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FINANCIAL ECONOMICS | RESEARCH ARTICLE

The effects of us covid-19 policy responses on 
cryptocurrencies, fintech and artificial 
intelligence stocks: A fractional integration 
analysis
Emmanuel Joel Aikins Abakah1, Guglielmo Maria Caporale2* and Luis Alberiko Gil-Alana3

Abstract:  This paper assesses the impact of US policy responses to the Covid-19 
pandemic on various technology-related assets such as cryptocurrencies, financial 
technology, and artificial intelligence stocks using fractional integration techniques. 
More precisely, it analyzes the behavior of the percentage returns in the case of nine 
major coins (Bitcoin—BITC, Stella—STEL, Litecoin—LITE, Ethereum—ETHE, XRP 
(Ripple), Dash, Monero—MONE, NEM, Tether—TETH) and two technology-related 
stock market indices (the KBW NASDAQ Technology Index—KFTX, and the NASDAQ 
Artificial Intelligence index—AI) over the period 1 January 2020–5 March 2021. The 
results suggest that fiscal measures such as debt relief and fiscal policy 
announcements had positive effects on the series examined during the pandemic, 
when an increased mortality rate tended instead to drive them down; by contrast, 
monetary measures and announcements appear to have had very little impact and 
the Covid-19 containment measures none at all.

Subjects: Economics; Finance; Investment & Securities 

Keywords: covid-19 pandemic; cryptocurrencies; Fintech; artificial intelligence; Covid-19 
policies; fractional integration

JEL Classifications: C22; C32; G15

1. Introduction
Following its initial outbreak in Wuhan, China, in December 2019, Covid-19 was declared a global 
pandemic by the World Health Organization in March 2020 (Salisu et al., 2020) and had 
a significant impact on both the real economy and international financial markets. Baker et al. 
(2020) concluded that it affected stock markets more than any other infectious disease, including 
the Spanish Flu. Al-Awadhi et al. (2020) found that both the daily growth in reported cases and the 
increasing number of deaths caused by Covid-19 resulted in a sharp fall in Chinese stock returns. 
Baffes and Nagle (2020) found that the pandemic caused the largest slump in crude oil prices since 
the Gulf War. Other studies reporting a negative impact of the Covid-19 pandemic on crude oil and 
conventional asset prices include Sharif et al. (2020), Salisu et al. (2020), Topcu and Gulal (2020), 
Ashraf (2020), Zhang et al. (2020), Salisu et al. (2021), Okorie and Lin (2021), Mazur et al. (2021), 
Tiwari et al. (2021), and Le et al. (2021), among others.

Governments around the world adopted restrictive measures (such as lockdowns and travel 
restrictions) aimed at containing the rapid spread of the virus; these negative effects on the 
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economy and stock markets (see, e.g., Ben Ayed, 2022), and therefore had to be accompanied by 
supportive measures. For example, in the case of US, the introduction of relief schemes such as the 
Coronavirus Aid, Relief, and Economic Security (CARES) Act was followed by an increase in US 
aggregate stock indices, namely the NASDAQ, S&P 500 and DJI, by 7.33%, 7.3%, and 7.73%, 
respectively. Caporale et al. (2022) and Abakah et al. (2021) provided evidence of the positive 
impact of US government Covid-19 policy responses on US sectoral and aggregate indices, respec
tively. Mazey and Richardson (2020) documented a similar impact in the case of New Zealand, and 
Huynh et al. (2021) in the case of Australia. Finally, Salisu et al. (2020) analysed the global impact 
of the higher degree of uncertainty generated by the pandemic.

Given their recent exponential growth (Gil-Alana et al., 2020; Abakah et al., 2021; G.M. Caporale 
et al., 2022; Corbet et al., 2020 etc.) it is of particular interest to examine the effects of the 
pandemic on technology-related assets such as cryptocurrencies, Fintech and Artificial 
Intelligence stocks. It is noteworthy that the former are decentralized and not controlled by 
government or central banks, which makes somewhat disconnected from the real economy 
(Caferra & Vidal-Tomás, 2021).

Unlike previous studies (see the literature review below for details), the present one focuses on 
the effects of US policy responses on the cryptocurrency markets, since the US is the main country 
in terms of trading volumes on online exchanges (see, Figure 1 for Bitcoin). The analysis is also 
carried out for other technology-related assets, namely Fintech and Artificial Intelligence (AI) 
stocks, that have become increasingly popular (Kommel et al., 2019; Lee & Shin, 2018). In 
particular, FinTech is expanding rapidly and is expected to reach a market value of approximately 
$324 billion by 2026, at the compound annual rate of about 23.41% over the period 2021–2026.1 

Two of the seven categories included in Fintech are blockchain and cybersecurity, which directly 
link it to cryptocurrencies and motivate its inclusion in our analysis together with those.

Specifically, fractional integration techniques are used to analyse the effects of US policy 
responses to the pandemic on nine major cryptocurrencies (Bitcoin—BITC, Stella—STEL, Litecoin 
—LITE, Ethereum—ETHE, XRP (Ripple), Dash, Monero—MONE, NEM, Tether—TETH), and also on the 
KBW NASDAQ Technology Index (KFTX) for the Fintech market and the NASDAQ CTA Artificial 
Intelligence and Robotics Index (AI) for companies engaged in the artificial intelligence and 

Figure 1. Bitcoin trading volume 
on online exchanges in various 
countries worldwide in 2020 
(in million U.S. dollars). Source: 
Statista.2
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robotics segment of the technology, industrial, medical, and other economic sectors. In particular, 
the contribution of this paper to the literature is twofold. First, it provides evidence on both the 
direct impact of the pandemic and the effects of US policy responses on those markets, such 
a comprehensive analysis not having been carried out before. Second, it uses a very general and 
flexible approach allowing for fractional values of the integration/cointegration parameter d and 
thus for a much wider range of possible stochastic behaviours of the series under examination. The 
layout of the paper is as follows: Section 2 reviews the relevant literature; Section 3 describes the 
data; Section 4 outlines the econometric framework; Section 5 presents the main empirical find
ings; Section 6 offers some concluding remarks.

2. Literature review
There exist several studies on the impact of the COVID-19 pandemic on various types of financial 
assets. For instance, Corbet et al. (2020) analysed the dynamic linkages between the Chinese stock 
market and cryptocurrencies and reported that the latter do not act as hedges or safe havens but 
instead amplify contagion. González et al. (2021) showed that the connectedness between price 
returns of cryptocurrencies and gold increased significantly during economic turmoil such as 
during the outbreak of COVID-19. In a similar study, Conlon et al. (2020) examined the safe 
haven properties of Ethereum, Bitcoin, and Tether from the standpoint of international equity 
index market participants and found that Ethereum and Bitcoin are not a safe haven for most of 
the global equity markets examined. Shehzad et al. (2021) showed that gold yielded higher returns 
than Bitcoin for investors on the London stock exchange in February and March 2020. Khelifa et al. 
(2021) found different results depending on the estimation techniques used and the geographical 
areas considered.

Yousaf and Ali found that, in response to the higher volatility of cryptocurrencies during the 
Covid-19 pandemic, governments and investors tried to reduce risk by revising their policies and 
portfolio strategies, respectively. Sarkodie et al. (2021) used the robust Romano-Wolf multiple 
hypothesis testing approach and found that Litecoin prices surged by 3.20–3.84%, Bitcoin by 2.71– 
3.27%, Ethereum by 1.43–1.75%, and Bitcoin Cash by 1.34–1.62% during the pandemic. Usman 
and n.d.uka (2022) obtained evidence of long memory applying using fractional integration 
techniques to various cryptocurrencies before and during the Covid-19 pandemic. Mnif & Jarboui,  
2021) carried out multifractal analysis and concluded that Bitcoin was the most efficient crypto
currency before the pandemic but subsequently became less efficient than Ethereum. Lahmiri and 
Bekiros (2020) provided further evidence of higher volatility of cryptocurrencies during the pan
demic using approximate entropy and largest Lyapunov exponents approaches.

The initial impact of the pandemic was clearly very severe. On 8 March 2020 (by which time 
several European countries had already introduced lockdown measures) a massive sale of crypto
currencies led to the loss of about $21 billion in the total market capitalisation value within 
24 hours; this was followed by Black Monday in the stock market on 9 March 2020. Shortly after, 
on 11 March 2020, the World Health Organisation declared Covid-19 a global pandemic, and two 
days later, on 13 March 2020, the cryptocurrency markets lost more than half of their total 
capitalisation value. However, they had fully recovered by the end of May 2020, and subsequently 
exceeded the $300 billion dollar threshold at the end of July, the $500 billion one at the end of 
November, and finally recorded a peak market value of over $760 billion on 31 December 2020. 
Various papers have investigated the effects of the Covid-19 pandemic (and in some cases of 
policy responses) on the cryptocurrency and technology markets; these include Le et al. (2021); 
Tiwari et al. (2021); Corbet et al. (2020); Mnif & Jarboui, 2021); Rubbaniy et al. (2021); Umar et al. 
(2021); Iqbal et al. (2021); Nasreen et al. (2021). Their evidence generally suggests a severe, 
though not long-lasting impact of the health crisis on those markets.

Note that none of the studies discussed above examine both the impact of the health crisis 
caused by COVID-19 and the effects of policy responses on cryptocurrencies, technology, and AI 
stocks within the same framework, and none adopt an econometric approach that allows for 
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a wide range of stochastic processes. As already mentioned, the present study improves on the 
previous literature on this topic in both respects, since it takes into account both the epidemiolo
gical situation caused by COVID-19 and the various policy measures taken by the US government, 
and also adopts a general modelling framework including various types of stochastic behaviour.

3. Data description
To analyse the cryptocurrency markets, the most representative coins are selected, namely those that 
have been in existence for more than 3 years with a market capitalization above the average for the 
market as a whole as of 5 March 2021. Specifically, daily prices are collected for nine major coins (Bitcoin 
—BITC, Stella—STEL, Litecoin—LITE, Ethereum—ETHE, XRP (Ripple), Dash, Monero—MONE, NEM and 
Tether—TETH) from https://coinmarketcap.com. Two more series are used for the analysis, namely the 
KBW NASDAQ Technology Index (KFTX) constructed to track the performance of listed financial technol
ogy (Fintech) firms in the US following Le et al. (2021), and the NASDAQ Artificial Intelligence Robotics (AI) 
index constructed to track the performance of AI firms following Tiwari et al. (2021). The sample period 
goes from 1 January 2020 to 5 March 2021. Figure 2 displays time series plots of the series examined. It 
can be seen that in all cases there were sharp falls at the peak of the pandemic followed by a recovery.

The Covid-19 policy response measures have been taken from the Oxford Coronavirus Government 
Response Tracker (https://ourworldindata.org/policy-responses-covid.com). The Containment and 
Health Index is a composite measure based on: workplace closures, school closures, public events 
cancellations, public gatherings restrictions, public transport closures, stay-at-home restrictions, 
public campaigns restrictions, internal movement restrictions, restrictions on international travels, 
testing policy, magnitude of contact tracing, covering of face and vaccine policy. The index on any 
given day is calculated as the mean score of the 13 metrics, each 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 about 
the extent to which the US government has covered salaries or provided universal basic income, 
direct cash payments, or similar, to people who lost their jobs or could not work; debt or contract 
relief, which indicates whether the US government froze loan repayments and other types of utility 
payments, banned evictions etc. during the pandemic. Finally, the effective Federal Funds rate is 
included to account for monetary policy responses

We also construct shift dummies corresponding to key dates when the US government made 
monetary policy and fiscal policy announcements. In the case of the former, the chosen date is 
15 March 2020, when the Federal Funds rate was lowered by 150bp to 0–0.25bp. As for fiscal 
announcements, the following dates were selected: 28 December 2019, when President Trump signed 
a US $ 868bn (about 4.1% of GDP) coronavirus relief and government funding bill as part of the 
Consolidated Appropriations Act of 2021; 8 August 2020, when he issued executive orders, mostly to 
address the expiration of certain Coronavirus reliefs provided by previous legislation; 11 March 2021, 
when the House of Representatives approved the American Rescue Plan, which provides another 
round of coronavirus relief with an estimated cost of $1,844bn (about 8.8% of 2020 GDP).

Finally, following Ozkan et al. (2021), the direct impact of the pandemic is taken into account by 
using two alternative measures of the Covid-19 mortality rate (DR), namely (i) the ratio of the 
number of confirmed Covid-19 deaths to the total number of confirmed cases, which is widely 
referred to as the case-fatality rate (DR1), and (ii) the crude fatality rate (DR2), defined as the 
number of deaths per 100,000 of the population.

4. Methodology
We consider the following regression model: 

yðtÞ ¼ βT zðtÞ þ xðtÞ; ð1 � LÞdxðtÞ ¼ uðtÞ: (1) 
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where y(t) denotes the percentage returns of each of the market indices considered (namely 
Bitcoin—BITC, Stella—STEL, Litecoin—LITE, Ethereum—ETHE, Ripple—XPR, Dash—DASH, Monero 
—MONE, NEM, Tether—TETH, KFTX, and AI) which are calculated as the first differences of the 
logged series, β is a vector of unknown parameters to be estimated including a constant; z(t) = (1, 
CHI (t), ISP(t), DRP(t), EFFR(t), MMFPM(t), FP(t), DR(t))T is a vector including the regressors, where CHI 
stands for the Containment Health Index, ISP for Income Support Policy, DRP for Debt-Relief Policy, 
EFFR for the Effective Federal Funds Rate, MMFPM and FP are two dummies corresponding to policy 
announcements concerning (i) Monetary and Macro-Financial Policy Measures and (ii) Fiscal Policy, 
and DR for the Mortality Rate per 100,000 people. x(t) is assumed to be an I(d) process with the 

Figure 2. Price indices of cryp
tocurrencies, FinTech and AI.
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differencing parameter d to be estimated from the data; finally u(t) is an I(0) process, which is 
assumed in turn to be a white noise and a weakly autocorrelated process. Note that the second 
equation in (1) implies that x(t) is integrated of order d (where L is the lag operator, i.e., Lkx(t) = x 
(t-k)), and thus if d > 0 the series displays long memory, with higher values of d indicating higher 
dependence between the observations, even if they are far apart in time. We use this methodology 
because of its generality and flexibility compared with other more classical approaches such as 
unit root tests (e.g., Dickey and Fuller (1979); Elliott et al. (1996); Ng and Perron (2001); etc) that 
simply consider integer degrees of differentiation. By allowing d to be any real value we can also 
consider nonstationary process with mean reverting behaviour, which occur if the differencing 
parameters is in the interval [0.5, 1).

The estimation is carried out for the d-differenced regression following a parametric approach 
developed in L. A. Gil-Alana & Robinson, 1997); his procedure tests the null hypothesis: 

Ho : d ¼ do; (2) 

in (1) for any real value do. Thus, under the null hypothesis Ho (2), the two equalities in equation (1) 
can be expressed as 

~yðtÞ ¼ βT ~zðtÞ þ uðtÞ (3) 

where ~yðtÞ ¼ ð1 � LÞdo yðtÞ and ~zðtÞ ¼ ð1 � LÞdo zðtÞ; and noting that u(t) is I(0) by construc
tion, the estimation of β can be carried out using OLS (GLS). Using this approach one obtains the 
range of values of do for which the null hypothesis cannot be rejected at a given significant level, 
where the value that produces the lowest statistic in absolute value coincides with Whittle 
estimate of d (this method being based on that function). The testing procedure has a standard 
N(0,1) limiting distribution, which holds independently of the inclusion of exogenous regressors or 
deterministic terms, and also independently of the inclusion or not of autocorrelated disturbances. 
In addition, it is the most efficient method in the Pitman sense against local departures from the 
null (see, e.g., L. A. Gil-Alana and Robinson (1997) for a full description of this procedure).

5. Empirical results
First we report the results under the assumption of white noise errors using in turn each of the two 
measures of the mortality rate (see, Tables 1 and 2), and then the corresponding estimates when 
allowing for weakly autocorrelated process as in the non-parametric model of Bloomfield (1973); 
see, Tables 3 and 4).

Table 1 displays the results when assuming white noise errors and using DR1. It can be seen that 
the constant is significant in the majority of cases, whilst DRP is significant and positive for eight 
out of the eleven series examined, EFFR is positive in the case of TETH and negative for KFTX and 
AI, and insignificant in all other cases. MMFPM is significant and positive for three cryptocurrencies 
(BITC, ETHE, TETH) and the Fintech index (KFTX), and FP for eight cryptocurrencies as well as the AI 
index. Finally, DR1 is also significant and negative in nine cases, whilst CHI (the Covid-19 contain
ment measures) and ISP are not significant. Note also that the null of d = 0 cannot be rejected in 
the majority of cases and evidence of anti-persistence (d < 0) is obtained only for KFTX.

Table 2 presents the estimates for the corresponding model including DR2 instead of DR1. It can 
be seen that the estimates of d are now smaller than in the previous case. Short memory is 
detected in most series and anti-persistence in the case of TETH and KFTX. The most significant 
regressors are the constant, DRP and FP (the latter two having a positive effect) and DR2 (with 
a negative effect). EFFR is significant only for TETH (with a positive impact) and for KFTX and AI 
(with a negative effect). Again, CHI and ISP play no role. Note that the estimates of d in Table and 1 
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imply short memory or I(0) behaviour since the confidence intervals include 0 and thus this 
hypothesis is not rejected in any case.

Table 3 includes the estimated coefficients when using DR1 as the mortality rate and allowing 
for autocorrelated (Bloomfield) errors. The results are consistent with previous ones. DRP is 
significant and positive in a number of cases (BITC, STEL, LITE, ETHE, MONE, NEM). There is also 
is a significant and positive impact of MMFPM on NEM and TETH and of FP on most series. Finally, 
significant and negative coefficients on EFFR are estimated for TETH and KFTX, and the coefficient 
on DR1 is also generally negative when significant whilst those on CHI and ISP are insignificant.

Finally, Table 4 reports the results for the model including DR2 and under the assumption of 
autocorrelated disturbances. TETH is the only series showing anti-persistence. In all the other 
cases, the null of d = 0 (short memory) cannot be rejected. The constant is significant in many 
cases. Significant and positive coefficients on DRP, FP, EFFR and TETH are estimated for most series, 
whilst the coefficient on DR2 is significant but negative and those on CHI, ISP and MMFPM are now 
insignificant. Note that, as before, Tables 3 and 4 provide evidence of I(0) behaviour, with the 
exception of KFTX and AI, with d being significantly positive and implying the presence of long 
memory and long-lasting effects of shocks.

On the whole, these findings suggest that fiscal measures such as debt relief and fiscal policy 
announcements had a positive impact on the markets examined during the pandemic, when an 
increased mortality rate tended instead to drive them down; by contrast, there is little evidence of 
an impact of monetary measures and announcements, and the Covid-19 containment measures 
appear not to have had any impact. These are particularly interesting results compared to those 
obtained by previous studies such as Le et al. (2021); Tiwari et al. (2021); Corbet et al. (2020); Mnif 
& Jarboui, 2021); Rubbaniy et al. (2021); Umar et al. (2021); Iqbal et al. (2021); Nasreen et al. 
(2021); specifically, none of those studies had provided evidence of the significant, positive impact 
of both fiscal measures and announcements on those markets.

6. Conclusions
This paper examines the impact of US policy measures on various cryptocurrencies as well as two 
technology-related stock market indices during the Covid-19 pandemic. This is an interesting issue 
to address given the fact that the US is the main country in terms of trading volumes on online 
exchanges for cryptocurrencies and also for technology stocks. Specifically, the analysis is con
ducted for the percentage returns in the case of nine major cryptocurrencies (Bitcoin—BITC, Stella 
—STEL, Litecoin—LITE, Ethereum—ETHE, XRP (Ripple), Dash, Monero—MONE, NEM, Tether—TETH) 
and two technology-related market indices (the KBW NASDAQ Technology Index—KFTX, and the 
NASDAQ Artificial Intelligence index—AI) over the period from 1 January 2020 to 5 March 2021. 
The adopted framework allows for both the direct impact of the pandemic (through a higher 
mortality rate) and the effects of US policy actions and announcements on the markets being 
investigated. Moreover, a very general and flexible approach allowing for fractional values of the 
integration parameter d is used; this includes a wide range of stochastic behaviours of the series of 
interest. As a robustness check, two measures of the mortality rate are considered in turn and also 
two alternative assumptions are made about the disturbances, which are modelled as a white 
noise and an autocorrelated process (as in Bloomfield, 1973) respectively. The results provide clear 
evidence that, despite the direct negative impact of the pandemic, US fiscal measures and 
announcements had a positive effect on the markets examined, whilst monetary actions and 
announcements appear to have had a very limited impact and the Covid-19 containment mea
sures none at all. However, there are also some interesting differences between sectors. In 
particular, changes in the effective rate mainly affect technology and AI stocks which are more 
related to other developments in financial markets, whilst most cryptocurrencies, being virtual 
currencies, appear not to be equally connected and thus are not responsive. Interestingly, fiscal 
announcements, with their expected impact on the real economy, affect most types of stocks 
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since they have a direct influence on investors’ expectations and thus on their trading strategies. 
This represents useful information to be used by policymakers in the event of future pandemics.

Future research could investigate additional issues such as the possible presence of nonlinea
rities (for instance, using a model with Chebyshev polynomials as in Cuestas and Gil-Alana (2016), 
or alternative methods like those based on Fourier functions (Caporale et al., 2022; L.A Gil-Alana & 
Yaya, 2021) or neural networks (Yaya et al., 2021), endogenous structural breaks (applying the 
tests developed by Bai and Perron (2003) and, in the specific context of fractional integration, by 
Gil-Alana (2008) and Hassler and Meller (2014) and gradually evolving parameters (by carrying out 
recursive and/or rolling estimation).
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