.816

	
8.98 ×10−5

	
−3.673

	
−2.450

	
−3.211








Source: compiled by the authors. * lag orders selected by the criterion. Note: LR = sequential modified LR test statistic (at 5% level); FPE = Final predictor error; AIC = Aikake information criterion; SC = Schwarz information criterion; HQ = Hannan–Quinn information criterion; for variable abbreviations, see Table 1.
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Table A7. Results of VAR Estimation for FTSE MIB 40 and IBEX 35 (Period 3).






Table A7. Results of VAR Estimation for FTSE MIB 40 and IBEX 35 (Period 3).





	
Italy

	
Spain






	

	
lnFTSEMIB40t

	
grNCITt

	

	
lnIBEX35t

	
grNCSPt




	
lnFTSEMIB40t(−1)

	
0.972

	
1.098

	
lnIBEX35t(−1)

	
1.033

	
−2.594




	

	
(0.146)

	
(1.152)

	

	
(0.218)

	
(2.879)




	

	
[6.643]

	
[0.953]

	

	
[4.735]

	
[−0.901]




	
lnFTSEMIB40t(−2)

	
0.281

	
−2.248

	
lnIBEX35t(−2)

	
0.267

	
2.345




	

	
(0.205)

	
(1.620)

	

	
(0.335)

	
(4.419)




	

	
[1.364]

	
[−1.387]

	

	
[0.678]

	
[0.531]




	
lnFTSEMIB40t(−3)

	
−0.321

	
2.459

	
lnIBEX35t(−3)

	
−0.628

	
−1.895




	

	
(0.202)

	
(1.589)

	

	
(0.326)

	
(4.299)




	

	
[−1.592]

	
[1.548]

	

	
[−1.929]

	
[−0.441]




	
lnFTSEMIB40t(−4)

	
0.043

	
−2.045

	
lnIBEX35t(−4)

	
0.405

	
4.045




	

	
(0.201)

	
(1.585)

	

	
(0.328)

	
(4.328)




	

	
[0.211]

	
[−1.290]

	

	
[1.235]

	
[0.935]




	
lnFTSEMIB40t(−5)

	
−0.066

	
0.182

	
lnIBEX35t(−5)

	
−0.159

	
−3.893




	

	
(0.147)

	
(1.157)

	

	
(0.328)

	
(2.819)




	

	
[−0.446]

	
[0.158]

	

	
[−0.743]

	
[−1.381]




	
grNCITt(−1)

	
−0.023

	
−0.098

	
grNCSPt(−1)

	
−0.016

	
−0.429




	

	
(0.013)

	
(0.098)

	

	
(0.009)

	
(0.117)




	

	
[−1.862]

	
[−0.991]

	

	
[−1.853]

	
[−3.659]




	
grNCITt(−2)

	
−0.013

	
0.007

	
grNCSPt(−2)

	
−0.019

	
−0.376




	

	
(0.013)

	
(0.102)

	

	
(0.009)

	
(0.119)




	

	
[−1.013]

	
[0.071]

	

	
[−2.074]

	
[−3.144]




	
grNCITt(−3)

	
−0.0001

	
−0.107

	
grNCSPt(−3)

	
−0.019

	
−0.343




	

	
(0.013)

	
(0.098)

	

	
(0.009)

	
(0.127)




	

	
[−0.016]

	
[−1.091]

	

	
[−2.065]

	
[−2.963]




	
grNCITt(−4)

	
−0.009

	
0.002

	
grNCSPt(−4)

	
−0.021

	
−0.399




	

	
(0.011)

	
(0.092)

	

	
(0.009)

	
(0.125)




	

	
[−0.791]

	
[0.021]

	

	
[−2.213]

	
[−3.205]




	
grNCITt(−5)

	
−0.021

	
0.775

	
grNCSPt(−5)

	
−0.015

	
0.545




	

	
(0.011)

	
(0.089)

	

	
(0.009)

	
(0.119)




	

	
[−1.835]

	
[8.679]

	

	
[−1.679]

	
[4.543]




	
C

	
0.909

	
5.491

	
C

	
1.102

	
18.035




	

	
(0.527)

	
(4.146)

	

	
(0.535)

	
(7.057)




	

	
[1.726]

	
[1.325]

	

	
[2.061]

	
[2.555]




	
R sq.

	
0.939

	
0.702

	
R sq.

	
0.947

	
0.899




	
Obs.

	
62

	
Obs.

	
48








Source: compiled by the authors. Note: R sq. = R squared; Obs. = Observations; standard errors in (); t statistics in []; for variable abbreviations, see Table 1.
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Table A8. VAR Lag Order Selection Criteria (Period 3).






Table A8. VAR Lag Order Selection Criteria (Period 3).





	
Lag

	
LogL

	
LR

	
FPE

	
AIC

	
SC

	
HQ






	
lnFTSEMIB40t




	
0

	
104.440

	
NA

	
0.000

	
−3.304

	
−3.236

	
−3.278




	
1

	
188.761

	
160.482

	
9.43 × 10−6

	
−5.896

	
−5.690

	
−5.815




	
2

	
191.063

	
4.234

	
9.97 × 10−6

	
−5.841

	
−5.498

	
−5.706




	
3

	
197.099

	
10.709

	
9.35 × 10−6

	
−5.906

	
−5.426

	
−5.718




	
4

	
201.244

	
7.086

	
9.33 × 10−6

	
−5.911

	
−5.294

	
−5.669




	
5

	
229.531

	
46.537 *

	
4.28 × 10−6

	
−5.695

	
−5.940 *

	
−6.398 *




	
6

	
233.887

	
6.885

	
4.25 × 10−6 *

	
−6.706 *

	
−5.814

	
−6.356




	
7

	
235.135

	
1.892

	
4.67 × 10−6

	
−6.617

	
−5.588

	
−6.213




	
8

	
241.062

	
8.605

	
4.43 × 10−6

	
−6.679

	
−5.513

	
−6.221




	
lnIBEX35t




	
0

	
13.991

	
NA

	
0.001

	
−0.571

	
−0.488

	
−0.541




	
1

	
71.091

	
160.043

	
0.000

	
−3.100

	
−2.851

	
−3.009




	
2

	
73.637

	
4.485

	
0.000

	
−3.030

	
−2.617

	
−2.879




	
3

	
75.626

	
3.315

	
0.000

	
−52.935

	
−2.355

	
−2.722




	
4

	
107.138

	
49.519

	
4.98 × 10−5

	
−4.245

	
−3.500

	
−3.972




	
5

	
122.094

	
22.078 *

	
2.99 × 10−5 *

	
−4.766 *

	
−3.856 *

	
−4.433 *




	
6

	
123.902

	
2.497

	
3.38 × 10−5

	
−4.662

	
−3.586

	
−4.268




	
7

	
125.783

	
2.418

	
3.83 × 10−5

	
−4.561

	
−3.320

	
−4.106




	
8

	
127.012

	
1.463

	
4.51 × 10−5

	
−4.429

	
−3.022

	
−3.914








Source: compiled by the authors. * lag orders selected by the criterion. Note: LR = sequential modified LR test statistic (at 5% level); FPE = Final predictor error; AIC = Aikake information criterion; SC = Schwarz information criterion; HQ = Hannan–Quinn information criterion; for variable abbreviations, see Table 1.
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Table A9. Results of Regression Analysis for FTSE MIB 40 and IBEX 35 (Whole Period—1 March 2020–30 November 2020).






Table A9. Results of Regression Analysis for FTSE MIB 40 and IBEX 35 (Whole Period—1 March 2020–30 November 2020).





	

	
Coefficient

	
Std. Error

	
t-Value

	
p-Stat

	
R sq.

	
Observ.






	
Ordinary least squares regression models




	
RetFTSEMIB40t




	
C

	
0.013

	
0.005

	
2.424

	
0.016 *

	

	




	
NCITt

	
1.66 × 10−7

	
1.82 × 10−7

	
0.911

	
0.363

	

	




	
VIXt

	
−0.0004

	
0.0002

	
−2.855

	
0.005 **

	
0.049

	
189




	
RetIBEX35t




	
C

	
0.0146

	
0.005

	
2.756

	
0.006 **

	

	




	
NCSPt

	
8.98 × 10−8

	
1.82 × 10−7

	
0.494

	
0.622

	

	




	
VIXt

	
−0.0004

	
0.0002

	
−2.963

	
0.004 **

	
0.046

	
189




	
Heteroscedasticity-corrected models




	
RetFTSEMIB40t




	
C

	
0.013

	
0.011

	
1.226

	
0.222

	

	




	
NCITt

	
1.66 × 10−7

	
1.29 × 10−7

	
1.284

	
0.201

	

	




	
VIXt

	
−0.0004

	
0.0004

	
−1.167

	
0.244

	
0.049

	
189




	
RetIBEX35t




	
C

	
0.0145

	
0.011

	
1.396

	
0.173

	

	




	
NCSPt

	
8.98 × 10−7

	
1.05 × 10−7

	
0.858

	
0.392

	

	




	
VIXt

	
−0.0004

	
0.0004

	
−1.208

	
0.229

	
0.046

	
189








Source: compiled by the authors. ** 99% c.l., * 95% c.l. Note: Std. Error—Standard Error; p-Stat = p-Statistics; R sq. = R squared; Observ. = Observations; for variable abbreviations, see Table 1.
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Table A10. Linear Regression Models for FTSE MIB 40 and IBEX 35 (Period 1—1 March 2020–29 May 2020).






Table A10. Linear Regression Models for FTSE MIB 40 and IBEX 35 (Period 1—1 March 2020–29 May 2020).





	

	
Coefficient

	
Std. Error

	
t-Value

	
p-Stat

	
R sq.

	
Observ.






	
Ordinary least squares regression models




	
RetFTSEMIB40t




	
C

	
0.045

	
0.014

	
3.097

	
0.003 **

	

	




	
NCITt

	
1.22 × 10−į

	
3.86 × 10−6

	
3.169

	
0.002 **

	

	




	
VIXt

	
−0.002

	
0.0004

	
−3.872

	
0.000 **

	
0.198

	
64




	
RetIBEX35t




	
C

	
0.026

	
0.013

	
2.014

	
0.048 *

	

	




	
NCSPt

	
8.44 × 10−7

	
2.51 × 10−6

	
0.560

	
0.577

	

	




	
VIXt

	
−0.001

	
0.0003

	
−2.301

	
0.025 *

	
0.082

	
64




	
Heteroscedasticity-corrected models




	
RetFTSEMIB40t




	
C

	
0.045

	
0.021

	
2.166

	
0.034 *

	

	




	
NCITt

	
1.22 × 10−5

	
5.24 × 10-6

	
2.333

	
0.023 *

	

	




	
VIXt

	
−0.002

	
0.001

	
−2.262

	
0.027 *

	
0.198

	
64




	
RetIBEX35t




	
C

	
0.027

	
0.016

	
1.663

	
0.101

	

	




	
NCSPt

	
8.44 × 10−7

	
8.71 × 10−7

	
0.696

	
0.337

	

	




	
VIXt

	
−0.001

	
0.0004

	
−1.514

	
0.135

	
0.082

	
64








Source: compiled by the authors. ** 99% c.l., * 95% c.l. Note: Std. Error—Standard Error; p-Stat = p-Statistics; R sq. = R squared; Observ. = Observations; for variable abbreviations, see Table 1.












Appendix K




[image: Table] 





Table A11. Linear Regression Models for FTSE MIB 40 and IBEX 35 (Period 2—1 June 2020–31 August 2020).






Table A11. Linear Regression Models for FTSE MIB 40 and IBEX 35 (Period 2—1 June 2020–31 August 2020).





	

	
Coefficient

	
Std. Error

	
t-Value

	
p-Stat

	
R sq.

	
Observ.






	
Ordinary least squares regression models




	
RetFTSEMIB40t




	
C

	
0.023

	
0.013

	
1.839

	
0.071

	

	




	
NCITt

	
−8.52 × 10−6

	
5.24 × 10−6

	
−1.625

	
0.109

	

	




	
VIXt

	
−0.001

	
0.0004

	
−1.681

	
0.097

	
0.063

	
65




	
RetIBEX35t




	
C

	
0.015

	
0.012

	
1.207

	
0.232

	

	




	
NCSPt

	
−2.22 × 10−7

	
4.70 × 10−7

	
−0.472

	
0.638

	

	




	
VIXt

	
−0.001

	
0.004

	
−1.323

	
0.194

	
0.030

	
65




	
Heteroscedasticity-corrected models




	
RetFTSEMIB40t




	
C

	
0.023

	
0.014

	
1.616

	
0.111

	

	




	
NCITt

	
−8.52 × 10−6

	
4.03 × 10−6

	
−2.115

	
0.039 *

	

	




	
VIXt

	
−0.001

	
0.001

	
−1.413

	
0.163

	
0.063

	
65




	
RetIBEX35t




	
C

	
0.015

	
0.014

	
1.093

	
0.279

	

	




	
NCSPt

	
−2.22 × 10−7

	
3.49× 10−7

	
−0.636

	
0.527

	

	




	
VIXt

	
−0.001

	
0.001

	
−1.141

	
0.258

	
0.030

	
65








Source: compiled by the authors. * 95% c.l. Note: Std. Error—Standard Error; p-Stat = p-Statistics; R sq. = R squared; Observ. = Observations; for variable abbreviations, see Table 1.
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Table A12. Linear Regression Models for FTSE MIB 40 and IBEX 35 (Period 3—1 September 2020– 30 November 2020).
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Coefficient

	
Std. Error

	
t-Value

	
p-Stat

	
R sq.

	
Observ.






	
Ordinary least squares regression models




	
RetFTSEMIB40t




	
C

	
0.013

	
0.014

	
0.964

	
0.339

	

	




	
NCITt

	
2.33 × 10−7

	
1.47 × 10−7

	
1.588

	
0.118

	

	




	
VIXt

	
−0.001

	
0.0004

	
−1.129

	
0.264

	
0.068

	
60




	
RetIBEX35t




	
C

	
0.020

	
0.015

	
1.380

	
0.173

	

	




	
NCSPt

	
1.01 × 10−7

	
1.32 × 10−7

	
0.768

	
0.446

	

	




	
VIXt

	
−0.001

	
0.001

	
−1.238

	
0.221

	
0.036

	
60




	
Heteroscedasticity-corrected models




	
RetFTSEMIB40t




	
C

	
0.013

	
0.023

	
0.571

	
0.570

	

	




	
NCITt

	
2.33 × 10−7

	
1.50 × 10−7

	
1.555

	
0.126

	

	




	
VIXt

	
−0.001

	
0.001

	
−0.652

	
0.517

	
0.068

	
60




	
RetIBEX35t




	
C

	
0.020

	
0.018

	
1.131

	
0.263

	

	




	
NCSPt

	
1.01 × 10−7

	
1.29 × 10−7

	
0.785

	
0.436

	

	




	
VIXt

	
−0.001

	
0.001

	
−0.980

	
0.331

	
0.036

	
60








Source: compiled by the authors. Note: Std. Error—Standard Error; p-Stat = p-Statistics; R sq. = R squared; Observ. = Observations; for variable abbreviations, see Table 1.
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Table A13. Results of Heteroskedasticity Test: ARCH Effects for Return of Selected Indexes.
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Dependent Variable

	
Whole Period






	
RetFTSEMIB40t

	
F-statistic

	
5.231

	
Prob. F(1,183)

	
0.023 *




	

	
Obs*R-squares

	
5.141

	
Prob. Chi-Square(1)

	
0.023 *




	
RetIBEX35t

	
F-statistic

	
5.102

	
Prob. F(1,183)

	
0.025 *




	

	
Obs*R-squares

	
5.018

	
Prob. Chi-Square(1)

	
0.025 *




	

	
Period 1




	
RetFTSEMIB40t

	
F-statistic

	
3.048

	
Prob. F(1,61)

	
0.086




	

	
Obs*R-squares

	
2.998

	
Prob. Chi-Square(1)

	
0.083




	
RetIBEX35t

	
F-statistic

	
0.405

	
Prob. F(1,61)

	
0.527




	

	
Obs*R-squares

	
0.416

	
Prob. Chi-Square(1)

	
0.591




	

	
Period 2




	
RetFTSEMIB40t

	
F-statistic

	
0.098

	
Prob. F(1,55)

	
0.755




	

	
Obs*R-squares

	
0.102

	
Prob. Chi-Square(1)

	
0.749




	
RetIBEX35t

	
F-statistic

	
1.853

	
Prob. F(1,62)

	
0.220




	

	
Obs*R-squares

	
1.857

	
Prob. Chi-Square(1)

	
0.214




	

	
Period 3




	
RetFTSEMIB40t

	
F-statistic

	
0.121

	
Prob. F(1,59)

	
0.729




	

	
Obs*R-squares

	
0.125

	
Prob. Chi-Square(1)

	
0.724




	
RetIBEX35t

	
F-statistic

	
1.254

	
Prob. F(1,55)

	
0.267




	

	
Obs*R-squares

	
0.007

	
Prob. Chi-Square(1)

	
0.935








Source: compiled by the authors. * 95% c.l. Note: Std. Error—Standard Error; p-Stat = p-Statistics; R sq. = R squared; Observ. = Observations; for variable abbreviations, see Table 1.
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Figure 1. Number of daily confirmed COVID-19 cases in Italy (Panel a) and Spain (Panel b) in 2020. Source: compiled by the authors on the basis of Our World in Data Coronavirus Pandemic (COVID-19) database. Note: M3 = March; M4 = April; M5 = May; M6 = June; M7 = July; M8 = August; M9 = September; M10 = October; M11 = November; for variable abbreviations, see Table 1. 
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[image: Economies 10 00003 g001]







[image: Economies 10 00003 g002 550] 





Figure 2. GDP growth rate in Italy (Panel a) and Spain (Panel b) in 2020. Source: compiled by the authors on the basis of Trading Economics 2020. 
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Figure 3. Dynamics of FTSE MIB 40 (Panel a) and IBEX 35 (Panel b) indexes, 1 March 2020–30 November 2020. Source: compiled by the authors on the basis of Bloomberg database data. Note: M1 = January; M2 = February; M3 = March; M4 = April; M5 = May; M6 = June; M7 = July; M8 = August; M9 = September; M10 = October; M11 = November; for variable abbreviations, see Table 1. 
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Figure 4. Response of FTSE MIB 40 (Panel a) and IBEX 35 (Panel b) indexes to the spread of the COVID-19 pandemic (whole period). Source: compiled by the authors. Note: for variable abbreviations, see Table 1. 
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Figure 5. Response of FTSE MIB 40 (Panel a) and IBEX 35 (Panel b) indexes to the spread of the COVID-19 pandemic (Period 1—1 March 2020–31 May 2020). Source: compiled by the authors. Note: for variable abbreviations, see Table 1. 
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Figure 6. Response of FTSE MIB 40 (Panel a) and IBEX 35 (Panel b) indexes to the spread of the COVID-19 pandemic (Period 2—0 June 2020–30 August 2020). Source: compiled by the authors. Note: for variable abbreviations, see Table 1. 
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Figure 7. Response of FTSE MIB 40 (Panel a) and IBEX 35 (Panel b) indexes to the spread of the COVID-19 pandemic (Period 3—1 September 2020–30 November 2020). Source: compiled by the authors. Note: for variable abbreviations, see Table 1. 
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Figure 8. Daily values of FTSE MIB 40 (Panel a) and IBEX 35 (Panel b) logarithmic returns. Source: compiled by the authors. Note: M1 = January; M2 = February; M3 = March; M4 = April; M5 = May; M6 = June; M7 = July; M8 = August; M9 = September; M10 = October; M11 = November; for variable abbreviations, see Table 1. 
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Figure 9. Density plots for daily logarithm returns of FTSE MIB 40 (Panel a) and IBEX 35 (Panel b) returns. Source: compiled by the authors. Note: for variable abbreviations, see Table 1. 
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Figure 10. Q–Q plots for daily logarithm returns of FTSE MIB 40 (Panel b) and IBEX 35 (Panel a) returns. Source: compiled by the authors. Note: for variable abbreviations, see Table 1. 






Figure 10. Q–Q plots for daily logarithm returns of FTSE MIB 40 (Panel b) and IBEX 35 (Panel a) returns. Source: compiled by the authors. Note: for variable abbreviations, see Table 1.



[image: Economies 10 00003 g010]







[image: Economies 10 00003 g011 550] 





Figure 11. Stock market index volatility in Italy (Panel a) and Spain (Panel b) in Periods 1–3. Source: compiled by the authors. Note: Av. = Average; Std. Dev. = Standard Deviation; for variable abbreviations, see Table 1. 
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Table 2. Descriptive statistics of OLS regression model variables.






Table 2. Descriptive statistics of OLS regression model variables.













	
	GrNCITt
	GrNCSPt
	LnFTSEMIB40t
	LnIBEX35t
	VIXt





	Mean
	0.071
	0.231
	9.849
	8.867
	32.639



	Median
	0.075
	0.106
	9.873
	8.854
	28.135



	Maximum
	4.106
	2.811
	10.015
	9.095
	82.690



	Minimum
	−2.493
	−0.807
	9.608
	8.717
	20.570



	Std. Dev.
	0.511
	0.708
	0.084
	0.066
	11.939



	Skweness
	2.237
	1.110
	−0.580
	0.904
	2.047



	Kurtosis
	26.066
	4.246
	3.041
	4.095
	7.129



	Jarque-Bera
	4416.534
	48.610
	10.844
	35.949
	267.637



	Probability
	0.000
	0.000
	0.000
	0.000
	0.000



	Sum
	13.650
	41.615
	1901.000
	1711.416
	6201.470



	Sum Sq. Dev.
	49.852
	89.755
	1.361
	0.846
	26,939.98



	Observations
	192
	192
	193
	193
	190







Source: compiled by the authors. Note: Std. Dev.—Standard Deviation; for variable abbreviations, see Table 1.
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Table 3. Results of unit-root (Augmented Dickey–Fuller) test.






Table 3. Results of unit-root (Augmented Dickey–Fuller) test.





	Variable
	Augmented Dickey–Fuller Test Statistic
	1% Level
	5% Level
	10% Level





	LnFTSEMIB40t
	−5.039 **
	−4.008
	−3.434
	−3.141



	LnIBEX35t
	−4.207 **
	−4.008
	−3.434
	−3.141



	GrNCITt
	−7.516 **
	−4.008
	−3.434
	−3.141



	GrNCSPt
	−4.419 **
	−4.020
	−3.440
	−3.144



	VIXt
	−2.149
	−3.466
	−2.877
	−2.575



	D(VIXt)
	−19.944 **
	−3.466
	−2.877
	−2.575



	R.FTSEMIB40t
	−15.140 **
	−3.465
	−2.877
	−2.575



	R.IBEX35t
	−14.702 **
	−3.465
	−2.877
	−2.575



	NCITt
	−6.475 **
	−3.465
	−2.878
	−2.576



	NCSPt
	−0.325
	−3.480
	−2.883
	−2.578



	D(NCSPt)
	−4.054 **
	−3.476
	−2.882
	−2.578







Source: compiled by the authors. ** 99% c.l. Note: for variable abbreviations, see Table 1.
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Table 4. Results of heteroscedasticity test: ARCH effects.
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Dependent Variable

	
Whole Period






	
lnFTSEMIB40t

	
F-statistic

	
573.915

	
Prob. F(1,189)

	
0.000 **




	

	
Obs*R-squares

	
140.272

	
Prob. Chi-Square(1)

	
0.000 **




	
lnIBEX35t

	
F-statistic

	
1424.338

	
Prob. F(1,166)

	
0.000 **




	

	
Obs*R-squares

	
150.464

	
Prob. Chi-Square(1)

	
0.000 **




	

	
Period 1




	
lnFTSEMIB40t

	
F-statistic

	
167.865

	
Prob. F(1,61)

	
0.000 **




	

	
Obs*R-squares

	
46.208

	
Prob. Chi-Square(1)

	
0.000 **




	
lnIBEX35t

	
F-statistic

	
254.742

	
Prob. F(1,50)

	
0.000 **




	

	
Obs*R-squares

	
43.468

	
Prob. Chi-Square(1)

	
0.000 **




	

	
Period 2




	
lnFTSEMIB40t

	
F-statistic

	
48.663

	
Prob. F(1,61)

	
0.000 **




	

	
Obs*R-squares

	
27.956

	
Prob. Chi-Square(1)

	
0.000 **




	
lnIBEX35t

	
F-statistic

	
78.415

	
Prob. F(1,61)

	
0.000 **




	

	
Obs*R-squares

	
35.434

	
Prob. Chi-Square(1)

	
0.000 **




	

	
Period 3




	
lnFTSEMIB40t

	
F-statistic

	
11.457

	
Prob. F(1,55)

	
0.001 **




	

	
Obs*R-squares

	
9.826

	
Prob. Chi-Square(1)

	
0.002 **




	
lnIBEX35t

	
F-statistic

	
11.527

	
Prob. F(1,49)

	
0.001 **




	

	
Obs*R-squares

	
9.713

	
Prob. Chi-Square(1)

	
0.002 **








Source: compiled by the authors. ** 99% c.l., * multiplication sign. Note: for variable abbreviations, see Table 1.
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Table 5. Results of regression analysis for FTSE MIB 40 and IBEX 35 (whole period—1 March 2020–30 November 2020).
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Coefficient

	
Std. Error

	
t-Value

	
p-Stat

	
R sq.

	
Observ.






	
Ordinary least squares regression models




	
lnFTSEMIB40t




	
C

	
10.023

	
0.011

	
884.923

	
0.000 **

	

	




	
grNCITt

	
0.007

	
0.008

	
0.909

	
0.364

	

	




	
VIXt

	
−0.005

	
0.0003

	
−16.534

	
0.000 **

	
0.595

	
189




	
lnIBEX35t




	
C

	
8.936

	
0.013

	
669.193

	
0.000 **

	

	




	
grNCSPt

	
0.003

	
0.007

	
0.536

	
0.593

	

	




	
VIXt

	
−0.002

	
0.0003

	
−5.649

	
0.000 **

	
0.156

	
177




	
Heteroscedasticity-corrected models




	
lnFTSEMIB40t




	
C

	
10.023

	
0.017

	
602.429

	
0.000 **

	

	




	
grNCITt

	
0.007

	
0.007

	
1.038

	
0.301

	

	




	
VIXt

	
−0.005

	
0.0004

	
−12.255

	
0.000 **

	
0.595

	
189




	
lnIBEX35t




	
C

	
8.937

	
0.020

	
437.532

	
0.000 **

	

	




	
grNCSPt

	
0.003

	
0.007

	
0.408

	
0.684

	

	




	
VIXt

	
−0.002

	
0.001

	
−4.098

	
0.000 **

	
0.156

	
177








Source: compiled by the authors. ** 99% c.l. Note: Std. Error—Standard Error; p-Stat = p-Statistics; R sq. = R squared; Observ. = Observations; for variable abbreviations, see Table 1.
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Table 6. Results of regression analysis for FTSE MIB 40 and IBEX 35 (Period 1—1 March 2020–29 May 2020).
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Coefficient

	
Std. Error

	
t-Value

	
p-Stat

	
R sq.

	
Observ.






	
Ordinary least squares regression models




	
lnFTSEMIB40t




	
C

	
9.894

	
0.024

	
413.009

	
0.000 **

	

	




	
grNCITt

	
0.04

	
0.021

	
2.012

	
0.049 *

	

	




	
VIXt

	
−0.003

	
0.001

	
−5.963

	
0.000 **

	
0.378

	
64




	
lnIBEX35t




	
C

	
8.914

	
0.032

	
275.989

	
0.000 **

	

	




	
grNCSPt

	
0.015

	
0.013

	
1.122

	
0.267

	

	




	
VIXt

	
−0.002

	
0.001

	
−2.484

	
0.016 *

	
0.122

	
56




	
Heteroscedasticity-corrected models




	
lnFTSEMIB40t




	
C

	
9.894

	
0.035

	
281.746

	
0.000 **

	

	




	
grNCITt

	
0.04

	
0.040

	
2.011

	
0.049 *

	

	




	
VIXt

	
−0.003

	
0.001

	
−4.787

	
0.000 **

	
0.378

	
64




	
lnIBEX35t




	
C

	
8.914

	
0.045

	
197.004

	
0.000 **

	

	




	
grNCSPt

	
0.015

	
0.016

	
0.904

	
0.369

	

	




	
VIXt

	
−0.002

	
0.001

	
−2.194

	
0.000 **

	
0.122

	
56








Source: compiled by the authors. ** 99% c.l., * 95% c.l. Note: Std. Error—Standard Error; p-Stat = p-Statistics; R sq. = R squared; Observ. = Observations; for variable abbreviations, see Table 1.
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Table 7. Results of regression analysis for FTSE MIB 40 and IBEX 35 (Period 2—1 June 2020–31 August 2020).
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Coefficient

	
Std. Error

	
t-Value

	
p-Stat

	
R sq.

	
Observ.






	
Ordinary least squares regression models




	
lnFTSEMIB40t




	
C

	
9.964

	
0.014

	
711.051

	
0.000 **

	

	




	
grNCITt

	
−0.001

	
0.003

	
−0.358

	
0.722

	

	




	
VIXt

	
−0.003

	
0.001

	
−5.210

	
0.000 **

	
0.305

	
65




	
lnIBEX35t




	
C

	
8.831

	
0.023

	
378.534

	
0.000 **

	

	




	
grNCSPt

	
−0.0002

	
0.005

	
−0.054

	
0.966

	

	




	
VIXt

	
0.002

	
0.001

	
2.578

	
0.012 *

	
0.098

	
65




	
Heteroscedasticity-corrected models




	
lnFTSEMIB40t




	
C

	
9.965

	
0.019

	
514.795

	
0.000 **

	

	




	
grNCITt

	
−0.001

	
0.002

	
−0.649

	
0.519

	

	




	
VIXt

	
−0.003

	
0.001

	
−4.080

	
0.000 **

	
0.304

	
65




	
lnIBEX35t




	
C

	
8.832

	
0.029

	
307.589

	
0.000 **

	

	




	
grNCSPt

	
−0.0003

	
0.004

	
−0.701

	
0.943

	

	




	
VIXt

	
0.002

	
0.001

	
2.366

	
0.021 *

	
0.098

	
65








Source: compiled by the authors. ** 99% c.l., * 95% c.l. Note: Std. Error—Standard Error; p-Stat = p-Statistics; R sq. = R squared; Observ. = Observations; for variable abbreviations, see Table 1.
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Table 8. Results of regression analysis for FTSE MIB 40 and IBEX 35 (Period 3—1 September 2020–30 November 2020).
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Coefficient

	
Std. Error

	
t-Value

	
p-Stat

	
R sq.

	
Observ.






	
Ordinary least squares regression models




	
lnFTSEMIB40t




	
C

	
10.184

	
0.028

	
359.197

	
0.000 **

	

	




	
grNCITt

	
−0.027

	
0.022

	
−1.216

	
0.229

	

	




	
VIXt

	
−0.011

	
0.001

	
−10.268

	
0.000 **

	
0.672

	
60




	
lnIBEX35t




	
C

	
9.202

	
0.041

	
226.248

	
0.000 **

	

	




	
grNCSPt

	
−0.007

	
0.009

	
−0.689

	
0.494

	

	




	
VIXt

	
−0.012

	
0.001

	
−8.409

	
0.000 **

	
0.573

	
56




	
Heteroscedasticity-corrected models




	
lnFTSEMIB40t




	
C

	
10.184

	
0.050

	
203.434

	
0.000 **

	

	




	
grNCITt

	
−0.027

	
0.015

	
−1.717

	
0.091 ^

	

	




	
VIXt

	
−0.011

	
0.002

	
−6.144

	
0.000 **

	
0.672

	
60




	
lnIBEX35t




	
C

	
9.203

	
0.082

	
112.302

	
0.000 **

	

	




	
grNCSPt

	
−0.007

	
0.006

	
−1.060

	
0.294

	

	




	
VIXt

	
−0.012

	
0.003

	
−4.366

	
0.000 **

	
0.573

	
56








Source: compiled by the authors. ** 99% c.l., ^ 90% c.l. Note: Std. Error—Standard Error; p-Stat = p-Statistics; R sq. = R squared; Observ. = Observations; for variable abbreviations, see Table 1.
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Table 9. Descriptive statistics of GARCH model variables.
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	NCITt
	NCSPt
	R.FTSEMIB40t
	R.IBEX35t
	VIXt





	Mean
	5730.802
	8451.139
	9.67 × 10−5
	−0.001
	32.639



	Median
	1401.500
	5103.000
	0.002
	0.001
	28.135



	Maximum
	40,902.000
	55,019.000
	0.085
	0.082
	82.690



	Minimum
	113.000
	36.000
	−0.185
	−0.152
	20.570



	Std. Dev.
	9988.731
	10,222.710
	0.028
	0.024
	11.939



	Skweness
	2.113
	2.027
	−2.559
	−1.280
	2.047



	Kurtosis
	6.140
	7.998
	21.004
	12.304
	7.129



	Jarque-Bera
	221.841
	322,731
	2802.559
	745.012
	267.637



	Probability
	0.000
	0.000
	0.000
	0.000
	0.000



	Sum
	1,100,314.00
	1,580,363.0
	0.019
	−0.079
	6201.470



	Sum Sq. Dev.
	1.90 × 1010
	1.94 × 1010
	0.118
	0.109
	26,939.98



	Observations
	192
	187
	192
	192
	190







Source: compiled by the authors. Note: Std. Dev.—Standard Deviation; for variable abbreviations, see Table 1.
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Table 10. GARCH estimations for the whole period (1 March 2020–30 November 2020).






Table 10. GARCH estimations for the whole period (1 March 2020–30 November 2020).





	
Variable

	
Coefficient

	
Std. Error

	
z-Statistic

	
p-Stat

	
R sq.

	
Observ.






	
Dependent Variable: RetFSTEMIB40t




	
C

	
−0.001

	
0.001

	
−0.455

	
0.649

	

	




	
NCSPt

	
1.04 × 10−7

	
1.21 × 10−7

	
0.858

	
0.391

	

	




	
VIXt

	
−0.003

	
0.0004

	
−9.436

	
0.000 **

	

	




	
Variance Equation




	
C

	
1.34 × 10−6

	
4.51 × 10−6

	
0.297

	
0.766

	

	




	
RESID(−1)^2

	
−0.017

	
0.013

	
−1.303

	
0.193

	

	




	
GARCH(−1)

	
1.005

	
0.035

	
28.895

	
0.000 **

	
0.363

	
196




	
Dependent Variable: RetIBEX35t




	
C

	
0.0001

	
0.001

	
0.094

	
0.925

	

	




	
NCSPt

	
2.19 × 10−7

	
8.95 × 10−8

	
2.443

	
0.014 **

	

	




	
VIXt

	
−0.003

	
0.0003

	
−7.933

	
0.000 **

	

	




	
Variance Equation




	
C

	
2.66 × 10−5

	
1.78 × 10−5

	
1.489

	
0.134

	

	




	
RESID(−1)^2

	
0.125

	
0.067

	
1.979

	
0.041 *

	

	




	
GARCH(−1)

	
0.800

	
0.099

	
8.085

	
0.000 **

	
0.279

	
192








Source: compiled by the authors. ** 99% c.l., * 95% c.l. Note: Std. Error—Standard Error; p-Stat = p-Statistics; R sq. = R squared; Observ. = Observations; for variable abbreviations, see Table 1.
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