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Abstract

This paper analyses the possible effects of the Covid-19 pandemic on the degree of
persistence of US monthly stock prices and bond yields using fractional integration
techniques. The model is estimated first over the period January 1966-December 2020
and then a recursive approach is taken to examine whether or not persistence has changed
during the following pandemic period. We find that the unit root hypothesis cannot be
rejected for stock prices while for bond yields the results differ depending on the maturity
date and the specification of the error term. In general, bond yields appear to be more
persistent, although there is evidence of mean reversion in case of 1-year yields under the
assumption of autocorrelated errors. The recursive analysis shows no impact of the
Covid-19 pandemic on the persistence of stock prices, whilst there is an increase in the
case of both 10- and 1- year bond yields but not of their spread.
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1. Introduction

The Covid-19 pandemic is a global health crisis that has had a devastating impact on
economies worldwide as a result of lockdowns and other measures adopted to contain the
spread of Coronavirus. Although previous pandemics such as the SARS (Severe Acute
Respiratory Syndrome) outbreak had also had economic consequences (see, e.g., Chen et
al., 2007, 2009) the current crisis has had unprecedented effects, being a combination of
both supply and demand shocks that have required prompt and extensive policy measures
(see Caporale and Cerrato, 2020). In addition to the real economy, financial markets have
also been hit by the great degree of uncertainty generated by this crisis (see Baker et al.,
2020). There exist already a few studies providing some preliminary evidence of their
quick response to the Covid-19 outbreak and the resulting concerns about future
economic prospects (see, e.g., Ramelli and Wagner, 2020 for the impact on various stock
markets and Al-Awadhi et al., 2020, specifically for the Chinese case).

The present paper focuses on the US case and analyses the possible effects of the
Covid-19 pandemic on the degree of persistence of both US monthly stock prices and
bond yields. The adopted framework is based on the concept of fractional integration and
is more general and flexible than the standard one which is characterised by the classical
dichotomy between stationary 1(0) and non-stationary 1(1) series since it allows the
difference parameter to take fractional as well as integer values. The model is estimated
first over the period from January 1966 to December 2019 to obtain a measure of the
degree of persistence of the series of interest prior to the Covid-19 outbreak. Then a
recursive approach is taken to examine whether or not this has changed during the
pandemic period.

The layout of the paper is as follows. Section 2 briefly reviews the relevant

literature on US financial markets. Section 3 outlines the methodology. Section 4



describes the data and presents the empirical results. Section 5 offers some concluding

remarks.

2. Literature Review

Stock prices are some of the most frequently analysed economic series (see Granger,
1992). A variety of approaches have been followed in the literature. For instance, Wang
et al. (2010) applied an interacting stochastic systems framework and built a model based
on the random continuum percolation to investigate the “herd effect” in investor
behaviour. Hedayati et al. (2016) used instead artificial neural networks (ANNSs) to
forecast the daily NASDAQ); specifically, they trained feedforward ANNSs through back-
propagation algorithms.

Atsalakis and Valavanis (2009) modelled stock prices by means of a neuro-fuzzy
system including an Adaptive Neuro Fuzzy Inference System (ANFIS) controller; they
showed that this method provides better forecasts than rival ones and represents a
challenge for the weak form of the Efficient Market Hypothesis (EMH). Schotman et al.
(2008) studied the implications of asset return predictability for long-term portfolio
choices when return-forecasting variables are fractionally integrated; they estimated
orders of integration of approximately 0.8 for key predictors, such as the dividend-price
ratio and interest rates, and thus a higher long-term risk for stocks and bonds compared
to the estimates obtained from a stationary VAR.

Most recently, a few studies have examined specifically the impact of the Covid-
19 pandemic on financial markets. For instance, 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. Stifani¢ et al. (2020) studied instead the effects of Covid-19 on
Crude Oil price and three US stock indices: DJI, S&P 500, and NASDAQ Composite;
their approach to forecasting commodity and stock prices integrates the stationary
wavelet transform (SWT) and bidirectional long short-term memory (BDLSTM)
networks.

Bond markets and yield curves (and spreads) have also been extensively
investigated because of their ability to anticipate macroeconomic trends. As pointed out
by Andersen (2018), they contain timely information to gauge investors’ expectations and
reaction functions concerning policy decisions, with the yield curve providing a measure
of market expectations about monetary policy, economic activity, and inflation.

This literature has developed considerably over the last few decades since the
well-known paper due to Campbell (1986), who put forward a simple exchange model
based on a general univariate stochastic process, stationary and invertible in levels or first
differences, and discussed its implications for asset pricing. For example, Diebold et al.
(2005) showed that a combined macro-finance modelling strategy provides a better
understanding of the term structure of interest rates and in particular of the Nelson-Siegel
and affine no-arbitrage term structure models. Diebold and Li (2006) used variants on the
Nelson-Siegel exponential components framework to model the yield curve; they showed
that the three time-varying parameters may be interpreted as factors corresponding to the
level, slope, and curvature respectively, and estimated autoregressive models for the
factors to generate short- and long-term forecasts. Demirel and Unal (2020) analysed 203
local bonds in the emerging markets of Indonesia, Brazil, India, South Africa, Mexico,
and Turkey from a portfolio risk perspective; specifically, they estimated fractional

models for risk evaluation.



Other studies focus on asset price volatility. As highlighted by Dréger et al.
(2020), the degree of long memory in stock market volatility can be interpreted as a
measure of uncertainty: high degrees of long memory imply a low degree of uncertainty.
Caporale et al. (2018) studied the degree of persistence of market fear as measured by the
VIX index from 2004 to 2016 and found that its properties vary over time: in normal
periods it exhibits anti-persistence, whereas during recession persistence increases.
Hiremath and Bandi (2010) obtained evidence of long memory in volatility in the case of
the Indian stock market using the fractionally integrated generalized autoregressive
conditional heteroscedasticity (FIGARCH) model, which is shown to capture more
accurately the persistence in volatility than the conventional ARCH-GARCH models.
The same conclusions have been also reached by Christensen and Nielsen (2007) and
Kasman and Torun (2007) for other markets. Martens et al. (2004) used instead a
nonlinear Autoregressive Fractionally Integrated Moving Average (ARFIMA) model to

analyse volatility in the S&P500 stock index.

3. Methodology

Our modelling approach is based on the concept of fractional integration and is more
general than the standard framework that only allows for integer degrees of
differentiation. Specifically, a time series Xt is said to be integrated of order d or I(d) if it

can be represented as:
(1-B)% =u, t=12., )

where B is the backshift operator, and u: exhibits short-memory, is integrated of order 0
(1(0)) and follows a white noise or weakly autocorrelated (e.g., ARMA) process. If d >0
in (1) then x; is said to be a long-memory process since the autocorrelations decay

hyperbolically, and the higher the value of d is, the slower is the rate of decay.



In our empirical analysis we also allow for a linear time trend and consider the

following general specification:

Vi = a+ Bt + X, t=1,2,.., )
where y; stands for the series of interest, X is the error term, and a and p are unknown
parameters to be estimated, respectively a constant and the coefficient on the linear time
trend. The estimation is based on the Whittle function in the frequency domain and

follows a testing procedure developed by Robinson (1994) which is most appropriate in

the case of nonstationary series such as those analysed in this paper.

4. Data and Empirical Results

We examine four seasonally unadjusted US stock market indices (NYSE, NASDAQ 100,
S&P500, and Dow Jones) as well as US 10-year and 1-year Treasury bond yields and
their spread (measured in percentage points); the series are monthly and the sample period
goes from January 1966 to January 2021, therefore the total number of observations in
each case is 661. The chosen time span includes the last 8 NBER-dated recessions
(NBER, 2021). The data source is Thomson Reuters Eikon.

Our objective is to analyse the possible impact of the Covid-19 pandemic on the
parameter d, which is a measure of persistence, for both stock prices and bond yields;
therefore, as a first step we estimate the model up to December 2019 (namely,
immediately before the start of the pandemic), and then use recursive methods to
investigate the evolution of d from January 2020 onwards (namely, during the pandemic).
Table 1 displays the estimates of d and the corresponding 95% confidence bands in the
case of stock prices for the sample period ending in December 2019; we consider three
possible specifications: i) no deterministic terms, ii) an intercept only, and iii) an intercept

and a linear time trend. We also assume that the error term, i.e., ut in (1), is a white noise



(panel i), a weakly autocorrelated process as in the non-parametric model of Bloomfield
(panel ii), and finally, given the monthly frequency of the series, a seasonal monthly
AR(1) process (panel iii). The best model is chosen on the basis of the statistical
significance of the estimated coefficients as indicated by their t-statistics. As can be seen,
the time trend is required in all cases and the I(1) hypothesis cannot be rejected in any
case — in other words, the three series are highly persistent and shocks have permanent
effects.
[Insert Table 1 about here]

Next we re-estimate the differencing parameter recursively adding one
observation (month) at a time. The results based on the autocorrelation model of
Bloomfield (1973) for the errors are displayed in Figure 1 (those based on the assumption
of a white noise process for the errors are broadly similar and are not reported to save
space). It can be seen that this parameter is relatively stable around 1 throughout the
Covid-19 period, which implies that the degree of persistence of stock prices has not been
affected by the pandemic.

[Insert Figure 1 about here]

Table 2 reports the estimation results over the period up to December 2019 for
bond yields and their spread. The same three specifications are estimated as for stock
prices. The best model for both yield series includes the intercept only, whilst no
deterministic terms are required in the case of the spread. The orders of integration are
slightly higher than for stocks; specifically, there is evidence of 1(d) with d >1 for the two
yield series under the assumptions of white noise and seasonal AR(1) errors; the 1(1)
hypothesis cannot be rejected for 10-year yields when assuming autocorrelation in the
errors as in the model of Bloomfield (1973), whilst it is rejected in favour of mean

reversion (i.e., d < 1) in the case of 1-year yields. Thus, it appears that bonds behave



differently depending on their maturity. Figure 2 displays the recursive estimates of d
(again for the case of Bloomfield errors) over the pandemic period. It can be seen that,
unlike the case of stock prices, the degree of persistence of bond yields appears to have
been affected by the Covid-19 pandemic. In particular, the estimated parameter d
increases from around 1 to values significantly above 1 in the case of 10-year bond yields;
by contrast, the estimated values of d are still significantly below 1 for 1-year bond yields
(which implies mean reversion), and the increase in this parameter occurs a few months
later. Finally, all values are significantly above 1 in the case of the spread but there is not
much evidence of an increase in d over time.

[Insert Table 2 and Figure 2 about here]

5. Conclusions

This paper analyses the possible effects of the Covid-19 pandemic on the degree of
persistence of both US monthly stock prices and bond yields using fractional integration
techniques. The model is estimated first over the period January 1966-December 2020 to
obtain a measure of the degree of persistence of the series of interest prior to the Covid-
19 outbreak. Then a recursive approach is taken to examine whether or not this has

changed during the pandemic period.

We find that the unit root hypothesis cannot be rejected for stock prices while for
bond yields the results differ depending on the maturity date and the specification of the
error term. In general, bond yields appear to be more persistent, although there is evidence
of mean reversion in case of 1-year yields under the assumption of autocorrelated errors.
Further, the recursive analysis shows no impact of the Covid-19 pandemic on the
persistence of stock prices, whilst there is an increase in the case of both 10- and 1- year

yields but not of their spread.



On the whole, our findings point to a greater degree of market efficiency in the
case of stock prices, which appear to be unpredictable since they exhibit a unit root and
thus follow a random walk - unlike bond yields, for which there is evidence of some
predictability. Volatility persistence is a further important issue to be investigated in
future work given the high degree of uncertainty generated by the Covid-19 pandemic

(see Baker et al., 2020).
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Table 1: Estimates of d: Stock indices. Sample period: January 1966-December

2019
Series No terms An intercept Alxir:]ér;tretriﬁztt?enﬁda
1)  White noise
Dow Jones 0.99 (0.93, 1.05) | 1.00 (0.95, 1.07) | 1.00 (0.95, 1.07)
NYSE 0.99 (0.94, 1.05) | 1.03 (0.97, 1.09) | 1.03 (0.97, 1.09)
Standard & Poor | 0.99 (0.94, 1.06) | 1.02 (0.96, 1.08) | 1.02 (0.96, 1.08)
i) Autocorrelation (Bloomfield)
Dow Jones 0.98 (0.87, 1.08) | 0.98 (0.91, 1.07) | 0.98 (0.91, 1.08)
NYSE 0.98 (0.89, 1.08) | 0.96 (0.88, 1.05) | 0.96 (0.87, 1.05)
Standard & Poor | 0.98 (0.90, 1.09) | 0.98 (0.91, 1.08) | 0.98 (0.91, 1.08)
iii)  Seasonal monthly AR

Dow Jones 0.99 (0.93, 1.05) | 1.00 (0.95, 1.07) | 1.00 (0.95, 1.07)
NYSE 0.99 (0.93, 1.06) | 1.03 (0.97, 1.09) | 1.03 (0.97, 1.10)
Standard & Poor | 0.99 (0.93, 1.05) | 1.02 (0.96, 1.08) | 1.02 (0.96, 1.08)

The values in parentheses are the 95% confidence intervals for the non-rejection values of d. In bold, the
selected specification on the basis of the statistical significance of the deterministic terms.
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Figure 1: Recursive estimates of d from January 2020 to February 2021. Stock

indices

i) Dow Jones

0,9—-_-\-—-\.\_/._-/-\._._._._.

,8
January 2020 February 2021

i) NYSE

1,05 -~ -_-/-/-\-_-\-—-—-—-—-\-_-_-

o.85 - -_-_-/-\-\-—-+-—-—-\-_H

0,8
January 2020 February 2021

iii) Standard & Poor

0,9—-\-—-+-\_____/-\___\-_H

0,8
January 2020 February 2021

14



Table 2: Estimates of d: Bond yields. Sample period: January 1966-December 2019

Series No terms An intercept Al\ir;ulagtretri(;ﬁgtt?:r?da
i)  White noise
TY-10 1.04 (0.99, 1.10) | 1.19 (1.13, 1.26) | 1.19 (1.13, 1.26)
TY -1 1.01 (0.96, 1.08) | 1.14 (1.06, 1.24) | 1.14 (1.06, 1.24)
Spread 1.22 (1.16, 1.29) | 1.22 (1.16, 1.29) | 1.22 (1.16, 1.29)
i) Autocorrelation (Bloomfield)
TY-10 1.01 (0.94, 1.09) | 1.02 (0.95, 1.10) | 1.02 (0.95, 1.10)
TY -1 0.98 (0.90, 1.07) | 0.87 (0.79, 0.96) | 0.86 (0.78, 0.96)
Spread 1.09 (1.02, 1.19) | 1.09 (1.02, 1.19) | 1.09 (1.02, 1.19)
iii) Seasonal monthly AR

Dow Jones 1.04 (0.98, 1.10) | 1.18 (1.12, 1.26) | 1.18 (1.12, 1.26)
NYSE 1.01 (0.96, 1.08) | 1.14 (1.06, 1.23) | 1.14 (1.06, 1.23)
Standard & Poor | 1.21 (1.16, 1.28) | 1.21 (1.16, 1.28) | 1.21 (1.16, 1.28)

The values in parentheses are the 95% confidence intervals for the non-rejection values of d. In bold, the
selected specification on the basis of the statistical significance of the deterministic terms.
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Figure 2: Recursive estimates of d from January 2020 to February 2021. Bond
yields
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