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This paper deals with the analysis of the dynamic linkage, co-movement between COVID-19 out-
break situations and German stock market. Firstly, Markov Regime Switching Analysis(MRSA)
is proposed and employed to investigate the situations in the pandemic, as to catch the dynamics
of how the daily number of the newly-infected changes, and also to assess the impact of the
pandemic situations on German Market. Secondly, we compute the log growth rates of the
weekly new cases and the log-returns of weekly DAX index, then fit the GARCH models to both
of them to acquire their volatilities. We then employ the MRSA model once more to expose the
dynamic linkages and co-movement between these two volatilities series. Through our empirical
analyses, we find that GARCH models can capture the dynamics of stock returns and the growth
rates. On the other hand, the MRSA models work well to identify the dynamics between different
regimes with different states in dealing with the volatilities obtained from the estimated GARCH
models. Our proposed econometric methods are highly practical, it indicates the possibility of
replicating the results obtained in this study to assess the impact of other epidemics and negative
factors on economic activities. Knowing what may happen during a pandemic, more effective
measures and actions can be taken to protect people while dealing with another pandemic in
the future.

1 Introduction
This paper is an extension of work originally presented in CICS2021
[1]. After the presentation at the conference CICS2021, we have
done more researches on this issue and more interesting empirical
results are obtained and updated in this extension version.

In the past decades, many approaches have been developed to
tackle a time-varying time series. The main idea is how to separate
the whole data set(interval) into several subsets(subintervals) with
different statistical characteristics.

One of the methodologies is to detect change point or struc-
tural change in data [2]–[9]. One is to track the time-varying series
using a Particle Filter [10], [11]. But, in this study, we propose
to apply the Markov Regime Switching Analysis (MRSA) models
to the time-varying data. The reason is that a time-varying series
canbe efficiently and appropriately split into several subintervals
with different statistical characteristics(or different state-specific
regimes) by using the MRSA models. Namely, the dynamics of
these subintervals can be well captured by MRSA [12]–[21].

And in many cases the regime changes are corresponding to the

change points. Regimes indicate the situations of the infected cases,
or the specific-state subintervals(market states).

Another methodology we employ in this study is
GARCH(Generalised Autoregressive heteroscedasticity) model
[22], [23]. Since GARCH model can help us get different and
consecutive subintervals based on the conditional heteroscedasticity
and has been utilized ranging from finance to psychology [24]–[27].
We fit the stock returns of DAX Index and the growth rates of
COVID-19 to GARCH models to get their volatilities. And then
apply MRSA to the volatilities, to investigate and assess the impact
of the pandemic on the German stock market [1], [12]–[21].

Focusing upon the changes of DAX Index is that Germany is
the industry leader country in the Europe Union(EU), it is important
to know what impact had on the German stock market during the
COVID-19 pandemic. Knowing what may happen during a pan-
demic, we can predict and do more better while dealing with another
pandemic in the future.

The remainder of this paper is organized as follows. Section
2 shows an overview of our proposed Markov Regime Switching
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Analysis(MRSA). Section 3 explains the data sets we use in this
study. Section 4 summarizes the outbreak situations in Germany.
Section 5 presents our empirical results in situation analysis of
the disease outbreak, and its impact on the market, by using the
MRSA models. Section 6 displays the MRSA results by using the
volatilities obtained by the GARCH model fittings. Section 7 gives
concluding remarks.

2 An Overview of Markov Regime Switch-
ing Analysis

We here just give an overview of Markov Regime Switching Anal-
ysis before we present the results of our empirical analyses below
[12]–[21].

Usually MRSA is utilized to depict the dynamics of a time se-
ries by using regime states. Regime states describe the different
segments of a time series in different states. The common example
of regime states is of two different states, denoted as st, either st = 0
or st = 1, presenting two different regimes.

A common MRSA model is to do regression assuming different
regime states existing in the data. The advantage of this method is
that one can expose the varieties around the means. Such as,

yt = µst + ϵt (1)

where st = 0 or 1 means that data yt have two different mean lev-
els in different segments, where ϵt follows a Gaussian process with
mean zero and varianceσ2. State zero (st=0) corresponds to Regime
1, and verse vice.

Another usage of MRSA is to build an Markov regime switch-
ing autoregressive Model. A generalised presentation of the model
can be described as follows, assuming the AR model with order p,
namely,

yt = cst + αst xt + β1st yt−1 + · · · + βpst yt−p + ϵst (2)

where xt is called as exogenous variable. The transition probabilities
are usually defined as a first order Markov chain. Thus, a transition
probability matrix P with n states can be represented as follows.

P = (p ji) =


p11 p12 . . . p1n

p21 p22 . . . p2n
...

...
. . .

...
pn1 pn2 . . . pnn

 (3)

where i, j = 1, 2, ...n, with
∑n

j=1 p ji = 1, and p ji is the probability of
transitioning from regime i to regime j.

While, a simplified case of (2) is that a Markov regime switching
autoregressive model without an exogenous variable.

The following model shows the time-varying data yt follows two
different AR(1) equations with different parameters, for example.

yt =

β0 + βyt−1 + ϵt, (st = 0)
(β0 + β1) + βyt−1 + ϵt, (st = 1)

(4)

What (1)-(4) mean is that the time-varying observations fluctuate
when state or regime shifts from one to another.

The estimation of parameters of regime-switching models is
implemented by maximizing the likelihood function.

3 Data Description
In this study, we use the following two data sets.

1) DAX(daily), which is known as the GER40 as well, com-
prised of 40 German companies traded on the Frankfurt Exchange.
We obtained the data from Yahoo(https://de.finance.yahoo.com).
The period of the data set is ranged from Jan, 2020 to Jul, 2021.

2) The newly infected cases of COVID-19(daily). We obtained
the data from WHO’s Website, in the same period.

These two data sets are open to the public on above-mentioned
websites, and can be downloaded freely, at any time.

4 Situations of COVID-19 Outbreak
Germany is the industry leader in the Europe Union(EU), and it is
important to investigate how the German stock market was impacted
from the pandemic. We thus focus upon the situations in Germany.

In Germany, the ups and downs of the newly confirmed num-
ber(daily) are shown in Figure 1, duration from January 22, 2020
to July 30, 2021.
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Figure 1: Daily newly confirmed number(left) and its trend(right)

It shows the newly confirmed number(daily) fluctuated with the
lapse of time. The left small peak appeared when fewer cases were
confirmed. However, gradually the newly confirmed number rose
from zero level up to a big peak, and then decayed to its half level
around. Sooner, the third peak appeared when the newly confirmed
number surged once more. One may be interested in identifying
change points, we had successfully identified the change points in
this time series based upon a Bayesian approach[8], [9].
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With the spread of infection of COVID-19 in Europe, lockdown
policy had been employed in many countries, since the newly con-
firmed cases were growing up and up. The government enforced
lockdown in Nov, 2020, and it had not been lifted until Jun, 2021,
about 8 months long.

Besides, mask-wearing, social distancing, staying home and
other public health measures had been also implemented, these
measures had shown their effects on reducing newly infected cases.

5 Empirical Research

We then carry out some empirical analyses by using the above-
mentioned two data sets.

5.1 Markov Switching Regression Analysis

Firstly, the Markov regime switching regression model is applied to
the data. Table 1 shows the estimated results.

Table 1: Estimated results

Intercept Regime 1 Regime 2
Estimate 12889 844.336

Std. Error 557 43
t value 23 19

Pr(> |t|) 2.2e-16*** 2.2e-16***
AIC 10178.62

Likelihood -5087.31

0 100 200 300 400 500

Regime 1

Gdaily_new vs. Smooth Probabilities

0 100 200 300 400 500

G
d

a
ily

_
n

e
w

0
1

0
0

0
0

2
0

0
0

0
3

0
0

0
0

4
0

0
0

0
5

0
0

0
0

0
.0

Figure 2: Regime 1 is represented in gray

Figure 2 shows the estimated areas of Regime 1 in gray. Seen
from the figure, the peaks of daily infected number are identified as
Regime 1 in gray, and verse vice.
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Figure 3: Plots of estimated probabilities of Regime 1 and 2

Figure 3 displays the estimated transition probabilities of
Regime 1 and 2.

The corresponding transition probabilities are estimated and
shown in Table 2. While, the corresponding confidence inter-
vals(Level= 0.95) for the Intercepts estimated above are shown
in Table 3.

Table 2: Estimated transition probabilities

Regime 1 Regime 2
Regime 1 0.9926 0.0074
Regime 2 0.0074 0.9926

Table 3: Confidence intervals for the estimated intercepts

Intercept Regime 1 Regime 2
Estimation 12889.56 844.34

Lower 11796.06 760.02
Upper 13983.05 928.65

Thus, the ability and the practicality of MRSA to precisely iden-
tify the different subintervals with their-own specific states have
been confirmed distinctly.

5.2 Daily Growth Rate of the Disease

In this section, we discuss how the daily growth rates of the disease
evolved. The daily growth rate is defined as follows.

dailygrowthratet = log(dailynewcases)t − log(dailynewcases)t−1 (5)

The plot of the calculated daily growth rates is shown in Fig-
ure 4.

It is shown that the daily infected cases were increasing(the first
surge of the growth rates) in the early stages, and those infected
people mostly got proper treatment in hospitals and discharged from
the hospitals later.

We also can confirm the second surge of the growth rates around
the Xmas holidays. And the growth rates got lower around the 500th
day. We then apply the Markov regime switching regression model
to the daily growth rates.
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Figure 4: Regime 2 in gray indicates the areas of increasing growth rates
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Figure 5: The Smoothed transition probabilities

Figure 4 and 5 display the two switching regimes and their
corresponding smoothed transition probabilities, respectively.

The estimated results are summarized in the following Table 4
and 5. Table 4 shows the estimated intercept and its standard error,
t value, and Pr(> |t|), and Table 5 gives the estimated transition
probabilities, respectively.

Table 4: Estimated intercept and the corresponding statistics

Intercept Regime 1 Regime 2
Estimate 0.0016 0.0395

Std. Error 0.0001 0.0058
t value 16 6.8103
Pr(> |t|) 2.2e-16 *** 9.7e-12 ***

AIC -4408.92
Likelihood 2206.46

Table 5: Estimated transition probabilities

Transition probabilities Regime 1 Regime 2
Regime 1 0.9807 0.0444
Regime 2 0.0193 0.9556

5.3 Applications of Markov Switching Autoregression
Model

Here we apply the above-mentioned Markov switching autoregres-
sive model of order p to our two data sets. In the following appli-

cations, we transform these two daily data sets into weekly ones,
namely, DAXweekly, and Newcasesweekly.

Application 1: Autoregressive model of order 1
That is to say, we fit the variables as follows.

DAXweekly ∼ Newcasesweekly + DAXweekly(t − 1). (6)

As a result of this model setting, the following facts are revealed
and summarized in Table 6 and 7.

Looking at these tables, it is clear that most of the estimated pa-
rameters are statistically significant, except the intercept in Regime
1, and the coefficient of Newcasesweekly in Regime 2.

The multiple R-squared is estimated as 0.8053, and 0.986 in
Regime 1 and 2, respectively.

Meanwhile, the state transition probabilities are summarized in
Table 8.

The confidence intervals(CI)(Level= 0.95) for the estimated pa-
rameters, namely, intercept, the coefficients of Newcasesweekly and
DAXweekly(t − 1) are displayed in Table 9 and 10.

Table 6: Estimated results of Regime 1

Regime 1 Intercept Newcasesweekly DAXweekly(t − 1)
Estimate 1325.08 0.3516 0.8482

Std. Error 1376.41 0.1887 0.1116
t value 0.963 1.8633 7.6004

Pr(> |t|) 0.3357 0.06242 . 2.95e-14***
AIC 1101.393

Likelihood -544.6966

Table 7: Estimated results of Regime 2

Regime 2 Intercept Newcasesweekly DAXweekly(t − 1)
Estimate 521.332 -0.007 0.9700

Std. Error 221.256 0.016 0.0167
t value 2.356 -0.409 58.0838

Pr(> |t|) 0.01846* 0.683 2e-16***

Table 8: Estimated state transition probabilities

Regime 1 Regime 2
Regime 1 0.6348 0.0852
Regime 2 0.3652 0.9148

Table 9: Confidence intervals for the parameters in Regime 1

Intercept Newcasesweekly DAXweekly(t − 1)
Estimation 1325.0807 0.3516 0.8482

Lower -1367.0203 -0.0182 0.6298
Upper 4017.1817 0.7214 1.0665

www.astesj.com 14

http://www.astesj.com


K. Tan et al., / Advances in Science, Technology and Engineering Systems Journal Vol. 8, No. 3, 11-18 (2023)

Table 10: Confidence intervals for the parameters in Regime 2

Intercept Newcasesweekly DAXweekly(t − 1)
Estimation 521.3317 -0.0067 0.97

Lower 87.5582 -0.0386 0.937
Upper 955.1051 0.0252 1.0027

These two shifting regimes and their corresponding transition
probabilities are displayed in Figure 6 and 7, respectively. Seen
from the Figure 6, Regime1(in gray) captures the steep descent of
DAX.

As can be seen from the results above, it is clear that, the Markov
regime switching autoregressive model of order one captures the
sudden ups and downs of the observations. It means that, in the
early stages, volatile movements in the market are observed due to
the growth of daily new cases, but, after the fortieth day, the change
of the stock index slowed down, as if the market had acclimatized
to the disease.
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Figure 6: Regime 1(in gray) captures the steep decent of DAX
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Figure 7: Smoothed transition probabilities

Application 2: Autoregressive model of order 2
We here fit the variables of our data sets by using Markov regime

switching autoregressive model of order 2. Namely,
DAXweekly ∼ Newcasesweekly+DAXweekly(t−1)+DAXweekly(t−2).
The numerical results are summarized in Table 11 and Table

12. Seen from these tables, it is clear that most of the estimated
statistics are better than the results of AR(1) model obtained above,
even the multiple R-Squared is better in each Regime.

Table 11: Corresponding statistics of Regime 1

Intercept Newcasesweekly DAX(t−1)
weekly DAX(t−2)

weekly
Estimate 2642.633 0.367 1.337 -0.584

Std. Error 1365.812 0.170 0.227 0.262
t value 1.935 2.152 5.892 -2.231

Pr(> |t|) 0.0530 0.0314* 3.8e-9*** 0.0257*
R-squared 0.857

AIC 1083.065
Likelihood -533.5325

Table 12: Corresponding statistics of Regime 2

Intercept Newcasesweekly DAX(t−1)
weekly DAX(t−2)

weekly
Estimate 586.227 0.0006 0.867 0.098

Std. Error 217.604 0.016 0.078 0.075
t value 2.694 0.038 11.134 1.302

Pr(> |t|) 0.0071** 0.9699 2e-16*** 0.193
R-squared 0.9871

The estimated state transition probabilities are listed in Table 13.

Table 13: Estimated state transition probabilities

Regime 1 Regime 2
Regime 1 0.7071 0.0904
Regime 2 0.2929 0.9096

Furthermore, looking at Table 11 , we see that the weekly new
cases do have impact on the market, meanwhile DAXweekly(t-1),
DAXweekly(t-2) show statistically significant in this AR(2) model
setting. It also can be confirmed that Figure 8 captures the stock
market plunges precisely. In other words, it reveals that Markov
Switching Autoregressive Analysis can identify change points pre-
cisely as well as other tools, the change point identification based
upon a Bayesian approach, for example.
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Figure 8: Regime 2(in gray) captures the market plunges

6 Fitting the Datasets Using GARCH Mod-
els

In this section, we first fit our two datasets using GARCH models,
since GARCH model is considered to be a useful mean for capturing
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the dynamics in data.
The dynamics or the momentum can be described by the volatil-

ities series obtained from GARCH model. Second, we apply
MRSA to the volatilities to see whether there exists some sort of
co-movement between the weekly growth rates of the disease and
the weekly returns of stock index.

Details of GARCH model are omitted here, one may get more
information from other references, such as, [22], [23]. Hereafter,
we just display our empirical results.

Our model fittings reveal that GARCH(1,1) and GARCH(1,0)
are the best choices for the weekly returns of DAX and the weekly
growth rates of the disease.
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Figure 9: Plots of the results of GARCH(1,1) for returns

Table 14: Summarized results for GARCH(1,1)

omega alpha1 beta1 skew
Estimation 4.4675e-05 0.30499 0.70171 0.84704

Std err 3.785e-05 0.1497 0.1032 0.1021
t Value 1.180 2.037 6.798 8.299
Pr(> |t|) 0.2379 0.0416* 1.1e-11*** 2e-16***

AIC -4.0190
BIC -3.8964

HQIC -3.9700
Likelihood -156.72

The plots of weekly stock returns and the weekly number of
the newly infected are shown in Figure 9 (leftup) and Figure 10
(leftup) below. It seems that the DAX Index didn’t react sensitively,
in corresponding to the changes of the weekly new cases. However,
we get completely different results if we fit the weekly stock returns
and growth rates using GARCH models, and then apply the Markov
regime switching autoregressive model to volatilities obtained from
the GARCH model fittings.

6.1 Fitting Results of DAX Index

By setting different p, q values in GARCH(p,q), we find that
GARCH(1,1) fits the weekly DAX returns most appropriately, where
returnsweekly = log(rt) − logrt−1, where rt is the price at week t. It

indicates the weekly returns follow a skewed normal distribution
based upon the numerical results.

The fitting results are shown in Table 14. Looking at the table,
we see it is a good fit.

The original time series of weekly DAX Index, its returns, ht,
and σt values obtained from the GARCH(1,1) model, are shown in
Figure 9, respectively.

It can be confirmed in both Table 14 and Figure 9, that the dy-
namics of the weekly stock returns is well-captured by GARCH(1,1)
model.

6.2 Fitting Results of Weekly Confirmed Number

Similarly to the DAX index above, we calculate the correspond-
ing weekly growth rates of the disease, namely, growthrateweekly =

lognt − lognt−1, where nt is the number at week t. We then fit the
weekly data set using GARCH(p,q) model. By setting different p,
q values in the model, we find that GARCH(1,0) fits the weekly
growth rates most appropriately.

The fitting results are shown in Table 15. Looking at the ta-
ble, we see a skewed normal distribution is detected, because of
the data’s statistical properties. It indicates that the dynamics of
the statistical properties of the data is well captured by a skewed
normal distribution. And what is more important is that all the
corresponding statistics are statistically significant, a good fit as
well.

Table 15: Summarized results for GARCH(1,0)

omega alpha1 skewness
Estimate 0.2337 0.2936 1.0158

Std. Error 0.0465 0.1534 0.1322
t value 5.025 1.914 7.685
Pr(> |t|) 5.03e-07*** 0.0557. 1.53e-14***
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Figure 10: Plots of the results of GARCH(1,0) for growth rates

Similarly, the original time series of weekly number of new
cases, weekly growth rates, ht, and σt values obtained from the
GARCH(1,0) model, are shown in Figure 10, respectively.
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It can be confirmed in both Table 15 and Figure 10, that the dy-
namics of the weekly growth rates is well captured by GARCH(1,0)
model.

6.3 MRSA for Volatilities Obtained from GARCH Mod-
els

In order to investigate the linkage and co-movement between the
stock returns and the growth rates of the disease, we carry out MRSA
based upon (2) using these two volatilities series(σreturn

t , σ
growthrate
t ),

which are obtained from the GARCH(1,1) and the GARCH(1,0)
models for the weekly returns and growth rates, respectively.

The estimated results are summarized in Table 16 and 17. And
the linkage and co-movement are shown in Figure 11 and 12.

Seen from Table 16, the growth rate of the disease, which is
regarded as an exogenous variable in the model setting, makes a
severe impact on the stock change no matter which regime it stays.

Table 16: Estimated parameters for MRSA

Regime 1 Estimation Std. Error t value Pr(> |t|)
(Intercept) 0.0007 0.0009 0.7778 0.4367
σ

growthrate
t 0.0031 0.0016 1.9375 0.0527 .
σreturn

t−1 0.8264 0.0059 140.068 2e-16***
R-squared 0.9972
Regime 2 Estimation Std. Error t value Pr(> |t|)
(Intercept) -0.0151 0.0070 -2.1571 0.031*
σ

growthrate
t 0.0424 0.0107 3.9626 7.4e-05***
σreturn

t−1 0.9644 0.1090 8.8477 2.2e-16***
R-squared 0.8972

The estimated state transition probabilities are shown in Ta-
ble 17.

Table 17: Transition probabilities

Regime 1 Regime 2
Regime 1 0.8075 0.5387
Regime 2 0.1925 0.4613

The smoothed state transition probabilities are shown in Fig-
ure 11, Regime 1(up), and Regime 2(down).

And Regime 1 is displayed in Figure 12. It can be seen that the
decayed σts of DAX Index are captured in gray(Regime 1). These
decayed parts (intervals) are corresponding to the change points as
well.
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Figure 11: Smoothed state transition probabilities of regimes
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Figure 12: Regime 1 shows the decayed parts of DAX(YYY=σt)

Through our numerical analyses, it is confirmed that our pro-
posed the Markov Regime Switching Analysis models are effective
in investigating the dynamics, linkage and co-movement between
the stock returns and the growth rates of the disease, namely, the
statistical characteristics of the data are captured more precisely by
using the volatilities obtained from GARCH models.

7 Concluding Remarks

In this paper, we have proposed and employed econometric appa-
ratus and tools, the Markov Regime Switching Analysis method
and other methods to investigate the situations of the outbreak of
COVID-19 and its impact on German stock market.

It has been confirmed that the dynamics, linkage and co-
movement between stock returns and growth rates of the disease are
well captured by our proposed MRSA models through our numerical
analyses.

Moreover, it has been confirmed that it is effective in precisely
capturing the linkages between the stock returns and the growth
rates of the disease by using volatilities obtained from GRACH
models.

Our proposed methods are highly practical, it indicates the pos-
sibility of replicating the results obtained in this study to assess
the impact of other epidemics and negative factors on economic
activities, and provide researchers and policy-makers with a clue
of how a pandemic evolved and what impact on the economies. It
may lead to better measures and actions while dealing with another
pandemic in the future.
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