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Abstract 
 

This paper analyses the impact of the Covid-19 pandemic on stock market returns and their 
volatility in the case of the G20 countries. In contrast to the existing empirical literature, which 
typically focuses only on either Covid-19 deaths or lockdown policies, our analysis is based on 
a comprehensive dynamic panel model accounting for the effects of both the epidemiological 
situation and restrictive measures as well as of fiscal and monetary responses; moreover, 
instead of Covid-19 deaths it uses a far more sophisticated Covid-19 index based on a Balanced 
Worth (BW) methodology, and it also takes into account heterogeneity by providing additional 
estimates for the G7 and the remaining countries (non-G7) separately. We find that the stock 
markets of the G7 are affected negatively by government restrictions more than the Covid
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1. Introduction  

It is well known that financial markets are affected by external events such as natural 

disasters and environmental developments (see, e.g., Caporale et al., 2019). They also respond 

to pandemics, as already seen in the case of the Severe Acute Respiratory Syndrome (SARS) 

and Ebola Virus Disease (EVD) outbreaks. For instance, Chen et al. (2007, 2009) employed an 

event study approach and found a negative impact of SARS on tourism and the wholesale and 

retail sector in Taiwan, but a positive one on the biotechnology sector, which meant that it was 

still possible to adopt profitable investment strategies by rearranging portfolios. Ichev and 

Marinc (2018) used both event study and regression methods and found that the Ebola outbreak 

affected mainly stock markets closer to the birthplace of the virus and stocks with more media 

coverage. 

The current Covid-19 pandemic has generated a crisis that is unprecedented in terms of its 

global nature, the degree of uncertainty concerning effective containment and treatment 

measures, and its complexity resulting from a combination of supply and demand shocks which 

could bring about a prolonged recession in the absence of swift and decisive policy responses 

(see Baldwin and Weder di Mauro, 2020). In particular, the crisis threatened to spread from the 

real to the banking and financial sector, which was already vulnerable in many countries 

because of high leverage. Various governments therefore announced measures relying on 

financial institutions (mainly banks) providing loans to households and firms as well as 

guarantees to the lenders to avoid a wave of bankruptcies (see Caporale and Cerrato, 2020). 

Policies aimed at supporting bank lending conditions through funding cost relief and capital 

relief appear to have been successful in preventing banks’ ability to supply credit from being 

severely affected (see Altavilla et al., 2020). There is also evidence that Quantitative Easing 

(QE) has been equally effective during the pandemic and that QE interventions have had 

sizeable real effects on output through their impact on long-term interest rates (see Rebucci et 

al., 2021). 

Concerning specifically the effects on stock markets worldwide, Ramelli and Wagner 

(2020) provided some initial evidence indicating that these responded quickly to the Covid-19 

outbreak as a result of concerns about future economic prospects. Their analysis at industry 

level reveals differences in cumulative returns across sectors and geographical regions, with a 

whipsaw pattern in some cases. Additional evidence at firm level shows heterogeneous 
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corporate debt (leverage) and corporate liquidity (cash holdings) played an important role. It is 

clear that the impact of Covid-19 on global financial uncertainty was immediate and massive: 

as pointed out by Baker et al. (2020), in March 2020 the VIX  (Chicago Board Options 
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and a minimum spanning tree (MST) approach, Zhang et al. (2020) found a substantial increase 

in risk in global financial markets. 

Salisu and Vo (2020) evaluated the importance of health-news trends to forecast stock 

returns for a list of countries with high incidence of Covid-19; their results showed that a model 

incorporating a health-news index outperforms the benchmark historical average model; in 

addition, including macroeconomic factors and financial news improves the forecasting 

performance of the health news-based model. Šf MŠ e-rm1omC 1
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remarks. 

 

2. Modelling Framework 

As stated before, the aim of the empirical analysis is to investigate the effects of the Covid-

19 pandemic and of policy responses on stock market returns and volatilities. For this purpose, 

a dynamic panel data model with fixed effects is estimated which takes the following form:1  

 

                !i,t = "#$#%!i,t-k#$#&'()*+,-./0+1!i,t-1#$#θ2*3456.7(6*48i,t-1#$f#9i,t-1#$#1 t   (1)

                         

where !i,t stands in turn for stock market returns and volatility for country * at time : at both the 

monthly and daily frequency. An autoregressive structure is allowed with up to one lag (; =1) 

for monthly data and five lags (; = 5) for daily data; insignificant lags are dropped. & and θ 

measure the impact of the Covid-19 index ('()*+,-./0+1!) and of fiscal policy (2*3456.7(6*48) 

measures respectively on stock market returns (or volatility).# 9t-1# is a vector including the 

exogenous variables described in Section 3, namely a stringency index, lockdown measures, 

and short-term shadow rates. 

Various model specifications are estimated. The '()*+,-./0+1! and 2*3456.7(6*48 

measures (our main variables of interest) are included in all cases. Model 1 and 2 examine their 

impact on stock market returns and volatilities. The set of regressors includes in turn a 0-1 

dummy for lockdown measures (<(4;+(=0) and a stringency index (>:?*0@1048./0+1!) (0-100) 

as possible determinants. Model 3 adds an interaction variable between the Covid-19 index and 

lockdown periods (i.e., '()*+A,-./0+1! × <(4;+(=0). Both sets of models are estimated using 

monthly and daily data in turn. Finally, we control for heterogeneity by also performing the 

analysis separately for the G7 countries and the other countries in the sample. The estimated 

coefficients with the associated robust t-statistics are presented in Tables 3−6. 

 

3. Data Sources and Description 

This section describes the variables included in the econometric model, specifically stock 

market return and volatility (the dependent variables), a Covid-19 index and a fiscal variable, 

 
# Note that the random effect hypothesis was tested and rejected by means of Hausman test. 
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and also a set of exogeneous variables including a stringency index, a dummy for lockdown 

measures 
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thus the actual sample to consider goes from December 31, 2019 to February 17, 2021. Further, 

we remove the data for weekends when daily deaths, hospitalized patients, testing, etc., are 

normally lower because of delayed or missing Covid-19 reports. Then we obtain a balanced 

panel for the period from March 2, 2020 to February 17, 2021. 

We create a '()*+,-./0+1!i,t based on the population weighted daily infection rate 

(G1*@&:1+./0H14:*(0i,t: share of the population (F(FC65:*(0) newly infected by the Coronavirus 

on each day (01=.45313)) and severity (>1)1?*:8i,t: a daily measure of the relative health 

situation of that population) for country * at day ::  

'()*+,-./0+1!i,t = G1*@&:1+./0H14:*(0i,t × >1)1?*:8i,t = 
new_casesi,t
populationi,t

 × >1)1?*:8i,t                        (4) 

We use a Balanced Worth (BW) methodology (Herrero and Villar, 2018, 2020) to measure 

>1)1?*:8 on the basis of the different possible outcomes of Covid-19 infections including 

01=.+15:&3, *4C.F5:*10:3, &(3F*:56.F5:*10:3 and 01=.:13:3 categories.3 We evaluate >1)1?*:8#

for various populations affected by the virus, I = {1,2,…, @} over a set of health conditions ' 

= 01=.+15:&3, *4C.F5:*10:3, &(3F*:56.F5:*10:3, 01=.:13:3 ordered from worst to best. 5j,c "
nj,c

nj
 

is the share of people within population J with health condition 4. 0j and 0j,
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Note that Fj,k . Fk,j . 1j,k " 0. Then the severity measures for the two populations J and ; (3j 

and 3k , respectively) are proportional to the corresponding probabilities of being relatively 

worse off, namely: 

                                                    sj

sk
" qj,k

qk,j
" pj,k*

ej,k
'

pk,j*
ek,j
'

                                                                               

                                                    1 3j "
(pj,k*

ej,k
' )sk

pk,j*
ek,j
'

                                                                  (7) 

This pairwise severity comparison between two populations can be extended to a 

comparison among more than two populations by taking expectations as follows: 

            3j "
#

g"#∑ (pj,k*
ej,k
' )skj≠k

#
g"#∑ (pk,j*

ek,j
' )j≠k

" 
#

g"#∑ (pj,k*
ej,k
' )skj≠k

#
g"#∑ (1-(pj,k*

ej,k
' ))j≠k

,     J,; =1,2, … @                   (8) 

In equation (8), the numerator is the average relative Covid-19 severity of population J with 

respect to the rest, and the denominator is the average relative Covid-19 severity of the 

populations other than J compared to population J.  

The vector of 3j severity values is the BW which measures the relative severity of Covid-

19 for different populations. This is obtained as the dominant eigenvector of a Perron matrix 

L:   
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3.5 Short-Term Shadow Rates 

We use the short-term shadow rates (>&5+(=.>&(?:.B5:1) for each sample country to 

investigate the impact of monetary policy during the Covid-19 pandemic. These have been 

chosen as a quantitative measure of the overall stance of monetary policy when the 

conventional policy instrument (the short-term policy rate) is at the zero lower bound (zero or 

slightly negative value – see Kuusela and Hännikäinen, 2017). We use the Morgan Stanley 

reported shadow short rates for the countries for which they are available, and the US one as a 

proxy in the other cases.  

Table 1 shows the list of G20 countries and the split between G7 and non-G7. Table 2 

reports the sources and descriptions for the variables used to construct the Covid-19 Index 

(Panel A) and the others including fiscal policy, the stringency index, lockdowns and short-

term shadow rates (Panel B).  
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4.   Empirical Results 

4.1 G20 Countries 

The estimates from the dynamic panel data model with fixed effects given by equation (1) 

indicate that the impact of the Covid-19 
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(for the G20 as a whole and the two subgroups – see Tables 7, 8, 9) are robust across the two 

frequencies, daily and monthly (see Panels A and B respectively), in the sense that the 

coefficients signs (though their significance) are the same. 

[Insert Table 9 Here] 

 

5. Conclusions 

     This paper examines the impact of the Covid-19 pandemic on stock market returns and their 

volatility in the case of the G20 countries. In contrast to the existing empirical literature, which 

typically focuses only on either Covid-19 deaths or lockdown policies, our analysis is based on 
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Table 1. List of countries 
The following table shows the list of G20 countries and their corresponding stock indices used 
in our analysis.  
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workplace closures, and 
travel bans, rescaled to a 
value from 0 to 100 (100 = 
strictest response). 
 

Lockdown (1) The Global Covid-19 Lockdown 
Tracker in Aura Vision 
(https://auravision.ai/covid19-
lockdown-tracker), (2) the Covid-19 
Government Measures Dataset in 
ACAPS(https://www.acaps.org/covid-
19-government-measures-dataset), 
and (3) various online news articles. 

The overlapping dates 
across these three 
lockdown data sources are 
selected for each country in 
our sample. In daily 
frequency data, we cr
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Table 3. Summary statistics – monthly frequency 
The following table shows the summary statistics for the monthly data for the G20 (Panel A), 
G7 (Panel B) and non-G7 (Panel C) countries. Stock returns (>:(4;.B1:C?0) and volatility 
(>:(4;.D(65:*6*:8) are calculated as percentage returns and realized volatility, respectively, 
according to section 3.1. Fiscal policy (2*3456.7(6*48) is the additional spending and forgone 
revenue) as a percentage of GDP. The stringency index (>:?*0@1048./0+1!) is a composite 
measure based on 9 response indicators (e.g., 
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Table 5. Correlation matrix – monthly frequency 
The following table shows the Pearson’s correlation matrix between the monthly frequency 
regressors for the G20 (Panel A), G7 (Panel B) and non-G7 (Panel C) countries. ***, ** and * 
denote significance at 1%, 5% and 10% levels, respectively. 

Panel A. G20 countries 
 (a) (b) 
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Table 6. Correlation matrix – 
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Table 7. G20 countries 
The following table shows the Covid-19 impact ('2.M'()*+,-./0+1!) on stock returns 
(>:(4;.B1:C?0) and volatility (>:(4;.D(65:*6*:8) for the G20 countries based on monthly (Panel 
A) and daily (Panel B) frequency data. We use the dynamic panel regression model with fixed 
effect including an autoregressive term `Be,f to generate these results. We report the 2-
statistics, B2 and number of observations (M). The p-values are in the brackets.  ***, ** and * 
denote significance at 1%, 5% and 10% levels, respectively. 

Panel A.  Monthly frequency 
Parameters Stock_Return Stock_Volatility 
 Coef. P-values Coef. P
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Table 8. G7 countries 
The following table shows the Covid-19 impact ('2.M'()*+,-./0+1!) on stock returns 
(>:(4;.B1:C?0) and volatility (>:(4;.D(65:*6*:8) of the G7 
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Table 9. Non-G7 countries 
The following table shows the Covid-19 impact ('2.M'()*+,-./0+1!) on stock returns 
(>:(4;.B1:C?0) and volatility (>:(4;.D(65:*6*:8) of the non-G7 countries based on monthly 
(Panel A) and daily (Panel B) frequency data.
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Figure 1. Covid-19 indices for the G20 countries 
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Appendix I. Average Gini coefficients between 2011 and 2019 (the most recently available 
year). 

!"#$%&' ()*+,-.$.,/"*0+ 
(&1*$%.$2 34+54 
(#6%&27.2 83+39 
:&2;.7 <8+94 
!2$2=2 88+85 
!>.$2 39+49 
?&2$/* 8@+3A 
-*&B2$' 84+45 
C$=.2 8<+59 
C$="$*6.2 8D+9@ 
C%27' 8<+@9 
E2F2$ 8@+D9 
G*H./" 35+@A 
I#66.2 8A+A9 
J"#%>,(0&./2 K8+99 
J"#%>,L"&*2 84+39 
JF2.$ 8<+K9 
M#&N*' 34+@D 
O$.%*=,L.$1="B 88+KD 
O$.%*=,J%2%*6 34+44 
-@9,2)*&21* 8D+94 
-5,2)*&21*, 83+@5,
P"$Q-5,2)*&21*, 34+5A,

 
Source: World Bank. 
Note: Saudi Arabia is not included due to unavailable Gini coefficients. The starting year 2011 has been chosen 
as India shows available Gini coefficients until then. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 


