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ABSTRACT

The main goal of this study is to look at how the Indian stock market
benchmark index Nifty 50, the price of gold, the price of crude oil, the
USD/INR exchange rate, and natural gas are all dynamically linked to
each other. Data is collected on a daily basis from January 01, 2009
to March 31, 2023. We used the DCC GARCH and Diebold & Yil-
maz (2012) connectedness frameworks, along with Granger causality,
to find the short- and long-term volatility transmissions between the
variables. There is no volatility spillover that exists between the Nifty
50 and gold price, the Nifty 50 and crude oil, the Nifty 50 and natural
gas, the gold price and exchange rate, the gold and natural gas, the
exchange rate and crude oil, and the exchange rate and natural gas
in the short run. The DCC GARCH findings indicate that portfolio
diversification will benefit investors in the short run in the aforemen-
tioned pairs. However, a significant volatility spillover relationship
exists in the long run, which eliminates the opportunity for portfolio
diversification. Natural gas is self-sufficient, and it is least affected by
the volatility of other markets. We found significant dynamic inter-
connectedness between the Nifty 50, the exchange rate, and the Brent
Price. The result of Diebold & Yilmaz connectedness suggests that
while making investing decisions, investors should take into account
the volatility of the Nifty 50, gold, and exchange rates. The research
findings have remarkable relevance to investors and policymakers for
risk management, portfolio optimization, and diversification and to
better understand the market dynamics. Analysis also provides prom-
inent indicators for policymakers regarding monetary and fiscal pol-
icies, considering the impact that exchange rates, gold, and crude oil
exert on the stock market.

Keywords: Volatility Spillover, DCC GARCH, Diebold and Yilmaz,
Granger Causality, Gold Price, Crude oil, Exchange Rate

1. INTRODUCTION

Since 1991, globalization, liberalization, and privatization opened up the Indian market to glob-
al trade and allowed international companies to enter the Indian market. Due to this relaxation,
the Indian market is now tied to the global economy, and the world has now become a global
village. Therefore, an incident that occurs in ‘one nation’ does not always affect that nation
alone; it can have a contagion effect on economies everywhere (Vo & Ellis, 2018). As a re-
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sult, volatility, complexity, and uncertainty in the global financial environment have increased.
Hence, rational investors seek to optimize their risk-adjusted return by diversifying their hold-
ings across a variety of asset classes. A number of portfolio managers diversify their portfolios
across equity, oil, and gold to maximize risk-adjusted returns (Jain & Biswal, 2016).

Geopolitical conflicts and trade disputes are reshaping the dynamics of the stock market, gold,
crude oil, and exchange rate. Global trade dynamics are rapidly evolving. Crude oil and gold
are two major commodities in India’s import basket and have a significant effect on the USD/
INR exchange rate. Crude oil plays a remarkable role in India’s energy requirements, and India
is the second largest importer of crude oil and stands in the fifth position in gold imports. They
are considered crucial commodities, and their volatility has significant importance in both do-
mestic and international business matters. (Rastogi et al. 2021; Siddiqui & Roy, 2019). Partic-
ularly for countries that import gold and oil, such as India, their swings cause the value of the
Indian rupee (INR) to depreciate while simultaneously raising the rate of inflation.

The USD/INR exchange rate is majorly influenced by changes in the price of gold and crude oil,
which have a substantial effect on the performance of developing countries like India. Crude oil
and gold are being an international commodity that are anticipated to have a negative impact on
the USD reserves of importing countries, which will change the value of the home currency rel-
ative to the USD (Raji, Juzhar, & Jantan, 2014). Furthermore, it has been observed from several
studies (Mishra & Dash, 2024; Mastilo et al., 2024; Shafiq, Qureshi & Akbar, 2023; Li et al.,
2022; Gharib et al., 2023; Salisu et al., 2023; Yousaf et al., 2022) that volatility in the oil price
could lead to significant impact in the stock market. About 85% of India’s crude oil requirements
are fulfilled by importing. India is a strong, resilient economy, and its growth is outpacing other
major economies of the world, which can be seen in robust macroeconomic indicators. The rise
in government spending on infrastructure, downward trend of inflation, declining external debt
to GDP ratio, rise in foreign exchange reserve (approx. $700 bn), stable capital inflows, and
increased number of unicorns indicate that India is on the right trajectory to move ahead on its
path to becoming a USD 5 trillion economy. India is on track to surpass Germany and Japan and
become the third largest economy by 2029, surpassing the UK as the fifth largest economy.

Earlier studies have explored the behavior of volatility spillover between exchange rates, crude
oil, and gold on stock markets, yet there has been no focus on researching the interrelationship
between each pair of stock market, crude oil, gold, natural gas, and exchange rate simultane-
ously. Additionally, this paper adds to the literature on pairwise network connectedness among
the stock market, crude oil price, gold price, natural gas, and exchange rate (Rares Bircea &
Kardos, 2024). The authors were unable to locate any study that has comparatively examined
and discussed the dynamic interrelationship with natural gas simultaneously.

Modeling price volatility is crucial in present finance and econometrics for potential risk dis-
semination with the basket of assets (Sahoo, 2024). The primary motivation of this study is
to explore volatility spillover and dynamic interconnectedness among the return of the Indian
stock market index Nifty 50 (SM), crude oil price (CO), gold price (GP), natural gas (NG), and
exchange rate (ER). Understanding volatility is crucial when it comes to financial modeling
(Nordstrom, 2021), and modeling stock market volatility is a widely attractive issue in the
literature (Gungor & Gungor, 2024). Investors may find it helpful to understand the dynamics
of SM, CO, GP, NG, and ER in order to diversify their investment portfolios and appropriately
hedge exchange rate risk in order to improve risk-adjusted return. Hence, an empirical exam-
ination of the volatility of all the variables mentioned above will be helpful to the policymakers,
academicians, regulators, financial analysts, and investors. Considering the lack of combined
studies on the volatility spillover and connectedness among SM, CO, GP, NG, and ER, it seems
to be a novel and significant area of research.
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The study covers the daily log return data of SM, CO, GP, NG, and ER, spanning from 1st Janu-
ary 2009 to 31st March 2023, which constitutes 3329 observations from Bloomberg Terminal in
USD terms to maintain the consistency of the data. In order to discover the volatility spillover,
connectedness, causality relationship, and dynamic interdependence among the variables, the
authors of this paper have used DCC GARCH, Diebold & Yilmaz (2012) connectedness frame-
work, dynamic conditional correlation, and Granger causality test. The following objectives
are proposed: (1) To assess the volatility spillover among SM, CO, GP, NG, and ER and (2) to
explore the dynamic connectedness relationship among SM, CO, GP, NG, and ER. (3) To iden-
tify short- and long-term diversification opportunities for investors. (4) To provide insights into
policy implications based on the connectedness of financial markets.

The foremost contribution of this study is that the authors have also considered natural gas
(NQG) as one of the factors affecting the volatility of the GP, ER, CO, and SM. Energy stocks
contribute 11.72% in the Nifty 50. As far as researchers’ knowledge, no research has examined
all the possible combinations of variables together to ascertain how shifting exchange rates,
gold, crude oil, and natural gas prices impact the Indian stock market. In the short run, there is
no spillover between SM-GP, SM-OP, SM-NG, GP-ER, GP-NG, ER-OP, and ER-NG. How-
ever, evidence of a statistically significant relationship in the long run implies that there is a
possibility of time-varying and dynamic asymmetry in the volatility spillover effects between
all the variables. Authors find diversification opportunity among SM, ER, GP, COP, and NG; no
transmission of information is witnessed in the short run.

The findings of the study add a new dimension to the existing literature. As far as the author’s
knowledge, this is the first study to apply a combination of the daily log return of the SM, CO, GP,
NG, and ER from 2009 to 2023. The short-run and long-run spillovers exist only in the case of SM-
ER and GP-CO. Transmission of information in the short and long run indicates that no diversifi-
cation opportunity exists. The result of robustness by Diebold and Yilmaz witnessed the dynamic
interconnectedness between the exchange rate and the Nifty 50. Natural gas is self-sufficient, and
it is majorly explained by its own variations rather than by the volatility of other markets.

The rest of the paper is structured as follows: the literature review is covered in the next section.
Methodology is covered in the third section, and analysis and findings are covered in the fourth.
The final portion covers the paper’s closing thoughts.

2. REVIEW OF LITERATURE

The rise in the investor knowledge regarding the benefits of diversification of their holdings
across multiple asset classes has encouraged researchers to look into the dynamics of crude
oil, gold, exchange rates, natural gas, and the stock market. There are numerous studies in the
literature that examined the volatility spillover among SM, CO, GP, and ER. The literature ex-
hibits that there are conflicting results concerning the relationship, necessitating investigation.
In particular, Ndlovu & Ndlovu (2024) assessed the dynamic linkages among GP, SM, ER
and interest rate (IR) in South Africa by applying Vector Autoregression and a Bayesian VAR
Model. Data was collected on a monthly basis from June 1995 to December 2022. A positive
relationship exists in GP, SM, ER, and IR. However, a hike in IR induces negative relations
with GP and SM. Additionally, a positive shock in GP leads to negative consequences in both
IR and SM. Morema & Bonga (2020) explored the volatility spillover between CO, GP, and the
equity market of South Africa. They found notable volatility spillover between the GP to SM,
and CO to SM. Mishra & Dash (2024) investigated the volatility of Asian stock exchanges with
crude oil and discovered no short-run volatility spillover from crude oil to the stock markets of
Malaysia, Pakistan, South Korea, and Turkey; however, Chinese, Indian, Japanese, and Singa-
porean stock exchanges exhibit the short-run volatility spillover from CO in the short run. Pata
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et al. (2024) assessed the causality among stock returns, crude oil and gold prices in Turkey
and found time-varying causality running from CO and GP to Turkish stock market returns and
crude oil. GP has a greater impact on SM volatility. Cui (2023) investigated the dynamic rela-
tionship amongst GP, ER, CO, and Chinese Stock Market Indexes by the DCC GARCH method
for the period from March 1, 2000, to August 3, 2022.

The results reveal that GP and CO are conclusively correlated with the Shanghai Stock Ex-
change and the China Industrial Index, while significant negative correlations were observed
between the USD/CNY ER and the two Chinese stock indices. Jia, Dong & An (2023) dis-
cussed the causality relationship between crude, gold, and dollar price in the USA and nega-
tive causal relationship was identified between gold and the US dollar index. Jimoh, Rana &
Tajudeen (2023) assessed the impact of CO and SM on ER in Indonesia and concluded that
lower oil price returns lead the Indonesian currency per US dollar to depreciate and stock re-
turns has negative and significant relationship with exchange rates. Valarmathi, Umamaheswari
& Lakshmi (2023) analyzed the relationship between gold prices and stock market prices in
India and observed no relationship between gold prices and BSE sectoral indices. Arisandhi
& Robiyanto (2022) studied the correlation among exchange rates, gold, and stock prices in
ASEAN-5 during the pandemic and found a weak correlation between exchange rates and gold
prices on the stock market. A negative correlation was seen during the pandemic which infers
the ER was a better substitute than gold, which was correlated with SM positively. Jindal (2023)
investigated the relationship amongst crude oil, ER and GP for the period from January 1, 2017,
to December 31, 2021, and found a significant relationship between ER and CO with the stock
market, while other variables like gold have an insignificant relationship with the stock market
in the long run. Civcir & Akkoc (2021) evaluated the relationship between GP, SM and CO in
Turkish market and noted time-varying co-movement and volatility spillover in the long run.
They also spotted that significant volatility spillover from international commodities, and the
shocks are quite persistent in the long-run. Kumar, Singh & Kumar (2022) assessed the vola-
tility spillover among prices of CO, NG, ER, GP and SM by applying EGARCH Technique for
the period 1997-2019 and found, EX has a highly significant impact on SM and GP volatility.
While analyzing interdependencies between assets such as gold, stocks, interest rates and ex-
changes, Akbar, Igbal & Noor (2019) concluded that there is no stable pattern of relationship
that exists between variables in long term. In a similar study, Singhal, Chaudhary & Biswal
(2019) carried out cointegration test to study return and volatility among the above assets in ad-
dition to crude oil. It was also noticeable to find that gold prices internationally seem to have a
favorable influence on stock values in Mexico while the contrary can be seen in case of oil pric-
es. Further, the impact of oil prices on exchange rates is negative while the impact of gold prices
in short term is near to negligible. Jain & Ghosh (2013) investigated whether there is any long-
term association and causality in relation to Global oil prices, metal prices and exchange rate.
It was categorically found that there is a tangible relationship in long term between gold prices
and exchange rates. The granger causality test remarkably highlights that Indian rupee’s value
affect the oil prices and metal prices. Sujit & Kumar (2011) found out that a weak relationship
exists between variables such as oil price, gold price, stock market S&P 500 and exchange rate.
Huseynli (2023) looked into the causal relationship between CO and GP and concluded that
there is a one-way causality is running from GP to CO, before the pandemic.

The literature review mentioned above determines the uniqueness of the present work. Several
studies have investigated the volatility spillover between exchange rates, crude oil prices, and
gold prices on stock markets, but no attention is given to studying the interrelationship between
each possible pair of SM, CO, GP, NG, and ER simultaneously. Hence, the current study aims
to explore the volatility spillover and dynamic connectedness between each pair of SM, CO,
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GP, NG, and ER. While numerous studies have worked with crude oil and gold, there has not
been a lot of research done on the contribution of natural gas in volatility spillovers. This study
uniquely incorporates natural gas into the analysis, addressing a significant gap by assessing
how it interacts with stock markets and other commodities. Thus, on the basis of the above
studies, the following alternate hypotheses are formulated:

H1: Presence of volatility spillover between ER to SM and vice versa.

H?2: Presence of volatility spillover effect from CO to SM and vice versa.
H3: Presence of volatility spillover effect from GP to SM and vice versa.
H4: Presence of volatility spillover effect from CO to ER and vice versa.
H5: Presence of volatility spillover effect from GP to ER and vice versa.

3. METHODOLOGY

The study covers the daily return series data of SM, CO, GP, NG, and ER spanning from 1st
January 2009 to 31st March 2023, which constitutes 3329 observations from Bloomberg Ter-
minal in USD terms to maintain the consistency of the data. In order to discover the volatility
spillover, dynamic connectedness, and causality relationship among the variables, the authors
have used the log return on Nifty 50 (SM), Gold Price (GP), USD/INR Exchange Rate (ER),
Crude Oil Price (CO), and Natural Gas (NG). The techniques of DCC GARCH and the Diebold
& Yilmaz connectedness framework are used for better decision-making. In broad-spectrum, the
GARCH (1,1) model is applied to record volatility clustering in the series (Brooks, 2008). The
DCC-GARCH model is effective in capturing spillover effects between variables. It can detect
how volatility in one market (say, crude oil prices) may affect another market (like the stock mar-
ket or exchange rates) (Aggarwal et al., 2021; Rastogi and Agarwal, 2020; Rastogi and Athaley,
2019). The DCC-GARCH model is used in the present study because it provides a robust and
flexible framework for analyzing time-varying volatility between multiple financial variables.
BEKK-GARCH is more complicated and computationally demanding with more parameters.
BEKK-GARCH, although appropriate in spillover volatility modeling, can be less sensitive in
time-varying correlations modeling compared to DCC-GARCH. BEKK is applied when there
are constant correlation structures, which are limiting in attempting to model markets like in this
case where correlations are changing over time. The dynamic connectedness scale is construct-
ed using the Diebold & Yilmaz (2009) (2012) connectedness framework (Hussain, Bashir, and
Rehaman, 2023), which quantifies how much volatility in one market (e.g., exchange rates) is
transmitted to other markets. This will explain how this method was applied to measure connect-
edness between the Indian stock market, crude oil, gold, natural gas, and exchange rates. This
scale captures both total system-wide connectedness (the overall degree of integration between
all markets) and pairwise connectedness (how much one specific market affects another).

3.1. GARCH MODEL

One of the unique contributions in financial econometrics was done by Engle (1982) for devis-
ing of stochastic approach of autoregressive conditional heteroscedasticity (ARCH) for mea-
suring conditional mean and variance. Later, Bollerslev (1986) developed advanced ARCH
model in the form GARCH known as generalized autoregressive conditional heteroscedasticity.

The GARCH-models has been proven successful, when it comes to analyzing volatility for
an asset (Nordstrom, 2021; Essien et al., 2024). It is a well-known phenomenon that dynamic
volatility spread across interconnected assets and markets (Soni, Nandan & Chatnani, 2023).
The present study employs the DCC-GARCH model developed by Engle & Sheppard (2001)
to ascertain spillover among SM, BOP, GP, NG and ER.
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3.2. TIME —VARYING CONDITIONAL CORRELATION MODEL

It was proposed by Eagle (2002) and is also known as the dynamic conditional correlation
(DCC-GARCH) model. It is a non-linear combination of univariate GARCH models and can
be formulated as follows:

H =DRD, (1)
Where the conditional standard deviation matrix can be expressed as
1 1
N 7 7
D, = Diag(hi,,, ...., hyy,) ()

Or in matrix form

Vi 0
D, = 0 \ a2t

w0
0 w0 Jhune

Each element h can be expressed in a univariate GARCH form as follows

3)

2
hiy = ap+ Z§=1 h @yg T+ €rit—q} + Z£=1 Biphi,t—p %)

The univariate GARCH model can take different orders and the simple first order GARCH (1,1)

model is usually used.

The Matrix Rt represents the correlation matrix of standard errors u, and the conditional correla-
tion matrix R takes the form of a symmetric matrix as follows

1 P12t P13t Pint |
P12t 1 P2zt Pont
P13 P1zx 1

1 Pn—1nt

_ﬂ' In,t pZ?lJt Pn— 1nt 1

Two fundamental requirements need to be met in order to create the conditional correlation matrix Rt:
1. Since the covariance matrix Ht is positive definite, Rt also needs to be positive definite.
2. The conditional correlation matrix Rt’s members must all be less than or equal to 1.
To verify that the two conditions are satisfied in the conditional correlation matrix, it can be split as:
-1 -1
R: = Qi Q:0¢ (5)
Where
Q,= g,;represents an N X N symmetric positive definite matrix and expressed as
Q=1 —a—-pPQ +au1u_4 +PQs
Where,
Q= cov(u,u) = E(u,u ) is an N X N unconditional covariance matrix (u, unconditional covariance matrix)
£ .
Where s = \/T% represents the standard error where ¢, ff represent nonnegative parameter scalars
so that o + <1 to ensure that the covariance is positive.
1 1
i™' = Diag(ai,, -, Ty.) also represents a diagonal matrix with the square root elements of the
main diagonal of the matrix Q,

Source: (Alshenawy & Abdo, 2023)
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3.3. GRANGER-CAUSALITY TEST

The Granger Causality Test is developed by C.W.J Granger in 1969. Granger Causality test is
helpful to determine whether one time series is helpful in predicting other time series (Hussein
& Osman, 2024), the following bivariate regression model can be used to ascertain:

Equation for X Granger-causes Y
Yi=a0+ Z?:l ;X + Z?:l BiYt—; +E1: (6)
Where,

Y, = value of the dependent variable
X, = lagged (previous) values of X independent variable
Y, ;= lagged values of Y (own lags).
o and Bj = Coefficients of X, and Y,
&, = error term
p = maximum number of lags
Equation for Y Granger-causes X
Xt = hO0+ E?:l ‘;LiXt—i + E?:l Sjyt—j + BZt (7)

Where,

X, = value of the dependent variable

Y . = lagged (previous) values of Y independent variable
X, ;= lagged values of X (own lags).

A, and 6j = Coefficients of X, and Yt_j

0,, = error term

p = maximum number of lags

3.4. DYNAMIC CONNECTEDNESS APPROACH

Using the Vector Impulse Response Function (VIRF) function which measures how the shock
or innovation in one variable (e.g. ER) impacts the other variable (e.g. SM) which is helpful in
calculating the Generalized Forecast Error Variance Decomposition (GFEVD) to understand the
contribution of each variable to the forecast error of another variable. The decomposition provides
the “shares” or contributions of each variable to the forecast error variance of the target variable.

To facilitate comparisons, these decompositions (shares) are then normalized for making the
results more interpretable and comparable. This ensures that the combined influence of all vari-
ables sums to 100% for each forecast error variance decomposition, making it easier to compare
across variables (1) and periods. The calculation is conducted as follows:
J-1-2,
AT

g —
$ic )= vz (8)
i=1%=1Wij¢

N 58 _ N 78 _
where Ej=l (rbgjjr U) =1 and Ei,j=l ¢1‘Jj,t U) =N
Total connectedness index (TCI) is calculated as

E (1,1 8§ 1)

- N ©)

The spillovers variable 1 communicates to variables j, which are known as total directional
connected TO others and are calculated as

TCI =

(1,12 @ O

= g =
ro="Cuy 285, ()

i—jt

(10)
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While the spillovers variable i receives from the variables j which are described as total direc-
tional connectedness FROM others are evaluated as:
EGLy,ip 8 O)

1, () (1)

The net total directional connectedness explain as the impact variable i has on the analysed
network:

FROM = C2_ ()=

it

NET = Cft — c?ﬁjjtg) — c;‘.ijjtg) (12)

If any variable i is a net transmitter of innovation or shocks it indicate NET of variable i is pos-
itive, or that network is being driven by variable i. Conversely, any variable i is a net receiver
of innovation or shocks implies NET of variable i is negative and is driven by the network. At
last, the pairwise directional connectedness (Net) (NPDC) between variable i and variable j is
evaluated as follows:

NPDCy() = %, (1) — &5, (/) (13)

Positive value of DC ; suggest that variable i dominates variable j and negative value implies
that variable i is dominated by variable j

4. EMPIRICAL RESULTS

The result is divided into four sections. First section deals with the Descriptive Statistics, fol-
lowed by and Granger Causality test and finally DCC GARCH model. The movement of SM,
ER, GP, CO and NG from the period January 01, 2009 to March 31, 2023 are shown below. To
begin, authors have made an effort to comprehend the return series’ features and properties, as
well as its visual representation. The return series’ measures of central tendency such as Medi-
an, Mean, Kurtosis, Skewness and Standard Deviation and more are shown in Table I below.

SM, ER, GP, CO have given the positive returns except for NG in the given time period. Nat-
ural Gas has given the negative return during the same period. NG is highly risky because its
standard deviation is high as compared to others SM, ER, GP and CO. The value of kurtosis
and skewness signify that returns do not follow normal distribution. Only Gold Price displays
a negatively skewed distribution and rest indicator follow the positive skewed distributions.

Table 1. Descriptive Statistics

Log Return | Log Return | Log Return Log Return Log Return
ER GP SM CO NG

Mean 0.000186 0.000251 0.000350 0.000347 -0.000250
Median 0 0.000553 0.000586 0.001044 -0.000334
Maximum 0.039328 0.049666 0.163651 0.324825 0.435521
Minimum -0.332281 | -0.9512069 | -0.1374738 -0.2822061 -0.300480
Std. Dev. 0.004742 0.010462 0.013236 0.028335 0.036721
Skewness 0.270117 -0.429506 0.042007 0.342703 0.472328
Kurtosis 9.286561 7.563163 17.20168 27.20690 12.90651
Jarque-Bera 5522.829* | 2940.491%* 27639.58* 80760.22* 13684.48*
p value 0.0000 0.0000 0.000000 0.00000 0.000000
ARCH LM Test (p value) 0.0000 0.0000 0.0000 0.0000 0.0000
ADF Test (p value) 0.0001 0.0000 0.0002 0.0004 0.0001
Total Observations 3329 3329 3329 3329 3329

Source: Author’s own Analysis, LR indicates log return, * indicates significance at 5%

SM, GP, ER, NG and CO have a Kurtosis score greater than three indicates a leptokurtic dis-
tribution, which means the series could have extremely high or extremely low returns (Yadav,
Sharma & Bhardwaj, 2022). Jarque Bera test also supported the fact that all returns do not fol-
low normal distribution. The authors have also confirmed the presence of the ARCH effect in all
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the daily series and found all the series are fit for DCC-GARCH estimation (Rastogi, Kanoujiya
& Doifode, 2024). The ADF test (Dickey & Fuller, 1979) has also applied to confirm the sta-
tionarity of the series. All the return series were stationary. Figure I shows the movement of SM,
GP, ER, NG, CO with their respective log returns. Volatility clustering is observed in all the re-
turn series under study. This verify that the residual or error term is conditional heteroscedastic
and that the GARCH and ARCH models can adequately be applied to capture its characteristics
(Kumar, Singh & Kumar, 2022). All the variables show fluctuating return patterns.

Figure 1. Plots of daily movement of SM, GP, ER, CO, NG and Respective Returns
Movement of Nifty 50 Return of Nifty 50

NIFTY in USD Nifty Return
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4.1. GRANGER-CAUSALITY TEST

In Table II, the result shows, there is uni-directional relationship exists between GP — SM, ER —
SM, CO- SM, NG - SM, GP — NG, GP — CO and ER -CO. The Hypotheses HO1%, H022, H03?,
HO04', HO4%, HO6', HO7' and HO8' are rejected. In the context of Nifty 50 and GP, there is a one-
way causal link where GP influences Nifty 50, but SM does not influence GP with a lag of 2.
Thereby Hypothesis HO1? is rejected. Similarly, a uni-directional causal relationship is eminent
in SM- ER implying that ER causes Nifty 50, this finding is consistent with the findings of (Ku-
mar, 2019; Sheikh et al., 2020; Moraliyska 2023). Hence hypothesis H02? is rejected. Similar
relationship was found between GP — NG and GP — CO. GP causes NG and CO but NG and CO
do not cause GP which confirm the rejection of HO6' and HO7' Hypotheses.

Table 2. Granger Causality Test

S. . Hypothe- . Null Hypotheses
Countries Null Hypotheses lags | F-Statistic ..

No. ses No. Decision

HO1! SM does not Cause GP in Granger Sense 2 0.66172 A
HO1 | SM-GP

HO12 GP does not Cause SM in Granger Sense 2 7.54753* R

HO02! SM does not Cause ER in Granger Sense 2 0.02868 A
HO02 | SM-ER

H02? ER does not Cause SM in Granger Sense 1 7.28102% R

HO03! SM does not Cause CO in Granger Sense 1 1.5565 A
HO3 | SM-CO -

HO03? CO does not Cause SM in Granger Sense 3 2.62725% R

HO04! SM does not Cause NG in Granger Sense 1 0.02908 A
HO04 | SM-NG

H04? NG does not Cause SM in Granger Sense 1 0.64019 A

HO5! GP does not ER in Granger Sense 1 0.52978 A
HO5 | GP-ER

HO05? ER does not Cause SM in Granger Sense 1 0.26646 A

HO06' GP does not Cause NG in Granger Sense 1 0.72168 A
HO6 | GP-NG ;

Ho06? NG does not Cause GP in Granger Sense 2 0.43349 A

HO7! GP does not Cause CO in Granger Sense 2 3.033563 R
HO07 | GP-CO —

HO07? COP does not Cause Gold Price in Granger Sense | 2 1.04003 A

HO8! ER does not Cause CO in Granger Sense 1 5.05478* R
HO08 | ER-CO

HO08? CO does not Cause ER in Granger Sense 1 0.18378 A

HO09! ER does not Cause NG in Granger Sense 1 0.94848 A
HO09 | ER-NG

H09? NG does not Cause ER in Granger Sense 1 0.04845 A

* reveals significant at 5 %, ** reveals significant at 10%, R indicates rejected, A indicates Accepted.

Source: Author’s own Analysis using R software

4.2. DCC-GARCH MODEL

The DCC-GARCH model is important because it comprise time-varying correlation between
two financial series and volatility dynamics. The table III shows the value of al, B1, a2, 32, 01,
02 coefficients for each possible pair. The al and a2 measure the short-term volatility impact due
to new shocks in the system and 1 and B2signifies the persistence of long-term volatility where-
as 01 and 02 represents the correlations dynamics between different assets class. The values of
a indicates the coefficient of GARCH evaluated using the past squared residual and B values
denotes the coefficient of GARCH that is helpful in predicting the volatility based on conditional
variance of previous days. As shown in Table III, a and B values of all the variables SM, GP,
CO, ER, and NG signifies that significant persistence of volatility and can be forecasted with the
residual and historical volatility. DCC a and DCCP are called as spillover parameters are repre-
sented as 01 and 02 in this paper (Yadav, Sharma & Bhardwaj (2022)). The short-term analysis
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helps investors identify immediate diversification opportunities, while the long-term analysis
provides insights into more persistent market linkages. This dual focus offers a complete picture
of market dynamics, which is important for both tactical and strategic decision-making.

The analysis of DCC-GARCH results demonstrate that the coefficients of DCC o (sum of es-
timates) represented as 01 for all pairs of SM, ER, CO, GP and NG are discovered positive,
suggesting the existence of a steady level of volatility spillover among the SM, ER, CO, GP and
NG. However, the p-values for DCC a between SM- GP, SM- CO, SM — NG, GP — ER, GP -
NG, ER - CO and ER - NG not statistically significant, meaning that there may be no relevant
relationship and that the observed spillover is just the result of chance (Sainath et al. 2023) and in
the short run there is no spill over between SM- GP, SM- CO, SM — NG, GP - ER, GP- NG, ER
- CO. The findings contradict those of Mishra & Dash (2024), Shabbir et al. (2019), Singhal &
Ghosh (2016) who demonstrate that there is short-term spillover from the oil to the Indian stock
market. The possible reasons might be the difference in time periods and market conditions.

Furthermore, the p-values for DCC B are found to be highly statistically significant suggests
that there may be a chance of time varying and asymmetry in the pairwise volatility spillover
effects among all the variables meaning thereby they are interconnected in the long run. It im-
plies that reduce diversification benefits prevail for SM, ER, GP, CO and NG. Hence, we accept
our research hypothesis H1, H2, H3, H4 and HS that persistence of volatility spillover between
ER to SM, CO to SM, GP to SM, CO to ER and GP to ER in the long run and this finding is
in line with the previous studies conducted by (Rastogi, Kanoujiya & Doifode (2024); Salem
et al., 2024; Hussain, Bashir & Rehman (2023); Tripathy & Mishra (2023); Umar et al., 2022;
Morema & Bonga (2020)).

Additionally, the value of (a+f) signifies the persistence of volatility and in every case this sum
is close to 1. The fact that f>a, suggesting that the previous shocks had a greater influence on
the current variances (Hung, 2020).

When long term volatility persist regulators easily come up with plans and implement a strong
monetary policy to address it, However, in the short term, this is not the case since policymakers
lack the time to respond to such volatility (Yadav et el. 2021). We find immediate diversification
opportunity amongst SM, ER, GP, CO and NG as there is no transfer of information is noticed
in the short run. This finding is in line with the (Morema & Bonga 2020). The short run and
long run spillover exist only in the case of SM- ER and GP — CO which indicates movement of
information in the short run and long run both hence no diversification opportunity exist.

To summarize, there is consistent level of volatility spillover between the all pairs of SM, ER,
CO, GP and NG, are witnessed; statistically significant fdcc estimates demonstrate that the
long-term volatility spillover effects may exhibit some asymmetry.
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Table 3. The Estimates of Bivariate DCC-GARCH between Nifty 50 with Gold Price, Exchange Rate,

NG and CO
a, B, a, B,. 0, 0, Log-Likeli- |Observation
(DCC o) (DCCP) hood
SM- GP | 0.076482* | 0.909645* | 0.059326* | 0.918369* | 0.002775 | 0.994177* | 20809.03 3329
(0.0001) (0.0000) (0.0002) (0.0000) | (0.305982) | (0.0000)
SM-ER | 0.072092* | 0.911025* | 0.076482* | 0.909645* | 0.029503* | 0.955058* | 24022.65 3329
(0.0376) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)
SM-CO | 0.076482* | 0.909645* | 0.132576* | 0.852621* | 0.005800 | 0.989584* 18175.3 3329
(0.0001) (0.0000) (0.02300) (0.0000) | (0.105688) | (0.0000)
SM—-NG| 0.076923* | 0.909234* | 0.086130** | 0.910836* 0.0000 0.924646* 16863.81 3321
(0.0001) (0.0000) (0.0.0000) | (0.0000) (0.9998) | (0.000396)
GP-ER | 0.059326% | 0.918369* | 0.76140** | 0.906749* | 0.00000 0.912219* | 24227.27 3329
(0.0002) (0.0002) | (0.060176) | (0.00010) | (0.150000) | (0.00000)
GP-NG| 0.057683 * | 0.920629* | 0.86130* | 0.910836* | 0.000738 | 0.986525* 17372.84 3321
(0.00000) (0.00000) | (0.00000) | (0.00000) | (0.801320) | (0.00000)
GP-CO| 0.059326* | 0.918369* | 0.138576* | 0.852621* | 0.035432* | 0.932918* 18711.95 3329
(0.0002) (0.0002) (0.02395) | (0.00000) | (0.00025) | (0.00000)
ER-CO| 0.075149 | 0.909187* | 0.132576* | 0.852621* | 0.00000 0.924145% | 21543096 3329
(0.107163) | (0.00000) | (0.023754) | (0.00000) | (0.99942) | (0.00000)
ER-NG | 0.73279%* | 0.910492* | 0.86130* | 0.910836* | 0.008713 | 0.900235* | 20277.16 3321
(0.083953) | (0.00000) | (0.00000) | (0.00000) | (0.249445) | (0.00000)
CO-NG | 0.075544* | 0.911450* | 0.134002* | 0.850335* | 0.001490 0.997090 16865.21 3321
(0.0000) (0.0000) (0.00194) (0.0000) | (0.34934) (0.0000)

Source: Author’s own Analysis using R software

The authors Mandatory Model fitting criteria are given as:

i) B, and B, must be significant
ii)a, a, B,P, 0, and 0, must be a positive value
iii)a,+ B, <=landa, + B, mustbe <=1

iv)0, +0, <or=1

* and ** denotes the significance level at 5% and 10% respectively.

4.3. NETWORK CONNECTEDNESS

Diebold & Yilmaz (2009) connectedness method is employed to analyze the interconnected-
ness among SM, CO, GP, NG and ER. This connectedness method is one of the most popular
methods to study connectedness (Sawarn & Dash, 2023). Table IV presents the static return
connectedness across all markets and total system-wide (systemic risks) is 58.81%. A high pair-
wise connectedness between two markets can highlight the strong ties between the two markets
(Boakye et al. 2023). The high measure indicates high connectedness among the assets and
implies low diversification opportunities among SM, CO, GP, NG and ER. The table’s column
shows the amount of spillover it receives from other assets or markets. Out of all the assets, the
nifty return’s volatility may be explained by its own shocks to the extent that it is 81.11%, the
least among all series, and is most impacted by external shocks. Exchange rates have the largest
spillover impact on Nifty (13.47), followed by Gold (1.35) and Natural Gas (0.92).
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Table 4. Network Connectedness: Spillover

GP CO ER NG SM Received
Return Return Return Return Return
GP Return 92.11 4.68 0.97 0.89 1.35 7.89
CO Return 4.66 89.32 0.67 2.2 3.16 10.68
ER Return 0.7 0.68 84.17 0.98 13.47 15.83
NG Return 1.08 2.46 1.05 94.49 0.92 5.51
SM Return 1.55 3.39 13.1 0.85 81.11 18.89
Transmitted 7.99 11.22 15.78 491 18.89 58.81
NET 0.1 0.54 -0.05 -0.6 0.01 14.7

Source: Author’s own Analysis using R software

Figure 2. Pairwise Network Connectedness among SM, CO, GP, NG and ER

Source: Figure Created from compiled data using R software

The thicker line in Figure II illustrates the significant dynamic interconnectedness between the
exchange rate and the Nifty 50. It is witnessed that 13.1% of the spillover from the Exchange
Rate goes to the Nifty 50, whereas 13.47% goes to the Exchange Rate from the Nifty 50. Fur-
ther, Natural gas and gold are self-sufficient by nature, and their volatility did not spread to
other markets. This gives a significant indicator that they are more vulnerable to its own shocks
92.11% and 94.49%, in that order.

5. CONCLUSION

The present study is designed to assess the volatility integration among the Indian stock market
Nifty 50, prices of gold, oil prices, exchange rates, and natural gas. The techniques of DCC
GARCH, Diebold & Yilmaz (2012) connectedness framework have been used to detect the
volatility spillover and connectedness among the variables described above. The daily data is
collected during the time frame January 01, 2009 to March 31, 2023 from the Bloomberg da-
tabase. DCC-GARCH models are used to assess the volatility communication between the set
of variables. The central research question focused on understanding how volatility spillovers
between these key financial assets affect market dynamics, diversification opportunities, and
investment strategies for both investors and policymakers. The significant short-term volatility
transmission is observed from ER to SM and CO to GP. This means volatility in ER significantly
impacts the SM as well as the volatility of CO impacting the GP, thereby no portfolio diversifi-
cation opportunity exists. There is no significant short-run spillover witnessed between SM-GP,
SM-CO, SM-NG, GP-ER, GP-NG, and ER-CO; thereby, a portfolio diversification opportunity
exists in the short run. However, there exists a time-varying volatility spillover between all the
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markets SM-GP, SM-CO, SM-NG, GP-ER, GP-NG, ER-CO, and CO-NG, meaning thereby
they are interconnected in the long run. It implies that reduced diversification benefits prevail
for SM, ER, GP, CO, and NG, and investors should exercise caution when making investments

in these markets. The result of the Granger Causality Test infers that unidirectional relation-
ships exist between SM to GP, SM to ER, SM to CO, GP to CO, and ER to CO.

The short-run and long-run spillovers exist only in the case of SM-ER and GP-CO, indicating
that the transfer of information is possible in the short run and long run, hence no diversification
opportunity exists. The strong connectedness among the stock market—exchange rate, crude
oil—natural gas, and stock market—crude oil verifies that low diversification opportunities ex-
ist among the above pair of variables. The result of Diebold & Yilmaz connectedness suggests
that while making investing decisions, investors should take into account the volatility of the
Nifty 50, gold, and exchange rates.

The findings provide an explicit answer to the research question by confirming the existence
of high long-run volatility spillovers among Nifty 50, exchange rates, and crude oil, indicating
high market dependence. Such long-run dependences restrict diversification possibilities since
a change in one asset will have an effect on others. This holds more especially for institutional
investors using strategic asset allocation since such long-run volatility relations have to be ac-
counted for while formulating risk management.

Alternatively, the study confirms the short-run reality of volatility whereby no significant spill-
overs were observed among some asset pairs, i.e., Nifty 50 and gold, or natural gas and ex-
change rates. This confirms the reality that, in the short run, investors, and retail investors in
general, are still capable of enjoying diversification opportunities through the formulation of
portfolios that take advantage of these relatively uncorrelated assets. Such opportunities are
useful in guiding tactical portfolio decisions on the basis of short-run market realities.

This study provides new evidence by incorporating natural gas, a necessary but less researched
commodity by previous research. Incorporating natural gas provides new evidence of interlink-
age between the energy commodities and the stock market. In contrast to the majority of the
previous studies on each of the pairs of assets, this study systematically examines all pairwise
interactions of the stock market, exchange rates, crude oil, gold, and natural gas. This study
fills knowledge gaps of the entire network of the spillover volatilities. This study also identifies
short- and long-run spillover effects, which are beneficial to short-run traders and long-run
investors. This study contributes to the literature by identifying which pairs of assets are diver-
sification opportunities in the short run and which are long-run interconnections.

6. MANAGERIAL IMPLICATIONS

Investors can use the findings to diversify their portfolios effectively. It is a well-established
phenomenon that portfolio risk reduces with low or negatively correlated assets. Analysts can
forecast markets by observing changes in these correlations. For example, the high correlation
between crude oil and gold suggests a shift in market sentiment. By arresting the dynamic
nature of the above correlations, it offers valuable insights for different market participants
and policymakers in making more informed decisions. Short-run results suggest that there is
little spillover between asset classes like the stock market and gold or between natural gas and
exchange rates. This information can therefore be exploited by retail investors who are more
risk-averse in order to diversify their portfolios in the short term by investing in uncorrelated
assets. For example, an investment in Indian equities along with investments in gold or natural
gas might offer better short-run risk-adjusted returns. Institutional investors can hedge risks
using high-powered tools such as futures and options, but the retail investor has to rely on
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diversification of different asset classes. Both types of investors will need to realize that there
are short-term diversification opportunities that exist, especially if the volatility transmission
between assets is low, so they can take advantage of them through investment in less correlated
assets like gold and natural gas.

The research findings have important implications for investors, speculators, and policymakers
for risk management, portfolio optimization, and diversification and to better understand the
market dynamics. Analysis also provides prominent signals for policymakers regarding mone-
tary and fiscal policies, considering the impact that ER, GP, and BP exert on the stock market.

7. FUTURE SCOPE OF RESEARCH

The researchers may also explore a different variable, such as inflation, interest rates, bond yield,
etc. They might also think about doing research for an extended period not covered in this study.

High-frequency trading data captures the trades and quotes at millisecond intervals. Hence, the
utilization of high-frequency trading data might increase the knowledge regarding volatility
spillovers and asset class connectedness. With high-frequency data, it is possible to illustrate
more granularity about price dynamics. This may be beneficial in analyzing the intraday spill-
overs of volatility in the Indian stock market, crude oil, gold, and exchange rates. The HFT data
will allow the researchers to analyze the way shocks are transmitted through the assets. Neural
networks, and deep learning methods in particular, are very potent tools for financial market
volatility forecasting and modeling. This can be done more effectively by recurrent neural net-
works or long short-term memory networks, especially in cases where time series data reflects
temporal dependencies and would be helpful for predicting spillovers in volatility between
asset classes over time.
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