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Abstract

The aim of this study is to examine variables that influenced the Jakarta Composite Index
(JCI) volatility during the outbreak of COVID-19. The independent variables that are used
are gold return volatility and USD/IDR return volatility. This analysis uses daily-time
series data which are divided into three periods, those are; before the pandemic (January
2019-August 2019), during the pandemic (January 2020-August 2020), and from January
2019 through August 2020. The method that is used in this study is GARCH analysis in
order to dodge data abnormality and heteroscedasticity. Before conducting GARCH
analysis, unit root and normality test are conducted to know if the data are stationaries
and to decide which GARCH distribution is the most suitable for the data analysis
(Gaussian, t-student, or GED distribution). It is proven in this study that during the
COVID-19 pandemic, gold return volatility positively affected the JCI volatility and
USD/IDR volatility negatively affected JCI volatility. This research can be used as a
consideration for investors in choosing their investment during the pandemic or financial
crisis by examining gold and USD/IDR volatility effect on JCI volatility.
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1. INTRODUCTION

In the early of 2020, the world was shocked by an infectious disease namely 2019-
nCoV, or we call it as COVID-19. The very first case was found-in Wuhan, the capital of
China’s Hubei province in December 2019, and was identified by the WHO China
Country Office as pneumonia of unknown etiology. In January 2020, WHO has asked the
national authorities of China to give further information about the risk of this disease, but
the outspread happened so fast and affected almost all countries in the world.
Considering that there will be a serious problem that might occur, the WHO Director
General, under the International Health Regulations (IHR), held a meeting of the
Emergency Committee and declared the 2019-nCoV outbreak as a Public Health
Emergency of International Concern (PHEIC) (World Health Organization, 2020).

The outspread of COVID-19 was not only affecting the entire world’s health, but
also the economy of the world. As we know, almost all countries started to strictly adopt
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quarantine policy in which the societies were appealed to stay at home. Therefore, many
industries had to stop their production in order to obey the government’s regulation and
protect their employees. As a consequence, the economic activities were hampered. And
in the long-term, the outbreak of COVID-19 will cause business bankruptcies and a large-
scale of employee layoff (Zhang et al., 2020). According to Sansa (2020), COVID-19
outbreak will lead to the global recession, it will cause more severe economy problem
compared to the 2008 Subprime Mortgage. Indonesia could not escape from the losses
caused by the COVID-19 outbreak as well. As we know that Indonesia and China have
close trade relations, thus Indonesia was also experiencing an economic slump where its
export and import activities, tourism sector, and investment were decreasing (Nia, 2020).
Moreover, when the government confirmed the first COVID-19 case of Indonesia on
March, 2nd 2020 and started promoting work and study from home, the economy of
Indonesia became chaotic. Businesses started to fail, and many people lost their job.

As we know, the economy of the world was in confusion during the COVID-19
outbreak, and indirectly affect the financial markets. Many studies were conducted to
tfind out the impact of COVID-19 pandemic towards the stock markets in the world, and
most of them only focused on stock market return, they approved that there is a
significant effect between stock market and the COVID-19 outbreak. Shanghai Stock
Exchange (SSE) and Shenzhen Composite Index (5ZSC) in China was surely experiencing
a decline. Even SZSC has dropped by -8.45% (Nia, 2020). The stock market index of USA,
The Dow and S&P, reported a fall by -20%, as well as Nikkei, the stock market index for
the Tokyo Stock Exchange (Sansa, 2020). Other than that, FITSE (UK) also dropped by -
10% on March, 12th 2020, and Colombo Stock Exchange had fallen by -9% and was forced
to close the trading 3 times during that time (Sansa, 2020; Zhang et al., 2020).

Meanwhile, there are many factors which can determine the volatility of stock
market throughout this pandemic. Nia (2020) stated that in the globalization era
nowadays, all countries in the world are more integrated and interdependent, especially
in the economy sector. An issue in one financial market will affect the movement of the
other markets. It is supported by Vahlevi and Muharam (2017) statement that stock
market index, interest rate, commodity index, and exchange rate can be used to measure
the financial market volatility. But until this research was completed, there were still a
few studies conducted to measure the stock market volatility using its relation towards
the other financial markets during the COVID-19 outbreak, especially in Indonesia. For
instance, Baker et al., (2020) only analyzed how COVID-19 affect the US stock market
volatility. Same with Sansa (2020), the analysis was done by using the confirm cases of
COVID-19 as the independent data, and China and US stock return as the dependent
data. While in Indonesia, Nia (2020) only analyzed the stock market Indonesia during the
COVID-19 pandemic using its closing price, stock’s circulation, interest rate and book
value of equity. Therefore, this research intends to measure the stock market volatility of
Indonesia which is proxied by Jakarta Composite Index (JCI) using its relation towards
the USD/IDR exchange rate and gold price from January 2019 to August 2020 in order to
know the relation between each variable before and during COVID-19 spreads.

Exchange rate and gold price are considered as the representatives of
macroeconomic conditions. And based on Surbakti et al (2016) macroeconomic conditions
may influence the volatility of stock market, since it influences the firm’s daily operations.
Wahyudi et al (2017) also has the same idea where stock market fluctuation is indivisible
from the macroeconomic conditions (i.e. exchange rate and gold price). The changing in
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exchange rate and gold price can cause stock uncertainty. Abd Rahman & Ramli (2013);
Kalu and Okwuchukwu (2014); Kirui et al (2014); Rashid Sabri (2004) approved that there
is a significant effect between stock volatility and exchange rate. Apart from that, Baur &
Lucey (2010) conducted a study regarding gold, stocks and bonds in US, German and UK.
They found that gold can be a stock’s safe haven in three countries only during the
extreme financial market decline at a short period of time. This result is in line with Baur
& McDermott (2010) which explained that gold acts as a panic buying of investors in the
financial market shocks.

In the pandemic situation as it is now, the economy is in hesitation along with
uncertainty in the financial market which will cause a high risk. Thus, this research is
expected to help the investors and traders to understand the determinant of stock market
volatility and can be their additional information in knowing the effect of volatility on the
stock market price during pandemic, in order to get the right and advantageous
investment decision and also to reduce risks. This research will be beneficial for the policy
makers as well, since it helps them to know and understand the factors that can
determine the stock market volatility. Other than that, this research is aimed for the next
researchers to conduct the next study.

2. HYPOTHESIS DEVELOPMENT

COVID-19 Pandemic

COVID-19, also called as Coronavirus, is a non-segmented RNA virus which is
included in the family Coronaviridae. This disease is originated from Wuhan, the capital
of China’s Hubei province (Huang et al., 2020). Based on the media report, on January, 1st
2020, the market in Wuhan that was suspected to be the emergence area of COVID-19 was
closed for environmental sanitation and disinfectant enforcement. No longer than
January, 13t 2020, Thailand was reported as the first case of COVID-19 outside China.
And since then, people that were infected by COVID-19 kept increasing (World Health
Organization, 2020). The total of confirmed cases in the world until May 2020 is 4.71
million cases with 1.73 million recovered cases and 315 thousand death cases. While up to
May, 25% 2020 Indonesia had 22,750 positive cases, with 1,391 death cases and 5,642
patients that has recovered (WHO South-East Asia, 2020).

This pandemic has impacted so many sectors, and its impact has been escalating
since WHO declared COVID-19 as a Public Health Emergency of International Concern
(PHEIC). Before the COVID-19, such outbreak like Middle East Respiratory Syndrome
(MERS) and Severe Acute Respiratory Syndrome (SARS) were once a concern for the
world, but the impact was not as big as the COVID-19 outbreak (Senol and Zeren, 2020).
However, WHO committees believe that there is still a way to prevent the spreading of
this virus, they suggest each country to start providing its health department with strong
measure equipment to detect the disease early on, encourage its society to practice
physical distancing, isolate and medicate the cases according to SOP and trace contact
(World Health Organization, 2020). This suggestion has been followed by many countries
including Indonesia since March, 19th 2020.

Stock Market Volatility

In the financial market, volatility is one of the critical concepts. it can help the
traders and investors examine the possible profit and loss of a certain security. Volatility
itself can be defined as the statistical measurement of security’s return or commodity
price spreading at the particular time. The volatility of a security is often measured by
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calculating its return’s standard deviation or variance (Surbakti et al., 2016). Thus, it can
assist the traders and investors in predicting the security’s value uncertainty for both near
and distant future.

When a security has a higher volatility, it means that the security’s value is widely
dispersed. It will cause the security’s value to change straight away in each direction at a
short period of time. While if a certain security has a lower volatility, it means that the
security’s value tends to be more stable. Volatility can be disadvantageous for some
traders or investors since they may not gain the expected return at a time which they look
forward to. But for some investors, security with high volatility can be beneficial as well,
since the chance to get prominent capital gain is higher. Yet with this preference, the
investors also have to face a higher risk as the security’s value uncertainty is greater.
Nevertheless, investors will only take that risk if there is surely big probability in gaining
higher profit, or what so-called high risk, high return (Handayani et al., 2018).

In Indonesia itself, stock market has developed well. Issuers and investors in
Indonesian Stock Exchange (IDX) are increasing and it gives a good influence to the value
and volume of trading in IDX. This positive growth attracts the foreign investors and
global financial organizations to start-off their investment and transaction on IDX. This
condition causes a positive impact to the capital market since it gives capital inflows. But
at the same time, it will cause a volatility in IDX since global financial organizations and
foreign investors are types of investors that are sensitive to the global financial market’s
changes (Robiyanto et al., 2017). Thus, when a country, in this case is Indonesia, is
experiencing a crisis or economic problem, foreign investors will tend to withdraw their
investments from IDX.

Jakarta Composite Index

As the name suggests, Jakarta Composite Index (JCI), also known as IDX composite,
is a composite index of all stocks that are traded in Indonesia Stock Exchange (IDX). It
was first known in April, 1st 1983. While the calculation basis day was in August 10th 1982
with thirteen stocks and basis value of one hundred. When the JCI increases, it means that
the Indonesian stock market is in a very good situation and when it decreases, that means
the Indonesian stock market experiences a shrinkage (Robiyanto, 2018). This statement is
supported by Adam (2014) who said that JCI's dynamic shows the performance
indicators of industries which sell their stocks in Indonesian Stock Exchange (IDX). Based
on this reason, JCI is the best variable to proxy the stock market volatility in Indonesia
during COVID-19 pandemic for this research.

There are many studies conducted mainly to discuss the impact of COVID-19 to the
stock market in the world, and most of them only focused on the stock return. Sansa
(2020) and Zhang et al., (2020) confirmed that COVID-19 caused a price depreciation in
the stock market. Al-Awadhi et al (2020) confirmed that COVID-19 had a negative
significant effect towards Shanghai Stock Exchange (SSE) return even though some of
index sectors (such as: information technology and medicine manufacturing stock return)
were experiencing a minor improvement. Liu et al (2020) conducted the same research for
the other 21 countries that were affected by COVID-19 and approved that this outbreak
affects the stocks return. Furthermore, Nia (2020) stated that at the end of January 2020,
JCI experienced 4.87% decline and -8.52% in February 2020. The other evidences from
other countries’ index, such as; Dow Jones (-26%), DAX (-29%), S&P500 (-24%),
NIKKEI225 (-23%), FTSI100 (-29%), Shanghai (-10%), and Nasdaq (-18%) were also
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experiencing a decline between January to April 2020 and kept decreasing as WHO
reported COVID-19 as global pandemic in March 2020 (Senol and Zeren, 2020).

Exchange Rate

Exchange rate is the value of one country’s currency compared to another country’s
currency. Principally, there are two types of exchange rate system, first is the fixed
exchange rate where the central bank of a country sets the price of its currency. While the
second one is the floating exchange rate where the price of a currency depends on the
supply and demand in the market. According to Robiyanto (2018), Indonesia has
implemented the free-floating exchange rate since August, 14th 1998. and free-floating
exchange rate itself can cause uncertainty, since the USD/IDR exchange rate depends on
the supply and demand in the forex market.

COVID-19 outbreak has impacted the exchange rate in almost all countries,
including in Indonesia, Nia (2020) reported that the foreign exchange of Indonesia
dropped by IDR54.8 trillion since China flights being temporary closed and also there
was tourist restriction from China. Other than that, Chandra (2020) stated that Central
Bank of Indonesia forecasted the worst scenario of USD/IDR exchange rate that might fall
into IDR17,500 - IDR20,000 per USD. This forecast was in line with Naryono and
Sukabumi's (2020) argumentation where in March 2020, the USD/IDR exchange rate
almost hit IDR17,000 per USD.

The exchange rate’s impact on stock market can be positive or negative. According
to Robiyanto et al (2019), the devaluation of country’s currency can be a positive impact
for the export countries since it can improve the export competitiveness and thus make
the stock market of a country becomes attractive. And yet, if the exporters have debt in
dollars or import its raw materials, they have to pay more money due to currency
depreciation and make the profit decrease which causes a negative impact towards the
stock price, this explanation is also approved by Wahyudi et al (2017).

While during the crisis situation as COVID-19 outbreak, the economy of the world
tends to be unstable, especially in an emerging country. Financial turmoil that is
experienced by a country, in this case Indonesia, will depreciate the domestic currency.
The depreciation of IDR also portrays the bad condition of Indonesia’s economy, which
makes the stock market to be at risk (Robiyanto et al., 2019). Therefore, this condition will
influence foreign investors to withdraw their investment, causing shrinkage of stock
market capital inflow which leads to the stock market volatility (Pantas et al., 2019).
According to Olweny and Omondi (2011), foreign exchange rate has an effect toward the
stock return volatility. This statement is in line with Pinjaman & Aralas (2015) result
where exchange rate has a positive relation with the stock market volatility. Kalu &
Okwuchukwu (2014) conducted a study on the relation between exchange rate and stock
return volatility in Nigeria and found that exchange rate and stock return volatility have a
positive effect. In Indonesia itself, Surbakti et al (2016) conducted a study on global
economic crisis in 2008 and also found that exchange rate has a positive effect on JCI's
return volatility. It means that the more foreign exchange rate increases (IDR depreciate),
the more volatile the local stock market will be, but at the same time it will decrease the
US stock market volatility (Walid et al., 2011). Thus, based on the explanation above, the
hypothesis is formulated as below:

Hi: USD/IDR exchange rate volatility has a positive impact towards Jakarta Composite
Index volatility during COVID-19 outbreak in Indonesia
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Gold Price

Gold is a durable and valuable metal which can be stored and retrieved at a desired
time, expecting that it still has value. It is one of the chemical elements with high atomic
number (79) which is also known as Aurum (Au) in the periodic table. Since gold is
considered as a precious metal, it is traded in futures market and commodity market in
the form of bullion or gold bars with various weights (usually grams and kilograms) or
can be used as a monetary asset (Robiyanto, 2018).

Just like stock market and foreign exchange market, most items in commodity
market during COVID-19 pandemic were also experiencing a disruption. Senol and Zeren
(2020) reported that, the overall on March 2020, the world primary commodity price
decreased by 37.3%. But it also stated that during that time, precious metals sector raised
by 5%. Furthermore, Karali and Power (2010) informed that the demand of oil during this
COVID-19 outbreak fell down while the demand of gold increased. This information is
supported by the decline of the oil price index by 56.30% and the increase of the gold
price index by 26.38%.

Gold can be very beneficial since it can act as a safe haven and also can be used as
hedging tactic in the commodity contract (Hussin et al., 2013; Temmuz and Oma, 2012).
This statement is in line with Surbakti et al (2016) explanation where gold can be a
beneficial investment since it is very liquid, accepted by any region, and the price tends to
rise. Ibrahim and Baharom (2011) conducted a study about other possible investments
during financial turmoil which cause stock market volatility and found that gold can be
an alteranative investment since it can reduce the portfolio investment risk. According to
Cohen and Qadan (2010), investors still consider gold as a “protection” against the stock
market variability. It provides hedging towards the stock market risk and a safe haven
troughout the ultimate stock market slump. Assets for a hedging investment mostly have
a negative relation or are unrelated with the other asset or portfolio, whereas safe haven
assets are unrelated or have a negative relation toward the other asset during market
turmoil (Miyazaki and Hamori, 2013). In reference to the explanation above, the
hypothesis is formulated as below:

H»: Gold price volatility has a negative impact towards Jakarta Composite Index
volatility during COVID-19 outbreak in Indonesia

3. METHOD, DATA, AND ANALYSIS

Data

In this study, the researcher will analyze the data and prove the existing hypothesis
by explaining the relation of the independent variable towards the dependent variable or
what so-called as associative research (Putra and Robiyanto, 2019). As discussed earlier in
the previous chapter, this study intends to know the relation of exchange rate and gold
price towards Jakarta Composite Index volatility. This research uses secondary data,
which is also classified as quantitative data, where USD/IDR exchange rate data are
obtained from Bank Indonesia website (www.bi.go.id), whereas gold price and JCI data
are gained from yahoofinance.com. The researcher will use time-series data which are
collected from January 2019 to August 2020 in daily basis in order to examine the
connection between variables before and during the COVID-19 outbreak in Indonesia’s
economy and how those variables react to this pandemic.

The test will be conducted three times, consisting of; before the pandemic (using
January 2019 to August 2019 data), during the pandemic (using January 2020 to August
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2020 data), and combination of before and during the pandemic (January 2019 to August
2020). For the data of during the COVID-19 pandemic, the researcher chose to take
January 2020 as the starting month because even though there was still zero people in
Indonesia that got infected by COVID-19, January 2020 was the first month where
COVID-19 started significantly affecting almost every country in the world, and since the
economy in this era has been more globalized and linked with each country in the world,
therefore, any economy disruption happened in one country can affect the other
countries” economy (Nia, 2020). Zhang et al (2020) also added that although the outbreak
of COVID-19 impact on global economy is still uncertain, financial markets have already
become volatile. While August 2020 is chosen to be the final month of the analysis since
during the time this research was being conducted, the global COVID-19 crisis was still in
play and the market normality has not been recovered yet.

Definition of Operational Variables
This research uses one dependent variable that is JCI stock return volatility, and two
independent variables which are USD/IDR exchange rate and gold price. These variables
will be calculated in daily basis.
1. To determine the JCI's volatility, JCI stock return must be calculated. Which can be
obtained using this formula:

_ Cley = JCle-1y
Jte ™~ JCle—1y

Where R JCle is the representation of JCI stock return at t-day, JCI is the symbol of JCI
closing price at t-day, and JCI(;_1) is JCI closing price of the previous t-day

Afterward, conditional variance will be used to measure the conditional volatility of the
JCI's stock return. According to Daly (2011), conditional variance can measure and
forecast the conditional volatility of a return accurately since this model relies on the
previous period. This statement is in line with Engle's (1982, 1983) result, where big
and small fallacy tend to arise in cluster, which proposed a heteroscedasticity form
where the forecast of fallacy variance depend on the past disruption. Thus, ARCH
model was invented which makes use of general statistical characteristic or what so-
called conditional variance.

2. USD/IDR exchange rate will be calculated using USD/IDR exchange rate changes
which will be represented as AE Re), and can be derived using this formula:

ER) — ER(—
AER ) = [ o __— ¢ 1)]

ER-1)

Where ER ;) is a symbol for USD/IDR exchange rate at t-day, and ER(;_) is a symbol for
USD/IDR exchange rate of the previous t-day

3. Gold price variable will be calculated using gold price changes which will be
symbolized as AGold ), and can be gained using this formula:

GOld(t) - GOld(t_l)
GOld(t_l)

AGOld(t) =
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Where Gold ) represents gold price at t-day, and Gold;_1y is gold price a day before t-
day.

Technique of Analysis

JCI's volatility is used as the dependent variable in this research. Therefore, stock
market volatility must be measured and will be represented by conditional variance.
Theoretically, volatility is measured either using the variance or standard deviation which
have a crucial laxity since the variance of financial data is changing continuously
(Pinjaman & Aralas, 2015). Karmakar (2005) argues that volatility is not constant over
times, he stated that in conducting financial market research, volatility clustering is
indicated by the time-series data (e.g. exchange rate and stock return). Volatility
clustering itself is introduced by Mandelbrot which means that large shift will be
followed by large shift and vice versa. And this indicates that volatility is not randomly
changing (Pandey, 2005).

Thus, based on the reason above, R. F. Engle (1983) generated a method called
Auto-Regressive Conditional Heteroskedasticity (ARCH) which became the milestone of
dynamic volatility estimation method. It is a fundamental econometric method that can
be used to predict and approximate the volatility of asset return. The parameters number
of ARCH (q) model in measuring the volatility of asset return really relies on the lags
number. The problem with this method is that the higher the lags number (q) increases,
the lower the model accuracy will be. Thus, due to the ARCH model’s shortcoming,
Generalized Auto-Regressive Conditional Heteroscedasticity (GARCH) model was
advanced by Bollerslev (1986) in order to catch more long lagged effects with less
parameters and the conditional variance. Moreover, GARCH model can be used for a
research which has data abnormalities and heteroscedasticity issue (Putra & Robiyanto,
2019).

Therefore, based on the explanation above, this research will be conducted using
GARCH, and conditional variance will represent the measurement of stock market
volatility. The research model according to GARCH (p,q) can be formulated as below:

I/]C] = ﬁ() + ﬁlERt + ﬁzGOldt + O-tz + Et

With:
& = P&+ + ¢t5t—p + 1
Nt = Ot€t

Where, V¢, represents the dependent variable, that is JCI's volatility. While ER and
Gold represents the independent variables, which are USD/IDR exchange rate and gold
price. And, € is a symbol for error. While, €, is the clear noise or stationery which self-
determined and uniformly distributed. It is autonomous to prior error from n;_;.

While the conditional variance formula will be:
0f = ag+ ar€f 1 + -+ apefy + Mol + o+ 08,

Where, a;e?_; is the ARCH symbol of the prior period’s volatility and 1,07 ; is the
GARCH term for the volatility in the prior period.

In order to conduct GARCH analysis, unit root test must be performed first to know
whether the time-series data are stationaries (do not have unit root). Unit root test will be
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done by using Augmented Dickey-Fuller (ADF) test. The data or variables will be
accepted if they are stationaries. The ADF result will be tested with the critical value (a)
with the value of 0.01. If the ADF result has a lower value than «, thus it can be concluded
that the time-series data are stationaries and the researcher can conduct the GARCH
analysis (Kishor & Singh, 2016).

4. RESULTS

Descriptive Statistic

The purpose of doing the descriptive statistics analysis is to find the minimum,
maximum, mean, and standard deviation of all variables used in this analysis. It is shown
in the Table 1 below that before the pandemic, JCI return has a lower average (0.0207
percent) compare to USD/IDR return (0.1986 percent) which makes USD/IDR has higher
return than JCI. However, even though USD/IDR has higher return than JCI, it is shown
in the table that USD/IDR has a lower risk compare to JCI as the USD/IDR return
standard deviation (0.009787) is lower than JCI return (0.009871). Furthermore, it is stated
in the table as well that before the pandemic, the average of gold return is -0.0183 which
means that before the pandemic, gold was declining. In addition, before the pandemic,
USD/IDR volatility has the highest average (1.002575) compare to the other volatility
variables but it has the least standard deviation (0.029098). contrary to that, gold volatility
has the least average (0.877407) but highest standard deviation (0.244151)

During the pandemic, JCI return average is -0.1591 and the standard deviation is
0.021749 which means that during the outbreak of COVID-19, JCI return experienced a
slump and had the highest risk compare to the other return variables. Other than that,
USD/IDR return (0.3080 percent) has higher average than gold return (0.0482 percent) but
at the same time USD/IDR also riskier than gold since USD/IDR return has higher
standard deviation than gold return (0.020244 > 0.015774). Additionally, during the
pandemic, JCI volatility has the least average (0.847991) and the least standard deviation
(0.261355) which makes it the least risky compare to the other volatility variables. While
gold volatility has the highest standard deviation during the pandemic period which
makes it the riskiest (0.738142).

Overall, from January 2019 through August 2020, it is stated in the table that JCI
return still experience a decline with high risk since the value of JCI return average is -
0.0289 percent and it has the highest standard deviation (0.013110) compare to the other
return variables. However, it is shown in the table as well that even if gold has the least
return (average: 0.000031), the risk is lower compare to the other return variables (gold
return’s standard deviation: 0.010100). Besides that, from January 2019 through August
2020, USD/IDR volatility has the highest average (1.002917) and standard deviation
(0.192787). while JCI volatility has the least average (0.998598) and gold volatility has the
least standard deviation (0.047726).

Unit Root Test Result

Unit root test is done by using the Augmented-Dickey Fuller (ADF) test with 1%
(0.01) as the critical value (a). There are three data that are tested by using ADF test,
which are; before pandemic, during pandemic, and the combination of before and during
pandemic (January 2019 to August 2020). The data will be accepted if the probability is
lower than the critical value (a) — (probability < a).
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Table 1. Descriptive statistic of JCI, USD/IDR, and Gold

Period Variable N Minimum Maximum Mean Dev. Std.
JCI return 92 0031567 _ 0.030389 _ 0.000207 _ 0.009871

Gold return 92 0016578  0.012530  -0.000183  0.005773

Before ~ USD/IDRreturn 92  -0.027882  0.035921  0.001986  0.009787
Pandemic JCI volatility 92 0959912 1179364 0999814  0.040987
Gold volatility 92 0499427 1573370  0.877407  0.244151

USD/IDR volatility 92 0962431 1116880  1.002575  0.029098

JCI return 92 0117553 0.047632 _ -0.001591 0.021749

Gold return 92 -0.065626  0.037828  0.000482  0.015774

During ~ USD/IDRreturn 92  -0.046310 0111927  0.003080  0.020244
Pandemic  JCI volatility 92 0298807 1301512 0847991  0.261355
Gold volatility 92 0458364 4785310  1.001103  0.738142

USD/IDR volatility 92 0464979 1702284 1150550  0.351300

JCI return 393 -0.065787  0.101906 _ -0.000289  0.013110

Gold return 393 -0.036995  0.046847  0.000031  0.010100

J suary 22:9 USD/IDRreturn 393  -0.046310  0.059477  0.001153  0.011160
o ™ IClvolatility 393 0305777 1207040  0.998598  0.150452
Gold volatility 393 0710911  1.051697  1.000453  0.047726

USD/IDR volatility 393 0279363 1259328  1.002917  0.192787

As stated on the Table 2 below, it is shown that the data have a significant effect,
since the probability of the data are lower than (0.0000 < 0.01). Thus, the data pass the

unit root test and can be used for the next

Table 2. Unit Root Test result

test.

Period Variable t-statistic Probability
JCI -10.00061 0.0000™"
Before Pandemic Gold -9.173578 0.0000™
USD/IDR -9.999588 0.0000™
JCI -7.370486 0.0000™
During Pandemic Gold -9.144801 0.0000™
USD/IDR -10.77823 0.0000™
JCI -18.07053 0.0000™
January 2900 to Gold 118.79775 0.0000™
8 USD/IDR -27.47536 0.0000™

"significant at the level of 1% significance

Normality Test Result

In conducting a financial market analysis, data abnormalities and heteroscedasticity
problems are inevitable. And according to Mohd Nor & Shamiri (2007), data with thick
tails (leptokurtic) commonly are not fully portrayed by normal GARCH method.
Furthermore, Yaya et al.,, (2014) added that t-student and Generalized Error Distribution
(GED) of GARCH method are proven well to analyze the financial data with abnormality.

The normality test is done by using Jarque-Bera test and used to know which
GARCH distribution is the most suitable for the analysis. Table 3 presents the result of
normality test of the data. There are two GARCH distribution that will be used for this
research. Gaussian (normal) distribution will be used for data which are normal, while
GED distribution is applied for data with abnormalities since GED can represent the
skewness and kurtosis of the Value-at-Risk appropriately.
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Table 3. Normality Test

Variables Period Probability Conclusion

JCL Gold, and Befgre pandemlc? 0.000063  Not normauy (%1str1buted

USD/IDR return During pandemic 0.220477  Normally distributed
January 2019-August 2020 0.000019  Not normally distributed

JCI return, Gold and Befqre pandemlc.: 0.955763  Normally dlstrlput?d
USD/IDR Volatility During pandemic 0.004894  Not normally distributed
January 2019-August 2020 0.000006  Not normally distributed
. Before pandemic 0.029802  Not normally distributed
a r]1 glggg/nllgﬁ, Ige(ﬁldrn During pandemic 0.005461  Not normally distributed
January 2019-August 2020 0.000000  Not normally distributed
1 Gold and L e 035591 Normally disributed

USD/IDR volatility 1o PACEMIC ' ormarty cistrbute

January 2019-August 2020 0.000000  Not normally distributed

GARCH Analysis Result

Table 4 shows the GARCH result of gold and USD/IDR return impact on JCI return.
Based on the table, the GARCH probability of all period are lower than the critical value
(5%) which means that the research model goes along with GARCH pattern.
Furthermore, it can be seen that the probabilities of all independent data are exceeding all
three-significance level (1%, 5%, 10%). Therefore, it is concluded that there is no effect
between gold, USD/IDR, and JCI return in all three periods (before pandemic, during
pandemic, and the combination of before and during pandemic).

Table 4. The result of GARCH (1,1): The Impact of Gold and USD/IDR Return towards JCI Return

Independent z-statistic ~ Probability GARCH

Period

Variable z-Statistic  Probability
USD/IDR 0.139524 0.8890 0.0360"
Before Pandemic Gold -0.613897 0.5393 2.096576 (GED)
C 0.871169 0.3837
USD/IDR 1.421079 0.1553 0.0000™
During Pandemic ~ Gold 0.605623 0.5448 10.57307 ( G;aussian)
C -0.096223 0.9233
USD/IDR 0.703220 0.4819 -
J a;‘z;flys tzg(l)zot" Gold 1.002100 03163  12.39478 0('8%08)
C 1.286423 0.1983

“*significant at the level of 1% significance
“significant at the level of 5% significance

In the Table 5, the result of GARCH analysis for gold return, USD/IDR return and
JCI volatility is presented. Before the pandemic (January 2019-August 2019), it is shown
that USD/IDR return affects the JCI volatility but gold does not. Nevertheless, needed to
be underlined that the before pandemic data do not follow the GARCH pattern since the
probability violate the significance level. Moreover, the result of the data from January
2019 to August 2020 also do not follow the GARCH pattern. However, the figure in the
table reveal that there is no relation between gold return, USD/IDR return, and JCI
volatility. Other than that, during the pandemic, both gold and USD/IDR return do not
affect the JCI volatility since the probabilities of both independent data are greater than
the all three-significance level.
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Table 5. The Result of GARCH (1,1): The Impact of Gold and USD/IDR Return towards JCI
Volatility

. Independent . .. oye GARCH
Period VaIr)iable z-statistic  Probability z-Statistic Probability

USD/IDR 3.316585 0.0009 0.8166

Before Pandemic  Gold 0.604600 0.5454 -0.231869 ( GED)
C 15792529 0.0000"
USD/IDR -0.246337 0.8054 0.0000"

During Pandemic  Gold 0.063519 0.9494 14.93677 ( GED)
C 20.65926 0.0000"
USD/IDR 0.738013 0.4605

J 323;13; tZg(l)zOto Gold -1.243016 0.2139 0.149313 (()('3815811)3;

C 342.8735 0.0000"*

*

“significant at the level of 1% significance

The result of relation between gold volatility, USD/IDR volatility, and JCI return is
presented in Table 6. Before and during the pandemic, it is shown that gold volatility has
a positive impact while USD/IDR volatility has a negative impact on JCI return. Before
the pandemic, the independent data are significant at the level of 1%; 5%; and 10%. While
during the pandemic, gold is significant at the level of 10% and USD/IDR is significant at
the level of 5% and 10%. But somehow, table 6 shows that on January 2019 to August
2020, gold and USD/IDR volatility do not have any impact on JCI return as the
probability of independent data are greater than the significance level.

Table 6. The Result of GARCH (1,1): The Impact of Gold and USD/IDR Volatility towards JCI Return

Independent z-statistic Probability GARCH

Period

Variable z-Statistic  Probability
USD/IDR 1161721 0.0000™ .
Pfiézﬁic Gold 9424847 0.0000™ 15.54013 é) 0000
C -14.85572 0.0000" (Gaussian)
. USD/IDR 22.290453 0.0220" .
During Gold 1.815952 0.0694" 6.342266 0.0000
Pandemic (GED)
C 1.222748 0.2214
USD/IDR 0.068360 0.9455 .
J a;‘zaztzg;gg" Gold -0.214575 0.8301 12.95542 O'ggg
& C 0.248738 0.8036 (GED)

“*significant at the level of 1% significance
“significant at the level of 5% significance
“significant at the level of 10% significance

Table 7 presented the GARCH analysis result for gold, USD/IDR, and JCI volatility.
According to the table, USD/IDR and gold volatility are affecting the JCI volatility in all
three periods. Before the pandemic, both independent data (USD/IDR and gold
volatility) positively affect the JCI volatility. Furthermore, USD/IDR and gold volatility
also show a positive relation with JCI volatility on January 2019 to August 2020.
However, it is shown in the Table 7 as well, that during the outbreak of COVID-19, gold
volatility has a negative impact while USD/IDR volatility has a positive impact on JCI
volatility as it is known that the probabilities of the independent data are lower than the
significance level (1%; 5%; 10%) and the z-statistic result for gold volatility has a negative
value and z-statistic of USD/IDR volatility has a positive value.
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Table 7. The Result of GARCH (1,1): The Impact of Gold and USD/IDR Volatility towards JCI

Volatility
. Independent - - GARCH
Period Variable z-statistic Probability z-Statistic Probability
USD/IDR 11.50295 0.0000" -
Pf:cfl‘:ﬁic Gold 19.21534 0.0000™ -2.863444 o(.g(g%
C 3319721 0.0009™ )
) USD/IDR 26.74739 0.0000™ .
P?r:‘;;‘ngic Gold -3.038159 0.0024™ 2.092088 3'036‘.*
C 20.91464 0.0000™ (Gaussian)
USD/IDR 11.50295 0.0000™ -
Iaxzaflysfg(l)zoto Gold 19.21534 0.0000" -2.863444 o.g(?é
& C 3319721 0.0009™ (GED)

“*significant at the level of 1% significance
“significant at the level of 5% significance

5. DISCUSSION

From the GARCH analysis of table 4, it is shown that either gold nor USD/IDR
return do not affect the JCI return in all periods of analysis. This means, overall, gold and
USD/IDR return do not have any relation with JCI return from January 2019 through
August 2020. Secondly, on the table 5, the GARCH analysis shows that gold return does
not have any relation with JCI volatility in all periods. While, USD/IDR return positively
affected JCI volatility only before the outbreak of COVID-19 happened in Indonesia.
However, USD/IDR return and JCI volatility do not have any relation in the period of the
COVID-19 pandemic. Thirdly, table 6 discuss about the impact of gold and USD/IDR
volatility towards JCI return. It is shown that during the COVID-19 pandemic there is no
relation between gold volatility, USD/IDR volatility and JCI return. However, it is stated
on the table 6 as well that before the outbreak of COVID-19, gold volatility positively
affected JCI return and USD/IDR volatility negatively affected JCI return. this implies
that the more volatile the gold return is, the higher the JCI return. While the more volatile
the USD/IDR return is, the lower the JCI return will be, vice versa. Yet overall, from
January 2019 through August 2020, gold and USD/IDR volatility do not have any effect
towards JCI return.

The first hypothesis is proven by the analysis of USD/IDR volatility and JCI
volatility during the outbreak of COVID-19 in Table 7. As stated in Table 7, USD/IDR
volatility positively affects JCI volatility during COVID-19 pandemic (January 2020-
August 2020). In addition, USD/IDR and JCI volatility also shows the same reaction
before the pandemic (January 2019-August 2020). Thus, it can be concluded that in the
presence or absence of COVID-19 pandemic, USD/IDR volatility will still positively affect
JCI volatility. This means, as the foreign exchange rises, the JCI volatility will increase as
well, vice versa. This result is in line with Surbakti et al., (2016) analysis which stated that
exchange rate and JCI volatility have a positive impact during global financial turmoil.
Other researches, such as Pinjaman & Aralas (2015) and Kalu & Okwuchukwu (2014) also
approved that exchange rate and stock volatility have positive relations. Additionally,
Endri, Abidin, Simanjuntak, & Nurhayati (2020) analyzed macroeconomic variables,
international stock exchanges, and JCI volatility from January 2012 through December
2018 using GARCH method and found that exchange rate also positively and
significantly affected JCI volatility.
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Exchange rate and JCI volatility are happened to have a positive relation because
during the COVID-19 outbreak, Indonesia’s economy was in a bad condition and the IDR
value depreciated against USD value. Therefore, many companies in Indonesia faced a
difficulty in paying imported supplies and external debt which caused reduction in profit.
This phenomenon led to the decrease of investors” interest in funding the companies.
Thus, the companies’ stock price will drop and eventually affect the JCI movement
(Robiyanto et al., 2019). In addition, as the foreign investors saw that Indonesia was in an
economy crisis during the pandemic, many of them start to withdraw their investment
money which cause the drop of stock market inflow and thus, JCI volatility is inescapable.

The second hypothesis concerning the relation of gold and JCI volatility during
COVID-19 pandemic in Table 7 is shown to be accepted. It is stated in the table that
during the outbreak of COVID-19 (January 2020-August 2020), gold volatility negatively
affected JCI volatility. Whereas Surbakti et al., (2016) and Syahri & Robiyanto (2020)
results show that during the economy crisis, gold and JCI volatility do not have any
significant relation. However, Miyazaki & Hamori (2013) confirmed that during the
economic crisis, assets that are usually used for save haven or hedging investment
generally have a negative relation or even do not have any relation with the other assets.
Additionally, gold and JCI volatility are found negatively related only during the
outbreak of COVID-19, as it is shown in Table 7 that before the pandemic (January 2019-
August 2019) gold and JCI volatility are positively related. Which means that the more
volatile the gold price is, the more volatile the JCI return.

In the pandemic situation like COVID-19 outbreak, many investors start looking for
other investments to reduce their risk, this statement is in line with Prawirosaputro &
Hapsari (2017) analysis which stated that during the critical financial market turmoil, a lot
of investors will start looking for the real assets (i.e. gold) to be invested, as the stock
return or bonds are no longer capable in enduring the risk. During the economy crisis,
many investors will start varying their portfolio and invest for hedging or save haven
assets. Gold is proven to be one of the hedging tactics or save haven assets during the
financial turmoil (Cohen & Qadan, 2010; Ibrahim & Baharom, 2011; Robiyanto et al.,
2017). Furthermore, Ji, Zhang, & Zhao (2020) conducted a study relating the save haven
asset in the outbreak of COVID-19 and found that during the pandemic, gold can be used
as safe-haven investment in emerging countries.

6. CONCLUSION, LIMITATIONS, AND SUGGESTIONS

The purpose of this study is to find the relation between USD/IDR, gold, and JCI
volatility during the outbreak of COVID-19 in Indonesia. The analysis uses GARCH
method and time-series data which consist of before pandemic (January 2019-August
2019), during pandemic (January 2020-August 2020), and the combination of before
pandemic and during pandemic period (January 2019-August 2020). It is concluded from
the result that USD/IDR volatility has a positive effect towards JCI volatility, while gold
volatility negatively affects JCI volatility during the COVID-19 pandemic in Indonesia.
This phenomenon happened because during the pandemic, Indonesia faced the economy
crisis where many companies and industries had a difficulty in importing raw materials
and paying foreign debts which makes the investors disinterested in investing their
money in the stock market of Indonesia. This finding also supports the arbitrage pricing
theory which has existed based on an empirical data and prove the concept of gold as a
safe haven is a robust concept. Additionally, knowing that Indonesia had an economy
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crisis also made the foreign investors withdraw their money from Indonesia’s stock
market and therefore, will affect the JCI volatility. Furthermore, since many investors
know that Indonesia faced a financial turmoil during the outbreak of COVID-19, they
started looking for a safe haven or hedging investment to reduce their risk investment.
Based on this analysis and previous studies, it is proven that gold can be used as an
investment during the financial turmoil.

However, considering the fact that the outbreak of COVID-19 did not only affect the
economy in Indonesia, but also the economy around the world. Therefore, further
analysis from the other countries are also needed since there might be different result
from each country to another. In this case, since Indonesia is considered as one of the
developing countries, the analysis of the determinant of stock market volatility during the
outbreak of COVID-19 might be different with the developed countries. Moreover,
further research is also needed to analyze the determinant of JCI volatility from the
beginning until the end of COVID-19 pandemic in Indonesia seeing that until this
research is finished, the COVID-19 pandemic is still happening in Indonesia. In addition,
the next researcher can add more independent variables such as interest rate, bonds, etc.
in order to know how it impacts to the Indonesia’s economy. Other than that, the GARCH
probability for the analysis of USD/IDR return, gold return and JCI volatility before the
pandemic and in the period of January 2019 through August 2020 have a greater value
compare to the significant value which makes it does not follow the GARCH pattern.
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