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Abstract: COVID-19 pandemic has led to uncertainties in the financial markets around the globe.
The pandemic has caused volatilities in the financial market at varying magnitudes, in the emerging
versus developed economy. To examine this phenomenon, this study investigates the impact of
COVID-19 pandemic on stock market returns and volatility in an emerging economy, i.e., Indonesia,
versus developed country, i.e., Hungary, using an event-study approach methodology utilizing
GARCH (1,1) model. In this study, the Jakarta Composite Index (JCI) and the b (BUX) data were
obtained from Investing and Bloomberg, covering two global events observed within the selected
period from 27 September 2006 to 31 August 2021. The data is compared with the stock market
volatility data from the global financial crisis in 2007/08. Findings reveal that the recent COVID-19
pandemic had negative stock market returns at a greater magnitude compared to the global financial
crisis, in both the emerging and developed economy’s equity market. Stock markets in Indonesia
and Hungary have experienced volatility during the crisis. While comparing the result between
COVID-19 and the global financial crisis, we found that the volatility on the stock markets is higher
in the COVID-19 pandemic than during the global financial crisis. The higher stock market negative
returns and volatility during the COVID-19 pandemic triggered the lockdown and limited economic
activities, which impacted supply and demand shock. The virus’s propagation and mutation are
continually evolving, reminding us that the pandemic is far from over. Developed countries with
larger fiscal space seem to find it easier to make responsive policies than countries with a tighter
financial budget. Fiscal and monetary policies seem to be a quick solution to stabilize the economy
and maintain investor confidence in the Indonesian and Hungarian capital markets. Furthermore,
the extension of stock market volatility understanding ensures relevant information for investors,
which benefits to mitigate the risk and build sustainable investments of the unprecedented events
and enables the promotion of Sustainable Development Goal number 8 (SDG8) to communities, with
access to financial products including the stock market, especially during economic and financial
uncertainties.

Keywords: Budapest Stock Exchange; Jakarta Composite Index; stock market reaction; unprece-
dented events; financial sustainability; SDG8

1. Introduction

The World Health Organization (WHO) announced the COVID-19 outbreak for the
first time on 31 December 2019. Initially, COVID-19 was only considered an epidemic when
the virus’s spread stayed limited in Wuhan, China. On 26 February 2020, the virus spread to
all continents, except Antarctica. After that, WHO upgraded the status of COVID-19 from
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epidemic to global pandemic on 11 March 2020, Worldometer, as one of the organizations
that actively provides the latest news related to COVID-19, states that there have been
more than 150 million positive cases of COVID-19 with a death rate of more than three
million people by the end of April 2021. In addition, the first infection of the virus spread
to Indonesia and Hungary, the two countries in the center of ASEAN and Europe, occurred
in the same month, in March 2020. Information about the COVID-19 update in Indonesia,
Hungary, and the world is presented in Table 1.

Table 1. COVID-19 Reported Cases, Deaths, and Test in Indonesia, Hungary and the World.

Country Indonesia Hungary World

First case 2 March 2020 4 March 2020 31 December 2020
Number of cases 1,662,868 776,983 150,333,988

Number of cases/1M population 6027 80,599 19,286
Number of deaths 45,334 27,358 3,166,814

Number of deaths/1M population 164 169 406
Total tests 14,487,396 5,349,792 -

Total tests/1M population 52,509 554,952 -
Deaths/cases 0.027 0.035 0.021

Population 274,463,879 9,652,245 -
Source. Authors’ own elaboration based on Worldometers data (29 April 2021).

The first cases of COVID-19 in Indonesia and Hungary occurred in the first week
of March 2020. The number of positive cases of COVID-19 in Indonesia reached more
than 1.6 million people, and Hungary had more than 700,000 people as of the end of April
2021. The average death rate in Hungary reaches 169 people per 1 million population,
compared to Indonesia with 164 deaths. The increasing number of new cases of COVID-19
has encouraged WHO to recommend the government take precautionary measures to
reduce the spread of COVID-19. The approaches recommended by WHO include imposing
social distancing, limiting non-essential travel, wearing masks, and closing schools, and
prohibiting activities that create crowds (Baker et al. 2020).

Restrictions on mobility and business activities have the potential to reduce the spread
of the COVID-19 new case as well as causing negative consequences for the economy
(Chang et al. 2020). The negative economic growth worldwide reflects a decline in eco-
nomic activity, which has disrupted financial market stability and the stock market. The
stock market is a platform on which public companies are traded. The equity market is
viewed as an essential variable for the financial sector and has a vital role in the economy
(Twerefou and Nimo 2005). The Morgan Stanley Composite Index (MSCI), which is con-
sidered a barometer of the global capital market performance, grew-21%, and the MSCI
Emerging Market performed −24% in the first quarter of 2020.

Jakarta Composite Index (JCI) and Budapest Stock Exchange (BUX) are the leading
capital market indices in Indonesia and Hungary. The stock markets in these countries have
a long history that can be traced back to more than 100 years ago. The JCI first operated in
1912, and BUX was founded in 1864. The capital markets in Indonesia and Hungary had
been inactive for several years as economic and political dynamics changes. The capital
market in Indonesia was re-active at the end of 1983, marked by the initial listing of JCI,
while the Hungarian stock market was a break during the socialist system, and it re-opened
again in early 1990.

Geographically, Indonesia and Hungary are two countries strategically located on
the continents of Asia and Europe. Economically, Indonesia is included in the list of
middle-income group countries, while Hungary is recognized as a high-income country
with Gross National Income (GNI) per capita of USD 4.050 and USD 16.140 in 2019. The
World Bank defines a high-income country when the GNI per capita is more than USD
12,536 (World Bank 2021). Even though Indonesia has a lower per capita income than
Hungary, the percentage of market capitalization value of listed domestic companies to
Indonesia’s Gross Domestic Product (GDP) is higher than Hungary, accounting for 47%
compared to 18% in 2020. Furthermore, the liquidity of the capital market in Indonesia by
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proxy of the percentage of total stock traded to GDP reached 12.4% in 2020, compared to
Hungary’s 7.3% in the same year. Therefore, it is interesting to compare the reaction of the
Indonesian and Hungarian capital markets from the point of view of return and volatility,
especially during the COVID-19 pandemic. This information will be helpful for investors
to diversify their financial portfolios, especially during the market shock.

The stock market fluctuation was triggered by the spread of news about the increasing
number of positive cases and deaths of COVID-19. The study of (Yilmazkuday 2020) looked
at the Standard & Poor’s 500 index’s responses daily, weekly, and monthly to the global
death rate due to COVID-19. Finding reveals that each 1% increase in mortality resulted in
a decrease in cumulative returns of 0.02% after one day, 0.06%, and 0.08% after a week and
a month, respectively. (O’Donnell et al. 2021) investigates the stock market in five regional
epicenters, plus the MSCI World Index, reveals total cases of COVID-19 explain changes
in stock prices in Spain, Italy, Britain, and the United States, but not in China and world
stock indices. In contrast, Cookson et al. (2020) find evidence that the COVID-19 pandemic
has no effect on the stock market in China, and the Vietnamese government’s decision to
lockdown to prevent the spread of COVID-19 has a positive and significant impact on the
stock market.

Further, Czech et al. (2020) depict an increase in the number of COVID-19 cases has
a negative and significant correlation to the capital market in the Visegrad countries. In
addition, a recent study by Liu et al. (2020) investigated the stock market response to
the short-term of the COVID-19 pandemic by dividing the observation period into five-
event windows for a total of 35 trading days after the event date. The study found that
the COVID-19 outbreak harms the stock markets of 21 countries in the world, including
Indonesia. Whilst Chaudhary et al. (2020) apply the GARCH method to measure the stock
market volatility amid COVID-19, find that stock market risk in the top 10 countries based
on GDP is higher during the COVID-19 pandemic than the normal period.

Due to the fact that the COVID-19 pandemic is very recent, thus far, few studies have
analyzed the stock market response to the COVID-19 outbreak as it is still developing. We
expect this study to fill the gap and provide the novelty in the following contribution as
follows: (1) investigating the stock market reaction in an emerging country (Indonesia), and
a developed economy (Hungary), (2) comparing the stock market response to COVID-19
during the epidemic, pandemic, and global financial crisis; (3) analyzing the stock market
volatility before and during an extraordinary health event and financial crisis. Recent
studies also highlight the benefits of cross-national studies that analyze emerging and
developed economies. Such comparative studies are found to provide specific recommen-
dations that are beneficial to both countries as well as the regions (Nathan et al. 2019; Lee
et al. 2020; Nathan et al. 2021).

This study is also motivated by the need for more comprehensive information on the
response of financial markets to unexpected or unpredictable events. This information
plays a pivotal role in expanding financial literacy which is essential for investors’ analysis
before making investment decisions in the capital market. Exploring the best practices of
financial literacy and inclusion is in line with United Nations Sustainable Development
Goals (UNSDGs), goal number eight on promoting access to formal financial services and
financial development including stock market (Klapper et al. 2016).

This research paper is structured in the following sections: Section 1 explains the
research background and the novelty of the study. Section 2 presents a critical review of
previous literature in this area of research to form at heoretical background. The third
section deals with the data and research methodology, and Section 4 displays empirical
results based on statistical analysis; and finally Section 5 presents the conclusion, limitations,
and suggestions for future study.

2. Literature Review

The shock in the financial market due to COVID-19 has reignited interest in empirical
research. Interestingly, this outbreak has permeated into the sphere of the stock market,
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which has been viewed as one of portfolio assets diversification. Efficient market hypothesis
(EMH) theory assumes that a stock’s price fully reflects all relevant market information
(Fama 1970). However, the theory has faced pros and cons. For example, Malkiel (2003);
Charfeddine et al. (2018); Chu et al. (2019) find that stock and other financial markets,
such as bond and cryptocurrency, are efficient, while other studies reveal the equity
price is not only incorporated with the information in the market but also as a result
of psychological and behavioral finance (Shiller 2003; Can and Dizdarlar 2021; Khan et al.
2021). The discussion on the theory is still ongoing and has no ultimate conclusion of
academic researchers and financial practitioners; therefore, this study contributes to a better
understanding of the stock market’s return and volatility.

2.1. COVID-19 Pandemic and Its Impact on Stock Market

Previous research related to the impact of COVID-19 on the stock market is still
developing. However, cases of similar pandemics have occurred since the 13th century,
for example, the Black Death pandemic, the 1918 Spanish Flu, to SARS. Chen et al. (2007)
investigate the impact of the SARS virus on the Taiwanese hotel stock performance using
an event study approach. The result states that SARS has a significantly negative impact on
the Taiwanese stock market. A study related to the stock market and COVID-19 conducted
by Liu et al. (2020) explained that capital markets in developed countries (Japan, America,
Germany, Italy, and the UK) were quickly affected by COVID-19. Another study carried
out by Baker et al. (2020) depicts that COVID-19 has the greatest negative impact on the
capital market, even greater than other extraordinary health events, including the Spanish
Flu. Besides, the COVID-19 pandemic is an event that has the greatest negative impact on
the stock market, compared to the Swine influenza, Ebola, and Zika viruses (Schell et al.
2020).

New evidence from (Ramelli and Wagne 2020) finds that globally oriented companies
that have exposure to China have experienced a decline in stock returns. On the contrary,
companies dealing with natural gas, software, food, and healthcare sectors in America
achieved positive returns during the COVID-19 pandemic (Mazur et al. 2021). Companies
with social trust also had better performance with a higher stock return of 3% to 4% than
companies with a lower level of social trust (Mazumder 2020). In addition, (Thorbecke
2021) compared the response of capital markets in South Korea and France by analyzing
the exposure of stock returns to the COVID-19 pandemic. The study found that the
stock market in South Korea has more resilient than the France stock market during the
pandemic.

2.2. COVID-19 and Stock Market Volatility

The volatility of financial assets is a level of price movement where high volatility
when changes in the price of financial assets occur over a broad range over time. Xiao
and Aydemir (2007) explain that financial volatility is often associated with a simple
risk measure, although the two are different. The higher the volatility, the more risky
financial asset prices are. Understanding stock market volatility is a crucial factor in
making investment decisions (Hatch et al. 2018). The method proposed by (Engle 1982)
regarding autoregressive conditional heteroscedasticity (ARCH), and is developed by
Bollerslev (1986) to generalized autoregressive conditional heteroscedasticity (GARCH)
become a pioneer in measuring the volatility of financial assets which is still being applied
today.

GARCH models have been used to catch the price volatility of different commodities
and assets. It was proved that GARCH model is a suitable approach to detect the volatility
along the meat supply chain (Ben Abdallah et al. 2020). Also, it was a convenient model to
examine the relationship between macroeconomic determinants and the Bulgarian stock
market index (Hsing 2011). For instance, the GARCH model for forecasting the volatility of
the Islamic stock index (Saleem et al. 2021); Bitcoin (Aras 2021); bond yield (Kim et al. 2021).
Different GARCH models serve as a tool to describe the volatility movement (i.e magnitude
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and speed) of financial time series. The EGARCH model helped to detect the volatility
magnitude of banking stock prices in Pakistan (Mohsin et al. 2020). ARMA-GARCH model
was used by Fink et al. (2017) to predict the magnitude of uncertainty of the stock market.
For nearly every major stock market there exist equity and implied volatility indices (Fink
et al. 2017). The specificity of Markov-Switching GARCH has been proved that it allows the
examination of the time variation and non-linear financial stock market (Haas et al. 2004).
The stationarity condition should be satisfied before the estimation of GARCH model. It is
proved that GARCH models help to forecast and simulate the volatility of financial returns
(Mittnik et al. 2002).

Chaudhary et al. (2020) used GARCH (1,1) to analyze stock indices’ volatility during
the COVID-19 pandemic. Using data on the top 10 countries based on GDP from January
2019 to June 2020, revealed that the volatility during COVID-19 is higher than the normal
period. The new evidence from (Dungore and Patel 2021) estimates the volatility volume
and open interest for the Nifty Index future on India’s National Stock Exchange by applying
the GARCH model. They suggest that volume has a stronger impact on volatility than open
interest or the outstanding unclosed futures market contracts. A long-term perspective of
stock market volatility was conducted by (Bai et al. 2021), focus on the infection pandemic
and volatility on the US, China, UK, and Japan equity market from 2005 to 2020 by applying
GARCH-MIDA. They find that there is a significant positive impact on the permanent
volatility of international stock markets up to 24-month lag of pandemic. Gunay et al. (2021)
analyzed the volatility of capital markets in Australia during the first wave of COVID-19.
Data were analyzed using the Modified Iterative Cumulative Sum of Squares (MICSS),
reveal that structural breaks in volatility in many sectors, except for the consumer goods
sector, information technology, and property.

This study further expands the scope of previous works by looking at stock market
volatility using GARCH for multiple events. The global financial crisis is measured by
looking at volatility when there wasan increase in LIBOR-OIS- denote as GFC (first event)
and Lehman Brothers bankruptcy, while the volatility during the COVID-19 outbreak is
divided into epidemic and pandemic periods. Furthermore, this study considers a recent
dataset until 31 August 2021to provide a more recent account of this phenomenon.

3. Data and Methodology

This study uses secondary data obtained from Investing and Bloomberg. The data
includes the daily close stock price of Jakarta Composite Index (JCI) which presents Indone-
sia stock market data; and Budapest Stock Exchange (BUX) as a proxy of the stock market
in Hungary. The Morgan Stanley Composite Index Emerging Market (MSCIEM) represents
a global market index to measure the market return. Daily stock prices are carried out
because they provide a more accurate analysis to describe the event’s market response.
The collected data is then analyzed using two methodologies, namely the event study to
investigate cumulative abnormal returns and GARCH (1,1) to analyze the volatility of the
Indonesian and Hungarian capital markets during the COVID-19 outbreak and the global
financial crisis.

3.1. Event Study Set-Up

The event study is used to test market efficiency as captured from Indonesian and
Hungarian stock market reactions during the COVID-19 and global financial crisis. This
method is implemented to analyze stock prices’ reaction when the events occur (observation
period) compared to normal conditions (estimation period). Event study calculations are
carried out sequentially by calculating: Return (Ri,t), Expected Return (Er), Abnormal
Return (ARi,t), Cumulative Abnormal Return (CAR), and finally, testing the significance of
abnormal return within the event window or observation period. In this study, we evaluate
the event study methodology by following Ullah et al. (2021).
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3.1.1. Identifying the Event

In general, this paper investigates two main events related to COVID-19 (2 May 2019
to 31 August 2021) and global financial crisis (27 September 2006 to 22 September 2008).

3.1.2. Selecting the Estimation and Events

The estimation period for daily event studies can be from 100 to 300 days, and the
event period ranges from 2 to 121 days (Chang et al. 2018). For this study, we used 150 days
as the estimation period (−160 to −11), and 5 days from −10 to −6 is defined as the gap
period between the estimation period and the event window. The event window is then
defined from−5 to +5, where t = 0 denotes as event date as prescribed by (Feria-Domínguez
et al. 2020). Kothari and Warner (2006) explain that the short-term period, for instance,
11 days, is acceptable to measure the impact of a specific event on the stock price.

3.1.3. Estimation Parameters

This study devides tha event into two parameters; first, the event window related to
the COVID-19 epidemic began when WHO announced the first COVID-19, 31 December
2019 (−5, +5); and the event window when WHO announces COVID-19 as a global
pandemic on 11 March 2020 (−5, +5). Second, the event window for the first global
financial crisis is defined when there was an increase in LIBOR-OIS on 1 June 2007 (−5,
+5), abbreviated as GFC (first event). Furthermore, the second event window was drawn
on 15 September 2008, when Lehman Brothers has declared bankruptcy. The event study
period is displayed in the Figure 1.
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3.1.4. Data Analysis

The first step of event study in the market model is calculating the stock market
returns. The daily return for a stock market index is calculated as follows:

Rt = (Pt − Pt−1)/Pt−1 ∗ 100 (1)

where, Pt is denoted as the price of the Jakarta Composite Index (JCI) or Budapest Stock
Exchange (BUX) in the current time frameand Pt−1 is the price of each stock market in the
previous period. So, the daily return for the stock market index can be calculated through
Equation (2).

Rmt = (Pt − Pt−1)/Pt−1 ∗ 100 (2)

Rmt represents the daily actual return of Morgan Stanley Capital International Emerging
Market (MSCIEM) as a proxy of the market return. The next step is calculating the expected
return as follow:

E(Ri,t) = α̂i + β̂iRmt (3)
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The expected return is calculated by using the market model. In this study, MSCIEM
represents the market index. After obtaining the expected return, we can calculate the
abnormal return (ARi,t), which is displayed in Equation (4).

ARi,t = Ri,t − E(Ri,t) (4)

ARi,t denotes the abnormal return of stock price i on day t, and Ri,t is the expected return
of the stock i on day t. Then, cumulative actual return (CAR) is calculated in Equation (5).

CARt(t0, t1) =
t1

∑
t=t0

ARi,t (5)

This study calculates CAR for four events window, namely COVID-19 during epidemic
and pandemic, and the first global financial crisis (GFC first event), and when Lehman
Brothers stated bankruptcy.

tstat =
CARi√

standarerror
(6)

Thus, a t-test is performed to define stock market response to COVID-19 and the global
financial crisis in Indonesia and Hungary with significance at 5%. The critical value for
the null hypothesis rejection is ±1.96 with aconfidence level of 95%, the significance level
of each event will be calculated using a statistical test based on the observed cumulative
abnormal return divided by the standard error, with the significance level at 5%. If the
t-test is higher than the critical value (1.96), the event has statistically significance, and if
the t-test value is lower than 1.96, it means statistically insignificant (Brav and Heaton 2015;
Ullah et al. 2021).

3.2. Stock Market Volatility Set-Up

For the volatility analysis, the period of the study is divided into two sections. The first
part is before the COVID-19 (16 May 2019–19 December 2019) and during the COVID-19
period (2 January 2020–31 August 2021); the second section consists of before the global
financial crisis (3 October 2006–14 May 2007) and during the financial crisis (4 June 2007–22
September 2008). The parameters will give comprehensive information on stock market
volatility in responding to the unprecedented events from the health and finance sector.
ARMA-GARCH(1,1) model has been estimated. ARMA captures the changes of the mean
return, while GARCH presents the variance change of the residuals issued from the mean
equation. GARCH(1,1) has been used because it is the most popular, simplest and the most
robust comparing other specifications. It is sufficient to capture the volatility clustering in
the data (Brooks 2008). It is expressed in the following equations (Equations (7) and (8)).

Rt = µ + φrt−1 + θ εt−1 + εt (7)

Equation (7) is the mean equation where Rt is the return stock market, µ is a constant
of the mean equation, φ is the autoregressive term, and θ is the moving average term. In
our case, we took only one lag.

σt = α0 + α1εt−1
2 + β1σt−1

2 (8)

Equation (8) presents the variance equation. α0is the constant, α1 detects the ARCH
effect and β1 detects the GARCH effect.

Where α0, α1 and β1 are non negative and α1 + β1 ≤ 1. The sum of α1 and β1 shows
the magnitude of volatility persistance.
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4. Results and Discussion
4.1. Event-Study Result

Table 2 shows the statistical summary of JCI and BUX during the COVID-19 outbreak
and global financial crisis. Using the 150 days estimation window and the 11 days event
window, JCI’s average return before COVID-19 was −0.03%, or 0.02% lower than the
average return during the COVID-19 epidemic (−0.01%). However, the average JCI return
slumped by −2.14 when the COVID-19 status become a global pandemic. In Hungary, the
BUX has an average positive return of 0.01% on the 150 days during the estimation period.
The BUX performance continued to be positive during the COVID-19 epidemic period, and
it can be seen from the 11 days average return for the COVID-19 period of 0.10%. BUX’s
performance was only bearish when WHO raised the status of the COVID-19 pandemic,
where the average BUX’s return was −3.34%, even lower than JCI’s performance in the
same period of −2.14%.

Table 2. Statistical summary of Actual Return for JCI and BUX return (%).

Trading Days Mean Median Min Max Standard Deviation

Panel A. JCI Statistical Summary

COVID-19 Outbreak
Estimation period 150 −0.03% −0.03% −2.59% 1.97% 0.007638
COVID-19 (Epidemic) 11 −0.01% 0.19% −1.04% 0.78% 0.005860
COVID-19 (Pandemic) 11 −2.14% −2.48% −6.58% 2.38% 0.028072

Global Financial Crisis (GFC)

Estimation period 150 0.21% 0.23% −3.96% 3.12% 0.010793
GFC (First Announcement) 11 0.03% −0.16% −1.8% 1.44% 0.010714
GFC (Lehman Brothers Bankruptcy) 11 −0.53% 0.30% −4.70% 5.82% 0.030410

Panel B. BUX Statistical Summary

COVID-19 Outbreak

Estimation period 150 0.01% 0.05% −1.73% 2.19% 0.007672
COVID-19 (Epidemic) 11 0.10% 0.32% −3.21% 1.38% 0.012290
COVID-19 (Pandemic) 11 −3.34% −3.34% −11.55% 5.79% 0.044508

Global Financial Crisis (GFC)

Estimation period 150 0.13% 0.12% −2.44% 2.85% 0.010679
GFC (First Announcement) 11 0.11% −0.18% −1.46% 2.79% 0.010630
GFC (Lehman Brothers Bankruptcy) 11 −0.30% −1.34% −3.83% 9.15% 0.034804

Source: Authors’ own elaboration based on Investing and Bloomberg data (Accessed on: 25 May 2021).

Unlike the average return fluctuation during the COVID-19 pandemic, JCI and BUX’s
performance was relatively stable amid the global financial crisis of September 2008. The
return of Indonesia and Hungary’s stock markets are still positive, with average returns of
0.03% and 0.11% during the GFC (first event). However, JCI and BUX slightly decrease
when Lehman Brothers declared bankruptcy of −0.53% and −0.30%, respectively. Table 2
also illustrates that COVID-19 has a greater impact on stock market return performance
than during the global financial crisis.

Table 3 depicts the average JCI and BUX returns compared to market returns with the
Morgan Stanley Composite Index Emerging Market (MSCIEM) as a proxy. In general, the
Indonesian and Hungarian stock markets performed lower than MSCIEM, except during
the COVID-19 pandemic, JCI outperformed MSCIEM by 0.20%. Meanwhile, BUX has a
better performance during the GFC (first event), with an average return of 0.01% higher
than MSCIEM.
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Table 3. The JCI and BUX return relative to MSCIEM.

Trading Days
Average Stock Return Average Stock Return vs.

MSCIEM

JCI BUX MSCIEM JCI BUX

COVID-19 Outbreak
Estimation period 150 −0.03% 0.01% 0.03% −0.05% −0.01%
COVID-19 (Epidemic) 11 −0.01% 0.10% 0.17% −0.18% −0.07%
COVID-19 (Pandemic) 11 −2.14% −3.34% −2.34% 0.20% −1.00%
Global Financial Crisis (GFC)
Estimation period 150 0.21% 0.13% 0.16% 0.05% −0.02%
GFC (First Announcement) 11 0.03% 0.11% 0.10% −0.07% 0.01%
GFC (Lehman Brothers Bankruptcy) 11 −0.53% −0.30% −0.12% −0.41% −0.17%

Source: Authors’ own elaboration based on Investing and Bloomberg data (Accessed on: 25 May 2021).

Table 4 shows that JCI and BUX have more negative abnormal returns during the
COVID-19 pandemic than the epidemic. After the event date, JCI experienced negative
abnormal returns four times during the COVID-19 pandemic than only two times during
the epidemic period. The highest negative return occurred on the first day (+1) after the
event date, JCI performance was −5.1% or higher than the abnormal return when WHO
increased COVID-19 status to the pandemic by −1.3%. These findings support the efficient
market theory which reveals stock prices reflect very quickly all the information (Fama
1970).

Table 4. The JCI and BUX Abnormal Return and t-test during COVID-19 Outbreak.

COVID-19
Outbreak

Days
Abnormal Return (AR) t-Test

JCI BUX JCI BUX

COVID-19
(Epidemic)

−5 0.6% 1.4% 0.754 1.771
−4 0.4% 0.6% 0.487 0.813
−3 0.2% −0.7% 0.325 −0.942
−2 0.2% 0.8% 0.240 1.056
−1 −0.4% 0.2% −0.579 0.244

Event Date −0.2% 0.4% −0.275 0.457
+1 0.7% −0.2% 0.858 −0.284
+2 −1.0% −3.3% −1.335 −4.229
+3 0.4% −0.4% 0.498 −0.489
+4 −0.8% 1.0% −1.079 1.249
+5 0.8% 1.3% 1.079 1.681

Average Abnormal Return 0.1% 0.1% 0.088 0.121

COVID-19
(Pandemic)

−5 2.4% 0.1% 3.150 0.111
−4 −0.2% −1.7% −0.237 −2.162
−3 −2.5% −3.5% −3.218 −4.473
−2 −6.6% −7.8% −8.605 −10.113
−1 1.7% 0.9% 2.189 1.107

Event Date −1.3% −4.9% −1.650 −6.334
+1 −5.1% −11.8% −6.574 −15.307
+2 0.3% 5.8% 0.364 7.529
+3 −4.5% −5.8% −5.800 −7.481
+4 −5.0% −2.5% −6.459 −3.179
+5 −2.8% −6.7% −3.706 −8.721

Average Abnormal Return −2.1% −3.4% −2.777 −4.457

Note: Abnormal returns (AR) for an event study of the epidemic and pandemic COVID-19 announcements. The sample consists of daily
stock prices in the JCI and BUX from 2 May to 18 March 2020. We applythe market model and define MSCIEM as a proxy of the market
return. AR is the sample of abnormal for the specified day in event time both epidemic and pandemic of COVID-19. The t-test is applied to
investigate whether the event has a significant or not significant impact on JCI and BUX.
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In Hungary, BUX also experienced a similar trend to JCI, except that the negative
abnormal return was twice as large during the event date of the COVID-19 pandemic.
BUX’s abnormal return was−4.9% when WHO announced COVID-19 as a global pandemic.
In contrast, BUX’s abnormal return was in the positive territory of 0.4% during the COVID-
19 epidemic period. Furthermore, BUX’s abnormal return was the highest negative return
at one day after the event date of the COVID-19 pandemic (−11.8%), or twice as high as
JCI’s negative abnormal return in the same period (−5.1%). The BUX abnormal return
for the COVID-19 pandemic period was −3.4% on average, higher than the JCI’s average
abnormal return of −2.1%.

The t-test statistics reveal that there is no significant effect of the COVID-19 epidemic
on JCI and BUX. It can be seen from the t-test value of abnormal return from−5 to +5, lower
than 1.96. Changing the status of COVID-19 to pandemic also had no significant impact
on JCI and BUX, as displayed from the t-test values of −1650 and −6334, respectively.
However, one day before the COVID-19 event date, the t-test value of JCI is 2189 (higher
than 1.96), meaning that the COVID-19 pandemic has a significant impact on the JCI
one day before WHO announces an increase in the status of COVID-19 to a pandemic.
Meanwhile, the significant impact of the new COVID-19 pandemic on BUX occurred on
the second day after the event date with a t-test value of 7529.

In contrast with the COVID-19 pandemic, the GFC has relatively less impact on JCI
and BUX. Table 5 shows that during the first event of GFC, the average abnormal return of
JCI and BUX was −0.2% and 0.0%, while during the event date, JCI has positive abnormal
returns (1.3%). However, the JCI responds to GFC with a negative abnormal return the next
day with −1.1%. In reverse, BUX experienced a negative abnormal return during the event
date of GFC (first event) with−0.2%, and rebound to 0.1% in the next day. Furthermore, JCI
and BUX responded to the announcement of Lehman Brothers’ bankruptcy with negative
abnormal returns. JCI experienced a negative abnormal return of −5.2%, or two times
higher than BUX of −2.3%. The average JCI and BUX abnormal returns are negative, with
an average of −0.08% and −0.4% when Lehman Brothers declared bankruptcy.

The impact of GFC (first event) is not significant to JCI and BUX, it can be seen from
all the t-test values (−5 to +5), which are lower than 1.96. However, GFC (first event) has a
significant impact on BUX one day before the event date, with a t-test value is 2.559. The
Lehman Brothers bankruptcy did not significantly impact JCI and BUX, as seen from the
t-test values at the event date of −4180 and −2207, respectively, lower than 1.96.

Figure 2 chart line of cumulative abnormal return of JCI during COVID-19 (epidemic
and pandemic) and Global Financial Crisis (First event and Lehman Brothers Bankruptcy)
from event day −5 to event day +5. The abnormal return is calculated using the market
model with the proxy of MSCIEM.

Figure 3 illustrates the cumulative abnormal return of JCI during the four-event
windows. Overall, the JCI has a negative abnormal return from −5 to +5, except during
the COVID-19 epidemic, JCI has a positive abnormal return. At the start of the period
(−5), JCI has a positive cumulative abnormal return, except for the GFC first event (−1.1%).
About the event date, the cumulative abnormal return with the highest negative return
occurred when Lehman Brothers declared bankruptcy (−17.7%), while during the COVID-
19 pandemic, JCI was only −6.4%. After that, the JCI cumulative abnormal return during
the Lehman Brothers collapse continued to decrease, and a reversal occurred with the
COVID-19 pandemic at the three days after the event date, at−15%. At the end of the event
window (+5), the cumulative abnormal return of JCI for the COVID-19 pandemic period
is −23.5%, the highest compared to the cumulative abnormal return of JCI in other event
window periods such as Lehman Brothers bankrupt (−8.4%) and GFC first event (−2.0%).
In contrast, JCI has responded to the COVID-19 epidemic with a positive cumulative
abnormal return of 0.7%.
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Table 5. The JCI and BUX Abnormal Return and t-test during Global Financial Crisis.

Global Financial Crisis (GFC) Days
Abnormal Return (AR) t-Test

JCI BUX JCI BUX

GFC
(First Announcement)

−5 −1.1% −0.4% −0.993 −0.359
−4 0.6% −0.5% 0.556 −0.489
−3 −1.1% 0.6% −1.013 0.545
−2 −0.4% −0.3% −0.402 −0.312
−1 1.3% 2.7% 1.221 2.559

Event Date 1.3% −0.2% 1.168 −0.232
+1 −1.1% 0.1% −1.004 0.129
+2 0.1% −1.0% 0.124 −0.906
+3 −0.7% −0.5% −0.611 −0.432
+4 −2.2% −1.6% −2.030 −1.541
+5 1.3% 0.9% 1.186 0.887

Average Abnormal Return −0.2% 0.0% −0.081 −0.014

GFC
(Lehman Brothers Bankruptcy)

−5 0.8% 2.6% 0.766 2.411
−4 −4.4% −0.9% −4.080 −0.805
−3 −4.1% 0.0% −3.754 0.033
−2 −1.2% −2.8% −1.104 −2.669
−1 −3.6% 0.5% −3.307 0.498

Event Date −5.2% −2.3% −4.180 −2.207
+1 0.3% −3.5% 0.288 −3.334
+2 1.6% −4.0% 1.462 −3.809
+3 0.8% −2.5% 0.716 −2.376
+4 6.5% 9.4% 5.968 8.845
+5 0.2% −1.2% 0.159 −1.091

Average Abnormal Return −0.8% −0.4% −0.700 −0.409

Note: Abnormal returns (AR) for an event study of the global financial crisisevent. The sample consists of daily stock prices in the JCI and
BUX from 27 September 2006, to 22 September 2008. We applythe market model and define MSCIEM as a proxy of the market return. AR is
the sample of abnormal for the specified day in event time for the first global financial crisis announcement and Lehman Brothers state
bankruptcy. The t-test is applied to investigate whether the global financial crisis has a significant or not significant impact on JCI and BUX.
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Figure 2. The JCI Cumulative Abnormal Return in the COVID-19 Outbreak and Global Financial Crisis.
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Figure 3. The BUX Cumulative Abnormal Return in the COVID-19 Outbreak and Global Financial Crisis.

Figure 3 chart line of cumulative abnormal return of BUX for COVID-19 (epidemic
and pandemic) and Global Financial Crisis (First event and Lehman Brothers Bankruptcy)
from event day −5 to event day +5. The abnormal return is calculated using the market
model with a proxy of MSCIEM.

Figure 3 shows the cumulative abnormal return of BUX during the COVID-19 outbreak
and global financial crisis. The stock market trend during the COVID-19 (epidemic) and
GFC (first event) remains fairly stable, around−0.2% to 1.0% throughout the event window,
from day −5 to +5. The BUX’s cumulative abnormal return before the event date (−5) for
the first event of GFC and pandemic COVID-19 begins around 1%, but GFC (first event)
fluctuates during the event window period, and it ends at −0.2% in 5 days after the event
date. However, the COVID-19 pandemic has declined the cumulative abnormal return
from 0.1% at the beginning of the event window to −37.8% until the end of the event
period. The pandemic status of COVID-19 has the highest impact on the BUX compare to
other events such as GFC (first event) and Lehman Brothers collapse, with the cumulative
abnormal returns at 1.02% and −4.8%.

4.2. Stock Market Volatility Result

Before the estimation of the GARCH model, we should test the stationarity of variables.
According to the Schwarz info criterion (SIC), the optimal lag order has been estimated.
Using the VARSELECT function from the VARS package in R studio, we obtained the
optimal lag number of the variables. One lag is the optimal lag that has been found for
different variables (Table 6).



J. Risk Financial Manag. 2021, 14, 576 13 of 19

Table 6. Unit Roots Test.

Before COVID-19 During COVID-19 Before Global
Financial Crisis

During Global
Financial Crisis

JCI

ADF test at level −3.68
(0.01)

−2.65
(0.303)

−0.737
(0.789)

−0.3671
(0.499)

ADF at first difference −9.51
(0.01)

−7.05
(0.01)

−8.91
(0.01)

−12.3707
(0.01)

PP at level 0.0523
(0.701)

−8.16
(0.569)

−1.31
(0.845)

−4.94
(0.465)

PP at first difference −126
(0.01)

−393
(0.01)

−146
(0.01)

−288
(0.01)

BUX

ADF test at level −0.765
(0.963)

−2.57
(0.338)

−1.96
(0.588)

−3.35
(0.0626)

ADF at first difference −5.13
(0.01)

−8.18
(0.01)

−6.07
(0.01)

−15.97
(0.01)

PP at level −2.73
(0.946)

−7.46
(0.621)

−10
(0.451)

1.34
(0.843)

PP at first difference −130
(0.01)

−434
(0.01)

−154
(0.01)

−257
(0.01)

To check the stationarity of the different variables, two tests were applied; Augmented
Dickey-Fuller (ADF) and Philips Peron (PP) test. At level, all variables are non-stationary,
they have a unit root. At first difference ADF and PP test are significant at 1% level (P value
less than 0.01) which allow to reject the null hypothesis of non-stationary data and accept
the alternative hypothesis which says that the variables do not have a unit root, they are
stationary. The standard GARCH (1,1) has been applied to our data. The four periods are
defined, as shown below:

ARCH Test:
To detect the autoregressive conditional heteroskedasticity (ARCH) of the variables,

the ArchTest command from the FinTS package in R has been used. It calculates the
Lagrange Multiplier coefficient to affirm the homoskedasticity or heteroskedasticity of the
studied variables (Tsay 2005). The optimal lag has been selected based on SIC criterion
which is equal to 1.

Table 7 proves the acceptance of the ARCH test thatmeans the residuals of the mean
return equation do not exhibit homoskedastistic residuals, they have heteroskedastic
residuals that allow the use of the GARCH model

Table 7. ARCH test result.

Variables ARCH Test

JCI

Before Financial crisis 134.4 (0.00)
During Financial crisis 297.71 (0.00)
Before COVID-19 119.21(0.00)
During COVID-19 385.87 (0.00)

BUX

Before Financial crisis 129.2 (0.00)
During Financial crisis 288.95(0.00)
Before COVID-19 133.89 (0.00)
During COVID-19 401.89 (0.00)

During the COVID-19 and financial crisis, we have both ARCH and GARCH coef-
ficients (Alpha and Beta) that are significant at 5% and 1%. The volatility persistence is
higher during the COVID-19 period. The constant (omega), the ARCH (Alpha), and the
GARCH term (beta) are positive that justifies the positive value of the conditional variance.
The coefficient β ishighly statistically significant. These could be explained that previous
news could reveal the present volatility. The total α + β indicates the short-run movement
of the volatility response of the return stock market.
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As it is presented in Tables 8 and 9, during COVID-19, the sum of α and β is very
slightly close to one (equal to 0.99), which shows that when a shock takes place at a specific
time, it will be transmitted future time. The summation of α and β is smaller than one
which reflects that the unconditional variance of the error term εt is stationary. The α is
smaller than β, this could be explained by that the stock market’s volatility is more sensitive
to their past volatility more than their past shocks. BUX and JCI exhibit higher volatility
during COVID-19 than the financial crisis. The model results show significant α and β
parameters, which implies that both stock markets register a significant impact of their
past variance on the present volatility and their sensitivity to external shocks. BUX and
JCI volatility are more persistent during le COVID-19. For BUX 89% of its past volatilityis
transmitted to the present one during COVID-19, while, during the financial crisis, 83% of
the previous day persists the next day. JCI has also greater volatility persistence during
COVID-19. It registered a persistence of 71%, during the pandemic, and 60% during the
financial crisis. Figure 4 shows the movement of the conditional variance of the two stock
prices (JCI and BUX) before and during COVID-19, and financial crisis.

Table 10 proves the stability of the model. The non-significance of the Ljung-Box test
demonstrates that residuals do not fit the ARMA model, which means that there is no
serial correlation. All p-values are greater than 0.01, except lag (5) during the crisis, which
justifies the failure to reject the null hypothesis confirming that there is no serial correlation
of GARCH model residuals.

Table 8. GARCH (1,1) Parameters of JCI.

Estimate Std. Error t Value Pr (>|t|)

Before COVID-19

Mu 2.20249 3.884485 0.566997 0.570717
Ar1 −0.56856 0.341611 −1.664355 0.096042
Ma1 0.66500 0.307256 2.164303 0.030441
Omega 0.42851 26.474920 0.016185 0.987087
Alpha 0.00000 0.011996 0.000000 1.000000
Beta 0.99900 0.000195 5116.829081 0.000000

During COVID-19

Mu 3.10077 2.823291 1.0983 0.272081
Ar1 −0.69592 0.145174 −4.7937 0.000002
Ma1 0.75763 0.127652 5.9351 0.000000
Omega 452.22575 195.821571 2.3094 0.020923
Alpha 0.19129 0.064769 2.9534 0.003143
Beta 0.71935 0.082260 8.7449 0.000000

Before global
financial crisis

Mu 3.39230 1.623433 2.08959 0.036655
Ar1 −0.88641 0.038787 −22.85346 0.000000
Ma1 0.98152 0.001339 732.94709 0.000000
Omega 7.13077 9.378459 0.76033 0.447054
Alpha 0.00000 0.003374 0.00000 1.000000
Beta 0.98234 0.022756 43.16818 0.000000

During global
financial crisis

Mu 1.62639 2.521251 0.64506 0.518889
Ar1 0.51944 0.372761 1.39350 0.163468
Ma1 −0.38923 0.395670 0.98372 0.325253
Omega 254.53845 100.466679 2.53356 0.011291
Alpha 0.26742 0.074418 3.59344 0.000326
Beta 0.60059 0.092359 6.50274 0.000000
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Table 9. GARCH (1,1) Parameters of BUX.

Estimate Std. Error t Value Pr
(>|t|)

Before COVID-19

Mu 25.255187 22.549 1.11999 0.262717
Ar1 0.861833 0.26967 3.19586 0.001394
Ma1 −0.883947 0.24857 −3.55616 0.000376
Omega 777.411716 3567.0 0.21795 0.827471
Alpha 0.038306 0.029300 1.30738 0.191084
Beta 0.960694 5.0516 × 10−2 19.01776 0.000000

During COVID-19

Mu 30.20324 25.065 1.20502 0.228196
Ar1 0.67488 0.4.1974 1.60785 0.107869
Ma1 −0.63907 0.4.3768 −1.46012 0.14425
Omega 369.99235 2716.3 0.13621 0.891653
Alpha 0.10520 0.026811 3.92365 0.000087
Beta 0.89380 0.024552 36.40422 0.000000

Before global financial crisis

Mu 31.46149 19.787060 1.59000 0.111834
Ar1 0.12656 0.469955 0.26930 0.787697
Ma1 −0.17318 0.499280 −0.34685 0.728703
Omega 65.23314 520.133485 0.12542 0.900194
Alpha 0.00000 0.009524 0.00000 1.000000
Beta 0.99818 0.001445 690.77897 0.000000

During global financial crisis

Mu −16.267006 19.171 −0.84853 0.396145
Ar1 −0.081846 0.28927 −0.28294 0.777223
Ma1 0.179979 0.2.8330 0.63531 0.525229
Omega 3321.3054 2440.3 1.36105 0.173499
Alpha 0.163004 0.077976 14.24504 0.036579
Beta 0.835996 0.058687 14.24504 0.000000
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Table 10. Weighted Ljung-Box Test on Standardized Residual: d.o.f = 2.

Statistic P-Value

Before COVID-19
Lag[1] 0.4194 0.5172
Lag[2∗(p+q)+(p+q)−1][5] 1.6575 0.9936
Lag[4∗(p+q)+(p+q)−1][9] 5.2655 0.3952

During COVID-19
Lag[1] 0.1934 0.6601
Lag[2∗(p+q)+(p+q)−1][5] 3.7645 0.1174
Lag[4∗(p+q)+(p+q)−1][9] 5.7311 0.3030

Before Global Financial Crisis
Lag[1] 0.4194 0.5172
Lag[2∗(p+q)+(p+q)−1][5] 1.6575 0.9936
Lag[4∗(p+q)+(p+q)−1][9] 5.2655 0.3952

During Global Financial Crisis
Lag[1] 1.027 0.310857
Lag[2∗(p+q)+(p+q)−1][5] 4.991 0.003418
Lag[4∗(p+q)+(p+q)−1][9] 6.796 0.148820

Before COVID-19
Lag[1] 0.9386 0.332636
Lag[2∗(p+q)+(p+q)−1][5] 5.0039 0.003267
Lag[4∗(p+q)+(p+q)−1][9] 6.3308 0.206417

During COVID-19
Lag[1] 0.3465 0.5561
Lag[2∗(p+q)+(p+q)−1][5] 1.9047 0.9732
Lag[4∗(p+q)+(p+q)−1][9] 2.7144 0.9291

Before Global Financial Crisis
Lag[1] 0.0005114 0.9820
Lag[2∗(p+q)+(p+q)−1][5] 1.2126727 0.9999
Lag[4∗(p+q)+(p+q)−1][9] 3.4269144 0.8159

During Global Financial Crisis
Lag[1] 0.07964 0.7778
Lag[2∗(p+q)+(p+q)−1][5] 3.77620 0.1143
Lag[4∗(p+q)+(p+q)−1][9] 5.64876 0.3183
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5. Conclusions

This study analyzed the capital markets’ return and volatility of one of ASEAN’s
largest emerging economies, Indonesia, and a developed country of the Central European
region, Hungary. The volatility in financial assets has been a natural phenomenon due to
positive or negative information at the domestic or international level. Several academic
researchers have looked into the stock market’s return and volatility. However, the findings
have yet to reach a consensus, particularly in the case of the COVID-19 pandemic, which is
still evolving. Stock market volatility caused by the health crisis is attractive since the virus
has spread almost to the entire world, unlike the previous outbreaks like SARS, EBOLA,
and MARS, which are restricted to specific geographic locations.

This study investigated the impact of two major crises in the last two decades, namely
the global financial crisis and COVID-19, on the return and volatility of Indonesian and
Hungarian stock indices. The results indicate that the stock markets in Indonesia and
Hungary responded to the COVID-19 pandemic with the highest negative cumulative
abnormal return and significant volatility compared to the pre-crisis period. Apart from
differences in economic aspects and the financial industry’s progress in the two countries,
the COVID-19 pandemic heavily disrupted the capital market. It can be concluded that the
Indonesian and Hungarian stock markets cannot be a place for portfolio diversification
during the crisis period, especially during the global financial crisis and the COVID-19
outbreak. Further, the uncertainty in the capital markets presents opportunity to reallocate
the portfolio to safer investment options for investors.

For the policymakers, it requires a proactive and continuous strategy to intervene in
fiscal and monetary policy to maintain stability and positive sentiment in the market. In
addition, the government’s efforts to increase capital market participation can be achieved
by simplifying regulations and promoting potential corporations to become public com-
panies through an initial public offering (IPO), as well as encouraging the openness of
the financial industry, which can increase the role of local and foreign investors in the
Indonesian and Hungarian stock market. Furthermore, government participation in ed-
ucating people on financial literacy needs to be improved to have sufficient knowledge
about investing in financial markets. Increasing financial literacy will encourage financial
inclusion and contributing to the United Nation’s target listed in SDGs number 8 related to
optimizing access to formal financial services for the society by 2030, especially in dealing
with financial uncertainties.

6. Limitations and Suggestions for Future Study

This study analyzes the short-term response of the stock market to the health crisis
compared to shocks in the financial sector at the country level. It focuses on the macro
level, considering that some companies from specific sectors respond to extraordinary
events with positive performance. An in-depth study can be carried out with a sample
of corporations classified by sector and incorporating other research dimensions such as
the COVID-19 daily new cases, deaths levels, and the country’s policy response to the
reaction of company stocks. Future research could investigate the performance of stocks at
both the corporate and country levels over time because the short, medium, and long-term
stock market reactions often result in different findings. In addition (Goodell 2020) depicts
that comparing the stock market reaction to an event that is global (COVID-19) and local
(terrorist event) scale has gain attention. Our research considers only the standard GARCH
that studies the symmetric volatility; further studies could use other GARCH family model
(i.e., EGARCH, GJRGARCH, etc . . . ) to assess the asymmetric volatility of the stock prices.
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