“Modeling asymmetric volatility of financial assets using univariate GARCH
models: An Indian perspective”

AUTHORS

ARTICLE INFO

DOI
RELEASED ON
RECEIVED ON
ACCEPTED ON

LICENSE

JOURNAL
ISSN PRINT
ISSN ONLINE
PUBLISHER
FOUNDER

67

Neenu Chalissery
Mosab I. Tabash
Mohamed Nishad T.
Maha Rahrouh

Neenu Chalissery, Mosab |. Tabash, Mohamed Nishad T. and Maha Rahrouh
(2022). Modeling asymmetric volatility of financial assets using univariate

GARCH models: An Indian perspective. Investment Management and Financial
Innovations, 19(4), 244-259. doi:10.21511/imfi.19(4).2022.20

http:/dx.doi.org/10.21511/imfi.19(4).2022.20
Tuesday, 06 December 2022
Wednesday, 12 October 2022

Tuesday, 22 November 2022

(G ey |
This work is licensed under a Creative Commons Attribution 4.0 International
License

"Investment Management and Financial Innovations"
1810-4967

1812-9358

LLC “Consulting Publishing Company “Business Perspectives”

LLC “Consulting Publishing Company “Business Perspectives”

© The author(s) 2022. This publication is an open access article.

=//~/| BUSINESS
PERSPECTIVES

Nem—

businessperspectives.org



®®

Investment Management and Financial Innovations, Volume 19, Issue 4, 2022

<

==l

BUSINESS PERSPECTIVES

LLC “CPC “Business Perspectives”
Hryhorii Skovoroda lane, 10,
Sumy, 40022, Ukraine

www.businessperspectives.org

Received on: 12th of October, 2022
Accepted on: 22"¢ of November, 2022
Published on: 6t of December, 2022

© Neenu Chalissery, Mosab I. Tabash,
Mohamed Nishad T., Maha Rahrouh,
2022

Neenu Chalissery, Ph.D., Department
of Commerce and Management
Studies, Farook College (Autonomous)
Kozhikode, India.

Mosab I. Tabash, Ph.D., Associate
Professor, Department of Business
Administration, College of Business, Al
Ain University, United Arab Emirates.
(Corresponding author)

Mohamed Nishad T., Associate
Professor, Department of Commerce
and Management Studies, Farook
College (Autonomous) Kozhikode,
India.

Maha Rahrouh, Ph.D., Assistant
Professor, Department of Business
Administration, College of Business, Al
Ain University, United Arab Emirates.

This is an Open Access article,
distributed under the terms of the
Creative Commons Attribution 4.0
International license, which permits
unrestricted re-use, distribution, and
reproduction in any medium, provided
the original work is properly cited.

Conflict of interest statement:
Author(s) reported no conflict of interest

244

Neenu Chalissery (India), Mosab I. Tabash (United Arab Emirates),
Mohamed Nishad T. (India), Maha Rahrouh (United Arab Emirates)

MODELING ASYMMETRIC
VOLATILITY OF FINANCIAL
ASSETS USING UNIVARIATE
GARCH MODELS: AN INDIAN
PERSPECTIVE

Abstract

In recent years, numerous models with various amounts of variance have been de-
veloped to estimate and forecast important characteristics of time series data. While
there are many studies on asymmetric volatility and accuracy testing of univariate
Generalized Autoregressive Conditional Heteroscedasticity models, there are no par-
allel studies involving multiple financial assets and different heteroscedastic models
and density functions. The objective of this study is to contrast the forecasting accuracy
of univariate volatility models with Normal and Student-t distributions in forecasting
the volatility of stock, gold futures, crude futures, exchange rate, and bond yield over a
10-year time span from January 2010 through December 2021 in Indian market. The
results of exponential, threshold and asymmetric power models show that the volatil-
ity stock (-0.12047, 0.17433, 0.74020 for Nifty, and -0.1153, 0.1676, 0.7372 for Sensex),
exchange rate (-0.0567, 0.0961,0.9004), crude oil futures (-0.0411, 0.0658, 0.2130), and
bond yield (-0.0193, 0.0514 and -0.0663) react asymmetrically to good and bad news.
In case of gold futures, an inverse asymmetric effect (0.0537, -0.01217, -0.1898) is
discovered; positive news creates higher variance in gold futures than bad news. The
Exponential model captures the asymmetric volatility effect in all asset classes better
than any other asymmetric models. This opens the door for many studies in Indian
financial market.

Keywords asymmetric volatility, financial assets, univariate
Generalized Autoregressive Conditional
Heteroscedasticity models, model comparison
JEL Classification C22,C52,C53,G17

INTRODUCTION

The three most common phenomena in time series analysis are vola-
tility clustering, leptokurtosis, and asymmetric volatility (Aliyev et al.,
2020). These types of time series characteristics have led to the devel-
opment of numerous models with varying levels of variance for the es-
timation and forecasting of volatility. Lengthy periods of large market
variance following a period of large variance, as well as long lengths of
weak market variance following a period of weak variance, are called
the volatility clustering (Cao & Tsay, 1992). A firm exhibits higher
volatility asymmetry when future volatility is predicted by a negative
return relative to a similar-sized positive return (Nelson, 1991). The
main causes of this occurrence are the Risk Premium Effect (French
et al., 1987) and Leverage Effect (Black 1976; Christie, 1982). The lev-
erage effect theory put forth by Black (1976) argues that the general
tendency for increases in return volatility to be adversely linked with
changes in return of stock and that variability is typically large during
market declines (bad news) than during market increases (good news).
As evidenced by later studies by Christie (1982) and Schwert (1989),
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the leverage effect is insufficient to describe this phenomenon. Even if the underlying market shocks
have distributions that are conditionally normal, the volatility feedback can still explain these return
characteristics.

When there is an asymmetric effect in time series data, the conditional variance is likely to have an
asymmetric response to the good and bad news. The ARCH and GARCH models can estimate and
predict the variance in the time series data in the majority of cases, but they fall short in capturing key
crucial aspects of asymmetric behavior of the financial data. Many authors evaluated the asymmetric
response of conditional volatility of various asset classes to negative (unfavorable) and positive (favor-
able) events/news. Even though, particularly with regard to an emerging market like India, no studies
have investigated this effect by incorporating major financial assets in the Indian financial market to-
gether. The main goal of earlier studies in the Indian context was to fit a conditional variance model to
a specific financial market, most frequently the stock market (Chandra & Thenmozhi, 2015), (Kumar
& Dhankar, 2009), (Karmakar, 2007), and (Goudarzi & Ramanarayanan, 2011). Moreover, previous
researchers have mostly concentrated on estimating the asymmetric effect in the volatility of a specific
financial instrument or predicting the accuracy of univariate GARCH models. The most intriguing
component, which has not been addressed by previous researchers, is measuring the asymmetry in the
volatility of different financial assets using multiple univariate GARCH models. This work will add to
this literature by incorporating different financial assets and multiple GARCH models. The asymmetric
volatility features among stocks, commodities, forex, and bonds are being investigated for the first time
in an Indian context using multiple GARCH family models with different density functions. This will
be helpful for the research community to provide a summary of all those studies in this field. Further,
it will help national and international investors construct their portfolios, thereby reducing investment
risk by not depositing all eggs in a single basket.

1. LITERATURE REVIEW

of financial leverage, like short selling and behav-

AND HYPOTHESES

As the financial market has undergone continuous
upheaval as a result of financial crises and crashes,
modeling asymmetric volatility using univariate
GARCH models has drawn the attention of aca-
demics and researchers in recent years. The histo-
ry of the asymmetric volatility effect is discussed
in this section along with the methodology used
by researchers for estimating it.

The empirical phenomenon of volatility asymme-
try has been well studied by Black (1976), Christie
(1982), and Schwert (1989), which means a de-
crease in the stock’s value would raise financial
leverage, making it riskier and more volatile, and
vice versa. The leverage effect (Black 1976) was
the initial justification for the asymmetric volatil-
ity, which indicates that a fall in the stock price
reduces the equity’s worth more than it does the
debt’s value, increasing the ratio of debentures to
owner’s fund, which raises the risk of the firm and
causes volatility to rise. There are other reasons for
the asymmetric volatility in addition to the impact
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ioral preference (Talpsepp & Rieger, 2010) and
asymmetric attention (Dzielinski et al., 2018). Kao
(2021) claim that this impact has a more aggres-
sive influence heuristic during overnight trading
periods and validate the behavioral explanation
for this effect.

Numerous authors have looked into the asymmet-
ric volatility and leverage effect in various asset
returns, including stock indices, foreign exchange
returns, and various commodity price classes. In
the empirical literature, the equity markets have
received the most attention because they are
where the effect is most pronounced. Asymmetric
behavior of the Tel Aviv Stock Exchange was ex-
amined empirically by Alberg et al. (2008), to-
gether with other time series data characteristics
with GJR and APARCH models. Further, Aliyev
et al. (2020) used Exponential and GJR models to
model and estimate the variability of Nasdaq-100;
they found the presence of leverage effect and
asymmetric volatility effect. The study suggests
that the Exponential GARCH model with skewed
Student-t density function is superior. This sugges-
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tion was confirmed by Magsood et al. (2013) that
the asymmetric GARCH models predict the lever-
age effect more precisely than symmetric models.
By utilizing EGARCH, TGARCH, APARCH and
IGARCH with normal and Student-t distributions
(Abdullah et al., 2017) measured and predict cur-
rency volatility. Further, Cho and Rho (2022) used
high-frequency data of the most transacted cur-
rencies to investigate the presence of asymmetry
in the currency markets.

Further research into six main currencies realized
semi-variances and variances, and the dynamics
of interdependence between them on different fre-
quency and temporal scales (Shahzad et al., 2020)
revealed that the realized currency volatility and
cross-currency impacts increased across financial
crisis period. Hashmi et al. (2021) examined how
this asymmetric volatility affects Indian trade
across international borders with its top trading
partners using a non-linear ARDL model; they
proposed that the volatility of currency rate and
international trade fluctuations in response to the
financial crashes have an asymmetric relationship.
Smales (2015) conducted research on asymmetric
effect in the conditional volatility in gold futures
and found that the sentiment of events had a signif-
icant influence on variability in return. Contrary
to this, Todorova (2017), Chang et al. (2021), and
Ghazali and Lean (2015) demonstrated empirical
evidence for the gold market’s inherent inverse
asymmetric volatility effect and safe haven prop-
erty. In addition, Chen and Mu (2021) and Tse
(2016) looked at the inverse relationship among re-
turn and volatility of agricultural, energy, indus-
trial, and precious metal commodities and discov-
ered the “inverse leverage effect” with the excep-
tion of crude oil futures. For the crude oil futures,
they found the presence of a significant leverage
effect (Liu et al.,, 2021). For bond yield, de Goeij
and Marquering (2006) and Yang et al. (2012) con-
firm the presence of asymmetric response of bond
yield to news announcements with different signs.

In the context of India, researchers have focused on
modeling asymmetric reaction of conditional vari-
ance of stock towards news with different sign with
different GARCH models. Karmakar (2007) made
an investigation using Nifty to characterize the het-
eroscedastic characteristics of the Indian capital
market using the standard GARCH, EGARCH and
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EGARCH-in-Mean. The study provides evidence
of volatility asymmetry in addition to time-var-
ying volatility, clustering and persistence. In sim-
ilar manner, Mahajan and Singh (2009), Kaur
(2004), Kumar and Maheswaran (2012), and Padhi
(2006) took into account symmetric and asymmet-
ric GARCH models to determine volatility and
to confirm the existence of an asymmetric effect.
Chakraborty and Subramaniam (2020) focused on
how investor behavior changed the return and var-
iability in stock in the time of market crashes. They
discovered that investor emotion influences stock
performance at extreme quantiles. When the mar-
ket returns to its fundamentals, higher sentiment is
followed by lower future returns, whereas low sen-
timent results in fear-induced selling, which lowers
returns. Further, using the Nonlinear ARDL model,
Raza et al. (2016) and Kumar et al. (2021) examine
the relation among the prices of different finan-
cial assets in the context of India and offer empir-
ical proof of the existence of asymmetries among
return and volatility of these asset classes. While
analyzing these literatures, most of the studies in
the Indian context have either focused on single fi-
nancial market, especially stock market or applied
single GARCH model.

The fundamental econometric tool used to esti-
mate and forecast asset return volatility is con-
ditional heteroscedastic modeling. Engle’s (1982)
seminal paper proposed the ground-breaking
idea of using ARCH (Autoregressive Conditional
Heteroscedasticity) processes to model time-vary-
ing volatility. He compares the current error term’s
variance to earlier error terms. According to em-
pirical data, to represent the dynamic behavior of
conditional variance, a higher ARCH order is re-
quired. Bollerslev (1986) created the Generalized
Autoregressive Conditional Heteroscedasticity
models to solve this issue by minimizing the in-
finity of estimated parameters. Since their distri-
butions are symmetric, ARCH and GARCH mod-
els do not represent the stylized truth that nega-
tive (positive) news raises (decreases) volatility
(Awartani & Corradi, 2005). Numerous non-linear
GARCH models have been created to address this
issue. The Asymmetric Power ARCH (APARCH)
model by Ding et al. (1993), the Threshold GARCH
(TGARCH) model by Glosten et al. (1993), and the
Exponential GARCH (EGARCH) model Nelson
(1991) have been suggested as these nonlinear ex-
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tensions of GARCH can be used to solve the is-
sue. Further, different density functions have been

used to increase the prediction accuracy of models
(Bollerslev, 1986; Bailie & Bollerslev, 1989).

Even though there are various univariate and mul-
tivariate GARCH models, the precision of these
models in estimating the volatility and other char-
acteristics of financial data is important, and it
has been the subject of numerous studies. A com-
parison of the most popular linear and non-line-
ar GARCH and how they handle asymmetry was
highlighted by Hentschel (1995). The author found
that the two ways the GARCH models treat asym-
metry and transform the conditional standard de-
viation are different from one another. Using the
GARCH, EGARCH, GJR-GARCH, and APARCH
models with various density functions, Alberg et al.
(2008) and Lin (2018) modeled and replicated well
accepted aspects about conditional variance. The re-
sult indicates that the EGARCH outperforms oth-
er asymmetric GARCH models. Using quadratic
GARCH, Campbell and Hentschel (1992) derived
a model of volatility feedback in stock returns. In
this line of research, Peters (2001) assessed the pre-
cision of GARCH (1,1), EGARCH, GJR-GARCH,
and APARCH with different density functions, and
Caporin and Costola (2019) used the News Impact
Curve to estimate conditional volatility and con-
firmed that different GARCH models, the study re-
sult indicate that even though models estimate the
asymmetry none of them capture leverage effect.
Moreover, studies included various software appli-
cations that were used to calculate asymmetric vol-
atility and their forecasting precision. Charles and
Darné (2019) assessed estimation accuracy of eight
software packages utilizing different distributions,
as well as the precision of out-of-sample forecasting.
They demonstrated that results varied depending
on the software, particularly for t-ratios. Many ex-
tensions of linear and non-linear GARCH models
have recently been introduced to finance literature.
BenSada (2021) enhanced the estimation of good
and bad volatility using new class of asymmetric
heteroskedastic models. Further Catania (2022) in-
troduces a novel volatility model that allows for a
more accurate description of the leverage impact
and its spread throughout the financial time series.

In recent years, modeling volatility, especially
asymmetric volatility, is an interesting field of re-
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search, as the financial market is witnessed by fre-
quent ups and downs. Similarly, accurate volatility
models are essential for managing portfolios and
risk hedging. By looking into the asymmetrical be-
havior of various financial markets, investors would
be able to safeguard themselves from significant
losses by spreading their funds across many mar-
kets. Even though there is a lack of empirical stud-
ies on estimating these volatility features in India.
Similarly, most studies have examined the asym-
metric volatility of single financial assets using uni-
variate GARCH models, no studies have looked at
this effect by utilizing multiple financial assets, dif-
ferent GARCH models, and density functions. The
primary goal of the study is to estimate the asym-
metric behavior of stock, bond yield, exchange rate,
gold, and crude oil futures on the Indian financial
market. The study is also aimed at comparing the ef-
fectiveness of the various univariate GARCH mod-
els and suggesting the accurate model to estimate
the asymmetric effect. The main hypotheses of this
study are:

H: ‘Thereis a significant presence of asymmetric
volatility in stock indices in the Indian finan-
cial market.

H:  There is a significant presence of asymmetric
volatility in currency return in the Indian fi-
nancial market.

H_:  Thereis a significant presence of asymmetric
volatility in bond yields in the Indian finan-
cial market.

H_:  Thereis a significant presence of asymmetric
volatility in crude oil futures in the Indian
financial market.

H_:  There is a significant inverse asymmetric vol-
atility effect in gold futures in the Indian fi-
nancial market.

H_: The EGARCH model outperforms any oth-
er GARCH models to model the asymmetric
volatility effect in time series in the Indian
financial market.

The precision of GARCH models is signifi-

cant influenced by characteristics of density
functions in the Indian financial market.
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2. METHODOLOGY

2.1. Data

This paper evaluates the asymmetric behavior
in the volatility of bond, commodity, stock and
currency market. Sensex and Nifty are consid-
ered to be a proxy for the stock market, 10-year
bonds represent the bond market, INR/USD rate
is a proxy for the currency market, and the com-
modity market is represented by gold and crude
oil futures. The study uses daily closing price data
of five financial assets such as SENSEX, NIFTY 50,
INR/USD, bond, gold and crude oil futures from
2010 through 2021. The study uses return data,
which are produced by dividing the price at time t
(P) by the price from the previous day (P ), then
taking the logarithmic first difference. The details
of the financial asset selected for the study and the
source of data collection are described in Table 1.

Table 1. Description of data

Financial Financial asset Source of data
Market collection
Bond market 10-year bond yield i Reserve (BRaBr;;< of India
Commodity Gold futures Multi Commodity
market . ......Crudeoilfutures - Exchange (MCX)

A © " National Stock
SEPCNXNIYS0 © Exchange (NSE)

Stock market
Bombay Stock

PP BSE Sensex  Exchange (BSE)

Foreign A
Bureau of Indian
exchange INR/USD standard (BIS)
market

2.2. Methods

The fundamental econometric tools for estimat-
ing and predicting the volatility of asset returns
are conditional heteroskedastic models. Since the
development of ARCH model by Engle (1982) and
their generalization by Bollerslev (1986), many
improvements have been made to this method for
modeling volatility. Various GARCH models used
to forecast different volatility characteristics of
study’s variables have been discussed below.

2.2.1. GARCH models
The GARCH (p, q) model

To simulate and predict asset dynamics, ARCH
and its extensions are frequently used. Building
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on Engle’s work (1982), Generalized ARCH model
was created by Bollerslev (1986). GARCH models
can reflect the varied impacts of favorable and un-
favorable news on conditional volatility. The vari-
ance in a general GARCH model is written as:

P
2 2
ws,+ S
Jj=1

where Gtz is the return residual, g, is the con-
ditional variance, and ap, A and /3]_ are the pa-
rameters to be calculated. For the model to be
valid, the ®p and . must all have nonnegative
values, and &, + f5, are expected to be less than
1. This is a necessary condition for the positive
variance. Higher values of the «, coefficient in
the financial data series indicate a higher re-
sponse to market shocks in terms of volatility,
while the larger coefficients of the fj coefficient
indicate the presence of market shocks.

The GARCH-M model

q
2 _
o, =q,+
i=1

O

The mechanism behind volatility feedback is not
taken into consideration by the GARCH model.
It captures the “GARCH-in-mean” model, also
known as the GARACH-M model, proposed by
Engle et al. (1987):

y,=c+&h +u,. )
Or capture the risk using the standard deviation
of the series instead of variance. That is:

y, :c+§\/h_t+ut.

Here the risk of asset return with GARCH-M is
captured using the standard deviation of the se-
ries. That is:

P q
Y=o+ nghtfk + zbiutz—i . @)
k=1 i=1

©)

2.2.2, Asymmetric GARCH models
The Exponential GARCH model

The EGARCH (1,1) allows for an asymmetric reac-
tion of conditional volatility to good and bad news.
Nelson (1991) created it with the straightforward
specification as follows:

Mean equation =1, = u+eg,. (5)

http://dx.doi.org/10.21511/imfi.19(4).2022.20
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Variance equation

2 2
ln(o; ) =a,+f, ln[O'H]+
2 €
+a, RV A
T O,
where y explains the asymmetries. If y < 0, it in-
dicates that bad news causes more volatility than
positive news, whereas y >0 indicates that good

news has a greater destabilizing effect. When y =0,
there is no asymmetry.

The Threshold GARCH model (TGARCH)

The Threshold GARCH (TGARCH) is a similar
approach to modeling the asymmetric effect put
forth by Zakoian (1994) and further extended by
Rabemananjara and Zakoian (1993). The condi-
tional standard deviation is also treated in this
model. They defined TGARCH as:

£ (6)

t-1

O-t—l

(7)

o, =w+ao, [|gt| - cgt] +po, ,,

o,=w+alle_ >0]e_ +

)
+yl [gt_l < O]gt_1 + fo,,

If y > 0, an asymmetry exists, indicating that the
impact of news with positive and negative signs on
conditional volatility is different. The unfavorable
shocks’ impulse (« + y), is higher than the favora-
ble shocks’ impulse (), so the asymmetry is visible.

The Asymmetric Power ARCH model (APARCH)

Further, Ding et al. (1993) proposed the asymmet-
ric power ARCH (APARCH) model as:

©)

5 s 5
ol =0+ a[|gt_1 | -¥E,, ] + Bo’ .

In which >0, @ > 0, and w > 0. The asymmetric
effect is reflected by the parameter y, with -1 <y
< 1. If the value of the y is positive, then the model
captures the asymmetric effect.

3. EMPIRICAL RESULTS
AND FINDINGS

To obtain the stationary series, price data have
been transformed into return data by using the
below equation:

http://dx.doi.org/10.21511/imfi.19(4).2022.20

r, =100[ log(P)~log(p,)], (10)

where P, represents the assets’ closing value on
date t. As in Table 2, the return series satisfies the
stationarity test using the ADF and PP tests.

Table 2. Stationarity test

Source: Authors calculation.

ADF Test PP Test
Assets TSR — T T
t-statistic: Probability:t-statistic: Probability

CrudeOil | -17016 00000 f

old .£...9.0000

NR/USD .9.0000

NIETY £..90000 ' -53.898

SENSEX | ..9.0000

Interest Rate | ~54.274 ' 0.0000

Table 3 reports the summary statistics of the prof-
itability of six assets. The mean return of stock in-
dices is higher (Sensex = 0.00044, Nifty = 0.00041)
as compared with other assets, followed by gold
futures (0.00021). The standard deviation of two
stock indices (Sensex and Nifty) was higher dur-
ing the sample period. This indicates that even
though stock indices provide higher returns, their
variation (risk) is also higher. The interest and ex-
change rates show a negative skewness, and all the
assets show leptokurtic as the kurtosis value is
greater than three.

One frequently employs the Lagrange Multiplier
test to determine whether ARCH effects exist.
Regress the squared regression residuals é* on
their lags €, * to test for first order ARCH.

11

A2 A2
&1 =Yotre,, tVv,.
The null hypothesis is: H) =y, = 0 against H =y, # 0.

In the absence of an ARCH effect, Y, =0, and the
testing equation will fit the data poorly with a low
R2 value. It is anticipated that, if there isan ARCH
effect, the size of & will rely on its lagged values
and that the R? will be quite high.

Table 4 depicts the result of the ARCH-LM test.
Since all the LM values are statistically significant
at a 5% significance level, the fact that the series
has an ARCH effect on the residuals indicates
that the variance of the return of the six assets se-
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Source: Authors calculation.
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.06 084
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02|
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.00 m
-04
-.08 -
110
=12
-.16H‘_H_H_H_H‘H‘_H_H_H_H_H_H'-15“‘\“‘\“w T Tl T T T T T
10 11 12 13 14 15 16 17 18 19 20 21 10 12 14 16 18 20
Figure 1. Return plot of financial assets
Table 3. Descriptive statistics
Source: Authors calculation.
Statistics Interest rate Gold futures : Crude oil futures | INR/USD Nifty Sensex
Mean 0.00005 0.00021 i 0.00003 i 0.00015 0.00041 0.00044
Maximum 0.05720 0.08469 2.24592 0.06097 0.1390 0.14101
Minimum —-0.06636 —0.05913 —2.21914 —0.06097 -0.084 —0.08595
Std. Dev. : 0.00654 : 0.00895 : 0.00529 : 0.00525 : 0.01093 0.01093
Skewness -0.25365 0.352466 0.563882 -0.10373 0.968786 1.054949
Kurtosis : 17.2167 : 11.6296 : 10.191 : 25.0337 : 17.2723 19.8838
Jarque—Bera 25718.4 8387.005 11508.01 63320.99 25715.49 32389.44
Observations 3050 2685 2701 3130 2975 2685

250

http://dx.doi.org/10.21511/imfi.19(4).2022.20



Investment Management and Financial Innovations, Volume 19, Issue 4, 2022

ries is non-constant. In addition to this, volatility
clustering was also observed on the return series
(Figure 1).

Table 4. ARCH-LM test result

Source: Authors calculation.

Assets ‘ ARCH-LM statistic | Prob Chi Square (1)
Crude oil ' 0.0000
T — o000
NRUSD 00000
Nifty : 0.0000
:Sensex..............3.‘. ‘ ﬁ:):.:OOOO
10-year bond yield : 79.152 0.0000

Standard ARCH/GARCH models treat unfavorable
news (Negative e,_ < 0) and favorable news (Positive
e, > 0) symmetrically. However, the effect of news
with different sign is asymmetric. Generally, when
bad news affects the financial market, asset prices
frequently go through a volatile period, and vola-
tility rises and with a positive news, volatility tends
to be small. This phenomenon is called as “leverage
effect” (Black, 1976). Since the prevailing concern
about the standard GARCH and GARCH-in-Mean
models is unsatisfactory in accommodating the
asymmetric volatility or leverage effect and volatili-
ty persistence, the study used asymmetric GARCH
models, namely, EGARCH, TGARCH/GJR-
GARCH, and APARCH, to accommodate these
characteristics. Further, the comparative test of the
univariate GARCH models for modeling asymmet-
ric volatility of each asset return using Normal and

Student-t distribution is described. The parameters
used to evaluate performance include the Adjusted
R? (High), Log likelihood (High), and SIC (Low).

Table 5 presents the estimation results of 10-year
bond yield using univariate GARCH models.
Except for APARCH, the leverage effect coeffi-
cients are significant with correct signs (-0.01933
for EGARCH and 0.05146 for TGARCH) under
Gaussian/normal distribution. For APARCH, the
sign of the coefficient is inverse and not signif-
icant. Therefore, the Exponential GARCH and
Threshold GARCH models capture the asymmet-
ric effect in interest rate. Among EGARCH and
TGARCH, EGARCH is the accurate model as it
has higher log likelihood and adjusted R* and low
SIC value). Using the Student-t distribution, none
of the asymmetric GARCH models is significant.
Among symmetric GARCH models, the GARCH
(1,1) model provides more accurate result than the
GARCH-M model using Student-t distribution.

The estimation result of gold futures is summa-
rized in Table 6. An inverse asymmetric effect or
leverage effect is found for gold futures using nor-
mal distribution, that is, positive news creates more
volatility in gold than negative news of the equal
size, as the sign of leverage co-efficient y is positive
for EGARCH (0.0537) and negative for TGARCH
(-0.0121) and APARCH (-0.1898), and significant for
all the GARCH models. By analyzing the criteria for
the best model (Adjusted R*= 0.0017, Log Likelihood

Table 5. Estimation result of GARCH models: Bond yield

Source: Authors calculation.
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=9164.16, and SIC= -6.826), EGARCH is the precise ~ Student-t distribution. Among the asymmetric
model to estimate the inverse asymmetric effect of GARCH models, EGARCH using Student-t distri-
gold futures. Estimating asymmetric volatility us- bution is a more accurate model to estimate the
ing Student-t distribution, none of the asymmetric ~asymmetric variance in the crude oil futures, as
GARCH models provide significant results. Among it has a higher adjusted R* (0.0081) and log likeli-
symmetric GARCH models, GARCH (1,1) model hood value (7030.04) and lower SIC value (-5.200).
provide more accurate result than the GARCH-M
model under Student-t distribution. In the case of the INR/USD rate, all the coef-
ficients are significant with the correct sign
The estimation result of crude oil futures was (~0.0567 for EGARCH, 0.0961 for TGARCH) ex-
summarized in Table 7. A significant presence of cept for APARCH under both distributions (Table
asymmetric volatility effect is captured by all the 8). For APARCH, the sign of the coefficient is pos-
non-linear GARCH models using Normal and itive but insignificant at the 5% level. Even though

Table 6. Estimation result of GARCH models: Gold

Source: Authors calculation.
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Table 7. Estimation result of GARCH models: Crude oil

Source: Authors calculation.
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the EGARCH and TGARCH models capture the
asymmetric volatility in INR/USD, the EGARCH
provides a better forecast than the TGARCH mod-
el with an adjusted R? of 0.0108 and log likelihood
value of 9806.40, and least SIC value of —8.548.

All the asymmetric GARCH models capture the
asymmetric volatility effect for S&P CNX Nifty
(Table 9) and BSE SENSEX (Table 10) return for
the stock return. With regards to accuracy of
models, the study found that the Exponential
GARCH under Student-t distribution is the best to
model asymmetric volatility of both stocks, as the
Adjusted R* and Log likelihood values are high-

er (0.0086 and 9702.92 for Nifty and 0.0078 and
8809.41 for Sensex), and SIC value is minimum
(-6.506 for Nifty and -6.543 for Sensex) as com-
pared with TGARCH and APARCH.

One of the key goals of this study is to determine
whether there is a single best model that captures
asymmetric volatility across all assets. The result
indicates that the Exponential GARCH model is
best to captures the asymmetric volatility effect
in all the asset classes than any other asymmet-
ric GARCH model. In addition to this study tested
how well GARCH models perform under different
density functions. The log likelihood and SIC val-

Table 8. Estimation result of GARCH models: INR/USD

Source: Authors calculation.
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Table 10. Estimation result of GARCH models: SENSEX

Source: Authors calculation.
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ue for models under Normal and Student-t distri-
butions are listed in appendix Table A1 and Table
A2. The comparison between bond yield and gold
futures is not made because the outcome is insig-
nificant under the student-t distribution. Models
with Student-t distributions typically produce the
highest Log likelihood and lower SIC value.

4. DISCUSSION

This study finds a significant presence of asym-
metric volatility for all the assets except in the
case of gold futures. The volatility stock, INR/
USD, crude oil futures, and bond yield respond
asymmetrically to positive and negative news.
For all these assets, negative news creates higher
variance than positive news of the equal size. This
result supports the earlier findings of Goudarzi
and Ramanarayanan (2011), Karmakar (2007),
Jayasuriya et al. (2009), Alberg et al. (2008),
Aliyev et al. (2020), Magsood et al. (2013), and
Umar et al. (n.d.) who proposed that the volatility
of stock behave asymmetrically. While compared
with earlier studies on comparing the accuracy of
GARCH models to measure this asymmetry, the
results are consistent with the findings of Alberg
et al. (2008) and Magsood et al. (2013), and
contradict Srinivasan and Ibrahim (2010), and
Sharma et al. (2021) who suggest that symmetric
GARCH models are better for forecasting condi-
tional volatility BSE SENSEX than the asymmet-
ric GARCH model. Further, the estimation result
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of asymmetric volatility in bond yield supports
the findings of de Goeij and Marquering (2006)
and Yang et al. (2012).

In line with the results of Mensi et al. (2015), Bal et
al. (2018), Shahzad et al. (2021), and Kumar Panda
(2018), the findings affirm a significant presence of
asymmetry in the conditional volatility of INR/
USD rate. Supporting the earlier findings of the best
GARCH model to capture the asymmetric effect
in the exchange rate volatility (Balaban, 2004), this
study confirms that the Exponential GARCH mod-
el is accurate. The estimation result of crude oil fu-
tures concurs with the results of studies by Sekati et
al. (2020), Narayan and Narayan (2007), Todorova
(2017), Liu et al. (2021), and Chiarella et al. (2016),
who found a negative relationship between volatility
and return of crude oil futures. In the case of gold fu-
tures, an inverse asymmetric effect is discovered; pos-
itive news creates more volatility in gold futures than
negative news. The result is concordantly consistent
with the findings of Todorova (2017), Chen and Mu
(2021), and Ghazali and Lean (2015). However, the
result supports the gold as a safe haven if its volatility
falls during times of financial unrest (Jain & Biswal,
2016). This finding contradicts the findings of Smales
(2015), who evidenced that bad news has a much big-
ger impact on the volatility of gold futures.

Based on Adjusted R, Log likelihood value, and
SIC value, the study indicates that the Exponential
GARCH is the best fit for modeling the asymmet-
ric volatility of all financial assets. The result is
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supported by previous studies by Maqgsood et al. are generally better fit. The data obtained concur
(2013), Alberg et al. (2008), and Lin (2018). While with earlier studies by Hentschel (1995), Braun et
comparing the Gaussian and Student-t distribu- al. (1995), Heynen et al. (2016), Alberg et al. (2008),
tions, models based on the Student-t distribution Kanas (2000), and Luo and Wang (2019).

CONCLUSION AND IMPLICATIONS

The main objective of the study is to determine whether there is an asymmetric influence in the con-
ditional volatility of the following six asset classes on the Indian financial market: bonds, gold futures,
crude oil futures, INR/USD, Nifty, and Sensex using the Normal and Student-t density functions, and
to assess the precision of the GARCH, GARCH-in-Mean, EGARCH, TGARCH, and APARCH models.
The study finds that the volatility stock return (Nifty and Sensex), INR/USD, crude oil futures and bond
yield behave asymmetrically. In case of gold futures, an inverse asymmetric effect is discovered. When
comparing univariate GARCH models, based on diagnostic value, the study found that the Exponential
model with Student-t distribution is better to capture the asymmetric volatility effect in all six asset
classes. It can be concluded that except gold futures all other assets behave asymmetrically to news
with different signs, and gold futures exhibit an inverse asymmetric response. With this, investors can
combine assets with gold, so that investors can minimize risk of adverse of market conditions. Among
the non-linear GARCH models, the exponential model captures this effect in the Indian capital market.

In the existing literature on asymmetric volatility in time series data, researchers have either focused on
estimating the asymmetric effect in the volatility of a particular financial asset or forecasting the pre-
cision of GARCH models. This work is an addition to the body of knowledge on volatility by extending
the research on estimating financial asset variability using univariate GARCH models and the accuracy
of those models’ forecasts. It expands our understanding of a useful GARCH family model for predict-
ing market volatility. This provides a comprehensive grasp of asymmetric effect phenomenon in the
assets under consideration. This evaluation is crucial for local and international investors to identify the
diversification opportunity in the Indian stock market and the distribution of their financial resources.
In addition, accurate volatility estimations are essential for portfolio management and risk hedging,.
To generalize the findings, more research on modeling asymmetric volatility of various financial assets
across different economic regions using univariate and multivariate GARCH models should be done in
the future. Researchers can also employ alternative econometric models to simulate the asymmetric vol-
atility effect in addition to GARCH models, and these models can be contrasted with GARCH models.

Like all other time series studies, this study has its limitations as it only focuses on a few specific assets,
such as stocks, gold, crude, exchange rates, bond yields, and frequently used univariate GARCH models.
In addition, the time frame of the study is limited to the 10-year period between 2010 and 2021.
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APPENDIX A
Table Al. Log likelihood comparison of different asymmetric models under Gaussian and Student-t
distribution
Source: Authors calculation.
. Crude oil INR/USD Sensex
Statistics - ” * - ” * - T * - T

Gaussian : Student-t | Gaussian : Student-t | Gaussian : Student-t | Gaussian : Student-t
GARCH 691878 . 7004.95 | 9672.07 : 978469 . 961856 . 9678.40 : 873117 . 877272
GARCH-M 6918.78 7009.40 9672.07 9789.34 9645.56 9682.53 8752.39 . 8791.05
EGARCH 6927.94 7030.04 9666.87 9806.40 9673.46 9702.92 8779.11
TGARCH 692422 | 702360 | 968932 : 980346 . 966650 . 969499 877162
APARCH 6928.09 7029.29 9688.21 9805.65 9673.64 9702.05 8778.80 8808.77

Table A2. SIC value comparison of different models under Gaussian and Student-t distribution

Source: Authors calculation

L Crude oil INR/USD Sensex
Statistics " i * N T * " T * N T

Gaussian : Student-t | Gaussian : Student-t | Gaussian @ Student-t : Gaussian @ Student-t
GARCH -5104 5169 | 8432 © 8532 . 6454 | 6479 . —6491 : —6.519
GARCH—M —5.195 —5.1§9 —8.4%4 —8.5'3‘3 —6.4ZO —6.591 —6.594 —6530
EGARCH -5.112 -5.185 -8.429 -8.548 -6.489 -6.506 -6.524 —6.543
TGARQH —5.199 —541§Q —8449 —8545 —6A4§‘4 —659‘1 —65}8 :.6:“537
APARCH -5.109 -5.181 —8.445 —-8.544 —6.486 —6.503 —6.520 —6.540
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