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ABSTRACT

COVID-19, a global health crisis, occurred unexpectedly and has led to global transformation over all
countries in the world today. While COVID-19 had claimed lives and led to an economic crisis, the
impacts on the financial market cannot be overemphasized. Considering the previous financial crisis,
which occurred due to poor regulations and unchecked misconduct by financial market stakeholders,
COVID-19 is the first to mention an indirect crisis that almost has no direct relationship to the
financial system. Thus, this paper explores the impacts of COVID-19 from a stochastic approach
on Local markets by applying the GARCH model to measure the level of volatility of two (2) US
stock indexes (NASDAQ and NYSE) and a Europe index (EURONEXT). Our results show that
volatility existed before COVID-19, but the volatility rate increased after COVID-19, possibly due to
the COVID-19 shock. We also explore the Markov-Switching Dynamic Regression (MSDR) model
to corroborate our findings. We validated that there is a very high persistent volatility for all the
considered local markets at the early stage COVID-19 period.

Keywords COVID-19 - GARCH - ARCH - MSDR - VOLATILITY

1 Introduction

The coronavirus disease has brought unprecedented unrest to the world financial economy. According to the report
released by China Daily, in March 2020, the US financial economy has suffered a more significant decline than during
the Black Monday crisis in October 1987. COVID-19 has brought about unexpected shocks in the financial market
and different panics regarding investment on stock market indices. During this time, the US government triggered
the market circuit breaker four times to recover from the financial crisis. Investors must understand the rate at which
stock prices alternate during and after the COVID-19 to aid their investment decision. Volatility is so fragile that it
predominantly affects the stock market unexpectedly. However, not having accurate information regarding volatility
might make investors invest in the wrong market even though it looks promising. Therefore, a proper understanding of
the volatility level will help make decisive decisions related to stocks.

For this study, we will be considering two local stock markets in the United States (NASDAQ and NYSE) and one in
Europe (EURONEXT) as a case study. This paper will focus on conducting an extensive analysis to understand the state
of the market six months before COVID-19 (June 2019 - January 2020) and compare that to the effect of COVID-19
on the selected stock markets during the lockdown period (January 2020 - July 2020) and after post lockdown period
(August 2020 through December 2020).

Also, we were able to effectively fit a Markov-Switching Dynamic Regression (MSDR) Model to various stock data in
the United States and Europe in this work. This helps us calculate the means of the two regime states, the probability of
migrating from one regime to the other, and the volatility experienced over this time using the MSDR. This technique
enables us to track changes in stock dynamics in the United States and Europe before and after the COVID-19 epidemic.
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2 Literature Review

The COVID-19 Pandemic presents a global public health crisis with no stipulated termination date. This is a result of
the evolution of the genetic composition of COVID-19 to new variants such as COVID-19 Omicron variants reported
by WHO on November 28, 2021. The Omicron variant is becoming rampant and deadly, leading to countries imposing
restrictions on affected countries. Aside from its high fatality rate, COVID-19 poses a significant challenge to the
financial markets because it is neither an economic nor financial crisis.

The economic and financial crises experienced in the past have led to innovative approaches to mitigate any potential
financial crisis before it becomes as big as the Global Financial Crisis. However, COVID-19 doesn’t directly affect the
financial market, as highlighted by [[1]]. It involves the health of millions of people, which ultimately affects the demand
and supply market conditions. The cumulative effect of the demand and supply leads to unproductivity and economic
crisis. According to [2], the US had its unemployment rate increase from 3.5% in February 2020 to 14.7% in April
2020 during the lockdown, thus creating a drop in the annual GDP expected for 2020. Also,COVID-19 led to brief
financial stresses in the US Market,which saw the S&P 500 index lose one-third of its value from February 2020 to
March 2020 and only gain back its value in August 2020. The US had a fast recovery from the potential financial crisis
perceived from the pandemic development due to the role played by the Federal Reserve and Congress. The Federal
Reserve and Congressmen explore the policy used during the Global Financial crisis to revert back to the pre-COVID
era. Thus, the role played by the US in response to the Pandemic has been of great interest to researchers.

Since the Inception of COVID-19, several authors have come up with several approaches regarding measuring the effect
[3]] or the rate at which volatility has affected local financial markets in the world. [4] applied wavelet bases quantile to
an algorithm to measure the effect to which volatility has affected the financial economy of China and the United States.
Their approach shows that the stock market demonstrates a significant leverage effect in both the United States and
China. However, they discovered that there was a high and negative impact on the United States stock market at the
early stage of the COVID-19.

Wang|[5] also applied a Generalized Autoregressive Conditional Heteroscedasticity (GARCH) approach to measure
the effect of COVID-19 on some Chinese financial markets. Based on their research, they found out that there was
a positive influence of the shock on pharmaceutical and telecommunications industries while there is a significant
negative effect on other industries such as accommodation, financial services, and catering. However, [6] discovered
that the level of volatility in the Romanian stock market during the early stage of COVID-19 is very close to the level of
volatility that happened during the global financial crises that happened in 2007-2009. In addition, a study by [7] proves
that the Indian stock market experience high volatility during the COVID period. Their major approach to achieving
this was to compare the effect of the volatility before COVID- 19 and during COVID-19. In addition, the GARCH
model has been found to be very effective when it comes to financial data, such as symmetric volatility or volatility
clustering. However, the traditional portfolio method assumes that there is a normal and Identical distribution in the
logarithm of stock prices [8] and [9].

Following the claims by the researchers above, we will be considering adopting the use of GARCH in order to confirm
some of the claims that were raised that were made by the previous researchers. However, we believe that by adopting a
Markov-Switching Autoregressive Modelling approach, we will be able to provide more insight into the reason and
extent to which the volatility has reached before and during the COVID-19 Pandemic.

3 Methodology

3.1 Dataset

The dataset used for this research are for the selected stock market in United States (NASDAQ and NYSE) and a
European Stock market (EURONEXT 100) which were pulled from yahoo finance E| pulled with yﬁnanceE| library
in pythonﬂ and we will be conducting an extensive analysis to understand the state of the market six months before
COVID-19 (June 2019 - January 2020) and compare that to the effect of COVID-19 on the selected stock markets
during the lockdown period (February 2020 - July 2020) and after post lockdown period (August 2020 till December
2020). These datasets were used for the GARCH volatility modelling. Also, we combined the dataset for the selected
stock data before COVID-19 and during COVID-19 i.e (June 2019 — December 2020).

However, for each of the stock market we are considering, we define the value for the current price for the current day
as P, we also defined the stock value for the day before the current price is P;_;. Therefore, we can define the daily

2Yahoo Finance: https:/finance.yahoo.com/
3yFinance: https://pypi.org/project/yfinance/
*Pyrhon: https://www.python.org/
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returns as:

3.2 Stationarity Test

A stationary time series data set is one whose attributes do not change over time. It is statistically defined as a series in
which statistical properties such as autocorrelation, mean, and median remain constant over time. However, in most
cases, time series are not stationary. As a result, it is critical to ensure that a time series is stationary prior to time series
modeling. The Augmented Dicky Fuller (ADF) test will be used in this study to determine the level of stationarity in
the time series. The ADF (Augmented Dicky Fuller) is defined as:

yr=c+ Bt +ay1+pAY; 1 +et 2)
Such that:
« s the coefficient of the first lag of Y.
y(t — 1) is the first lag of the time series.

AY;_ the first difference of the series at time (¢ — 1)

3.3 Normality Test

A normality test is used to determine whether the data distribution resembles a normal distribution. It is simple to carry
out a normal distribution around a normally distributed dataset. If a dataset is not normally distributed, a non-parametric
statistic is used. When normalcy is not achieved, it is prudent to plot the data’s histogram to determine whether or not
the dataset contains outliers. In this study, we will use the Jacque-Bera (JB) test statistic to test the normality of the
series we will be using for this research, which is defined as follows:

3)

Excess kurtosis® >
4

N
Jacque Bera = 5 <Skewn6582 +

Skewness measures the level of distortion of a distribution while kurtosis describe how heavily tailed the considered
distribution is compared to that of a normal distribution which can also be called the degree of peakedness.

3.4 Auto Regressive Conditional Heteroscedasticity (ARCH) Effects Test

To build a GARCH model with the series, it is prudent to consider the serial correlation within the heteroskedasticity.
This means that we are trying to measure the correlation between the volatility of the series as it is measured by
conditional variance in past innovations. As a result, the Lagrange multiplier (LM) test will be employed to measure the
ARCH effect with a null hypothesis of “There is no ARCH effect in the series”.

[z, 2) = fz) = Ag(z) )

where:

A— Lagrange multiplier
g(x)— equality constraint
f(x)— function

T— integer

Let £; denotes a time series’ error term {X;}. If the typical size of ; is characterized by stochastic piece u; and
time-dependent standard deviation o then
Et = U0t (5)

Where u; is a stochastic piece of strong white noise and the time-dependent variance can be expressed as:

ol =ag+ael | +-+ apaffp, ag >0 (6)
P

af:ai—i-ZaisZ{U a; >0,1>0 (7)
i=1
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where p is the length of ARCH lags. Considering the ARMA(pq) given as:
Xy —ar X1 — =Xy p =6 — Preg—1 — - — Bpes—p 3

If we assume equation (8) for the error variance, we get

X, = Xt’_pb + €& 9)
af =wtone; )+ +ape;_, + Brov_1 + -+ Bpoi_g (10)
Thus, equation (5) can be written for ARM A(,,q) as
P q
af =w+ Y e+ Y of (1)
i=1 j=1

Equation (11) is the GARC H 4, model.

3.5 Markov-Switching Dynamic Regression Model

Majorly in econometrics, in other to capture the regime shifts and its behavior, Markov-Switching autoregressive models
(MSDR) model are always adopted. The MSDR model is an autoregressive time series models, which date back to [10]
and [11]] work, which characterize certain elements of the economic cycle. This econometric approach was also utilized
by other academic researchers such as [12]], [13]], and to simulate various economic variables such as exchange
rates, interest rates, and stock returns.

The MSDR model as defined by [10] can be defined as the following:
Regime 0: y; = p1 + pyr—1 + &

Regime 1: y; = p2 + pyr—2 + &4

where y; is the target variable,

w1 and po are known as the intercepts,

p indicates the autoregressive coefficient,
€ indicates the error term.

To calculate the transition matrix, the probability of moving from a stage to the other i.e (Stage i — Stage j) has to be
known.

Therefore, the transition matrix is given below:

[tn t12] (12)

to1  too

where 7= >0 Mt )

4 Results

4.1 Volatility Modelling

According to the descriptive statistics in[Table T] there is a wide range between the minimum and maximum values of
the daily returns of the closing prices of the NASDAQ, NYSE, and EURONEXT over the time period considered, i.e.
before and during COVID-19. It was observed that the distribution of NASDAQ before COVID-19 and NYSE during
COVID-19 are positive and moderately skewed, EURONEXT (before and during COVID-19) are positive and highly
skewed while NASDAQ during COVID-19 and NYSE before COVID -19 are negatively skewed.

On the other hand, NASDAQ before and during COVID-19, and NYSE are found to be platykurtic while NYSE during
COVID-19 and EURONEXT before and during COVID-19 are leptokurtic.
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Table 1: Descriptive Statistics of the Stock Returns
Index Mean Median Min Max Standard

Deviation
NASDAQ
Before 8322 8180 7333 9402 464 0.74 -0.32
COVID-19
NASDAQ
During 10266 10497 6860 12899 1492 -0.32 -0.76
COVID-19
NYSE
Before 12485 12651 8777 14516 1239 -0.47 -0.2
COVID-19
NYSE
During 3507265357 3459770000 1296540000 6454270000 618465246 0.9 5.12
COVID-19
EURONEXT
Before 182082767 176954500 31050800 405613400 48066284 1.12 4.76
COVID-19
EURONEXT
During 285906623 243144800 2933232 940519200 133727583 1.9 4.84
COVID-19

Skewness  Kurtosis

shows the time plots of NASDAQ, NYSE and EURONEXT which was considered during this research work.
It was observed that there exists a very high volatility effect around February and June 2020 which is sometimes around
the beginning of COVID-19 and the high rate of volatility might have been caused by the unexpected shock in the
market due to COVID-19.
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Figure 1: Time Plots of Daily Stock Returns (Before and After COVID-19)

Additionally, it is always helpful in time series/econometric modelling to confirm the stationarity and normality state of
the indexes or data that is been considered. For this research work, we conducted an ADF and Jarque Bera Normality
test in each of the indexes that was considered in this research. ?? below shows the estimate and the significance level
of the test statistics.
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Table 2: Stationarity and Normality Test
Dickey-Fuller
Statistics

Index

NASDAQ
Before -6.4934 0.01% 42.932 0.00%*
COVID-19
NASDAQ
During 1-5.3573 0.01%* 358.71 0.00%*
COVID-19
NYSE
Before -5.0553 0.01* 483.99 0.00%
COVID-19
NYSE
During -5.7976 0.01% 111.23 0.00%*
COVID-19
EURONEXT
Before -5.4906 0.01% 99.939 0.00%*
COVID-19
EURONEXT
During 49174 0.01% 596.98 0.00%
COVID-19

Note: P-Values are in parenthesis and *, ** Statistically significant at the 5% and 1% significant level

P-Value & Jarque Bera  Statistics & P-Value

[Table 2] below shows the estimate and the significance level of the test statistics. The result of the Stationarity test shows
that the p-value of the daily returns of all the stock returns are less than 0.05 which is statistically significant. We could
therefore fail to accept the null hypothesis for the dickey fuller that states that the distribution of the returns are not
stationary. This shows that we have clear evidence to conclude that the series are stationary. Also, the result of the
Jarque Bera normality test shows that the p-value of all the stock index used are statistically significant at both 5% and
1% level of significance. This means that we fail to accept the null hypothesis and conclude that the distribution of the
returns is normally distributed.

The autocorrelation plot of a series is also very important to check when it comes to financial econometrics modelling
[15]. It helps to show how the observations of time t correlate with that of time t+k. The autocorrelation plot in [Figure 2]
show the correlation between the returns and log of returns of NASDAQ, NYSE and EURONEXT (For before and after
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Figure 2: Autocorrelation Plots

This study employs a model order of p = 1 and q = 1 because it has been shown to be the best order for accurately fitting
financial time series [I]]. As shown in[Table 3] the GARCH (1,1), examines previous volatility and current volatility
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before and after COVID-19. By considering the model output in[Table 3] below, it was observed that all the estimate of
NASDAQ, NYSE and EURONEXT before COVID-19 are all positive however, not all are statistically significant.

The ARCH effect o in the table below shows how volatility responds to new information before COVID-19. It was
observed that there is a low level of volatility effect during that period.We can also observe that the p-value of the
estimate are statistically significant except that of EURONEXT. The results for 5 measures the persistent volatility of

Table 3: GARCH(1,1) Modelling Before COVID-19
NASDAQ Before COVID-19 NYSE Before COVID-19 EURONEXT Before COVID-19

— 0.0001 0.00004 0.00001
ntercept w (0.307) (0.099)* (0.979)
0.186403 0.2809 0.00002

ARCH o (0.00)** (0.0004)* (0.9002)
0.7563 0.6476 0.9990

GARCH (0.000)** (0.00)%* (0.000)**
a+ B 0.9427 0.9285 0.99902

Note: P-Values are in parenthesis and *, ** Statistically significant at the 5% and 1% significant level

the indexes. As observed on the table above, it was shown that the coefficient of NASDAQ, NYSE and EURONEXT
before COVID-19 are highly significant. Additionally, to this the coefficient of the volatility for NASDAQ and NYSE
are 0.7563 and 0.6476 respectively which shows an indication of persistent volatility however there exist a very high
persistent volatility for EURONEXT before COVID-19.

The addition of ARCH and GARCH effect measures the overall persistent volatility. As observed in the table above,
EURONEXT has an extremely high persistent of the volatility before the beginning of COVID-19. This means that the
return of the current day has a significant impact on the unconditional variance of many future periods. Equation 12 —
14 shows the model specification of the conditional volatility of GARCH (1,1) modelling for NASDAQ, NYSE and
EURONEXT respectively before COVID-19.

o7 = 0.0001 + 0.1864¢7_; + 0.756307_; (13)
P q
o7 =0.00004 + ) 0.2809¢7_, + Y 0.647607 (14)
i=1 j=1
p q
of =0.00001 + » 0.00002¢7 ; + > 0.999007 ; (15)
i=1 j=1

Table 4: GARCH(1,1) Modelling During COVID-19
NASDAQ During NYSE During EURONEXT During

COVID-19 COVID-19 COVID-19
R 0.000032 0.00001 0.00001

ntercept w (0.006)** (0.400) (0.0036)%*
0.2666 0.2694 0.2078

ARCH o (0.001)%* (0.0035)* (0.0025)*
0.6977 0.7206 0.7556

GARCH 8 (0.000)** (0.000)** (0.000)**
a+ B 0.9643 0.99 0.9634

Note: P-Values are in parenthesis and *, ** Statistically significant at the 5% and 1% significant level

For the volatility measurement during COVID-19, the ARCH effect in [Table 4]shows how volatility responds to new
information during COVID-19. By comparing the output of the ARCH effect during COVID-19 with the one before
COVID-19, we will observe that there exist of higher volatility responds for NASDAQ, NYSE and EURONEXT. The
cause of the response might be as a result of the information of COVID-19 that started in the early months of 2020.
In addition to this, it was also observed that all the coefficients are statistically significant for NASDAQ, NYSE and
EURONEXT before COVID-19.
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The output of the GARCH effect shows the measurement of the persistence of the volatility. Based on comparison, only
NYSE has a higher persistence of volatility while NASDAQ and EURONEXT GARCH coefficient has dropped.

The overall level of persistence which is measures by the addition of ARCH and GARCH effect for NASDAQ and
NYSE increased which might be due to the cause of COVID-19 while the reason of the drop in the GARCH effect for
EURONEXT might be due to other factors.

Equation 15 — 17 shows the model specification of the conditional volatility of GARCH (1,1) modelling for NASDAQ,
NYSE and EURONEXT respectively during COVID-19.

o7 = 0.000032 + 0.2666¢;_; + 0.697707_; (16)
P q
o7 =0.00001 + » 0.2694¢7_, + Y 0.720607_; (17)
i=1 j=1
p q
o? =0.00001 + Z 0.2078¢%_, + Z 0.755607 (18)
i=1 j=1

4.2 Model Diagnostics

The result from [Figure 3|shows that the fitted residuals for NASDQ before and during COVID-19 are not normally
distributed. The fitted density of NASDQ before COVID-19 deviate a bit from a normal distribution while that of
NASDQ during COVID-19 is rightly skewed and too peaked in the middle.

NASDQ Before and During COVID-19
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Figure 3: Model Diagnosis of GARCH (1,1) for NASDQ, NYSE and EURONEXT, Before and During COVID-19

The diagnostic result of NYSE of shows that the density of the standardized residual is close to normally distributed but
too peaked in the middle. Also, the QQ-plots shows a thin tail both for before and during COVID-19.

The diagnostic result of the shows that the distribution for the standardized residual for EURONEXT before COVID-19
is right skewed while the QQ-plot has a thin tail. And on the other side, standardized residual for EURONEXT during
COVID-19 it was observed that the distribution follows a normal distribution even though it was too peaked in the
middle while the QQ-plot also shows a thin tail.
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4.3 Markov-Switching Dynamic Regression

In this section of the research employ the Markov-Switching Dynamic Regression (MSDR) with a two-state regime to

determine the regime states for the NASDQ, NYSE, and EURONEXT from June 2019 to December 2020.
shows the calculated parameters for the two states of regimes.

The computed coefficients of the regime switching models are shown in[Table 5| below. It was discovered that j¢; and o
are estimated coefficients with constant probability, where regime 0 and regime 1 represent (calm/low and risky/high)
regimes. According to these findings, the predicted coefficients of the regime switching models are larger in Regime 0
than in Regime 1. This means that the probability to stay in regime O is higher than the probability of staying in regime
1, suggesting that regime 0 is more persistent than regime 1. In other words, regime 0 which is low/calm is more stable

and markets spend more time in this regime than in regime 1 which is high/risky for NASDQ, NYSE and EURONEXT
indexes.

Table 5: MSDR Model Summary
Index NASDAQ NYS EURONEXT

0.0026 _ 0.0014 0.0010
F1 0,00y (0.002) (0.051)
20.0025  -0.0012 -0.0016
H2 0.525)  (0.660) (0.569)
0.0013 0.0009 0.0008
1 (0.00)%*  (0.000) (0.00)
0.0619 0.029 0.044
92 (0.00)%*  (0.000)*  (0.00)%*
ti 09777 09735 0.9824
ta 0.0840  0.0650 0.0538

Note: P-Values are in parenthesis and *, ** Statistically significant at the
5% and 1% significant level

Furthermore, we define the mechanism that explains how to transition from regime O to regime 1. This is possible
because to the Markov transition matrix, which holds the odds of switching from one regime to another([16].

Table 6: Transition probabilities of switching between Low and High Regimes

NASDAQ NYSE EURONEXT

Reg. 0t Reg. I,t Reg. 0t Reg. 1.t Reg. 0.t Reg. 1,t
Reg. 0 0.9777 0.0840  0.9735 0.0650  0.9824 0.0538
Reg. 1 0.0223 0.916 0.0265 0.935 0.0176 0.9462

t.
Note that Ef;}l — =1
J

The result in[Table €] shows that for NASDQ the probability to move from regime 1 to regime 0 is 8.4% however there
is a low probability of migrating 2.22%. For NYSE the probability of migrating from regime 1 to regime 0 is 6.5%
which is higher than the probability of moving. Also, for EURONEXT the probability to move from regime 1 to regime
01is 5.4% however there is a low probability of migrating 1.7%.

In addition, to aid decision making of the various regimes, the Smoothed Regime Probabilities are presented in [Figure 4
below for NASDQ, NYSE and EURONEXT.
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Figure 4: Smoothed Regime Probabilities

Furthermore [Figure 5|shows the chart that separate high volume and low volume market regimes for NASDQ, NYSE
and EURONEXT.
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Figure 5: Classification of Low and High Market Regimes

Finally, it was observed based on the output of that the most critical stage of volatility for NASDQ, NYSE
and EURONEXT were around March 2020, which was around the same time Europe and the United States imposed
COVID-19 lockdown.
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5 Conclusion

This project work focuses empirical analysis, of measuring the extent of volatility of the United States (NASDAQ and
NYSE) and European stock market (EURONEXT). These datasets were collected for the period before COVOD-19
(2019-06-01 to 2020-01-31) and during COVID-19(2020-02-01 to 2020-12-30).

A preliminary analysis was carried out on the data in other to understand the nature of the data used. The dataset was
tested for normality and stationarity and all assumptions were met before modelling. The result of the GARCH (1,1)
model of NASDAQ and NYSE before COVID-19 shows that there exists a low volatility effect however EUONEXT
was shown to have a very high persistent volatility before COVID-19. By comparing the result of NASDAQ and NYSE
before COVID-19 with that of GARCH(1,1) after COVID-19, it was observed that the overall persistent volatility
is very high which might be due to the cause of COVID-19 while the reason of the drop in the GARCH effect for
EURONEXT might be due to other factors. The results for GARCH (1,1) (both before and after COVID) implied
that volatility shocks had a high persistence for NASDAQ, NYSE, and EUONEXT returns, and that the magnitude of
volatility spillover is positively related and highly significant. This implies that volatility existed prior to COVID-19, but
the rate of volatility increased after COVID-19, possibly as a result of the COVID-19 shock. The result of MSDR shows
that the probability to stay in regime 0 (calm/low) is higher than the probability of staying in regime 1 (risky/high) for
NASDAQ, NYSE and EURONEXT. However, in other to create more evidence around the high persistent volatility
during COVID-19, MSDR model was able to confirm in figure 4.5 that there exist an higher volatility which is due
to unexpected shock of COVID-19. Finally with the use of the transition probabilities understand the possibilities of
moving from regime 0 (calm/low) to regime 1(risky/high) and vice versa.

11


https://doi.org/10.20944/preprints202203.0281.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 21 March 2022 d0i:10.20944/preprints202203.0281.v1

References

[1] Ruey S Tsay. Analysis of financial time series. John wiley & sons, 2005.

[2] Itay Goldstein, Ralph SJ Koijen, and Holger M Mueller. Covid-19 and its impact on financial markets and the real
economy. The Review of Financial Studies, 34(11):5135-5148, 2021.

[3] Larisa Yarovaya, Nawazish Mirza, Jamila Abaidi, and Amir Hasnaoui. Human capital efficiency and equity funds’
performance during the covid-19 pandemic. International Review of Economics & Finance, 71:584-591, 2021.

[4] Xue Gao, Yixin Ren, and Muhammad Umar. To what extent does covid-19 drive stock market volatility? a
comparison between the us and china. Economic Research-Ekonomska IstraZivanja, pages 1-21, 2021.

[5] Zhan Wang, Zhongwen Zhang, Qiong Zhang, Jieying Gao, and Weinan Lin. Covid-19 and financial market
response in china: Micro evidence and possible mechanisms. Plos one, 16(9):¢0256879, 2021.

[6] Stefan Cristian Gherghina, Daniel Stefan Armeanu, and Camelia Cétélina Joldes. Covid-19 pandemic and
romanian stock market volatility: A garch approach. Journal of Risk and Financial Management, 14(8):341, 2021.

[7] Debakshi Bora and Daisy Basistha. The outbreak of covid-19 pandemic and its impact on stock market volatility:
Evidence from a worst-affected economy. Journal of Public Affairs, 21(4):€2623, 2021.

[8] Peter Verhoeven and Michael McAleer. Fat tails and asymmetry in financial volatility models. Mathematics and
Computers in Simulation, 64(3-4):351-361, 2004.

[9] Dan di Bartolomeo. Fat, tall and puppy dog tails. Professional Investor, 17(7):38, 2007.

[10] James D Hamilton. A new approach to the economic analysis of nonstationary time series and the business cycle.
Econometrica: Journal of the econometric society, pages 357-384, 1989.

[11] James D Hamilton. Analysis of time series subject to changes in regime. Journal of econometrics, 45(1-2):39-70,
1990.

[12] Mohammadreza Mahmoudi and Hana Ghaneei. Detection of structural regimes and analyzing the impact of crude
oil market on canadian stock market: Markov regime-switching approach. Studies in Economics and Finance,
2022.

[13] Yen-Hsien Lee and Jer-Shiou Chiou. Oil sensitivity and its asymmetric impact on the stock market. Energy,
36(1):168-174, 2011.

[14] Kam Fong Chan, Sirimon Treepongkaruna, Robert Brooks, and Stephen Gray. Asset market linkages: Evidence
from financial, commodity and real estate assets. Journal of Banking & Finance, 35(6):1415-1426, 2011.

[15] Marcelo Scherer Perlin, Mauro Mastella, Daniel Francisco Vancin, and Henrique Pinto Ramos. A garch tutorial
with r. RAC-Revista de Administracdo Contemporanea, 25(1), 2021.

[16] Ronald Huisman and Ronald Mahieu. Regime jumps in electricity prices. Energy economics, 25(5):425-434,
2003.

12


https://doi.org/10.20944/preprints202203.0281.v1

	Introduction
	Literature Review
	Methodology
	Dataset
	Stationarity Test
	Normality Test
	Auto Regressive Conditional Heteroscedasticity (ARCH) Effects Test
	Markov-Switching Dynamic Regression Model

	Results
	Volatility Modelling
	Model Diagnostics
	Markov-Switching Dynamic Regression

	Conclusion

