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Following an initial outbreak in Wuhan, China in December 2019 the Covid-19 pandemic 

(classified as such by the World Health Organisation (WHO) on March 11, 2020) has had 

unprecedented effects on the health and economic situation of most countries in the world (Busko 

and Bezinovic, 2021); specifically, it has caused huge death losses (Shahzad et al., 2021)1 as well 

as a sharp decline in world output. For instance, during the period from 2019 Q4 to 2020 Q4, US 

GDP fell by 5%, and the US unemployment rate had risen from 4.4% to 13.3% by March 2020.2 

Increased uncertainty and the subsequent panic selling also affected stock markets. For example, 

the Dow Jones Index (DJI) declined by 7.79% on 9 March 2020 and by a further 9.9% on 12 March 

2020, the latter being one of the sharpest falls ever documented in US history. Additionally, 
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Conlon and McGee, 2020; Le et al., 2021; Zaremba  et al., 2021; Insaidoo et al., 2021; Tiwari et 

al., 2021a,b; etc). However, it is also important to assess possible effects on sectoral stock indices. 

For instance, stock prices in the energy, industrials and travel sectors experienced heavy losses; 

similarly, financial institutions and banks saw their earnings and stock prices plummet as a result 

of a sharp increase in the share of non-performing loans coupled with the decrease in interest rate 

margins resulting from lower policy rates (the recorded loss was 39%, more than in the US stock 

market as a whole). )

National governments have adopted various policy measures in response to the pandemic 

(Caporale and Cerrato, 2020; Hale et al., 2020). The US, one of the hardest hit countries,4 

introduced a number of containment measures restricting social interaction (such as workplace, 

schools and restaurants closures), domestic and international travel; monetary measures such as 

lower policy rates and more quantitative easing (e.g., US); fiscal measures such as income support 

and debt relief schemes. The aim of the present study is to examine the effects of those measures 

and of the pandemic itself on US sectoral stock indices. It is well known that the introduction by 

the US government of relief schemes such as the Coronavirus Aid, Relief, and Economic Security 

(CARES) Act saw US aggregate stock indices, namely the NASDAQ, S&P 500 and DJI, rise by 

7.33%5, 7.3%6 and 7.73% respectively.7 Although Bouri et al. (2021) and Mazey and Richardson 

(2020) provide some evidence on the impact of the Covid-19 pandemic on sectoral stock indices 

in the case of New Zealand, and Huynh et al. (2021) in the case of Australia, to the best of our 
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knowledge the current study is the first to carry out sectoral analysis for the US and to examine 

the factors that have driven returns and affected the stability of different sectors in stock markets 

(Bhargava et al., 2012) during the most recent stress period. Moreover, whilst previous studies on 

Covid-19 and stock markets (Salisu and Vo, 2020, Ashraf, 2020; Baker et al., 2020; Corbet et al., 

2020; Okorie and Lin, 2021; Mazur et al., 2021 Le et al., 2021) are based on the classical I(0)/I(1) 

dichotomy between stationary and non-stationary series, the current one uses a fractional 

integration (or I(d)) modelling approach which allows for fractional values of the 
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taking a value between 0 and 100. A higher score indicates a stricter response (i.e. 100 = strictest 

response).  

The fiscal policy response variables include: income support, which provides information 
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We consider the following regression model: 

               (1) 

where y(t) is the observed time series representing each of the industry stock market indices in 

turn, namely Technology (TECH), Telecom (TEL), Health Care (HEALTH), Real Estate (RE), 

Consumer Staples (CS) Consumer Discretionary (CD), Industrials (IDS), Basic Materials (BM), 

Energy
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in (1) for any real value d". Thus, under the null hypothesis Ho (2), the two equalities in equation 

(1) can be expressed as 

                     (3) 

where   and 
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Table 2 displays the estimated coefficients under the assumption of white noise errors for 

the log regression including DR1 as the mortality rate.  The results are similar to those in Table 1. 

However, DR1(t) is now negative and significant for four sectors, i.e. Consumer Staples, Health, 

Technology and Telecom. This is not surprising in the case of Consumer Staples since most firms 

operating in this sector went into lockdown during the pandemic period
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Table 4 displays the log regression results with DR2 as the mortality rate. In this case DR2 

is found to have a significant and negative effect on all sectors except Energy.  Changes in EFFR(t), 

FP(t) and MMFP(t) are found to have affected several sectoral stock indice
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Debt-Relief Policy, changes to the Effective Federal Funds Rate, and two dummies corresponding 

to monetary and fiscal policy announcements.)

The results provide evidence of mean reversion for seven sectoral stock indices (Consumer 

Discretionary, Consumer Staples, Health, Industrials, Technology, Telecom and Utilities), with 

orders of integration close to (though significantly smaller than)
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Table 2: Estimated coefficients with white noise errors (DR1) 
 
Regressor 

Logged Data 

BMAT CDISCRET CSTAPLES ENERGY HEALTH INDUS RESTATE TECH
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Table 3: Estimated coefficients with white noise errors (DR2) 
 
Regressor 

Original  Data 

BMAT CDISCRET CSTAPLES ENERGY HEALTH INDUS RESTATE TECH TELE UTI 

d 0.95 
(0.89, 1.03) 

0.93* 
(0.88, 0.99) 

0.88
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Table 4: Estimated coefficients with white noise errors (DR2) 
 
Regressor 

Logged  Data 

BMAT CDISCRET CSTAPLES ENERGY HEALTH INDUS RESTATE TECH TELE UTI 

d 0.95 
(0.92, 1.01) 

0.95* 
(0.92, 0.98) 

0.94* 
(0.91, 0.97) 

1.00 
(0.95, 1.07) 

0.93* 
(0.90, 0.95) 

0.95* 
(0.92,0.99) 

0.95 
(0.91,1.01) 

0.91* 
(0.89,0.94) 

0.91* 
(0.89,0.94) 

0.92* 
(0.88,0.97) 


