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Introduction
After the World Health Organization (WHO) declared the coronavirus disease (COVID-
19) a global pandemic in March 2020, many countries implemented strict quarantine 
policies that exerted profound effects on economic activity worldwide. Lockdowns have 
negatively affected all economic sectors, including financial markets, leading to a severe 
economic crisis (Smales 2021). For example, the total loss in the S&P 500 index, a bench-
mark stock market index, was 35% in March 2020. Azimli (2020) put the loss in global 
financial markets in excess of 20% due to COVID-19, and Hashmi et al. (2021) noted that 
emerging stock markets have been more affected by the global pandemic than developed 
stock markets.

The effects of the global pandemic on economic activity and financial markets have 
been examined from various perspectives (Hossain 2021; Sharif et  al. 2020; Albulescu 
2021; Wei and Han 2021). For instance, Kou et  al. (2021) indicated that the use of 
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technology and innovation has increased considerably after the global pandemic to over-
come the challenges caused by numerous precautions taken by governments, such as 
strict quarantine policies. Chundakkadan and Nedumparambil (2021) noted that sharp 
declines in stock markets are not only due to the lockdowns that restrict economic 
activities but also due to changes in investor sentiment; as such, there is a growing body 
of literature that examines the relationship between investor sentiment and stock mar-
ket behavior during the COVID-19 pandemic. It should be noted that the review of the 
effects of investor sentiment on the stock market did not start with COVID-19, but such 
studies gained momentum during the global pandemic. For example, Dergiades (2012) 
found that changes in investor sentiment help predict returns in the United States. 
Brown and Cliff (2004) showed that while there is a strong contemporaneous correlation 
between stock market returns and investor sentiment, such sentiment may contribute 
little to the prediction of future stock market returns.

The principal objective of the current study is to examine the effects of investor senti-
ment and mood (positive and negative) on major stock markets during the COVID-19 
pandemic. Although a significant body of empirical work examines investor sentiment 
driven by COVID-19, these studies tend to focus only on negative investor sentiment. 
Hence, the current study contributes to the existing literature by examining the impact 
of both negative and positive sentiments due to COVID-19 on stock markets.

Behavioral finance studies show that investors’ emotions and anxiety affect their 
investment decisions in stock markets; this finding is related to the mood sensitivity 
hypothesis. However, a problem arises in measuring emotions or investor sentiments 
because these cannot be observed directly. As such, several proxies have been con-
sidered in measuring investor sentiments in the literature. Since the work of Da et  al. 
(2011), the Google Search Volume Index (GSVI) data have been used frequently in the 
literature to measure investor interest or sentiment. For example, Barber and Odean 
(2001) noted that the internet has become an essential tool for investors buying and sell-
ing decisions in financial markets. Hence, the internet offers investors a vital platform 
on which they can access comprehensive information for investment decision-making. 
If an internet search query is considered an indication of direct interest, searching for 
information on a particular topic on the internet is a clear indication of an individual’s 
interest in the topic. Da et al. (2011) suggested that investors tend to invest in companies 
that attract their attention in financial markets. Da et al. (2011) and Fang et al. (2014) 
examined the effects of internet search volumes on stock returns. Furthermore, Da 
et al. (2011) indicated that the GSVI data allow us to ascertain investor attention more 
quickly, as observed during the global pandemic. Similarly, Smales (2021) noted that the 
GSVI provides a direct and timely measurement of the retrieval of available information. 
In addition, Costola et al. (2021) emphasized that the GSVI data can successfully gauge 
investor attention during episodes of diseases, such as the Middle East respiratory syn-
drome, chickenpox, and flu.

Numerous studies have shown that internet search volumes can be used as a proxy 
for investor sentiment, highlighting significant relationships between investor sentiment 
and investment decisions in financial markets (Kamstra et al. 2003; Kaplanski and Levy 
2010; Da et al. 2015). Moreover, the effects of investor sentiment on stock market returns 
have been extensively examined in the literature (Andrei and Hasler 2015; Aouadi et al. 
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2013; Hirshleifer et  al. 2011; Padungsaksawasdi et  al. 2019; Chen et  al. 2020a; Chem-
manur and Yan 2019; Chen 2017; Wen et al. 2019; Han et al. 2018; Smales 2021). In the 
finance literature, the GSVI is widely used to predict stock returns and volatility (Vlasta-
kis and Markellos 2012; Kim et al. 2019; Heyman et al. 2019).

Chundakkadan and Nedumparambil (2021) showed that “coronavirus” became a 
trending online query after the COVID-19 outbreak, especially after the WHO declared 
it a pandemic in March 2020. Volatility in financial markets has increased considerably 
owing to the longer-than-expected COVID-19 pandemic (Mazur et al. 2021; Zhang et al. 
2020; Cheng 2020). Smales (2021) indicated that the continuing uncertainty about the 
global pandemic is increasing the information needs and news interest of investors, with 
investor interest playing a key role in the impact of the COVID-19 outbreak on stock 
markets. To date, there is a significant body of empirical work in which investor senti-
ment driven by COVID-19 is measured by the GSVI (Chen et  al. 2020b; Lyocsa et  al. 
2020; Chundakkadan and Nedumparambil 2021; Smales 2021; Szczygielski et al. 2021).

Given the panic and fear associated with COVID-19, it is not surprising that internet 
search queries related to COVID-19 have been used to construct a fear index; hence, 
empirical studies have mostly examined the effects of negative investor sentiment on 
stock markets using the GSVI related to COVID-19. Meanwhile, Chundakkadan and 
Nedumparambil (2021) emphasized that focusing on negative investor sentiment is a 
limitation of these studies. They noted that some sectors, such as pharmaceuticals and 
biotechnology have been positively affected by the global pandemic, but it is not easy 
to distinguish between positive and negative sentiments during this pandemic. For 
example, Nofsinger (2005) focused on the relationship between investors’ social mood 
and trading activity and found that an optimistic social mood is related to increases 
in investment and business activity. Similarly, Shu (2010) found that equity and T-bill 
prices correlate positively with investor mood, with a good mood leading to an increase 
in asset prices, which exert a greater effect on equity markets than on the T-bill mar-
ket. However, this raises the question as to how the good mood of investors related to 
COVID-19 can be measured given the lack of direct measurement. In the current study, 
we propose and use internet search queries for COVID-19 vaccines and the names of 
companies producing these vaccines as a proxy for the good mood of investors because 
COVID-19 vaccine news in traditional and social media is generally about the develop-
ment and effectiveness of vaccines; hence, these developments can provide a proxy for 
positive sentiments related to overcoming the global pandemic. For example, Sattar and 
Arifuzzaman (2021) and Yousefinaghani et al. (2021) examined tweets on social media 
and found that the incidence of positive sentiments about COVID-19 vaccines is higher 
than that of negative sentiments.

We present a Google search for the terms “COVID-19” and “COVID-19 Vaccine” in 
Fig. 1. The results in Fig. 1 clearly show that the internet search for COVID-19 reached 
its highest value in March 2020, and remained relatively high. This indicates that the 
anxiety about COVID-19 is still high and that there is a high demand for information 
about COVID-19. However, the Google search for COVID-19 vaccines was not high 
until the end of 2020, but it has significantly increased thereafter.

This study contributes to the literature on the effect of investor sentiment (positive and 
negative) on stock markets in G20 countries by using various estimation methods. We 
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focus on G20 stock markets because G20 countries include major developed and emerg-
ing countries and account for approximately 85% of the gross world product and 80% 
of world trade in goods and services. In addition, the G20 group includes the countries 
worst affected by COVID-19 in terms of total cases and deaths. First, we focus on the 
Google search for not only COVID-19 but also COVID-19 vaccines to examine nega-
tive and positive sentiments related to COVID-19. To the best of our knowledge, this 
study is the first to explore the effects of positive investor sentiment related to COVID-
19 on stock markets. Second, we use the panel quantile estimation method suggested 
by Machado and Silva (2019) because the relationship between investor sentiment and 
stock markets may vary over different return and volatility episodes. We also use a panel 
vector autoregression (PVAR) model to examine the dynamic relationship between posi-
tive and negative investor sentiments and stock markets.

To preview our results, we find significant relationships between investor sentiments 
and stock market returns and volatility. The panel regression model results show that 
positive and negative investor sentiments affect stock market returns and volatility. Spe-
cifically, increases in positive investor sentiments increase stock returns while increases 
in negative investor sentiments decrease stock returns at lower quantiles according to 
the panel quantile regression model. The effect of investor sentiment on volatility is con-
sistent across the distribution: negative sentiment increases volatility, whereas positive 
sentiment reduces volatility. Finally, these results are robust as they are corroborated by 
the PVAR and time series models.

The rest of the paper is organized as follows. Section  2 provides a brief literature 
review. Section 3 presents the econometric framework. Section 4 discusses the data and 
empirical results. Section 5 details the conclusions.

Literature review
Studies on the impact of the global pandemic have gained significant momentum since 
the WHO declared COVID-19 a global pandemic in March 2020. The pandemic has 
adversely affected financial markets by increasing global financial risk (Al-Awadhi et al. 
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2020; Baker et al. 2020; Cao et al. 2021; Gil-Alana and Claudio-Quiroga 2020; Gormsen 
and Koijen 2020; Harjoto et al. 2021; Liu et al. 2020b; Phan and Narayan 2020). In addi-
tion, empirical studies have found that stock returns have decreased significantly during 
this period due to the increasing uncertainty caused by the global pandemic (Al-Awa-
dhi et al. 2020; Ambros et al. 2021; Mishra et al. 2020; Topcu and Gulal 2020). Another 
strand of literature focuses on volatility in financial markets, and the results present 
clear evidence that the global pandemic has increased volatility in equity markets (Cor-
bet et al. 2020; Haroon and Rizvi 2020a, 2020b; Sharma 2020; Zaremba et al. 2020).

Studies can be classified into three groups. The first group examines the impact of 
government intervention on economic activity in the wake of the COVID-19 global 
pandemic. For example, Phan and Narayan (2020) evaluated the effects of government 
responses to COVID-19 on financial markets. They documented a possible overreac-
tion of stock markets to the pandemic and market corrections over time. Narayan et al. 
(2021a) examined the impact of government interventions in response to the COVID-19 
pandemic, such as lockdowns, stimulus packages, and travel bans, on stock markets in 
G7 countries. The empirical results show that lockdowns, stimulus packages, and travel 
bans positively impact stock markets and that the impact of lockdowns is greater than 
that of the other responses.

Similarly, Bannigidadmath et  al. (2021) examined the effects of government policies 
on stock markets in 25 countries during the global pandemic. They found no significant 
reaction of stock returns to stimulus packages, lockdowns, or travel bans in Italy, Spain, 
Belgium, Portugal, Austria, and Sweden. Moreover, they noted that the effects of these 
policies on stock returns were negative in approximately half of the countries and that 
stock returns were the least affected by travel bans. Padhan and Prabheesh (2021) sur-
veyed the literature on the impact of the global pandemic on global economic activity. 
The most effective policies to reduce the adverse effects of the global pandemic are a 
combination of monetary, macroprudential, and public finance policies. Zaremba et al. 
(2020) investigated the relationship between government interventions aimed at curbing 
the spread of COVID-19 and stock market volatility in 67 countries. The results show 
that non-pharmaceutical interventions significantly increase stock market volatility. Liu 
et al. (2020a) examined the responses of macro-financial variables in China to COVID-
19 by using time–frequency analysis. They found that business and financial cycles were 
close to recessions before the COVID-19 outbreak. They also indicated that business 
cycles in China decoupled from global financial cycles after 2015, putting China at an 
advantage relative to other emerging countries in combating the global pandemic.

The second group of studies in the literature focuses on the relationship between inves-
tor sentiment and stock market performance. For example, Wen et al. (2019) examined 
the impact of retail investor attention, which is measured using the Baidu index as the 
search frequency, on stock price collapse risk in China. Their empirical results show that 
an increase in retail investor attention leads to a reduction in future stock price crash 
risk. Lopez-Cabarcos et al. (2017) investigated the differences between the social media 
activities of technical and nontechnical investors and their impact on risk in the mar-
ket. The empirical results indicate that while technical investors’ social media activities 
have no impact on the perceived risk in the market, the sentiment of nontechnical inves-
tors affects market risk. This impact varies according to investors’ profiles, including 
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experience, holding period, and a number of followers. Donadelli et al. (2017) examined 
the impact of investor sentiment driven by the WHO warnings and media news about 
dangerous infectious diseases on the stock prices of pharmaceutical companies in the 
United States. They found that disease-related news positively affected the stock prices 
of pharmaceutical companies from 2003 to 2014 and that the impact was more substan-
tial on the portfolio of small-capitalization stocks. Ichev and Marinč (2018) examined 
the relationship between the media coverage of the 2014–2016 Ebola pandemic-related 
events and the stock prices in the United States in terms of geographical proximity. They 
found that the impact of the Ebola pandemic was more pronounced on the stock prices 
of companies operating in West African countries and the United States.

Haroon and Rizvi (2020a) analyzed the relationship between investor sentiment 
driven by media news related to COVID-19 and the volatility of stock markets. They 
found that COVID-19-related news causes increased uncertainty in financial markets 
and increased volatility in stock markets. Ambros et al. (2021) investigated the impact 
of COVID-19-related news on eight stock market indices. Their empirical results show 
that while stock returns were not affected by changes in the volume of COVID-19-re-
lated news, the volatility of the European stock markets significantly increased due to 
such news. Iyke and Ho (2021) measured investor attention using Google search terms 
related to COVID-19 and examined the relationship between investor attention and 
stock market indices in 14 African countries. They found that investor attention is an 
important determinant of stock returns, with increases in investor attention decreas-
ing the stock returns in Botswana, Nigeria, and Zambia. Meanwhile, there is a positive 
relationship between investor attention and stock returns in Ghana and Tanzania. Using 
word searches from 45 popular newspaper articles, Narayan et al. (2021b) constructed 
six different global sentiment indicators for COVID-19, namely, COVID, medical, vac-
cine, travel, uncertainty, and aggregate sentiment. They suggested these indicators pro-
vide a good measure for examining the impact of the global pandemic. Piñeiro-Chousa 
et al. (2022) analyzed the stock market reaction of Pfizer and Moderna, which developed 
the first vaccines against COVID-19, before and during the pandemic. They considered 
the impact of the technological market index, market volatility, and investor sentiment 
on Pfizer and Moderna’s stock returns. They observed that market volatility and investor 
sentiment exert an asymmetric impact on stock returns. In addition, there is a contagion 
effect between the stock returns of Pfizer and Moderna and the technological market 
during the COVID-19 pandemic. Li et  al. (2021) suggested a new approach for deter-
mining cluster structures for financial data. They showed that the proposed approach 
performs well in obtaining a reasonable number of cluster structures and in detecting 
anomalies in financial variables.

Several studies have proxied the effect of the pandemic on stock markets using 
the total number of cases and deaths due to COVID-19. For example, Al-Awadhi 
et al. (2020) used panel data analysis to examine the impact of the COVID-19 pan-
demic on companies traded in the Chinese stock market. They found that the daily 
increases in total cases and total deaths caused by COVID-19 exerted significant 
negative effects on the stock returns of all companies considered. Haroon and Rizvi 
(2020b) investigated the impact of the global pandemic on the liquidity of stock mar-
kets in 23 emerging countries. While the decrease in the number of COVID-19 cases 
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positively affects liquidity in financial markets, the increase in cases reduces liquid-
ity. Topcu and Gulal (2020) investigated the impact of COVID-19 on emerging stock 
markets by using COVID-19 cases and found that although the initial impact of the 
global pandemic on emerging stock markets was negative, this effect has gradually 
decreased over time. Cao et  al. (2021) analyzed the impact of the COVID-19 pan-
demic on 14 stock markets by using panel data with the total number of cases as a 
proxy for the effect of the COVID-19 pandemic. The empirical results show a signif-
icantly negative relationship between stock market returns and the total number of 
cases. Gil-Alana and Claudio-Quiroga (2020) examined the impact of the global pan-
demic on stock markets in China, Japan, and South Korea. Using fractional integra-
tion methods, they found temporary effects of the pandemic on the Japanese stock 
index but permanent effects on the Chinese and South Korean stock markets. Har-
joto et al. (2021) investigated the impact of the global pandemic on stock markets by 
using an event study approach and found that the global pandemic exerts a greater 
negative impact on emerging stock markets than on developed stock markets.

The third group of studies in the literature focus on examining COVID-19 vac-
cine-related sentiments by using data from social media. Sattar and Arifuzzaman 
(2021) analyzed 1.2 million tweets about COVID-19 vaccines on Twitter to ascer-
tain the effects of the COVID-19 vaccine. In general, they found that the sentiments 
related to COVID-19 vaccines were positive. Similarly, Yousefinaghani et al. (2021) 
analyzed approximately 4.5 million tweets to understand the public sentiments and 
thoughts about COVID-19 vaccines. Their content analysis revealed that positive 
sentiments about COVID-19 vaccines were dominant. Kwok et  al. (2021) analyzed 
31,100 tweets, including keywords related to COVID-19 vaccines, by using machine 
learning methods to determine the effects of COVID-19 vaccine sentiments in Aus-
tralia. The number of tweets expressing a positive public opinion on COVID-19 vac-
cines constituted approximately two-thirds of the total tweets. Hussain et al. (2021) 
analyzed posts about COVID-19 vaccines on social media by using an artificial 
intelligence approach to ascertain public attitude and concerns regarding COVID-
19 vaccines in the United Kingdom and the United States. They concluded that the 
overall mood of vaccine-related tweets and Facebook posts in the two countries 
were positive.

The empirical results in the literature show that investor sentiment affects the 
stock market. Therefore, we examine the relationship between investor senti-
ment (positive and negative) and the stock market on the basis of the following 
hypotheses:

H1  There is a significant and negative (positive) relationship between negative (posi-
tive) investor sentiment and stock returns.

H2  There is a significant and positive (negative) relationship between negative (posi-
tive) investor sentiment and stock market volatility.

H3  The effects of investor sentiment on returns and volatility are heterogeneous across 
the distribution of returns and volatility.
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Econometric framework
Model specification

Behavioral finance studies have shown that investors’ emotions and anxiety affect their 
investment decisions in stock markets; this finding is related to the mood sensitivity 
hypothesis. As such, the literature has extensively focused on the relationship between 
investor sentiment and stock returns and volatility (e.g., Dergiades 2012; Brown and Cliff 
2004; Da et al. 2011; Fang et al. 2014; Smales 2021). In this context, Chundakkadan and 
Nedumparambil (2021) noted that sharp declines in stock markets during the COVID-
19 pandemic are not only due to lockdowns that restrict economic activity but also due 
to changes in investor sentiment. On the basis of behavioral finance, we examine the 
effects of investor sentiment on stock returns and volatility by using the following panel 
regression models:

where CAR​ and VOL are the cumulative abnormal returns and realized volatility, 
respectively; COV19 and VAC are the GSVIs for the COVID-19- and COVID-19 vac-
cine-related terms, respectively; and X is the vector of the control variables.1 To estimate 
Eqs. (1) and (2), we use a fixed effect regression model with Driscoll and Kraay stand-
ard errors that produce robust standard errors in the case of cross-sectional dependence 
(CD) and autocorrelation.

Panel quantile regression model

Note that the results of the fixed effect panel regression model provide only the mean 
effects of investor sentiment on returns and volatility; however, these effects may be het-
erogeneous across the entire distribution of returns and volatility. The quantile regres-
sion model suggested by Koenker and Bassett (1978) is preferred in examining the 
heterogeneous effects of investor sentiments. Since the report of Koenker and Bassett 
(1978), the quantile regression model has been widely used in the empirical literature 
because it allows for examining the effect of the exogenous variables on the conditional 
mean of the dependent variable at different quantiles. In addition, quantile regressions 
provide more robust estimation results in the case of outliers and non-normal data. 
In this study, we use panel quantile estimation methods with fixed effects; namely, the 
method of moments quantile regression (MMQR) suggested by Machado and Silva 
(2019).

Controlling for unobserved individual heterogeneity is the most important issue 
in estimating the quantile model for panel data; hence, the fixed effects panel quantile 
regression is widely used in considering unobserved individual heterogeneity. Machado 
and Silva (2019) emphasized that the most important advantage of the MMQR approach 
is that it provides additional information on how explanatory variables affect the entire 
conditional distribution of the dependent variable. This is in contrast to other methods 

(1)CARit = αi0 + β1COV 19it + β2VACit + β3Xit + εit

(2)VOLit = αi0 + β1COV 19it + β2VACit + β3Xit + εit

1  We present detailed information on the variables in the next section.
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in the literature, such as that by Koenker (2004) and Canay (2011), in which the esti-
mated coefficients of independent variables provide an idea about the conditional mean 
response of the dependent variable. Therefore, the MMQR approach allows for examin-
ing the effects of individual heterogeneity on the entire distribution. Additionally, the 
MMQR approach can be used when there are endogenous variables on the right-hand 
side.

Given the data 
{

(

Yit ,X
′
it

)′
}

 from a panel of n entities i = 1, …, n over T periods, t = 1, 

…, T, the estimation of the conditional quantiles Qy(τ\X) for a location-scale model of 
the form can be presented as follows:

where Pr δit + Z
′

itγ > 0 = 1 and 
(

αβ ′δγ ′
)

 are the estimated parameters. Individual 

fixed effects are represented by (αi, δi) , i = 1, …, n. Xit is strictly exogenous i.i.d. for any 
fixed i and is independent across i. Uit is i.i.d. across individuals (i) through time (t), 
orthogonal to Xit, and normalized to satisfy the moment conditions given in the work of 
Machado and Silva (2019). Z is a vector of the identified components of X, which are dif-
ferentiable transformations with element l given by

Equation (4) can be represented as follows:

where X ′

it is a vector of independent variables and Qy(τ\Xit) is the quantile distribution 
of the dependent variable Yit, which is conditional on the location of the independent 
variables. Note that αi(τ ) ≡ αi + δiq(τ ) is the scalar coefficient, which is indicative of 
the quantile-τ fixed effect for the individual I and q(τ ) is the τ-th sample quantile.

Panel VAR Model
The fixed effects panel regression model and fixed effects panel quantile regression 
allow us to examine the static relationship between investor sentiment and stock mar-
kets; however, the relationship may be dynamic. To account for this possibility, we use a 
PVAR model to examine the dynamic relationship between investor sentiment and stock 
markets. Abrigo and Love (2016) put forth the following homogenous PVAR of order p 
with panel-specific effects for k variables:

where Yit is a vector of endogenous variables, Xit is a vector of exogenous covariates, and 
ui and eit are vectors of dependent variable-specific panel fixed effects and idiosyncratic 
errors, respectively. A and B are parameter matrices. The properties of residuals can be 
described as E(eit) = 0 , 

∑

= E
(

e
′

it eit

)

 and E
(

e
′

it eit

)

= 0 for all t > s.

Abrigo and Love (2016) suggested using fixed effects in estimation to account for 
cross-sectional heterogeneity. Note that Eq. (6) cannot be estimated using ordinary least 

(3)Yit = αit + X
′

itβ +
(

δit + Z
′

itγ

)

Uit

(4)Zl = Zl(X), l = 1, . . . , k

(5)Qy(τ\Xit) = (αi + δiq(τ ))+ X
′

itβ + Z
′

itγ q(τ )

(6)
Yit = Yit−1A1 + Yit−2A2 + . . .+ Yit−pAp + XitB+ ui + eit

i ∈ {1, 2, . . . ,N }, t ∈ {1, 2, . . . ,T }
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squares because the presence of lagged dependent variables on the right-hand side of the 
system of equations may yield biased results when N is large. Abrigo and Love (2016) 
suggested that generalized method of moments (GMM) estimations provide consistent 
estimates for the PVAR model when T is fixed and N is large. The most important issue 
in GMM estimation is avoiding the over-identification problem. Abrigo and Love (2016) 
indicated that the J test suggested by Hansen (1982) can be used to ascertain over-identi-
fying restrictions for instrumental variables.

As in the time series VAR model, selecting the optimal lag length is the most important 
task in the PVAR model. There are three popular model selection criteria: the Akaike 
information criterion (AIC), Bayesian information criterion (BIC), and Hannan–Quinn 
information criterion (HQIC). Similarly, Abrigo and Love (2016) suggested a panel ver-
sion of the three model selection criteria, namely, modified AIC (MAIC), modified BIC, 
and modified HQIC; this version depends on the J-statistic to determine optimal lag 
lengths.

Data and empirical results
Data

In this study, we examine the effects of investor sentiment on G20 stock markets (minus 
the aggregate European Union) by using weekly data from March 13, 2020, to May 21, 
2021.2 We consider five-day cumulative abnormal returns and realized volatility as 
indicators of stock market performance. We calculate the realized variance for each 
stock market index using the sum of squared daily returns. We consider the changes in 
COVID-19 cases to gauge the impact of the global pandemic. We also follow the work 
of Hood and Malik (2003), Humpe and McMillan (2009), Jain and Biswal (2016), and Ma 
et al. (2021) and use the 10-year government bond yield, logarithmic changes in the for-
eign exchange rate,3 and logarithmic changes in the gold price4 as control variables that 
affect stock market returns and volatility. The data for the stock market index, gold price, 
and foreign exchange rate are obtained from Refinitiv Eikon Datastream. The data for 
investor sentiment are derived from Google Trends, and the COVID-19 cases data are 
collected from the Our World in Data database.5

In this study, we use cumulative abnormal returns rather than returns because Gao 
et al. (2017) emphasized that using the former removes market-wide effects. As in Liu 
et al. (2020b), we first calculate expected returns by using the following market model:

where Rit is the daily log return for each country and Rmt is the daily log return for the 
market. In this study, we consider the MSCI World Index as a benchmark and employ 

(7)Ri,t = α + βRm,t + εit

2  There are several justifications for using weekly data. First, when we consider daily data, we could not find Google 
search data for the Covid-19 vaccine terms in some countries. Second, daily data for the stock market may cause a day 
of the week anomaly. Finally, using weekly data allows us to calculate realized volatility by using daily return data. Oth-
erwise, calculating daily realized volatility requires intraday data which is difficult to obtain. We start the sample from 
March 2020 because there is no data on Google search volume for the Covid-19 vaccine before March 2020.
3  The foreign exchange rate is measured vis-a-vis the US dollar for all countries except for the US. We use the trade-
weighted US dollar index for the US.
4  Gold price is calculated in national currency for all countries.
5  https://​ourwo​rldin​data.​org/​covid-​cases

https://ourworldindata.org/covid-cases


Page 11 of 34Cevik et al. Financial Innovation            (2022) 8:69 	

recursive rolling estimation with a rolling window of 252 to obtain the following time-
varying abnormal returns:

where AR is the daily abnormal return. Finally, we calculate the weekly cumulative 
abnormal returns (CAR​) as the sum of the five-day abnormal returns over one week.

As in Lyocsa et al. (2020), Chen et al. (2020b), Szczygielski et al. (2021), and Smales 
(2021), we consider country-specific Google search terms “COVID-19,” “Coronavirus,” 
“Pandemic,” “SARS-CoV,” and “SARSCoV-2” to proxy for negative investor attention to 
the global pandemic. In addition to the COVID-19 vaccine-related terms, we include the 
names of the companies producing COVID-19 vaccines to construct country-specific 
positive investor sentiment. Hence, “COVID-19 Vaccine,” “BioNTech,” “Pfizer,” “Mod-
erna,” “AstraZeneca,” “Johnson & Johnson,”, “Sputnik V,” “Sinovac Biotech,” “Novavax,” 
and “CanSino Biologics” are used as the Google search terms to proxy for positive inves-
tor attention related to COVID-19. The weekly aggregate index is calculated as the sum 
of the search terms for each week.

Note that we use the Google search volume for the COVID-19 terms to proxy for neg-
ative investor sentiment and the Google search volume for COVID-19 vaccine terms to 
proxy for positive investor sentiment.

We present the definition of the variables in Table 1.

Empirical results

Descriptive statistics are presented in Table 2. According to the results in Table 2, the 
weekly mean of cumulative abnormal returns is negative during the COVID-19 pan-
demic. The highest abnormal return occurs in the Argentinean stock market, whereas 
the lowest one occurs in the Brazilian stock market during the sample. Note that the 
mean of positive investor sentiment is higher than that of negative investor sentiment 
and that Brazil has the highest Google search volume for COVID-19 terms. The mean 
of the changes in the total number of COVID-19 cases is positive during the sample 
period. In addition, the mean foreign exchange returns and mean gold returns are posi-
tive, indicating that the foreign exchange rate and gold provide positive yields during the 
pandemic.

(8)ARi,t = Ri,t − α̂ − β̂Rm,t

Table 1  Description of variables

Variables Definition

CAR​ Cumulative abnormal returns

LVOL Logarithm of realized volatility

COV-19 Google search volume index for the Covid-19 terms

VAC Google search volume index for the Covid-19 vaccine terms

CASES Logarithmic change in the total Covid-19 cases

FX Logarithmic change in the foreign exchange rate

GOLD Logarithmic change in the gold price

BOND 10-year government bond yield
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The Pearson correlation coefficients are presented in Table 3. Realized volatility, nega-
tive investor sentiment, gold returns, and bond yields are negatively and significantly 
correlated with stock returns. On the contrary, the correlation between stock returns 
and positive investor sentiment is positive and statistically significant. While the cor-
relation between realized volatility and negative investor sentiment is positive and sig-
nificant, the relationship between realized volatility and positive investor sentiment is 
negative. These findings suggest that the Google search for COVID-19-related terms 
leads to negative investor sentiment because there is a negative (positive) relationship 
between stock market returns (volatility) and the GSVI. This result is consistent with the 
literature because as noted above, the Google search volume for COVID-19 has been 
used to construct a “fear index.” Meanwhile, the positive (negative) and statistically sig-
nificant relationship between the GSVI for COVID-19 vaccine-related terms and stock 
market return (volatility) indicates that the Google search for COVID-19 vaccine-related 
terms can be used as a proxy for positive investor sentiment.

We begin our empirical analysis by first investigating the presence of CD within the 
panel. To this end, we use the CD test suggested by Pesaran (2015). The CD test results 
are essential for selecting appropriate panel unit root tests. First-generation unit root 
tests are known to have low power in rejecting the null hypothesis when CD exists 
across panel members. Hence, we use both the first- and second-generation panel unit 
root tests such as Levin-Lin-Chu (LLC) and cross-sectional augmented Im-Pesaran-Shin 
(CIPS) suggested by Levin et al. (2002) and Pesaran (2007), respectively. According to the 
test results in Table 4, the null hypothesis of weak CD is rejected at the 1% significance 

Table 2  Descriptive statistics

Mean Std. Dev Min Max

CAR​ − 0.893 6.008 − 35.352 24.651

LVOL 2.211 1.299 − 4.590 6.881

COV-19 26.676 22.711 4 173

VAC 79.948 74.772 0 358

CASES 0.099 0.472 − 2.037 4.259

FX 0.008 1.717 − 10.443 11.115

GOLD 0.182 2.559 − 14.089 10.575

BOND 3.779 3.762 − 0.638 18.16

Table 3  Correlations among the variables

*** , **, and * indicate statistically significant correlations at the 1%, 5%, and 10% levels, respectively

CAR​ LVOL COV-19 VAC CASES FX GOLD BOND

CAR​ 1.000

LVOL − 0.118*** 1.000

COV-19 − 0.127*** 0.454*** 1.000

VAC 0.074*** − 0.195*** − 0.220*** 1.000

CASES − 0.089*** 0.388*** 0.528*** − 0.140*** 1.000

FX 0.086*** 0.181*** 0.199*** − 0.022 0.196*** 1.000

GOLD − 0.189*** 0.023 0.097*** − 0.001 0.046 0.341*** 1.000

BOND − 0.094*** 0.221*** − 0.093*** 0.035 0.096*** 0.093*** 0.061** 1.000
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level for all variables, implying strong CD across the countries in the panel. Moreover, 
the panel unit root test results in Table 4 show that the null hypothesis of a unit root can 
be rejected at the 1% significance level, indicating that all the variables are stationary.

After confirming stationarity, we use a fixed-effects panel regression model with 
Driscoll–Kraay standard errors and present the model results in Table 5.6 According to 
the results in Table 5, an increase in negative investor sentiment significantly decreases 
stock returns; this relationship is consistent with those described in established stud-
ies (Chen et  al. 2020b; Chundakkadan and Nedumparambil, 2021; Smales, 2021; Szc-
zygielski et al., 2021). The estimated coefficient for positive investor sentiment is positive 
and statistically significant at the 10% level. Hence, it can be said that the Google search 
index for COVID-19 vaccine-related terms significantly affects stock market returns 
during the COVID-19 pandemic.

Interestingly, we find no statistically significant relationship between COVID-19 
cases and stock market returns. However, an increase in gold returns and bond yields 
decreases stock market returns. In addition, foreign exchange returns positively affect 
stock market returns.

Table 4  Descriptive statistics

The numbers in square brackets are p-values. *** indicates stationarity at the 1% significance level

CD test LLC CIPS

CAR​ 63.343 [0.000] − 50.662*** − 6.190***

LVOL 90.453 [0.000] − 23.631*** − 6.111***

COV-19 95.119 [0.000] − 20.351*** − 3.457***

VAC 88.836 [0.000] − 6.400*** − 3.942***

CASES 41.924 [0.000] − 14.782*** − 4.673***

FX 45.474 [0.000] − 39.250*** − 5.733***

GOLD 78.545 [0.000] − 35.455*** − 6.128***

BOND 62.666 [0.000] − 1.790** − 6.355***

Table 5  Fixed effects panel regression results

Dependent variable: CAR​ Dependent variable: LVOL

Coefficient Std. Errors p-value Coefficient Std. Errors p-value

Constant 0.873 1.620 0.592 1.123 0.221 0.000

COV-19 − 0.030 0.014 0.041 0.025 0.003 0.000

VAC 0.006 0.003 0.091 − 0.003 0.001 0.004

CASES − 0.571 0.554 0.307 0.302 0.114 0.010

FX 0.741 0.407 0.074 0.036 0.042 0.389

GOLD − 0.566 0.286 0.052 − 0.035 0.025 0.172

BOND − 0.342 0.396 0.391 0.172 0.066 0.012

R2 0.090 0.371

F-stat 2.66 [0.023] 25.94 [0.000]

Time Effect No No

6  To examine the potential endogeneity issue between the stock market and Google indices, we also use an instrumental 
variable panel regression model. We find similar results with the fixed-effect panel regression model.
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Looking at the results for stock market volatility, an increase in negative investor senti-
ment increases volatility in stock markets; this relationship is consistent with the results 
in Lyocsa et al. (2020), Chundakkadan and Nedumparambil (2021), and Smales (2021). 
On the other hand, positive investor sentiment significantly reduces stock market vol-
atility. Moreover, stock market volatility reacts positively to the number of COVID-19 
cases, where an increase in COVID-19 cases leads to an increase in volatility. It should 
be noted that the impact of investor sentiment on stock market volatility is stronger 
than the effect on stock market returns because the coefficients for positive and negative 
investor sentiments are statistically significant at the 1% level in the stock market volatil-
ity model. Therefore, stock market volatility seems to be more sensitive to the volume of 
Google search terms related to COVID-19.

The panel regression model results show that positive and negative investor senti-
ments affect stock market returns and volatility. Meanwhile, the mean effects of inves-
tor sentiment may be heterogeneous across the distribution of returns and volatility. To 
account for this possibility, we use a fixed-effects panel quantile regression model and 
present the results in Table 6, where the results for stock market returns and volatility 
are shown in Panels A and B, respectively. While the results in the “Location” column 
in Table 6 give the mean effect of independent variables on the dependent variable, the 
results in the “Scale” column show the effect of independent variables on the dispersion 
of the dependent variable. The estimated coefficients for positive and negative investor 
sentiments are statistically significant in both models per the “Location” and are con-
sistent with the results in Table 5. According to the results in Panel A, the measure for 
negative investor sentiment has a positive impact on the scale, implying that an increase 
in negative sentiment leads to an increase in the dispersion of stock returns. On the con-
trary, the negative coefficient for positive sentiment indicates that an increase in positive 
investor sentiment is accompanied by a decrease in the dispersion of stock returns. In 
addition, while positive investor sentiment does not seem to exert a significant impact 
on volatility dispersion, negative investor sentiment increases volatility dispersion.

The results in Panel A show that while the impact of negative and positive investor 
sentiments on stock market returns is statistically significant between the 1st and 5th 
quantiles, it is not significant at the higher quantiles, except for the 9th quantile. Thus, 
an increase in positive (negative) investor sentiment leads to an increase (decrease) in 
stock returns up to the median of stock returns. The lack of a significant relationship at 
higher quantiles implies that the effect of investor sentiment on stock returns is signifi-
cant only on the left-hand side of the distribution. This implies that investor sentiment 
has a strong impact on stock returns under bad market conditions. This result is consist-
ent with Ma et al. (2018), who used a different proxy for investor sentiment and showed 
that investor sentiment contains significant information about the left tail of market 
returns.

Similarly, Li et  al. (2017) documented Granger causality from investor sentiment to 
stock returns at low quantiles. Note that positive investor sentiment has a significant 
negative impact on stock returns at the highest quantile, which is consistent with the 
prospect theory suggested by Kahneman and Tversky (1979). Kahneman and Tversky 
(1979) indicated that losses are more important to people than gains. In this vein, Li et al. 
(2017) emphasized that investors tend to be prudent or hesitant in making investment 
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decisions in expansionary market regimes because losses may be large if market con-
ditions change. Therefore, investors may take short positions at the highest return lev-
els even if they have positive sentiments. Hence, positive investor sentiment negatively 
affects stock returns.

The effect of the total number of COVID-19 cases on stock returns is statistically sig-
nificant only at 1st and 2nd quantiles, suggesting that the impact of the total number of 
COVID-19 cases on stock returns is limited. While the effects of foreign exchange rates 
and gold returns on stock returns are statistically significant across all quantiles, the esti-
mated coefficient for bond yields is not significant.

The model results in Panel B show that the effects of positive and negative investor 
sentiments on stock market volatility are consistent across all quantiles. Specifically, the 
estimated coefficients for negative investor sentiment are negative and statistically sig-
nificant across all quantiles, where negative investor sentiment increases volatility. Note 
that the effect of negative investor sentiment on volatility increases slightly in higher 
quantiles. We find robust evidence that positive investor sentiment reduces volatil-
ity because the estimated coefficients for positive investor sentiment are negative and 
statistically significant across the quantiles. Moreover, our empirical findings show that 
increases in the total number of COVID-19 cases contribute to stock market volatility. 
We also find that foreign exchange rates, gold returns, and bond yields positively affect 
stock market volatility as their coefficients are all positive and statistically significant. 
These results highlight the importance of government policy responses. For example, 
Goel and Dash (2022) found that government policy responses, as measured by various 
pandemic response policies, play a moderating role in the relationship between investor 
sentiment and stock returns. It is also important for government health policies to rap-
idly communicate accurate information about COVID-19 to mitigate the effects of the 
pandemic on financial markets. To better illustrate the effects of positive and negative 
investor sentiments on stock market returns and volatility across quantiles, we present 
the estimated coefficients for positive and negative investor sentiments in Fig. 2.

Figure 2 clearly shows that the effect of investor sentiment on returns is statistically 
significant up to the median of returns with limited effects at higher return levels. The 
results in Panel B indicate that the impact of investor sentiment on stock market vola-
tility is statistically significant across all quantiles. More interestingly, the negative and 
positive effects of investor sentiment on stock market volatility are stronger at higher 
volatility levels.

Robustness analysis

In this section, we employ two robustness checks. First, we use a PVAR model to ascer-
tain the dynamic relationship between stock markets (returns and volatility) and investor 
sentiment. Second, we estimate a country-specific regression model to examine whether 
the relationship between stock market returns and investor sentiment varies by country.
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PVAR model results

We first set the optimal lag length for the PVAR model.7 We consider model information 
criteria and Hansen’s J test for overidentification; the MAIC model and Hansen’s high-
est J test suggest that one lag is sufficient. Therefore, we consider one lag in the PVAR 
estimation.8

The dynamic relationships among the variables can be analyzed using Granger cau-
sality and impulse response analysis in the PVAR model. Therefore, we use the Wald 
test by imposing zero restrictions on the estimated autoregressive coefficients to analyze 
investor sentiment, stock market returns, and volatility. Table  7 presents the Granger 
causality test results. The results in Table 7 show unidirectional Granger causality from 
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Fig. 2  Impact of positive and negative investor sentiments on returns and volatility. Note The shaded areas 
are two standard deviation confidence intervals

Table 7  Panel granger causality test results

*** , **, and * indicate the presence of causality relation at the 1%, 5%, and 10% significance levels, respectively

Null Hypothesis Test stat p-value

COV-19 does not cause CAR​ 12.150 0.000

CAR does not cause COV-19 0.410 0.522

VAC does not cause CAR​ 4.980 0.026

CAR does not cause VAC 0.809 0.368

COV-19 does not cause LVOL 54.171 0.000

LVOL does not cause COV-19 1.791 0.181

VAC does not cause LVOL 25.006 0.000

LVOL does not cause VAC 10.950 0.001

7  COV, VAC, CAR and VOL are considered as endogenous variables in the PVAR model. We treat CASES, FX, GOLD 
and Bond as exogenous variables.
8  We also test the stability of the PVAR model with one lag and find that the PVAR model satisfies the stability condi-
tion. The test results are available upon request.



Page 18 of 34Cevik et al. Financial Innovation            (2022) 8:69 

negative investor sentiment to stock returns. The null hypothesis of no causality between 
positive investor sentiment and stock returns can be rejected at the 5% significance level.

However, we cannot find causality from stock returns to negative investor sentiment. 
While unidirectional Granger causality exists only from negative investor sentiment to 
stock market volatility, bidirectional causality exists between positive investor sentiment 
and stock market volatility. Overall, the Granger causality test results show that investor 
sentiment plays an important role in predicting stock market returns and volatility dur-
ing the COVID-19 pandemic which has important portfolio allocation implications.

The impulse response analysis results are shown in Fig.  3.9 Note that the results in 
Fig. 3 are the cumulative responses of returns and volatility to a one standard deviation 
shock in investor sentiment. According to the results in Panel A, stock returns react 

Panel A: Responses of Returns

Panel B: Responses of Volatility
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Fig. 3  Impulse Response Analysis Results. Note The figures show the cumulative orthogonalized impulse 
response functions. The shaded areas represent two standard deviation confidence intervals. Moreover, 
the shaded areas represent 95% confidence intervals. A Monte Carlo simulation with 1,000 draws is used to 
obtain the confidence intervals

9  The impulse-responses analysis is conducted using Cholesky decomposition where the order of variables is important. 
We order the variables as COV-19 → VAC → CAR (or LVOL) based on Granger causality test results.
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positively to a shock in positive investor sentiment and are statistically significant for 
up to 10  weeks. The responses of stock returns to negative investor sentiment shocks 
are negative and statistically significant. This finding is consistent with Granger causality 
where we find a causal link between investor sentiment and stock returns. These findings 
also have portfolio implications as measures of investor sentiment seem to have predic-
tive power for stock returns and volatility during the pandemic.

The responses of stock market volatility to positive investor sentiment are negative and 
significant. Meanwhile, stock market volatility increases due to negative investor sen-
timent during the COVID-19 pandemic. The PVAR model results are consistent with 
those of the panel regression and quantile models presented above and tell a consistent 
story: the Google search volume for COVID-19-related terms negatively affects stock 
markets in the sample. At the same time, the Google search terms for COVID-19 vac-
cine-related terms and the prospect of an end to the pandemic positively affect stock 
markets in the G20 countries. Thus, Google search terms seem to be good proxies for 
investor sentiment.

Country‑specific results

A country-specific regression analysis allows us to examine how each stock mar-
ket responds to investor sentiment. The time-series results for stock market returns 

Table 8  Country Regression Model Results for Cumulative Abnormal Returns (CAR)

The standard errors are calculated using the Newey–West variance–covariance matrix. ***, **, and * indicate statistically 
significant coefficients at the 1%, 5%, and 10% levels, respectively

Dependent Variable: CAR​

Countries Constant COV-19 VAC CASES R2 F-stat

Argentina 75.538* − 0.091 0.014 3.159 0.084 0.865

Australia 3.622** − 0.098*** − 0.004 − 0.487 0.372 5.548***

Brazil − 6.616 − 0.062 0.010 − 1.508 0.178 2.030*

Canada 2.871 − 0.144*** 0.016 2.995 0.439 7.322***

China − 7.245 0.007 − 0.007 0.536 0.080 0.815

France 1.688 − 0.096** 0.003 − 0.208 0.241 2.973**

Germany 5.198 − 0.150** 0.004 4.035* 0.258 3.247***

India − 14.396 0.043 0.007 − 7.949*** 0.272 3.487***

Indonesia − 1.235 − 0.029 − 0.002 − 1.029 0.276 3.560***

Italy 2.620 − 0.215*** 0.003 3.614 0.277 3.578***

Japan − 0.274 0.018 − 0.010* − 2.968* 0.311 4.231***

Mexico − 6.035 − 0.113*** − 0.006 − 1.921 0.330 4.615***

Russia 9.880 − 0.347** − 0.005 14.188 0.197 2.291**

S. Africa − 10.091 − 0.074 0.001 − 0.789 0.112 1.187

S. Arabia − 0.941 0.027 0.006* − 2.755 0.187 2.623**

S. Korea 2.406 − 0.018 0.003 − 0.272 0.152 1.684

Turkey − 7.898 − 0.045 − 0.016 − 0.511 0.514 9.887***

UK 0.897 − 0.093** − 0.001 0.450 0.256 3.214***

US 4.295** − 0.213*** 0.002 3.456* 0.614 17.481***
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are presented in Table 8.10 The results in Table 8 show that while the impact of nega-
tive investor sentiment on stock market returns is negative for all countries, except for 
China, India, Japan, and Saudi Arabia, it is statistically significant for Australia, Canada, 
France, Germany, Italy, Mexico, Russia, the United Kingdom, and the United States. 
Meanwhile, the regression model results for positive investor sentiment are mixed. For 
example, stock returns seem to be negatively affected by positive investor sentiment in 
Australia, China, Indonesia, Japan, Mexico, Russia, Turkey, and the United Kingdom. 
However, the coefficient of positive investor sentiment is statistically significant at the 
10% level only for Japan and Saudi Arabia. These results may be due to the low number 
of observations (i.e., 66 observations) for each country; hence, the estimated coefficients 
may be insignificant because of low degrees of freedom.

The results in Table 9 show that stock market volatility is positively and significantly 
affected by negative investor sentiment in all countries, except Brazil and Turkey. On 
the contrary, positive investor sentiment leads to decreased volatility in all countries, 
except Argentina, Japan, Russia, and South Korea. However, the estimated coefficient for 
positive investor sentiment is statistically significant only in Australia, France, Germany, 
India, Italy, Mexico, and the United Kingdom.

Country-specific regression results show that the mean effect of investor sentiment 
may be heterogeneous across the distributions of returns and volatility. To account for 

Table 9  Country regression model results for volatility (LVOL)

The standard errors are calculated using the Newey–West variance–covariance matrix. ***, **, and * indicate statistically 
significant coefficients at 1%, 5%, and 10% levels, respectively

Dependent variable: LVOL

Countries Constant COV-19 VAC CASES R2 F-stat

Argentina 10.516** 0.023*** 0.001 0.501* 0.314 4.288***

Australia 1.149** 0.032*** − 0.004* − 0.101 0.512 9.739***

Brazil 4.789*** 0.007 − 0.001 1.718*** 0.620 15.255***

Canada 0.362 0.043*** − 0.005 − 0.729 0.605 14.342***

China − 0.689 0.024*** − 0.001 − 0.225** 0.229 2.787**

France 2.110*** 0.031*** − 0.009*** − 0.073 0.570 12.392***

Germany 2.678*** 0.035** − 0.008*** − 0.145 0.377 5.654***

India − 3.391 0.022*** − 0.003** 1.235* 0.608 14.483***

Indonesia 1.319 0.027*** − 0.001 0.498 0.480 8.633***

Italy 0.485 0.027** − 0.004* 0.417 0.591 13.495***

Japan 1.064*** 0.012*** 0.001 0.545 0.203 2.382**

Mexico 0.470 0.014** − 0.003** 0.371 0.535 10.760***

Russia 1.778 0.039*** 0.001 0.014 0.536 10.798***

S. Africa 0.031 0.018** − 0.002 0.305** 0.570 12.387***

S. Arabia 0.347 0.010** 0.001 1.871*** 0.491 11.034***

S. Korea 3.047*** 0.015*** 0.003 − 0.584** 0.308 4.164***

Turkey 0.965 0.006 − 0.001 0.550*** 0.316 4.317***

UK 1.598*** 0.034*** − 0.005*** 0.013 0.477 8.515***

US 1.021 0.029* − 0.004 0.636 0.477 10.455***

10  To save space, we present model results for all variables in an Appendix.
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Table 10  Country quantile regression results for stock returns

***, **, and * indicate statistically significant coefficients at the 1%, 5%, and 10% levels, respectively.

Dependent variable: CAR​

Argentina Australia Brazil Canada China

COV-19 VAC COV-19 VAC COV-19 VAC COV-19 VAC COV-19 VAC

0.1 − 0.408 0.065*** − 0.135*** − 0.003 − 0.092 0.029 − 0.244*** 0.054* 0.038 − 0.002

0.2 − 0.423 0.048* − 0.138*** − 0.001 − 0.056 0.044 − 0.222*** 0.047* − 0.068 − 0.003

0.3 − 0.031 0.04* − 0.101 0.002 0.017 0.03 − 0.183* 0.019 0.056 − 0.008

0.4 − 0.047 0.025 − 0.046 0.001 0.086 0.021 − 0.187* 0.023 0.078 − 0.01

0.5 0.06 0.015 − 0.085*** − 0.007 0.015 0.002 − 0.165** 0.012 0.047 − 0.011

0.6 0.184 0.001 − 0.091*** 0.003 − 0.035 − 0.01 − 0.137 0.005 0.08 − 0.008

0.7 0.133 − 0.004 − 0.096*** − 0.006 0.052 − 0.013 − 0.07 − 0.008 0.026 − 0.001

0.8 0.069 − 0.011 − 0.086* − 0.023* − 0.097 − 0.007 − 0.086 − 0.011 0.045 − 0.003

0.9 − 0.112 − 0.059* − 0.016 0.02 − 0.376 0.027 0.022 0.017 0.083 − 0.009

France Germany India Indonesia Italy

COV-19 VAC COV-19 VAC COV-19 VAC COV-19 VAC COV-19 VAC

0.1 − 0.252 0.028*** − 0.196*** 0.027** − 0.029 0.013 − 0.07 − 0.004 − 0.364*** 0.006

0.2 − 0.125* 0.018 − 0.209*** 0.025* − 0.014 0.017 − 0.026 − 0.004 − 0.264*** 0.021*

0.3 − 0.122 0.018 − 0.156** 0.014 − 0.022 0.01 − 0.049 − 0.001 − 0.24** 0.014

0.4 − 0.096** 0.009 − 0.161** 0.013 − 0.01 0.004 − 0.062 0.004 − 0.205** 0.006

0.5 − 0.114** 0.007 − 0.103 0.004 0.032 0.003 − 0.093 − 0.001 − 0.206** 0.001

0.6 − 0.077 0.006 − 0.063 0.005 0.043 0.001 − 0.107** 0.002 − 0.272* − 0.001

0.7 − 0.082 0.004 − 0.165 0.001 0.062* − 0.001 − 0.011 − 0.003 − 0.288** 0.002

0.8 0.097 − 0.006 − 0.124 − 0.001 0.067** − 0.006 0.014 − 0.003 − 0.308** 0.004

0.9 − 0.092 − 0.01 − 0.162 − 0.009 0.089 0.023 − 0.004 0.006 − 0.169 0.014

Japan Mexico Russia S. Africa S. Arabia

COV-19 VAC COV-19 VAC COV-19 VAC COV-19 VAC COV-19 VAC

0.1 − 0.015 − 0.003 − 0.061 0.007 − 0.249 − 0.006 − 0.106 0.031 − 0.026 0.015*

0.2 − 0.02 − 0.003 − 0.056 0.005 − 0.315 0.018 − 0.081 0.016 − 0.04 0.004

0.3 − 0.008 − 0.008 − 0.082 0.007 − 0.195 0.013 − 0.094 0.018 − 0.024 0.009

0.4 0.003 − 0.009 − 0.138 − 0.001 − 0.147 − 0.012 − 0.051 0.021 − 0.037 0.007

0.5 − 0.002 − 0.009 − 0.197* − 0.01 − 0.203 − 0.008 − 0.059 0.026 − 0.019 0.003

0.6 0.022 − 0.014* − 0.187 − 0.007 − 0.229 − 0.01 − 0.109 0.009 0.062 0.005

0.7 0.013 − 0.012 − 0.171 − 0.011 − 0.233 − 0.007 − 0.094 0.013 0.056 0.002

0.8 0.025 − 0.017** − 0.062 − 0.01 − 0.309 − 0.017 − 0.076 − 0.01 0.043 − 0.001

0.9 0.068* − 0.016** − 0.107** − 0.015 − 0.201 0.011 − 0.052 0.009 0.037 − 0.001

S. Korea Turkey UK US

COV-19 VAC COV-19 VAC COV-19 VAC COV-19 VAC

0.1 − 0.029 0.004 − 0.182 − 0.001 − 0.196*** 0.019 − 0.067 − 0.019

0.2 − 0.045* 0.006 0.017 0.004 − 0.183*** 0.006 − 0.207* 0.001

0.3 − 0.045* 0.004 − 0.03 0.002 − 0.143 0.001 − 0.219** 0.006

0.4 − 0.013 0.017 − 0.096 − 0.011 − 0.117 0.008 − 0.273*** 0.015

0.5 0.008 0.011 − 0.084 − 0.02 − 0.094 0.001 − 0.257*** 0.014

0.6 0.004 0.009 − 0.083 − 0.022 0.051 − 0.011 − 0.321*** 0.009

0.7 0.01 0.003 0.065 − 0.017 0.042 − 0.014 − 0.242* 0.021

0.8 0.009 0.002 0.05 − 0.021 0.064 − 0.015 − 0.21* − 0.003

0.9 − 0.009 0.002 0.011 − 0.016 0.069 − 0.006 − 0.233** − 0.011
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Table 11  Country quantile regression model results for volatility

***, **, and * indicate statistically significant coefficients at the 1%, 5%, and 10% levels, respectively.

Dependent variable: LVOL

Argentina Australia Brazil Canada China

COV-19 VAC COV-19 VAC COV-19 VAC COV-19 VAC COV-19 VAC

0.1 0.023 0.001 0.045*** − 0.001 − 0.004 − 0.001 0.045*** − 0.014*** 0.022 − 0.002

0.2 0.019 0.002 0.036*** − 0.002 − 0.007 − 0.002 0.049*** − 0.01 0.021 − 0.001

0.3 0.024 0.001 0.032*** − 0.002 0.002 − 0.003 0.054*** − 0.005 0.035*** − 0.003

0.4 0.021 − 0.001 0.029** − 0.001 0.001 0.002 0.055*** − 0.003 0.027** − 0.002

0.5 0.027* − 0.002 0.034*** − 0.002 0.013 0.002 0.044*** − 0.005 0.027** − 0.001

0.6 0.026* − 0.001 0.034*** − 0.003 0.021 0.001 0.044*** − 0.004 0.021* 0.002

0.7 0.022 0.003 0.032*** − 0.004 0.031 00.01 0.035*** − 0.002 0.022* 0.002

0.8 0.019 0.001 0.034*** − 0.007** 0.029 − 0.001 0.037*** 0.001 0.011 0.002

0.9 0.01 0.002 0.028*** − 0.008*** 0.017 − 0.003 0.018 0.002 0.012 0.001

France Germany India Indonesia Italy

COV-19 VAC COV-19 VAC COV-19 VAC COV-19 VAC COV-19 VAC

0.1 0.035* − 0.01* 0.007 − 0.008 0.029*** − 0.001 0.04** 0.001 0.027 − 0.006

0.2 0.028*** − 0.01*** 0.004 − 0.01 0.031*** − 0.001 0.051*** − 0.002 0.015 − 0.006

0.3 0.034*** − 0.011*** 0.041** − 0.013*** 0.021*** − 0.002 0.026* 0.002 0.007 − 0.003

0.4 0.032*** − 0.008*** 0.044*** − 0.011*** 0.026*** − 0.003 0.025 0.001 0.003 − 0.006

0.5 0.029** − 0.008*** 0.038** − 0.011*** 0.024** − 0.003 0.024* − 0.002 0.011 − 0.002

0.6 0.025** − 0.008*** 0.039*** − 0.011*** 0.013 − 0.005* 0.025* − 0.003 0.023 − 0.006**

0.7 0.026*** − 0.008*** 0.042*** − 0.005 0.006 − 0.006** 0.03** − 0.005 0.047*** − 0.005*

0.8 0.029** − 0.01*** 0.039*** − 0.006* 0.026 − 0.005 0.04*** − 0.007* 0.051*** − 0.006**

0.9 0.047** − 0.01*** 0.016 − 0.008* 0.03 − 0.007* 0.037* − 0.006 0.037* − 0.003

Japan Mexico Russia S. Africa S. Arabia

COV-19 VAC COV-19 VAC COV-19 VAC COV-19 VAC COV-19 VAC

0.1 0.025*** − 0.005 0.027*** − 0.002 0.05*** 0.003 0.023 − 0.001 − 0.001 − 0.002

0.2 0.021*** − 0.002 0.025*** − 0.001 0.04** 0.002 0.020 − 0.001 0.012 0.001

0.3 0.015** − 0.001 0.018* − 0.002 0.03* 0.001 0.029** 0.002 0.015*** 0.003

0.4 0.013* − 0.001 0.009 − 0.004 0.032* − 0.001 0.023** − 0.001 0.013** 0.002

0.5 0.012* 0.001 0.012 − 0.004 0.037** 0.002 0.019* − 0.002 0.016** 0.002

0.6 0.009 0.002 0.016 − 0.004 0.034** 0.001 0.024** − 0.005* 0.01* 0.003

0.7 0.01 0.004 0.016 − 0.003 0.027 0.001 0.019* − 0.006* 0.007 0.002

0.8 0.003 0.003 0.021 − 0.003 0.061 − 0.001 0.012 − 0.007** 0.013 0.003

0.9 0.022 − 0.002 0.017 − 0.005** 0.068 − 0.001 0.013 − 0.006*** 0.008 0.002

S. Korea Turkey UK US

COV-19 VAC COV-19 VAC COV-19 VAC COV-19 VAC

0.1 0.013*** 0.01** 0.005 0.004 0.049*** − 0.003 − 0.019 − 0.009

0.2 0.014*** 0.007 0.02 0.001 0.029** − 0.007** 0.013 − 0.006

0.3 0.013*** 0.006 − 0.01 0.001 0.027** − 0.003 0.037 − 0.005

0.4 0.012*** 0.006 0.01 − 0.001 0.02 − 0.004 0.031 − 0.002

0.5 0.011*** 0.005 0.009 − 0.001 0.036** − 0.006 0.027 − 0.001

0.6 0.01** 0.005 0.002 − 0.002 0.039** − 0.005 0.042** 0.001

0.7 0.009** 0.006** − 0.001 − 0.003 0.037** − 0.005 0.031** − 0.001

0.8 0.03 0.004 − 0.001 − 0.003 0.04** − 0.006 0.036*** − 0.003

0.9 0.039* 0.002 0.01 0.004 0.021 − 0.01*** 0.035 − 0.003
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this possibility, we estimate the quantile regression models for each country and present 
the results for the stock market returns in Table 10. The estimated coefficients for nega-
tive investor sentiment are negative and statistically significant at certain quantiles in 
Australia, Canada, France, Germany, India, Indonesia, Italy, Mexico, South Korea, the 
United Kingdom, and the United States. At the same time, the results in Table 10 indi-
cate a positive and significant relationship between stock market returns and positive 
investor sentiment at the lowest quantiles in Argentina, Canada, France, Germany, Italy, 
and Saudi Arabia.

Table 11 presents the results of the country-level quantile regression model for stock 
market volatility. According to the results in Table 11, negative investor sentiment sig-
nificantly increases stock market volatility at certain quantiles in all countries, except 
for Brazil and Turkey. We also find a negative and significant relationship between posi-
tive investor sentiment and stock market volatility at least in one quantile in Australia, 
Canada, France, Germany, India, Indonesia, Italy, Mexico, South Africa, and the United 
Kingdom.

Overall, the country-specific regression results are consistent with the panel data 
results, where the effect of negative and positive investor sentiments on stock market 
volatility is stronger than the effect on stock market returns. Therefore, stock market 
volatility seems to be sensitive to the Google search volume related to COVID-19 and 
COVID-19 vaccines; this result is consistent with the empirical findings of Ambros et al. 
(2021). In addition, developed stock markets are more affected by investor sentiment 
than emerging stock markets because the estimated coefficients for investor sentiment 
tend to be more significant for developed countries. This is similar to the empirical find-
ings in the literature. For instance, Smales (2021) found that the stock market returns of 
G7 countries are more affected by investor sentiment than the stock market returns of 
emerging countries. Rouatbi et al. (2021) examined the impact of vaccinations on devel-
oped and emerging stock markets and found that an increase in vaccination has more 
effects on the former than the latter.

Conclusions
Behavioral finance research suggests that investors’ emotions and anxiety affect their 
investment decisions in stock markets. In this study, we use GSVI data to construct 
negative investor sentiment (proxied by COVID-19-related terms) and positive investor 
sentiment (proxied by COVID-19 vaccine-related terms). We investigate the relation-
ship between positive and negative investor sentiments and G20 stock market returns 
and volatility by using various methods, including panel regression with fixed effects, 
quantile regressions, PVAR, and country-level time-series regressions. Using weekly 
data from March 2020 to May 2021, we find significant relationships between investor 
sentiment and stock market returns and volatility. Specifically, an increase in positive 
investor sentiment leads to an increase in stock returns while negative investor sen-
timent decreases stock returns on the left-hand side of the distribution. The effect of 
investor sentiment on volatility is consistent across the distribution: negative sentiment 
increases volatility, whereas positive sentiment reduces volatility. Finally, these results 
are robust as the Granger causality tests and PVAR model corroborate them.
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Our empirical results are consistent with those of Lyocsa et al. (2020), Chundakkadan 
and Nedumparambil (2021), and Smale (2021). The panel data model results show that 
the impact of investor sentiment on stock market volatility is stronger than that on 
stock market returns. Therefore, stock market volatility seems to be more sensitive to 
the volume of Google search terms related to COVID-19 and COVID-19 vaccines; this 
result is consistent with the empirical findings of Ambros et al. (2021). The country-level 
regression results are mostly consistent with the panel data, and the effect of investor 
sentiment on stock market volatility is stronger than that on stock market returns. In 
addition, developed stock markets are more affected by investor sentiment than emerg-
ing stock markets because the estimated coefficients for investor sentiment are more sig-
nificant in developed countries. Specifically, the results for European countries, such as 
Germany, France, Italy, and the United Kingdom stand out as their stock markets are 
significantly affected by investor sentiment. Although Russia and China are among the 
countries producing some COVID-19 vaccines, we cannot validate a significant relation-
ship between positive investor sentiment and stock market returns or volatility for these 
countries based on quantile regressions.

The emergence of new variants of COVID-19 leads to high levels of uncertainty 
globally. Investor concerns about COVID-19 seem to have a negative impact on finan-
cial markets. However, developments and news about COVID-19 vaccines seem to be 
a good proxy for positive investor sentiment, which has a positive impact on financial 
markets. Although COVID-19 first emerged in China, we cannot find significant inves-
tor sentiment on Chinese stock market returns based on regression and quantile regres-
sion models. We also find that positive investor sentiment significantly reduces stock 
market return volatility in Germany and the United Kingdom, both of which produce 
COVID-19 vaccines.

The Google search volume for COVID-19 terms negatively affects stock markets dur-
ing the ongoing COVID-19. Meanwhile, the Google search for COVID-19 vaccine-
related terms and the prospect of an end to the pandemic positively affect stock markets 
in G20 countries. Thus, Google search terms seem to be good proxies for investor senti-
ments. The findings may have portfolio implications as the proxies for positive and nega-
tive investor sentiments seem to be good predictors of stock returns and volatility during 
the pandemic. Moreover, it is known that a lack of clarity from public health authorities 
on vaccine safety has allowed some false claims on the efficacy of vaccines and some 
conspiracy theories to take hold. Our results suggest the need to formulate a health pol-
icy that communicates rapid and accurate information about COVID-19 to mitigate the 
effects of the pandemic on financial markets. Finally, authorities should adopt policies 
that convey realistic data on the effects of vaccines on the efforts to end the pandemic. 
This is particularly important as there is some evidence that government policy response 
to the pandemic has a moderating role in the relationship between investor sentiment 
and stock returns.

Future research can extend the analysis by using more countries and different investor 
sentiment indices. In addition, the sample can be extended to include more data as the 
global pandemic unfolds, and econometric analyses that rely on high-frequency data can 
be used. Such analysis can be expected to yield more robust results.
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Appendix
See Appendix Tables 12 and 13.

Table 12  Country regression model results

*** , **, and * indicate statistically significant coefficients at 1%, 5% and 10% significance level, respectively

Countries Constant COV-19 VAC CASES FX GOLD BOND R2 F-stat

Dependent variable: CAR​

Argentina 75.538* − 0.091 0.014 3.159 1.085 − 0.705 − 19.909* 0.084 0.865

Australia 3.622** − 0.098*** − 0.004 − 0.487 1.344*** 0.201 − 0.864 0.372 5.548***

Brazil − 6.616 − 0.062 0.010 − 1.508 1.760* − 1.557* 0.671 0.178 2.030*

Canada 2.871 − 0.144*** 0.016 2.995 4.698*** − 0.191 1.204 0.439 7.322***

China − 7.245 0.007 − 0.007 0.536 0.648 − 0.318 2.410 0.080 0.815

France 1.688 − 0.096** 0.003 − 0.208 1.966** − 0.356 1.736 0.241 2.973**

Germany 5.198 − 0.150** 0.004 4.035* 1.538** − 0.086 5.144 0.258 3.247***

India − 14.396 0.043 0.007 − 7.949*** 0.177 − 0.328 2.328 0.272 3.487***

Indonesia − 1.235 − 0.029 − 0.002 − 1.029 − 0.472 − 0.354 0.260 0.276 3.560***

Italy 2.620 − 0.215*** 0.003 3.614 2.444** − 0.355 1.382 0.277 3.578***

Japan − 0.274 0.018 − 0.010* − 2.968* − 1.528*** 0.049 18.048 0.311 4.231***

Mexico − 6.035 − 0.113*** − 0.006 − 1.921 1.204*** − 0.398 1.555 0.330 4.615***

Russia 9.880 − 0.347** − 0.005 14.188 0.150 − 0.284 − 0.989 0.197 2.291**

S. Africa − 10.091 − 0.074 0.001 − 0.789 0.728 − 0.470 1.177 0.112 1.187

S. Arabia − 0.941 0.027 0.006* − 2.755 − 2.570 − 0.775** −  0.187 2.623**

S. Korea 2.406 − 0.018 0.003 − 0.272 − 0.789** − 0.082 − 1.674 0.152 1.684

Turkey − 7.898 − 0.045 − 0.016 − 0.511 − 0.413 − 1.012*** 0.735 0.514 9.887***

UK 0.897 − 0.093** − 0.001 0.450 1.685*** − 0.140 2.943 0.256 3.214***

US 4.295** − 0.213*** 0.002 3.456* 6.738*** 0.431 − 0.458 0.614 17.481***

Dependent variable: LVOL

Argen-
tina

10.516** 0.023*** 0.001 0.501* 0.360 − 0.017 − 2.120* 0.314 4.288***

Australia 1.149** 0.032*** − 0.004* − 0.101 0.003 − 0.017 0.505 0.512 9.739***

Brazil 4.789*** 0.007 − 0.001 1.718*** − 0.028 0.009 − 0.263 0.620 15.255***

Canada 0.362 0.043*** − 0.005 − 0.729 0.057 0.018 − 0.001 0.605 14.342***

China − 0.689 0.024*** − 0.001 − 0.225** 0.413* 0.030 0.785 0.229 2.787**

France 2.110*** 0.031*** − 0.009*** − 0.073 0.045 − 0.024 2.257*** 0.570 12.392***

Germany 2.678*** 0.035** − 0.008*** − 0.145 0.079 0.049 2.080 0.377 5.654***

India − 3.391 0.022*** − 0.003** 1.235* − 0.073 − 0.059 0.791 0.608 14.483***

Indone-
sia

1.319 0.027*** − 0.001 0.498 − 0.099 0.019 0.050 0.480 8.633***

Italy 0.485 0.027** − 0.004* 0.417 − 0.012 − 0.052 1.224*** 0.591 13.495***

Japan 1.064*** 0.012*** 0.001 0.545 − 0.008 − 0.037 − 2.210 0.203 2.382**

Mexico 0.470 0.014** − 0.003** 0.371 0.016 − 0.005 0.300 0.535 10.760***

Russia 1.778 0.039*** 0.001 0.014 0.140*** − 0.083* 0.017 0.536 10.798***

S. Africa 0.031 0.018** − 0.002 0.305** 0.016 0.016 0.247 0.570 12.387***

S. Arabia 0.347 0.010** 0.001 1.871*** − 6.647* − 0.147*** −  0.491 11.034***

S. Korea 3.047*** 0.015*** 0.003 − 0.584** 0.183 − 0.080* − 0.862* 0.308 4.164***

Turkey 0.965 0.006 − 0.001 0.550*** 0.114 − 0.082 0.108 0.316 4.317***

UK 1.598*** 0.034*** − 0.005*** 0.013 − 0.022 − 0.009 − 0.153 0.477 8.515***

US 1.021 0.029* − 0.004 0.636 0.126 0.039 0.182 0.477 10.455***
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Table 13  Country quantile regression model results

Quantiles

Dependent variable: CAR​

Argen-
tina

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Constant 191.522*** 172.901** 93.394 86.469 52.564 3.035 − 9.103 11.234 68.382

COV-19 − 0.408 − 0.423 − 0.031 − 0.047 0.06 0.184 0.133 0.069 − 0.112

VAC 0.065*** 0.048* 0.04* 0.025 0.015 0.001 − 0.004 − 0.011 − 0.059*

CASES 3.121 11.563 2.281 3.858 0.37 − 4.981 − 4.529 − 1.84 − 2.314

FX 0.77 3.41 3.101 0.416 − 0.461 − 1.713 − 0.711 2.122 0.363

GOLD 0.369 − 0.482 − 0.406 − 0.439 − 0.189 − 0.204 − 0.52 0.054 − 1.178

BOND − 51.81*** − 46.25** − 26.679 − 23.649 − 14.691 − 1.105 2.623 − 2.328 − 13.093

Aus-
tralia

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Constant − 1.44 − 0.06 0.497 − 0.199 4.019 6.071* 4.504 4.981 10.888

COV-19 − 0.135*** − 0.138*** − 0.101 − 0.046 − 0.085*** − 0.091*** − 0.096*** − 0.086* − 0.016

VAC − 0.003 − 0.001 0.002 0.001 − 0.007 0.003 − 0.006 − 0.023* 0.02

CASES 0.339 0.333 − 0.279 − 0.5 − 0.058 0.531 1.166 0.133 − 0.191

FX 0.7*** 0.737*** 1.345 1.241** 1.898*** 1.856*** 1.522** 1.145 1.799

GOLD 0.14 0.036 0.091 0.08 0.115 0.18 0.237 0.62* − 0.171

BOND 0.961 0.12 − 0.733 − 0.38 − 1.294 − 3.346 − 0.249 2.084 − 6.504

Brazil 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Constant − 24.72 − 5.049 − 11.433 − 10.65 − 16.407 − 5.821 − 1.527 3.215 21.897

COV-19 − 0.092 − 0.056 0.017 0.086 0.015 − 0.035 0.052 − 0.097 − 0.376

VAC 0.029 0.044 0.03 0.021 0.002 − 0.01 − 0.013 − 0.007 0.027

CASES − 1.798 − 8.055 − 10.72 − 4.964 − 3.486 − 2.112 − 3.212 3.083 17.554

FX 2.69*** 1.336 1.647 1.244 1.053 0.505 0.32 0.21 2.375

GOLD − 2.045*** − 1.478 − 1.633 − 1.214 − 1.033 − 0.933 − 0.789 − 0.48 − 0.616

BOND 1.118 − 1.042 0.17 0.271 1.865 1.22 0.661 0.663 − 1.186

Canada 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Constant 4.385 3.077 1.414 2.157 3.731 3.328 1.547 2.835 3.288

COV-19 − 0.244*** − 0.222*** − 0.183* − 0.187* − 0.165** − 0.137 − 0.07 − 0.086 0.022

VAC 0.054* 0.047* 0.019 0.023 0.012 0.005 − 0.008 − 0.011 0.017

CASES 7.135 3.552 1.79 3.841 0.137 − 0.08 1.581 1.187 2.445

FX 5.959*** 5.598*** 4.411*** 4.502*** 4.035*** 5.183** 4.876** 5.27*** 5.712***

GOLD 0.316 − 0.359 − 0.036 − 0.251 − 0.036 − 0.148 − 0.106 0.126 − 0.334

BOND − 7.083 − 3.398 0.97 1.421 1.77 2.692 5.494 7.202 1.436

China 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Constant − 34.813* − 6.303 − 15.386 − 15.3 − 8.52 − 12.213 6.356 − 0.491 − 14.671

COV-19 0.038 − 0.068 0.056 0.078 0.047 0.08 0.026 0.045 0.083

VAC − 0.002 − 0.003 − 0.008 − 0.01 − 0.011 − 0.008 − 0.001 − 0.003 − 0.009

CASES − 2.611 − 0.952 − 0.017 0.595 0.349 0.097 1.083 0.995 0.858

FX 1.592 − 0.399 − 0.228 − 1.077 − 0.927 − 0.922 0.025 1.403 2.029

GOLD − 0.108 − 0.106 − 0.148 − 0.073 − 0.092 0.001 − 0.093 − 0.297 0.323

BOND 9.327 1.432 4.256 4.552 2.68 3.766 − 1.814 0.791 5.927

France 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Constant − 0.842 − 1.815 − 1.111 0.261 1.328 0.981 1.984 2.000 9.208**

COV-19 − 0.252 − 0.125* − 0.122 − 0.096** − 0.114** − 0.077 − 0.082 0.097 − 0.092

VAC 0.028*** 0.018 0.018 0.009 0.007 0.006 0.004 − 0.006 − 0.01

CASES 2.809 0.417 0.309 − 2.384* − 1.775 − 1.137 − 1.309 − 0.301 2.354

FX 0.443 0.663 0.931 1.178* 1.408* 1.47* 1.382* 1.951* 2.887***

GOLD − 0.104 − 0.443 − 0.267 − 0.243 − 0.09 − 0.094 − 0.387 − 0.368 − 0.794

BOND 4.287 3.195 2.79 0.265 − 1.66 − 1.03 0.385 6.793 5.043

Ger-
many

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
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Table 13  (continued)

Quantiles

Dependent variable: CAR​

Constant − 2.246 − 0.316 2.209 2.971 2.881 1.825 7.051 7.688* 15.107**

COV-19 − 0.196*** − 0.209*** − 0.156** − 0.161** − 0.103 − 0.063 − 0.165 − 0.124 − 0.162

VAC 0.027** 0.025* 0.014 0.013 0.004 0.005 0.001 − 0.001 − 0.009

CASES 5.587* 5.873 1.514 1.644 1.071 1.688 4.538 6.791** 4.899**

FX 0.362 0.536 0.842 0.946 1.818** 1.428 1.631 1.833* 1.478**

GOLD − 0.06 − 0.003 − 0.026 0.004 0.227 0.271 0.21 0.019 − 1.204*

BOND − 0.716 1.302 4.232 5.091 1.424 0.998 2.849 4.416 11.314

India 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Constant − 67.846* − 28.661 − 38.402 − 17.934 − 33.535 − 12.096 − 17.601 2.247 76.611

COV-19 − 0.029 − 0.014 − 0.022 − 0.01 0.032 0.043 0.062* 0.067** 0.089

VAC 0.013 0.017 0.01 0.004 0.003 0.001 − 0.001 − 0.006 0.023

CASES − 7.492** − 6.463** − 5.248** − 4.251 − 7.555* − 6.155 − 6.981* − 7.799* − 7.002

FX − 1.057 − 0.665 − 0.045 − 0.259 0.270 − 0.259 0.037 0.021 0.475

GOLD − 0.314 − 0.169 0.022 0.091 − 0.037 − 0.127 − 0.414 − 0.469 − 0.495

BOND 10.753 4.414 6.253 2.863 5.578 2.047 3.062 − 0.055 − 12.246

Indone-
sia

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Constant 10.971 3.297 − 2.204 − 5.358 − 13.429 − 14.247 − 6.952 − 6.321 − 7.409

COV-19 − 0.07 − 0.026 − 0.049 − 0.062 − 0.093 − 0.107** − 0.011 0.014 − 0.004

VAC − 0.004 − 0.004 − 0.001 0.004 − 0.001 0.002 − 0.003 − 0.003 0.006

CASES 0.87 − 0.124 0.35 0.62 1.195 1.354 − 2.345 − 3.625 − 2.244

FX 0.134 − 0.567** − 0.586* − 0.599* − 0.718** − 0.596** − 0.237 − 0.458 − 0.744

GOLD − 0.518* − 0.428 − 0.336 − 0.281 − 0.112 − 0.046 − 0.031 − 0.41 − 0.518**

BOND − 1.92 − 0.735 0.203 0.731 2.201 2.402 1.237 1.279 1.599

Italy 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Constant 0.764 0.66 1.263 2.326 2.994 3.883 4.417 5.506 2.434

COV-19 − 0.364*** − 0.264*** − 0.24** − 0.205** − 0.206** − 0.272* − 0.288** − 0.308** − 0.169

VAC 0.006 0.021* 0.014 0.006 0.001 − 0.001 0.002 0.004 0.014

CASES 5.03* 2.836 1.383 − 2.08 − 1.936 2.282 5.007 9.506* 8.876

FX 0.79 1.051 0.979 1.791* 2.679*** 2.819*** 2.656*** 3.123*** 3.366***

GOLD − 0.873** − 0.452 − 0.304 − 0.013 0.169 0.016 − 0.044 − 0.904 − 0.913

BOND 0.891 − 0.102 − 0.155 − 0.354 0.875 2.735 3.494 5.426 6.763**

Japan 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Constant − 1.892 − 0.708 − 0.27 − 0.176 0.742 0.946 1.637 1.704 0.939

COV-19 − 0.015 − 0.02 − 0.008 0.003 − 0.002 0.022 0.013 0.025 0.068*

VAC − 0.003 − 0.003 − 0.008 − 0.009 − 0.009 − 0.014* − 0.012 − 0.017** − 0.016**

CASES − 2.76* − 3.404*** − 2.474 − 2.609 − 1.732 − 1.433 − 0.908 − 0.634 − 1.651

FX − 2.164** − 1.289* − 1.407** − 1.335* − 0.958* − 0.737 − 0.878* − 0.851** − 1.38***

GOLD − 0.176 0.068 − 0.04 − 0.067 − 0.053 − 0.073 − 0.107 − 0.039 − 0.073

BOND 8.181 6.004 14.968 12.434 4.913 11.452 5.236 14.628 16.771

Mexico 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Constant − 20.84 − 15.449 − 7.088 − 5.909 − 5.076 1.009 4.438 9.99 6.389

COV-19 − 0.061 − 0.056 − 0.082 − 0.138 − 0.197* − 0.187 − 0.171 − 0.062 − 0.107**

VAC 0.007 0.005 0.007 − 0.001 − 0.01 − 0.007 − 0.011 − 0.01 − 0.015

CASES − 5.428 − 6.691 − 3.264 − 0.971 2.112 3.318 1.208 − 1.571 − 2.646

FX 1.391*** 1.185*** 1.181*** 1.006** 0.889 0.763 1.016* 0.937 1.018

GOLD − 0.911** − 0.892* − 0.617 − 0.225 0.023 − 0.085 − 0.093 − 0.369 − 0.144

BOND 2.877 2.157 1.033 1.387 1.756 0.834 0.472 − 0.63 0.546

Russia 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Constant − 12.453 − 4.149 − 2.676 − 6.649 1.659 6.681 6.938 14.407 23.197

COV-19 − 0.249 − 0.315 − 0.195 − 0.147 − 0.203 − 0.229 − 0.233 − 0.309 − 0.201

VAC − 0.006 0.018 0.013 − 0.012 − 0.008 − 0.01 − 0.007 − 0.017 0.011
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Table 13  (continued)

Quantiles

Dependent variable: CAR​

CASES 4.055 8.17 1.741 − 1.373 2.328 5.233 14.203 11.443 18.752

FX − 0.189 − 0.199 − 0.108 0.229 − 0.078 0.264 − 0.248 0.524 0.203

GOLD − 0.197 − 0.062 − 0.166 − 0.334 − 0.306 − 0.636 − 0.423 − 0.027 0.515

BOND 1.393 0.084 − 0.086 1.333 0.182 − 0.331 − 0.265 − 0.765 − 2.606

S. Africa 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Constant − 41.746 5.033 − 2.045 − 17.162 − 42.841 − 34.029 − 34.468 − 10.362 − 4.74

COV-19 − 0.106 − 0.081 − 0.094 − 0.051 − 0.059 − 0.109 − 0.094 − 0.076 − 0.052

VAC 0.031 0.016 0.018 0.021 0.026 0.009 0.013 − 0.01 0.009

CASES − 2.163 0.18 − 0.354 − 1.167 − 1.024 − 0.126 0.765 1.747 − 5.187

FX 1.299** 0.905 0.451 0.362 − 0.033 0.12 − 0.077 0.229 1.288

GOLD − 0.864 − 0.694 − 0.577 − 0.671 − 0.175 0.105 0.244 0.216 0.358

BOND 3.629 − 1.021 − 0.03 1.545 4.405 3.883 3.936 1.693 1.434

S. 
Arabia

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Constant − 4.372** − 1.87 − 1.959 − 0.599 − 0.026 − 0.258 0.415 2.16* 3.048**

COV-19 − 0.026 − 0.04 − 0.024 − 0.037 − 0.019 0.062 0.056 0.043 0.037

VAC 0.015* 0.004 0.009 0.007 0.003 0.005 0.002 − 0.001 − 0.001

CASES − 5.369 − 1.549 − 2.231 − 2.153 − 2.212 − 0.872 − 0.23 4.208 5.821

FX − 20.494 7.917 − 3.6 − 2.038 − 28.114 6.78 − 6.117 − 0.62 − 3.544

GOLD − 0.094 − 0.45 − 0.635** − 0.525 − 0.394 − 0.872** − 0.662 − 0.443 − 0.102

BOND – – – – – – – – –

S. Korea 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Constant − 4.759 − 0.316 1.15 3.678 1.261 2.372 2.627 3.431 11.626**

COV-19 − 0.029 − 0.045* − 0.045* − 0.013 0.008 0.004 0.01 0.009 − 0.009

VAC 0.004 0.006 0.004 0.017 0.011 0.009 0.003 0.002 0.002

CASES − 0.519 − 1.203 − 0.008 − 0.928 − 0.727 − 0.585 1.247 0.966 − 1.039

FX − 0.797 − 1.146* − 1.246** − 0.451 − 0.938 − 1.141 − 1.067 − 1.313** − 0.774

GOLD 0.018 0.085 − 0.124 − 0.11 − 0.024 − 0.081 − 0.014 0.002 − 0.184

BOND 0.976 − 1.099 − 1.475 − 3.842 − 1.754 − 1.984 − 1.405 − 1.508 − 5.238*

Turkey 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Constant − 12.015 − 12.473 − 6.301 − 7.107 − 12.359 − 10.402 − 8.796 − 4.036 4.14

COV-19 − 0.182 0.017 − 0.03 − 0.096 − 0.084 − 0.083 0.065 0.05 0.011

VAC − 0.001 0.004 0.002 − 0.011 − 0.02 − 0.022 − 0.017 − 0.021 − 0.016

CASES 0.749 − 2.095 − 1.948 0.568 − 0.048 − 0.653 − 1.364 − 1.097 − 0.434

FX − 1.237* − 0.568 − 0.492 − 0.07 − 0.128 − 0.104 − 0.273 − 0.624 − 0.894

GOLD − 0.769 − 1.077*** − 1.034*** − 1.281*** − 1.217*** − 1.192** − 0.883 − 0.498 − 0.184

BOND 0.807 0.657 0.371 0.672 1.146 1.049 0.803 0.599 0.115

UK 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Constant − 3.26 − 1.183 − 0.697 − 0.802 0.524 − 1.609 0.18 2.134 3.6

COV-19 − 0.196*** − 0.183*** − 0.143 − 0.117 − 0.094 0.051 0.042 0.064 0.069

VAC 0.019 0.006 0.001 0.008 0.001 − 0.011 − 0.014 − 0.015 − 0.006

CASES 1.574 0.666 2.629 3.141 0.949 0.523 − 1.757 − 5.51 − 8.402*

FX 2.03** 1.528 1.067 1.408 1.48 1.212 1.42** 1.733*** 2.024***

GOLD 0.08 − 0.224 − 0.122 − 0.092 0.023 − 0.229 0.028 − 0.264 − 0.536

BOND 2.852 4.374 4.687 3.204 2.164 3.865 3.853 1.925 0.801

US 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Constant − 12.032** 0.07 0.749 6.193* 6.154* 8.686** 8.888* 10.221** 12.635***

COV-19 − 0.067 − 0.207* − 0.219** − 0.273*** − 0.257*** − 0.321*** − 0.242* − 0.21* − 0.233**

VAC − 0.019 0.001 0.006 0.015 0.014 0.009 0.021 − 0.003 − 0.011

CASES − 1.213 2.778 4.584 5.723* 5.255 7.124** 5.287 0.067 0.351

FX 6.899*** 5.937*** 6.547*** 7.053*** 6.565*** 6.598*** 6.058*** 7.9*** 7.634***

GOLD 0.264 0.527 0.335 0.39 0.174 0.202 0.374 0.572 0.418
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Table 13  (continued)

Quantiles

Dependent variable: CAR​

BOND 7.879** 0.824 0.924 − 2.246 − 2.087 − 2.231 − 3.666 − 1.773 − 1.907

Dependent variable: LVOL

Argen-
tina

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Constant 13.219 12.991 10.776 10.494 7.177 3.632 7.439 15.032* 14.703*

COV-19 0.023 0.019 0.024 0.021 0.027* 0.026* 0.022 0.019 0.01

VAC 0.001 0.002 0.001 − 0.001 − 0.002 − 0.001 0.003 0.001 0.002

CASES 0.721 0.858 0.587 0.662 0.316 0.395 0.358 0.466 0.519

FX 1.461 1.051 0.117 − 0.101 − 0.308 − 0.079 0.447 0.41 0.664

GOLD − 0.118 − 0.066 0.009 0.024 0.02 − 0.003 − 0.022 0.023 0.042

BOND − 3.323 − 3.124 − 2.254 − 2.078 − 1.106 − 0.169 − 1.215 − 3.066 − 2.892

Aus-
tralia

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Constant − 0.875 0.644 1.533** 1.996*** 1.732*** 1.859*** 2.21*** 1.382* 1.739**

COV-19 0.045*** 0.036*** 0.032*** 0.029** 0.034*** 0.034*** 0.032*** 0.034*** 0.028***

VAC − 0.001 − 0.002 − 0.002 − 0.001 − 0.002 − 0.003 − 0.004 − 0.007** − 0.008***

CASES − 0.133 − 0.378 − 0.035 − 0.014 0.066 − 0.102 0.022 − 0.312 − 0.204

FX − 0.024 0.108 0.046 0.077 0.001 − 0.001 − 0.002 − 0.063 − 0.051

GOLD − 0.082 − 0.002 0.03 0.013 − 0.001 − 0.031 − 0.081 0.048 0.078

BOND 0.64 0.155 − 0.344 − 0.625 − 0.284 − 0.159 − 0.219 1.209 1.375*

Brazil 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Constant 5.513*** 4.117** 4.687*** 5.162*** 5.544*** 5.627*** 6.145*** 4.632*** 3.432

COV-19 − 0.004 − 0.007 0.002 0.001 0.013 0.021 0.031 0.029 0.017

VAC − 0.001 − 0.002 − 0.003 0.002 0.002 0.001 0.001 − 0.001 − 0.003

CASES 2.64*** 2.34*** 1.88*** 2.25*** 2.046** 1.39* 1.021 0.857 0.712

FX − 0.121 − 0.085 − 0.063 − 0.029 0.035 0.023 0.004 − 0.033 − 0.03

GOLD 0.09** 0.025 0.02 − 0.01 − 0.038 − 0.024 − 0.011 0.002 0.01

BOND − 0.476* − 0.198 − 0.262 − 0.378 − 0.422 − 0.409 − 0.466 − 0.227 0.065

Canada 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Constant − 1.857** − 1.042 − 0.29 0.1 0.808 0.843 1.494*** 1.809*** 3.505***

COV-19 0.045*** 0.049*** 0.054*** 0.055*** 0.044*** 0.044*** 0.035*** 0.037*** 0.018

VAC − 0.014*** − 0.01 − 0.005 − 0.003 − 0.005 − 0.004 − 0.002 0.001 0.002

CASES − 0.114 − 0.893 − 1.751* − 2.077** − 1.348 − 1.096 − 0.346 − 0.097 0.858

FX − 0.222 − 0.043 0.07 0.116 0.109 0.113 0.026 −  0.141 − 0.029

GOLD − 0.036 − 0.004 0.003 − 0.023 − 0.035 − 0.046 − 0.002 0.026 − 0.036

BOND 1.877** 0.912 − 0.229 − 0.651 − 0.564 − 0.422 − 0.79 − 1.161 − 1.902**

China 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Constant − 1.211 − 0.877 − 4.122 − 0.958 − 1.07 0.165 − 0.041 0.543 0.456

COV-19 0.022 0.021 0.035*** 0.027** 0.027** 0.021* 0.022* 0.011 0.012

VAC − 0.002 − 0.001 − 0.003 − 0.002 − 0.001 0.002 0.002 0.002 0.001

CASES − 0.302* − 0.216 − 0.372** − 0.291 − 0.287 − 0.203 − 0.181 − 0.097 − 0.285

FX 0.287 0.312 0.518 0.534 0.468 0.537* 0.386 0.852*** 0.688**

GOLD 0.026 0.036 0.08 0.056 0.07 0.059 0.05 0.045 0.033

BOND 0.734 0.639 1.82* 0.847 0.891 0.519 0.635 0.627 0.8

France 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Constant 1.113 1.823*** 1.751*** 1.949*** 2.179*** 2.413*** 2.584*** 2.905*** 2.596***

COV-19 0.035* 0.028*** 0.034*** 0.032*** 0.029** 0.025** 0.026*** 0.029** 0.047**

VAC − 0.01* − 0.01*** − 0.011*** − 0.008*** − 0.008*** − 0.008*** − 0.008*** − 0.01*** − 0.01***
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Table 13  (continued)

Dependent variable: LVOL

CASES − 0.359 − 0.192 − 0.124 0.016 0.159 0.099 0.156 − 0.181 − 0.389

FX 0.021 0.147 0.061 0.012 0.005 0.153 − 0.017 − 0.086 − 0.123

GOLD 0.001 − 0.098 − 0.077 − 0.043 − 0.008 − 0.002 − 0.02 − 0.052 − 0.098

BOND 3.67 3.716*** 2.334* 2.692** 2.876** 2.11* 1.349 1.28 0.868

Ger-
many

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Constant 2.595 3.504** 3.12*** 2.667*** 3.045*** 2.698*** 1.495 2.109** 4.474**

COV-19 0.007 0.004 0.041** 0.044*** 0.038** 0.039*** 0.042*** 0.039*** 0.016

VAC − 0.008 − 0.01 − 0.013*** − 0.011*** − 0.011*** − 0.011*** − 0.005 − 0.006* − 0.008*

CASES 0.562 0.163 − 0.575 − 0.391 − 0.506 − 0.627 − 0.263 − 0.092 0.749

FX 0.449** 0.368* 0.08 0.022 0.073 0.124 0.037 − 0.048 − 0.001

GOLD 0.078 0.054 0.012 0.001 − 0.041 − 0.034 0.054 0.08 0.051

BOND 2.804 3.704 3.362** 2.527 2.544 1.612 − 0.874 − 0.265 2.332

India 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Constant 3.21 6.086 2.15 5.464 4.136 − 3.653 − 9.138 − 17.155 − 20.861*

COV-19 0.029*** 0.031*** 0.021*** 0.026*** 0.024** 0.013 0.006 0.026 0.03

VAC − 0.001 − 0.001 − 0.002 − 0.003 − 0.003 − 0.005* − 0.006** − 0.005 − 0.007*

CASES 1.757*** 1.251 1.85*** 1.875** 1.918** 1.51 1.564 0.299 − 0.038

FX − 0.32*** − 0.25 − 0.288* − 0.207 − 0.23 − 0.134 − 0.082 0.131 0.085

GOLD − 0.044 − 0.081 − 0.069 − 0.048 − 0.038 − 0.048 − 0.043 0.015 − 0.033

BOND − 0.504 − 0.942 − 0.227 − 0.768 − 0.53 0.898 1.876 3.237 3.904**

Indone-
sia

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Constant − 0.553 4.386 − 1.145 − 1.643 0.287 2.416 4.909 7.259** 8.818**

COV-19 0.04** 0.051*** 0.026* 0.025 0.024* 0.025* 0.03** 0.04*** 0.037*

VAC 0.001 − 0.002 0.002 0.001 − 0.002 − 0.003 − 0.005 − 0.007* − 0.006

CASES 0.616 0.062 0.313 0.167 0.185 − 0.016 − 0.161 − 0.374 0.313

FX − 0.111 − 0.095 − 0.033 0.019 − 0.004 0.034 0.011 − 0.084 − 0.142

GOLD 0.14 0.05 − 0.069 − 0.055 0.001 − 0.045 − 0.031 0.009 − 0.04

BOND 0.034 − 0.621 0.328 0.453 0.232 − 0.029 − 0.357 − 0.681 − 0.867

Italy 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Constant − 0.95 − 0.336 −  0.161 0.402 0.483 1.37** 1.213** 1.675*** 1.811***

COV-19 0.027 0.015 0.007 0.003 0.011 0.023 0.047*** 0.051*** 0.037*

VAC − 0.006 − 0.006 − 0.003 − 0.006 − 0.002 − 0.006** − 0.005* − 0.006** − 0.003

CASES 0.573 0.366 0.616 0.255 0.111 0.287 0.016 − 0.143 0.076

FX − 0.143 − 0.066 0.021 0.107 0.053 0.137 − 0.008 0.009 − 0.02

GOLD − 0.012 − 0.086 − 0.08 − 0.036 − 0.022 − 0.097 − 0.014 − 0.015 − 0.045

BOND 1.709*** 1.686*** 1.688*** 1.661*** 1.466*** 0.826 0.589 0.228 0.661

Japan 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Constant 0.024 0.17 0.776* 1.068** 1.156*** 1.46*** 1.326*** 2.029*** 1.78***

COV-19 0.025*** 0.021*** 0.015** 0.013* 0.012* 0.009 0.01 0.003 0.022

VAC − 0.005 − 0.002 − 0.001 − 0.001 0.001 0.002 0.004 0.003 − 0.002

CASES − 0.018 0.277 0.386 0.35 0.348 0.288 0.302 1.037** 1.164*

FX − 0.012 − 0.051 0.031 − 0.004 − 0.014 − 0.004 0.008 − 0.043 − 0.044

GOLD − 0.141 − 0.079 0.032 0.034 0.025 − 0.013 − 0.014 − 0.106 − 0.058

BOND − 3.177 2.467 − 1.082 − 1.573 − 1.932 − 5.171 − 5.586 − 7.415 5.582

Mexico 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Constant 2.214 3.231* 1.61 0.495 1.15 0.715 − 0.819 0.477 − 0.968

COV-19 0.027*** 0.025*** 0.018* 0.009 0.012 0.016 0.016 0.021 0.017

VAC − 0.002 − 0.001 − 0.002 − 0.004 − 0.004 − 0.004 − 0.003 − 0.003 − 0.005**
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Table 13  (continued)

Dependent variable: LVOL

CASES 0.452 0.494 0.309 0.151 0.337 0.256 0.179 0.023 − 0.387

FX 0.062 0.04 0.055 0.049 − 0.001 − 0.021 0.054 0.069 0.004

GOLD − 0.059 − 0.007 − 0.022 0.01 − 0.032 − 0.04 − 0.077 − 0.081 0.045

BOND − 0.22 − 0.345 0.005 0.313 0.217 0.278 0.57* 0.352* 0.712*

Russia 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Constant 2.907 1.929 1.531 0.028 1.907 1.636 2.884 2.351 1.251

COV-19 0.05*** 0.04** 0.03* 0.032* 0.037** 0.034** 0.027 0.061 0.068

VAC 0.003 0.002 0.001 − 0.001 0.002 0.001 0.001 − 0.001 − 0.001

CASES 0.356 0.349 0.475 0.037 0.028 0.083 0.599 − 0.71 − 1.139

FX 0.221** 0.176** 0.127 0.131** 0.174*** 0.142** 0.127* 0.086 0.082

GOLD − 0.118* − 0.076 − 0.039 − 0.052 − 0.077 − 0.095 − 0.12* − 0.11 − 0.094

BOND − 0.379 − 0.128 0.028 0.317 − 0.018 0.067 − 0.081 0.014 0.191

S. Africa 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Constant − 1.141 0.331 1.825 0.703 0.913 3.478 2.587 − 0.205 0.145

COV-19 0.023 0.02 0.029** 0.023** 0.019* 0.024** 0.019* 0.012 0.013

VAC − 0.001 − 0.001 0.002 − 0.001 − 0.002 − 0.005* − 0.006* − 0.007** − 0.006***

CASES 0.094 0.386 0.203 0.284 0.333 0.221 0.413* 0.349 0.479

FX − 0.016 0.079 0.024 0.023 0.029 0.021 − 0.042 0.03 0.079

GOLD 0.031 0.016 0.004 − 0.028 − 0.016 0.003 0.081 0.022 − 0.01

BOND 0.276 0.131 − 0.046 0.137 0.145 − 0.094 0.037 0.376 0.352

S. Ara-
bia

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Constant − 0.383 − 0.515 − 0.493 0.067 0.281 0.657* 0.969*** 1.089*** 1.575***

COV-19 − 0.001 0.012 0.015*** 0.013** 0.016** 0.01* 0.007 0.013 0.008

VAC − 0.002 0.001 0.003 0.002 0.002 0.003 0.002 0.003 0.002

CASES 1.919* 1.548*** 1.558*** 1.365*** 1.457*** 1.803** 2.022* 1.567* 2.048*

FX − 1.032 3.587 − 1.241 − 1.44 − 5.871 − 5.839 − 5.939 − 9.662* − 9.313*

GOLD − 0.175 − 0.173** − 0.149* − 0.175* − 0.194** − 0.137* − 0.102 − 0.151* − 0.222**

BOND – – – – – – – – –

S. Korea 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Constant 3.318*** 3.267*** 3.338*** 3.302*** 3.354*** 2.96*** 2.513** 2.075 3.663*

COV-19 0.013*** 0.014*** 0.013*** 0.012*** 0.011*** 0.01** 0.009** 0.03 0.039*

VAC 0.01** 0.007 0.006 0.006 0.005 0.005 0.006** 0.004 0.002

CASES − 1.313** − 0.858** − 0.574* −  0.531 − 0.497 − 0.613* − 0.578* 0.035 − 0.581

FX 0.356** 0.418** 0.376** 0.357* 0.351* 0.386** 0.358** 0.305 0.26

GOLD − 0.133*** − 0.14*** − 0.111** − 0.106* − 0.107* − 0.085 − 0.076 − 0.001 0.054

BOND − 1.888*** − 1.607** − 1.436** − 1.313* − 1.236 − 0.858 − 0.475 − 0.183 − 0.833

Turkey 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Constant 1.795 − 0.572 1.734 0.692 1.017 1.299 1.752 2.405* 0.383

COV-19 0.005 0.02 − 0.01 0.01 0.009 0.002 − 0.001 − 0.001 0.01

VAC 0.004 0.001 0.001 − 0.001 − 0.001 − 0.002 − 0.003 − 0.003 0.004

CASES 0.349 0.158 0.498 0.459 0.575 0.876** 0.82** 0.714 0.387

FX 0.344 0.155 0.206 0.098 0.094 0.103 0.133* 0.092 0.043

GOLD − 0.204** − 0.231*** − 0.164 − 0.12 − 0.094 − 0.061 − 0.049 − 0.039 0.01

BOND − 0.047 0.155 0.049 0.116 0.107 0.111 0.102 0.071 0.202

UK 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Constant − 0.361 1.18** 1.495*** 1.894*** 1.723*** 1.725*** 1.869*** 1.987*** 2.762***

COV-19 0.049*** 0.029** 0.027** 0.02 0.036** 0.039** 0.037** 0.04** 0.021

VAC − 0.003 − 0.007** − 0.003 − 0.004 − 0.006 − 0.005 − 0.005 − 0.006 − 0.01***

CASES 0.235 − 0.026 0.212 0.344 − 0.341 − 0.139 0.133 − 0.172 0.358
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