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Abstract

Market actors define the volatility in financial markets as a measure of risk. This study
aims to investigate the volatility movements in the return series calculated on the clos-
ing values of the BIST 100 index between 01.Jan.2020-11.Feb.2021. In addition, the
days of the week anomaly, the dates of public holiday, and COVID-19 pandemic effect
were used as dummy variable in the econometric model. The findings showed that the
EGARCH (3,3) model is to be the best performing model. Accordingly, Friday’s anomaly,
Public Holidays, and the COVID-19 pandemic create negative shocks on the volatility
movements of the return series, increase the volatility movements, and consequently,
asymmetric and leverage effect emerged.
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Oz - 2020 Sonrasi BIST 100 Getiri Volatilitesi,
Takvim Anomalileri ve COVID-19 Etkisi

Volatilite, piyasa aktorleri tarafindan riskin 6l¢itt olarak tanimlanir. Calismaninn amaci
01.01.2020 ve 11.02.2021 tarihleri arasinda BIST 100 kapanis degerleri tzerinden he-
saplanan getiri serisinin volatilite dizeyini ARCH-GARCH tipi modeller ile test etmektir.
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1. Introduction

Globally, information plays a crucial role in the financial market. Quickness in
obtaining complete and reliable information depends on the development of the
economy. However, in the current circumstance, info is not shared equally between
the parties, which reduces the economy’s effectiveness, especially for financial
markets. The fact that information is not evenly has revealed the concept of
asymmetric knowledge. Mishkin (1996, 1998) suggests that asymmetric information
will cause adverse selection and moral hazard in financial markets. Developments
in financial markets affect not only themselves but also, significantly, the overall
economy. Following whether it is financial or real, the well functioning of the
market is of great importance for a stable economic system. Though, for developing
countries, ensuring and maintaining market stability is not always possible due to
the financial markets of those countries are characterized by high fragility and a
risky and uncertain environment (Mishkin, 2004). With this regard, it is shown that
testing volatility in purchasing financial assets process, especially in financial markets,
plays a key role in access to market information and predictability.

In finance theory, there is a direct relationship between risk and volatility. The
variance of the probability distribution of financial asset prices or returns is adopted
to determine risk premium and volatility. Therefore, the variance distribution
is used to measure the financial market’s risk (Mazibas, 2005). In econometrics,
conditional heteroscedasticity models are applied to determine an effective and
consistent estimation. Symmetric conditional heteroscedasticity (ARCH, GARCH),
and asymmetric conditional heteroscedasticity (EGARCH, TGARCH) models generate
a solution to measure the series having heteroscedasticity issues. In addition,
these models involve distinct differences. For instance, symmetric conditional
heteroscedasticity models respond similarly to negative and positive shocks. On the
other hand, the asymmetric conditional heteroscedasticity model gives different
responses to negative and positive shocks. For this reason, it is assumed that
asymmetric conditional heteroscedasticity models provide results that are more
coherent and realistic than symmetric conditional heteroscedasticity. Besides, it
is presumed that these models (ARCH-GARCH family models) that eliminate the
problem of heteroscedasticity have the best performance (Engle, 1982; Engle and
Bollerslev, 1986; Bollerslev, 1986; St, 1998; Zakoian, 1994).

This study aims to examine the volatility movements of the BIST-100 return series.
The return series was calculated by taking the BIST-100 daily closing values over the
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time span 01.Jan.2020 -11.Feb.2021. Additionally, the days of the week anomaly,
the dates of public holiday, and COVID-19 pandemic effect were used as dummy
variable in the econometric model. The study continues with a literature review after
the introduction section. Several relevant works of literature are discussed in section
2 while presenting the econometric methodology in section 3. In section 4, empirical
analysis is made with ARCH-GARCH models. The last section 5, is reserved for the
conclusion and policy proposal of the study.

2. Literature Review

The creation and collapse of the Bretton Woods system have characterized
two critical periods in international capital movements. As the disintegration of
the Bretton Woods system created the conditions for the transition to a flexible
exchange rate regime, the world economy entered a new era. Moreover, the
process of liberalization of capital movements began gradually. It is clear that these
developments allow the emergence of financialization phenomenon. With the
phenomenon of financialization, short-term capital movements are hypersensitive
to risks due to their speculative nature, become a crucial problem area, especially in
developing countries with a relatively high-risk premium. In addition, it is recognized
that incidental or inherited problems in countries” economies, or an environment of
uncertainty and instability, intensively affect volatility in financial markets. Market
actors define volatility in financial markets as a measure of risk. From this point of
view, determining the risk and volatility situation significantly affects the decisions
of market actors in trading financial assets or liability held for trading. Conditional
heteroscedasticity models, on the other hand, meet this need in financial markets. A
summary of the literature of important studies on this topic is collected as follows.

Ozden (2008) calculated daily return values using the IMKB' (The Istanbul Stock
Exchange)-100 closing index throughout 04.Jan.2000-20.Sep.2008. In the analysis,
the volatility of the series was tested with GARCH, EGARCH, and TGARCH models.
Accordingly, TGARCH (1,1) had been suggested as the best model. Cadil and
Okur (2010) examined the volatility of IMKB-100, IMKB-30, and IMKB National-All
indices using GARCH models for the daily return data over the period of 2004-
2010. According to the test result, volatility was quite high and resistant, especially
between 2007 and 2010. Guris ve Sacakli (2011) calculated the return series using
the IMKB-100 daily closing index over the 1995-2010 period by testing the volatility
level with conditional heteroscedasticity models to determine the model, performed

the best among these models. Accordingly, the GARCH model showed the best
1 Its name, which was Istanbul Stock Exchange (IMKB), was changed to ‘Borsa Istanbul (BIST)"on April 5, 2013.
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description of the series. Chand et al. (2012) examined the daily closing values
of Pakistan Muslim Commercial Bank (MCB) and the volatility of financial asset
return using conditional heteroscedasticity models. GARCH (1,1) revealed the best
performing model. Mgbame and lkhatua (2013) were examined the stock market
index volatility of the 100 largest companies in Nigeria between 2000-2010 by
GARCH (1,1), EGARCH (1,1), TGARCH (1,1) models and concluded that the Nigeria
stock market index has high volatility. Lama et al. (2015) examined volatility in table
oil and international cotton price index with ARIMA, GARCH, and EGARCH models
during April 1982-March 2012. Among these models, the EGARCH model presented
the most effective result. Accordingly, the asymmetric conditional heteroscedasticity
models produced consistent results describing volatility in the international cotton
price index. Magsood et al. (2017) examined the volatility in daily return of the
Kenyan Stock Exchange (NSE) during the period’s March 2013-February 2016 by
using symmetric and asymmetric GARCH models, and the analysis showed that the
volatility process is highly resilient while the risk premium in the NSE return series
is high. Kuzu (2018) calculated the volatility values of the related series by using
conditional heteroscedasticity models (ARCH, GARCH, EGARCH, TGARCH) with daily
closing value data over 2011-2017 of the BIST (The Istanbul Stock Exchange) 100
index. Along with, conditional heteroscedasticity models that perform the best are
tested, and the TGARCH model came to the forefront. Komsuoglu (2019) used daily
return data over 31.Dec.2009-31.Dec.2018 to analyze the validity of the effective
market hypothesis by using ARMA, ARCH, and GARCH models. Accordingly, the
findings showed the validity of the random walk, and the efficient market hypothesis
has been rejected. Baycelebi and Ertugrul (2020) analyzed the volatility of the BIST
index with the help of conditional heteroscedasticity models by using daily closing
value during 2010-2016. In this context, the ARCH effect disappeared, and volatility
movements could be detected within the framework of GARCH(1,1).

Studies testing the volatility of economic variables using conditional
heteroscedasticity models are presented in the literature. Detecting the presence
of volatility in financial markets straight affects the risk perception of investors or
market makers. Besides, it directs the decisions of suppliers and purchasers in the
loanable funds or financial market. Another important factor affecting volatility
movements is the days of the week anomaly (Alberg et al., 2008; Kohli, 2012;
Osarumwense, 2016). Studies testing conditional heteroscedasticity models using
the days of the week anomaly made significant contributions to this field (Krezolek,
2018; Obalade and Muzindutsi, 2019; Adaramola and Adekanmbi, 2020).
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3. Methodology

As is known, many economic variables do not act in a straight line. On the
contrary, they have a continuous fluctuation course. This movement is characterized
as the cycle of conjuncture. The pressure of a number of factors inside and outside
the economy affects macroeconomic magnitudes. These factors cause several
fluctuations in the economy. From the econometrics window, such fluctuations also
alter the variances of the series. Therefore, one of the assumptions made for error
terms, the condition that error terms have homoskedasticity, will disappear, and the
situation of heteroscedasticity will occur. In econometrics, tests were developed to
consider the conditional heteroscedasticity to be able to effectively and consistently
forecast such series. These include two categories; symmetric and asymmetric
conditional heteroscedasticity. In the first study, two sub-models of symmetric
conditional heteroscedasticity, the autoregressive conditional heteroscedasticity
(ARCH) and the generalized autoregressive conditional heteroscedasticity (GARCH)
model, were used. The ARCH model developed by Engle (1982) is as follows:

etzprﬁ (1)

3

e
he = ap+ ajel; +azel, +"I+aper'2—p = “u"'zaeer—i ' e.= Y, —X.b (2)
i=1
The k. symbol refers to the conditional variance of the ARCH model; ¥, has a

white noise process and is independent of k,; the p s symbol refers to the degree
of the ARCH process, and the @ symbol denotes an unknown parameter vector.
The &, symbol denotes an error term. While X.b is the conditional average of the
Y, series, h, are known conditional variances. Moreover, the series in question has
a normal distribution. As an alternative to the shortcomings of the ARCH model,
the generalized autoregressive conditional heteroscedasticity (GARCH) model was
established by Bollerslev (1986) as a model that can give a more appropriate lag
length and reveal better the effects of the past. The equation of the GARCH model
is as follows:

Er/wr—l ~N (O: hr): (3)
e, = ¥, —X.b (4)
e.=v,Jh, ; g% =1 (5)
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1. = a@p T erief_i +Zﬁihr—j , (6)
i=1 i=1

In conditional variance (h,), is affected by the past period of conditional variance
with the errorterm. The GARCH (p,q) modelis successfulin determining the volatility of
financial time series (Brooks, 2008: 394). ARCH and GARCH models homogeneously
consider the effect of positive or negative shocks on volatility (Engle and Bollersley,
1986). Hitherto, what is meant by its symmetrical state is to assume that the effects
of positive and negative shocks are similar. However, in practice, negative shocks
or news affect volatility more compared to positive shocks or news. Black (1976)
described this situation as the leverage effect. According to the leverage effect, often
encountered in financial markets, negative news increases the risk premium more
than positive news. The GARCH model was distinguished by its successful stance in
the financial time series. Nevertheless, this model uniformly takes the effect of these
shocks on volatility has also been exposed as its weakness. Exponential GARCH
(EGARCH) and Threshold GARCH (TGARCH) models were developed in the form
of asymmetric conditional heteroscedasticity models established to overcome the
shortcomings of symmetric conditional heteroscedasticity models and obtain results
closer to reality. Nelson (1991) first introduced the exponential GARCH (EGARCH)
model. EGARCH model is the unrestricted version of ARMA (p, q) models. The
equation of the EGARCH model is as follows:

In Eq. (7) hr is the conditional heteroscedasticity, the lagged value ofh,,

(7)

Inh, = a, + Z B;Inh,_,

o | il o
] fr

and

parameters are used to explain the behaviors of the conditional

Vie_y
variance. Unlike the standard GARCH model, the presence of asymmetric volatility in

Witp—y

the EGARCH (p, q) model is determined by the & parameter when it is significantly
different from 0 (zero). Here, 8 # 0 indicates that there is an asymmetric effect and
if & <0, there is a leverage effect, that is, negative shocks of the same magnitude
have a greater effect on volatility than positive shocks (Nelson, 1991).

Another of the asymmetric conditional heteroscedasticity models is the threshold
generalized autoregressive conditional heteroscedasticity (TGARCH) model (Zakoian,
1994). The distinguishing feature of the TGARCH model is that it takes into account
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the asymmetry in volatility. In this model, the effects of positive and negative shocks
on volatility differ from each other. The conditional variance of the TGARCH model
can be expressed as follows.

P q r
h,=w+ Z ae’ .+ Zﬁ,-hr_j- +Z Vie€omie Do ®
i=1 i=1 k=1

In Eq. (8) ¥y is the parameter that describes the leverage effect. Indeed, this
parameter is nonzero (¥y#0) introduces the existence of the asymmetric effect.
If the parameter ¥, is statistically significant and higher than zero (¥, = 0), the
leverage effect will be mentioned. In other words, negative shocks affect volatility
(conditional variance) more than positive shocks. After examining the theoretical
background of conditional heteroscedasticity models, the theoretical explanation of
the calendar anomalies approaches is included in the analysis (Zakoian, 1994).

Calendar anomalies are the fact that the effect of a particular period unusually
affects price movements. According to this approach, it is possible to explain the
sequence of outward price movements in financial markets with the help of calendar
anomalies (Yavuz, Guris, and Kiran: 2008). There are several types of calendar
anomalies. In this analysis, the effects of Monday, Tuesday, Thursday and Friday
as the days of the week anomaly and public holiday as the holiday effect anomaly
were considered. The average equation of which the days of the week is denoted
as follows:

T, =pgt oy + 6,0+ B,Dy+ B3Dy + B, Dy + fsDpy + B.D + &, (9)

In Eq. 9includes the days of the week, the days of public holiday, and the COVID-19
effect. Here, where the 1; refers to daily return, represents the dummy variables for
Monday, Tuesday, Thursday, and Friday?, respectively (Cil, 2018). Furthermore, Dgg
and D are the dummy variables that describe the dates of public holiday and the
date of the first death in Turkey due to the COVID-19, respectively. Public holidays
have an impact on the volatility movements in financial markets. In this context, the
"public holiday” day anomaly were used as dummy variable. Therefore, in creating
dummy variables and periods process in which anomalies occur in the data set takes
the value 1 (one), while the others take the value 0 (zero). World-scale phenomena
such as a pandemic, war, and major economic crises similarly affect both the real

2 To avoid the dummy variable trap, using m-1 explanatory dummy variables is sufficient. Hence, four days of the
week except for the weekend analyzed the day anomalies.
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and the financial sector indicators. In this respect, the COVID-19 pandemic effect
was used as dummy variable. To measure the volatility of the series, the days of the
week, the date of public holiday, and the COVID-19 anomaly were demonstrated in
the conditional heteroscedasticity equations.

4. Empirical Analysis

The study examines the volatility movements of the BIST-100 return series. The
return series was calculated by taking the BIST-100 daily closing values over the time
span 01.Jan.2020-11.Feb.2021. The formula below is used in calculating the return
series:

BIST100,

Return Series = In(—¢———
BIST100,_, (10)

In Equ.10 BIST 100, is the index closing price on day t, BIST100,_, is the index
closing price on day t-1. The data is compiled from the Central Bank of the Republic
of Turkey database and estimated using the EViews-10 econometric package
program. The ARCH and GARCH models apply with stationary time series. For this
purpose, Augmented Dickey-Fuller (ADF) and Phillips-Perron (PP) tests are conducted
to analyze whether the parameters contained a Unit Root at the first stage of the
analysis. Following these tests, the appropriate ARMA model is estimated. Using
the Breusch-Godfrey Serial Correlation LM Test, investigated whether there is an
autocorrelation problem. After determining the fundamental characteristic of the
series, it is necessary to test the existence of the ARCH effect in the series to apply
the ARCH-GARCH family models to the series. The primary logic of the test is to
reveal the situation where the current error term and recent error terms are related
to each other, which is seen especially in the financial return series and causes the
estimation efficiency to decrease if they are not taken into account. In the last
stage of the analysis, the series was investigated by conditional heteroscedasticity
methods, and calendar anomalies were included in the model.
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Figure 1: BIST 100 Return Series
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Figure 1 illustrates series fluctuates around a certain environment and therefore
carries a stationary property. Table 1 presents the stationarity of the BIST 100 return
series.

Table 1. ADF and PP Stationarity Tests Results

ADF test results Phillips-Perron Test Results

Level Level

Return (9.12) | (000 |(1531) | [0.000]*

Note. Data are analyzed within the framework of constant term and trend model. The parenthetical ( ) denotes the
t-statistic value of the data, and the insides of square brackets [ | denote the results of probability values. * indicates
that the series is stationary at the 1% significance level. The critical values in question for ADF and PP are put forward
by MacKinnon (1996).

Table 1 illustrates the ADF and PP test results of the return series. Accordingly,
the results showed that the return series is stationarity at its level values. In the unit
root tests in question, the null hypothesis states that the series contains a unit root
and is not stationary, while the alternative hypothesis states that the series does
not contain a unit root and is a stationary serial. In this context, it is concluded that
the probability value of the tests (0.000) is smaller than 1%, which the alternative
hypothesis is accepted in the 99% confidence interval. Table 2 illustrates test statistics
for the selection of the appropriate ARMA model.
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Table 2. ARMA Criteria

Model LogL AIC* BIC HQ
(3,3)(0,0) 723.744729 -4.902361 -4.801628 -4.862012
(3,4)(0,0) 723.940740 -4.896854 -4.783530 -4.851461
(4,3)(0,0) 723.919418 -4.896708 -4.783384 -4.851315
(4,4)(0,0) 724.824373 -4.896057 -4.770141 -4.845620
(3,1)(0,0) 719.013270 -4.883653 -4.808103 -4.853390
(2,0)(0,0) 716.522354 -4.880290 -4.829924 -4.860115
(2,1)(0,0) 717.110599 -4.877470 4.814512 -4.852251
(2,2)(0,0) 717.131477 -4.870764 -4.795214 -4.840501
(1,1)(0,0) 715.959497 -4.876435 -4.826068 -4.856260

Akaike Information Criteria (top 20 models)
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Table 2 illustrates appropriate ARMA model is AR (3) MA (3). Accordingly, an
appropriate ARMA model will be used in Arch and GARCH applications of the series.
Figure 2 illustrates the inverse roots of the ARMA polynomials used to determine the
consistency of the selected ARMA model.
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Figure 3. Inverse Roots of ARMA polynomials
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Figure 2 illustrates the selected ARMA model is consistent since the AR and
MA roots are occupied inside the unit circle. Accordingly, autocorrelation and
heteroscedasticity should be test respectively. The autocorrelation analysis of the
series is examined by the Breusch-Godfrey Serial Correlation LM Test and the
presence of autocorrelation as denoted in Table 3.

Table 3. Autocorrelation Test Results

Breusch-Godfrey LM Test Probability Value Chi Square Obs*R-squared
LM (k=1) 0.0162 5.779636
LM (k=31) 0.0070 53.64921

Table 3 illustrates null hypothesis is rejected as the probability value is smaller than
0.05. Therefore, the alternative hypothesis is accepted. In other words, there is an
existence of autocorrelation in the return series. The presence of heteroscedasticity
is a prerequisite to benefit from the ARCH-GARCH analysis set. ARCH-LM (Lagrange
Multiplier-Lagrange Multiplier) test is used to investigate the heteroscedasticity
condition of the series as denoted in Table 4.

A. Celik, “Volatility of BIST 100 Returns After 2020, Calendar Anomalies and COVID-19 Effect”,
Journal of BRSA Banking and Financial Markets, 15, (1), 2021, 61-81

71



72

Table 4. LM Test for Aautoregressive Conditional Heteroscedasticity (ARCH)

ARCH-LM Testi Probability Value Chi Square Obs*R-squared
LM (k=1) 0.0011 10.59395
LM (k=31) 0.0000 81.94844

To calculate volatility with ARCH-GARCH family models, the ARCH effect or
conditional heteroscedasticity should be found in the series. The hypotheses of the
relevant test are null hypothesis is no ARCH effect, alternative hypothesis shows the
presence of ARCH effect. The | x° statistic |<| Obs*R2 | equation is determined for
all of the ARCH-LM test results, which were extended to 31 delays caused by lagging
for the series. Following, the null hypothesis was rejected. The rejection of the null
hypothesis means existence of an ARCH effect. In particular, the presence of the
ARCH effect is described in the BIST 100 return series.

4.1. BIST 100 Index Volatility Forecast

ARCH(p), GARCH(p,q), EGARCH(p,q), and TGARCH(p,q) models are used
to determine the volatility of the BIST 100 Index Series. Calendar anomalies are
included in each model before the model forecasting. The equations of ARCH (3),
GARCH (3,3), EGARCH (3,3), and TGARCH (3,3) are respectively, as follows:

ARCH (3);

hy = g +Z “[95—1' + 1.0y + 1Dy gl 41y D + T5Dpy + 1D (1)
i=1

GARCH (3,3);
3

2

hy = ag + Z“[Er:—[ + Zﬁ[hr—[ + @Dy + @D, + 8303 + 0,0, + O5Dpy + B Dc (12)

=1 =1

EGARCH (3,3);

Inh, = r{ﬁZﬁJﬂhr l+Z|9

lL\afl [=1

|+RLDJ_+LD»+1;D;+LD4+3-55pﬂ+;ﬂ-snc (13)
\. r =i

TGARCH (3,3);

hy = W"‘mer L*‘Zﬂﬁ% _;‘l'z Ve€i-iDeoi+ 0.0, + @20, + @305 + 9,0, + 95Dpy + 05D (14)
i=1 j=1 k=1

In the study, conditional variance models are defined and tested within the
framework of the above equations. Table 5 illustrates the volatility forecast results
of the BIST 100 index.
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Table 5. BIST 100 Index Volatility Forecast Results

Dependent Variable: Return ARCH GARCH EGARCH TGARCH
Mean Equation

Constant Term -0.003 -0.003 0.002 -0.003
D, 0.005 0.006 0.0006 0.005
D, 0.003 0.001 0.0005 0.001
D, -0.003 -0.003 0.0001 -0.003
D, 0.002 0.002 -0.0002 0.002
D.., -0.006 -0.005 -0.006*** -0.004
D, -0.003 0.007 0.003 0.007
AR (3) 0.008 0.004 0.009 0.005
MA (3) 0.010 0.012 -0.009 0.011
Variance Equation

o, 0.0004*** 0.0003** -7.673*** 0.00003
a, 0.1831%** | 0.1706*** - 0.143
Y - - 0.641*** 0.071
0 - - -0.356***

B, - 0.560*** 0.079*** 0.554%**
W B B B

D, 0.0005 -0.0001 0.972%** -0.0001
D, 0.0002 -0.0002 0.606*** -0.0002
D, 0.0008 -0.0002 0.983*** -0.0002
D, -0.00017* -0.0003** -0.582*** -0.0002*
D.., -0.00018* -0.0001*** -13.430%** -0.0001***
D, -0.00005 -0.0008 -0.690** -0.00007
Info Criterions and ARCH

LogLikelihood 752.09 769.02 841.22 769.07
AIC -5.069 -5.179 -5.709 -5.172
SC -4.864 -4.955 -5.468 -4.930
ARCH-LM (1) 0.636 0.826 0.907 0.944
ARCH-LM (31) 0.036 0.955 0.297 0.919

Note: ***, ** * denote 1%, 5%, and 10% significance level, respectively. All terms under mean and variance equations
given are coefficients. While AIC is descriptive of Akaike Info Criterion, SC states Schwarz Criterion. The parenthetical ()

denotes the number of lags. Terms in front of ARCH-LM present probability values.
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The model results are evaluated according to Akaike, Schwarz, and Log-
Likelihood criteria. The most suitable model for modeling the volatility in the return
series is the EGARCH (3,3) model. Since EGARCH (3,3) has maximum Log-likelihood,
minimum AIC (Akaike Info Criterion), and SC (Schwarz Criterion) values between
models. It can also eliminate the heteroscedasticity issue. EGARCH and TGARCH
models distinguish the effects of positive and negative shocks in the market and
suggest producing results closer to reality. It is a prerequisite for the asymmetry
condition in effects differentiation in shocks. Otherwise, the effects of negative
shocks that cause more volatility than positive shocks are called the leverage effect.
With regards to the EGARCH model, the O coefficient is negative and statistically
significant. The result in question reveals that the asymmetric effect is the leverage
effect. In other words, the effect of negative shocks on the return series leads to
higher volatility compared to positive shocks, which may have an asymmetric effect
on stock returns. Contrarily, the day of the week and public holidays are included in
all analyses as calendar anomalies. The COVID-19 pandemic has also attached the
model. Under the one-year time limit analyzed for these models, while the effect
of Monday, Tuesday, and Thursday on the volatility movements between days of
the week is positive, the effect of Friday is negative. The effect of the public holiday
anomaly on stock market returns is likewise negative. The COVID-19 pandemic
may harm volatility movements. All of these results are statistically significant and
convenient to interpret. Figure 3 illustrates the volatility distribution of the BIST 100
return index.

Figure 3: Volatility distribution of the BIST 100 Return Index
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In figure 3, volatility movements of the return series are excessive since the first
case of the COVID-19 pandemic in Turkey is illustrated. Further, rises in volatility
occur during periods of increase of cases. As is known, the volatility of the financial
market tends to accelerate in an atmosphere of instability and uncertainty sensed
by decision-making units or market actors in the economy. Based on the EGARCH
model, negative shocks affect volatility at a higher level than positive shocks. In
the COVID-19 pandemic, the global markets may increase the risk of perception,
expectations of the recession in the world economy, the financial fragility of the
base of the expansion, the deterioration in liquidity conditions. All are among the
developments that marked last years. Consequently, the negative shocks cause
increases in the volatility of the BIST 100 return series.

5. Conclusion

Financial markets originate from the historical slave exchanges and have a key role
in the modern world. Financial markets that have a developed structure at this level
further contain several dead ends. Among the dead ends in a question, the place of
volatility movements that create the basis for uncertainty and risk is crucial. With the
collapse of the Bretton Woods system, the transition of the world market toward a
flexible exchange rate regime and the liberalization of capital movements may be
seen as developments that marked the post-70s period. The liberalization process of
capital movements includes productive capital and financial capital movements. The
liberalization trend, which gained momentum in the financial markets of developed
and developing countries as of the 1980s, causes the markets to adapt more to
each other.

Developing countries may be areas where achievement of rising real returns for
short-term capital movements. There are hypersensitive movements toan environment
of uncertainty and risk combined with financial liberalization. Consequently, capitals
meet an environment of uncertainty and risk after the country loses it speedily.
That undoubtedly leaves the countries in question with structural savings deficits
alone with the phenomenon of economic crisis. Therefore, portfolio-based foreign
investors who come to the country after financial liberalization have undeniably
influenced the volatility movements in the financial markets of developing countries.
On the other side, volatility is high where there is an environment of uncertainty and
risk. From this point of view, testing the volatility movements are vital to financial
markets is becoming an essential need.

Among the analysis results, the EGARCH (3,3) model seems that the 0 coefficient
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is negative and statistically significant. The results reveal that the asymmetric effect
is the leverage effect. The effect of negative shocks on the return series leads to
higher volatility compared to positive shocks, which may have an asymmetric effect
on BIST-100 returns. Besides, Monday, Tuesday, Thursday and Friday, and public
holidays are included in all analyses as calendar anomalies. Moreover, the COVID-19
pandemic has attached the model. Under the one-year time limit analyzed for
these models, while the effect of Monday, Tuesday, and Thursday on the volatility
movements between days of the week is positive, the effect of Friday is negative.
On the other side, the effect of the public holiday anomaly on stock market returns
is negative. The COVID-19 pandemic may increase volatility movements. To alleviate
volatility movements, financial and real sectors must achieve a stable and strong
structure in coordination. In addition, measures should be taken to prevent short-
term capital movements. In the world, Tobin Tax was a traditional measure method
applied temporarily against this situation. It is an indispensable need to develop
more modern methods.
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