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ABSTRACT

Title : Analysis of volatility spillover across industry indices: Evidence from PSX

The basic aim of this study is to examine the return and volatility transmission from one industry
to other industry in Pakistan. The research uses the daily data of average industrial stock returns
of ten major industries for the period of 2000 to 2018. ARMA (1, 1) GARCH (1, 1) model is
used to check the spillover from one industry to other industry. Moreover, the time-varying
nature of conditional correlation is further explored by using DCC-ADCC models for both
aspects as well. The result of this study provides strong evidence of volatility transmission
among various industries but limited evidence is found regarding return spillover. However, the
study finds the return and volatility spillover across various industries for the given time period
which indicates the limited evidences of diversification. In addition, findings also reveal the time
varying nature of conditional correlation. The results also show the presence of asymmetric
behavior among various industries. Investors can use the consequences of this study in the
process of decision making for investments in various industries. Hence, this study will explore
the spillover effect from one industry to other industry within Pakistan and will help investors in
the selection of sectors for diversification domestically. Hence, this study provides a gateway to
future researchers in a new way.

Key Words: GARCH model, DCC and ADCC model, volatility transmission, conditional

correlation, asymmetric behavior.
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CHAPTER 1

INTRODUCTION

1.1 Background of the study

In recent years investors and forecasters have been increasingly concerned about the risk that
period of excessive homogeneity of movement in prices of assets across separate financial
systems and sectors which pose to our capability to diversify portfolio investments, efficiently.

In general it is becoming evident that asset markets seem to have a high correlation beyond basic
links in times of global financial instability. This is mainly due to the relatively close instant flow
of information and the interlinked structure of global economy

making coordinated actions in modern markets a reality (Kalotychou, Staikouras and Zhao,
2009). As for example, there has been comprehensive study of dampened correlation among
stock returns during bull markets and strong correlation in bear markets.

Diversification can be defined as the process in which allocation of investments is done in
different industries, financial instruments and other categories that can reduce risk.
Diversification of portfolios can be accomplished by investing internationally, among various
sectors and in different classes of assets, generally with negative or less correlations. By this
method return maximizes when investment is done in different areas (Markowitz,1952).
According to professionals of investment, risk can be minimized and financial goals can be
achieved through diversification, but it is not guaranteed against loss. It is manager’s
responsibility to understand the role of diversification for investment. Investment diversification
can be defined as ‘‘Not to put all eggs in one basket’> which means that by diversifying the
investment it doesn’t mean you are creating an unwanted risk. Investors diversify the investment
by purchasing different funds. Asset allocation is well known form of diversification.

According to Markowitz (1952) portfolio theory, mostly investors are remunerated in accordance
with the variance, mean and co-variance structure of stock returns. Diversification in number of
securities can be analyzed and most appropriate portfolio can be selected by this theory. For the
allocation of assets in the portfolio, statistical analysis and mathematical programming was
applied by Markowitz.

Further two theories which explain diversification are Theory of Concentric Diversification and
Theory of Conglomerate Diversification. In Concentric Diversification, the diversification is
done by market or product diversification by the companies. For example, one retailer is with
bath and Kkitchen products in its product line and want to expand business by broaden its scope by
adding more products in it. Therefore, that retailer is diversifying by adding product line. On the
other hand, Conglomerate Diversification focuses on expanding business by opening
subsidiaries. Many theories like Dow Jones, Random Walk and Formula theory also explain the
diversification.

A hypothesis was formulated by the researcher Charles H. Dow, in 1902 he died that is why he
was unable to publish his theory. But many associates have published it. According to Dow
Jones theory, the stock market for the guidance of its direction gets influenced by three trends
which are cyclic in nature and does not move on a random basis. The three cyclic trends are
primary movements, minor movement and secondary reactions. Firstly primary movements are
the movements of the prices of the securities on stock exchange which are long term. Therefore
these movements can swing the market up or down. Secondly the Secondary reactions are those
which act as a limiting force over primary movements. They lasts only for a short time and are
opposite in direction of primary movements. Secondary reactions are also called as corrections.
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And the last one is Minor movements i.e. these are the daily fluctuations in the market. The
minor movements are not significant and have no analytical value as they are of very short
duration. The future behaviour of stock exchange prices can be predicted, observed by the Dow
Theory.

While, the random walk theory is explained by the help of analysis of different trends of pricing,
this theory is stated as the future and present stock prices are not related with each other;
therefore the behaviour of prices of stock exchange cannot be predicted. Due to certain changes
in the industry, economy and the company the prices of stock changes. The up and down
movement of stock prices reflect the changes and the information regarding these changes are
captivated in the stock market. Hence, due to new information more changes occur.

Formula plans are mainly tilting to achieve loss minimization rather than return maximization.
Investors can gain benefit from price fluctuation, for this purpose different tools and methods are
developed and this can only be done by selling stocks when prices are high and when prices are
low buy the stocks, hence, these methods comes under Formula Plan theory.

Therefore, Inter sector correlation guides the portfolio managers for decisions regarding portfolio
diversification because mostly portfolio managers depend on inert estimates of previous
correlations. The portfolio managers are beneficial for investors in few aspects. Firstly, in
investing through diversification in stock market the risk can be minimized. Secondly, Portfolio
manager facilitate stock market with professional management by experts. The hold on
diversified portfolio by small investors is done by pooling of investment funds. Hence, it is
concluded that portfolio risk can be minimized by diversification. The variability of returns in
investment reduces when we raise the securities. The reduction in return is due to covariance of
one security with other security. The ups and downs in one security can cover the ups and downs
of other one while when there is less than +1 correlation of securities then the ups and downs
don’t match among securities. In this study the dynamic nature of co movements among different
sectors in home country market is investigated. This study provides a framework to the investors
that among the sectors the correlation is not only constant but it is dynamic on the occurrence of
certain events. In the period of global financial crises, it is seen that the stock markets generally
show a system wide movements.

Hereafter, the behavior of stock market is evaluated by the help of information that whether the
market is firm specific or it is macroeconomic. The information of stock market is used by
different participants of market which helps in investing in various securities. According to
Efficient Market Hypothesis, it is stated that changes occurring in the price of one security affects
the other securities. The main problem for the investors and other participants of market is the
market asymmetric information. It is observed in the past years that markets, stocks and
industries are becoming more coordinated. In recent era of global economic ambiguity, it is
proved that stock markets are not isolated now and gone away from basic linkages. This occurs
due to the transmission of information from market to market and the association of global
financial system. Investing abroad as well as investment in different sectors gives the benefits of
portfolio diversification.

Thus, it provides a clear theoretical and empirical framework to the investors, that the correlation
between sectors is not only constant, as it can be changed (dynamic) at any time on the
happening of certain events. For the analysis of dynamic correlation among sectors this study
uses two methods Asymmetric-DCC Multivariate Generalized Autoregressive Conditional
Hetero-skedasticity (MV-GARCH) and Dynamic Conditional Correlation (DCC) to isolate
conditional correlations from the conditional variance element. In 2002, Engle proposed a model
naming DCC-GARCH while in 2006, Cappiello, Engle and Sheppard introduced ADCC model.
These models are used to gain maximum hedging effectiveness. There are several advantages of
using DCC-GARCH, i.e. to examine the stability in financial time series, to study time
fluctuating correlations among financial commodities and variables.
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ADCC model is further more addition to the DCC model, in which imbalance in financial time
series is taken into consideration. In the last after finding out the hedge ratios gained from
GARCH process, these are compared for hedging effectiveness. Therefore, there are also
significant leverage impacts in the dynamics of co movement among the industry pairs, with
greater levels of co movement being followed in all times by undesirable shocks.

So, the findings indicates that periods of increased national and worldwide market uncertainty
expand sector to sector co movement and weaken investors ' capacity to diversify across local
industries. As In previous studies the co movement among different markets exists but in those
studies only the volatility and return association among different countries were observed.
Therefore, this study will explore the spillover effect from one industry to other industry within
Pakistan and will help investors in the selection of sectors for diversification domestically

Hence, this research investigates the dynamics of co movement among Pakistan’s biggest
financial sectors, specifically in order to shed light on national investor’s intersectoral
diversification opportunities over time. Investors have been noted to have a home-bias when it
comes to investment and as such may be subject to periods of improved co-movement between
assets held locally across different sectors in their portfolios. Such periods of increased
homogeneity in the movement of asset prices negate the benefits of diversification of the
domestic financial market.

This study examines the dynamics of return co-variations among different sectors in Pakistan,
especially the inter-sector diversification prospective of domestic investors. It is believed that
investors prefer diversification in their own country (Katzke, Garch, Correlation, & Indices,
2019)

1.2 Problem Statement:

The concept of diversification gain high importance immediately after the publication of
Markowitz (1952) work. Portfolio theory is known as major pillar in finance which states
investing in multiple assets decrease their risk while return will remain intact. According to him,
investors are risk averse and they prefer to invest in less risky securities. Diversification is the
key ingredient that decrease risk in a portfolio, so the importance of diversification cannot be
ignored. . Investors require a minimum risk or avoid down markets by hedging or diversifying
portfolios by using alternative investment classes that maintain negative or low correlations
with portfolio stocks (Chkili, 2016).

Therefore, the variability of returns in investment reduces when we raise the securities. The
ups and downs in one security can cover the ups and downs of other one while when there is
less than +1 correlation of securities although the ups and downs don’t match among securities.
Understanding what typically corresponds to magnified inter-sector correlation could provide
investors and investment institutions with valuable insights into optimized portfolio
diversification strategies. This is particularly important for portfolio managers who often rely on
static estimates of past correlations to guide portfolio diversification decisions. Volatility
transmission is important for hedging strategy and portfolio allocation. The spillover effect is
more across the global economy, when an economy is large.

The researchers Tse & Tsui (2002) indicated the spillover transmission from one industry to
other but their study assumes that the co-movements of different sectors of South Africa is
constant. While recent studies i.e Joyo & Lefen (2019) claims that this inter-sector co
movement is not constant, and to capture the said phenomena these studies recommend to
use DCC GARCH model and ADCC GARCH methodology.

Hence, the understanding of connection among sectors of Pakistan is critical. With the passage
of time the industries are no more in isolation now and coming closer to each other. This
research investigates the dynamics of co movement among Pakistan’s biggest financial sectors,
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specifically in order to shed light on national investor’s intersectoral diversification opportunities
over time. Investors have been noted to have a home-bias when it comes to investment and as
such may be subject to periods of improved co-movement between assets held locally across
different sectors in their portfolios.

Gap Analysis:

In previous studies the co movement among different markets exists but in those studies only
the volatility and return association among different countries were observed. Therefore, this
study will explore the spillover effect from one industry to other industry within Pakistan and
will help investors in the selection of sectors for diversification domestically. Hence, this study
provides a gateway to future researchers in a new way. So, this study bridges the gap by
employing advances methodology to test the inter-sector phenomena by using recent data on
the Pakistan stock markets.

1.3 Research Objectives:

The main objective of this study is to examine the co-movements of stock return among
different sectors of Pakistan and about the benefits which investors get from portfolio
diversification. So the study designs the following objectives;

» To study the association among sectors of Pakistan in term of investment in various
securities.

» To examine the volatility spillover across the different industries in Pakistan stock exchange.

» To examine, the intensity and volatility time decay across different industries

1.4 Research Obijective:
Is the portfolio diversification among different sectors of same country benefits or not?
Is the diversification among sectors enhances the stock return or not?

Y V V

Are the intensity and volatility time decay over different industries matters?
» How does volatility spill over across different industries effects inter sector investment?

1.5 Significance of the study:

This study is about how Pakistan stock returns co-movements among sectors vary and how the
co- movements of the return affect the portfolio diversification of investors. Understanding
what typically corresponds to magnified inter-sector correlation could provide investors and
investment institutions with valuable insights into optimized portfolio diversification strategies.
This is particularly important for portfolio managers who often rely on static estimates of past
correlations to guide portfolio diversification decisions. This study focuses specifically on the
dynamic nature of such co-movement in the domestic market between the main economic
sectors.

The major contribution of the study is to use the most recent and appropriate methodology for
inter-sector diversification. In the first the time-varying conditional correlations between the
different sectors will be extracted by means of Dynamic Conditional Correlation (DCC).

Additionally, this study also helps policy maker, decision makers and consumer in relevance to
take decision. Readers can know and understand how well the investment diversification can
be done in different sectors or inter sectors. Besides, it will also give information to investors to
take better decisions about their investments or portfolio diversification in inter sector and how
to get benefits from investment.
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1.6 Organization of the study

Chapter 1: Chapter 1 includes introduction, background of the study, problem statement,
research questions, research objectives and significance of the study.

Chapter 2: Chapter 2 includes all the literature related to volatility spillover .It consists
all the previous work done related to the subject. The gap pertaining to the study and
facts from the literature will be added in this chapter.

Chapter 3: Chapter 3 includes data description and methodology. It includes research
design, sample technique, sample size, unit of analysis, data collection methods and
research methodology. It also includes all the equations related to the topic.

Chapter 4: Chapter 4 is related to results and discussions. All the results obtained after
analysis are put in tabular forms and their interpretation is done in this chapter.

Chapter 5: Chapter 5 includes conclusion and recommendations. All the implications,
results and limitations are discussed in this chapter. Recommendation for future research
is also added in this study for future.

References: It contains the list of all the references in APA style.
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CHAPTER 2

Literature Review

In this research, a review of literature will be followed to assess the industrial stock return
correlations and co-movements of industrial stock returns among different sectors. The variables
will be determined and further discuss through various resources by past studies.

Since, past two decades the illustration and modeling of the volatility dynamics with in the
financial time series has developed significantly.

As the Global financial exchanges are the consequence of expanded improved globalization, and
securities exchange players are progressively mindful of how mean and instability overflow or
the change of stuns starting with one market then onto the next happens after some time. The
presentation of stocks is gathered by some specific markets that are abridged by sectorial
records. Speculators utilize this outline as a benchmark to evaluate the presentation of specific
stock or market. Development and improvement of a nation is estimated by utilizing these
sectorial records.

There are numerous variables that assume an imperative job in the advancement of Pakistani
financial exchange, for example, Pakistani stock trade and volume of exchanging, size, different
intermediaries, absolute number of recorded stock at Pakistani stock trade, stock files and stock
turnovers. In the past, the cooperation among various markets and ventures is reported by
numerous specialists in their examinations. Ewing (2002) thought about the associated
connection among the five mechanical industries (industrials & transportation, capital products,
financial and utilities) by utilizing the VAR and utilized the methodology of hedged errors
decomposition of variance. In his investigation he reported that, any unexpected shock in one
industry significantly affects the volatility and the mean and of different parts. Furthermore, in
the year 1987, many researchers like Ewing et al. (2003) researched on the association among
five major sectors enlisted in stock exchange and other macroeconomic factors. In addition, they
likewise found an influence of the macroeconomic factors that cannot be expected on securities
costs that are individual in nature in contrast to the events that can be expected.

In 1982, Engle worked on ARCH (Autoregressive Conditional Heteroskedasticity models). In
contrast, to the empirical advantages of monitoring the conditional heteroskedasticity in the series
of asset return, it is of great practical importance to model the conditional correlation among
assets across sectors. This facilitates better asset and derivative product pricing, risk management
and portfolio selection decision-making. Diversification can be defined as the process in which
allocation of investments is done in different industries, financial instruments and other
categories that can reduce risk. Diversification of portfolios can be accomplished by investing
internationally, among various sectors and in different classes of assets, generally with negative
or less correlations. By this method return maximizes when investment is done in different areas.
According to professionals of investment, risk can be minimized and financial goals can be
achieved through diversification, but it is not guaranteed against loss. It is manager’s
responsibility to understand the role of diversification for investment. As it is highlighted in the
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Markowitz theory that the examination of estimates of asset returns correlations is based on past
knowledge, which indicates that investors are remunerated in terms of the covariance, variance and
mean structure of asset returns.

In Markowitz, (1952) portfolio theory, it is explained that mostly investors are remunerated in
accordance with the variance, mean and co-variance structure of stock returns. Many portfolios
of a number of securities are analyzed by this theory and by the help of this theory most
appropriate portfolio can be selected. For the arrangement of allocation of assets in the portfolio,
the statistical analysis and mathematical programming was used by Markowitz.

Similarly, by the use of variance or standard deviation among the returns from same security, the
Volatility can be measured. Mainly when the volatility is higher, it is considered that the security
is more risky. The impact in relevance to the events in one country can have on the other
country’s economies is known as Spillover effect. Positive spillover effect includes negative
impact of a domestic event on the other country. The spillover effect is more across the global
economy, when an economy is large. Volatility transmission is important for hedging strategy
and portfolio allocation. Basically inter sector correlation facilitates the investors as well as
different investment institutes with awareness about strategies of portfolio diversification. Inter
sector correlation guides the portfolio managers for decisions regarding portfolio diversification
because mostly portfolio managers depend on inert estimates of previous correlations. In this
study the dynamic nature of co movements among different sectors in home country market is
investigated.

Few researchers observed stock market integration among various countries and industries.
Ferreira (2017) studied Portuguese and Brazilian stock market integration: a non-linear and
detrended approach. In this article he uses non linear methodologies i.e. detrended moving
average cross-correlation analysis, detrended fluctuation analysis and detrended cross-correlation
analysis. He splits the sample in six different periods by using main stock indexes. As a result the
author concluded that the integration increased over time among the above mentioned two
countries but during economic crises, since 2013 Portuguese and Brazilian stock markets
suffered and the integration among both has been decreased. He explained that stock market
integration depends upon economical crises.

Financial Market Integration in Pakistan which is evidence by Using Post-1999 Data
(Economics, 2019). Here he used data which is taken from data steam data base. He used daily
basis observations on the interest rate, stock prices and exchange rate for the period 12th October
1999 (it is a period of military takeover). He said that stock price depends on changes in value of
currency.

Siami-namini ( 2017) wrote an article naming China’s Economy and the Global Financial Crisis.
In this article he discussed about china’s economy that how it get affected by the global financial
crises. For this purpose he applied vector auto regression models (VAR) in which he examined
the relationship among two foreign outputs including Germany and US and China’s output over
a period of 1979 till 2013. It was analyzed that after the application of VAR Granger casualty the
US and China’s output affects each other.

Yang, Min, & Li (2003)European Stock Market Integration: Does EMU Matter? The author
investigated that there is short run, contemporaneous and long run integration structures between
US and 11 European stock markets and furthermore he examined the issue of effectiveness of
stock market integration between major non-EMU and EMU markets by establishment of the
economic and monetary union (EMU). For this purpose he used data based on daily closing
prices of 10 EMU countries stock indexes to analyse the short, long and contemporaneous
patterns of European stock market integration.

Ali & Butt (2011) wrote an article naming Co movement Between Emerging and Developed
Stock Markets: An Investigation Through Co integration Analysis. In this article the author has
taken the data from July 1998 till June 2008 by co integration test on monthly stock prices.
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Finally it was examined that equity markets of Pakistan with USA, Taiwan, UK, Singapore and
Malaysia have no co movement. Hence, by investment in these countries investors can reduce
risk.

Huyghebaert & Wang (2009) worked on The co-movement of stock markets in East Asia Did the
1997-1998 Asian financial crises really strengthen stock market integration? He analysed by
using data from July 1992 till June 2003 from daily stock market in local and US dollar terms
that East Asian stock market relations are time varying. On the other hand interactions among
stock market are limited before the crises in Asia.

Countries having less segmented financial markets are with trade structure which is undiversified
(Chambet & Gibson, 2005). Hence the finding is that those countries which have more
segmentation are less open to the trade. In this article multivariate GARCH (1, 1) M return
generating model is used. This model is used just to check partial market integration side by side
the pricing of systematic emerging market risk.

Su & Yip (2014) applied recursive co integration procedure and analysed that foreign and US
stock markets are not co integrated in the whole sample period. Therefore, it is concluded that
this integration among US and foreign market increased during the period of financial crises
(2007).

Working & Series (2019) examined the effect on stock market integration by global crises by
using data from late 1800’s. Mixed frequency base regression approach is used which is derived
from (FDA) Functional Data Analysis. To explain the time varying correlations between stock
markets the author analyzes the main role of currency, inflation crises and global banking.

In 2010, Mishra and Mukherjee investigated the probability of volatility spillover as well as
stock market integration between asian countries and India the GARCH model is applied
according to Engle and Bollerslev (1982 & 1986).

Apart from different degrees of correlations, both in terms of return and squared return series,
among Indian stock market with that of other Asian countries, the contemporaneous intraday
return spillover among India and almost all the sample countries are found to be positively
significant and bi-directional

In 1988, Bollerslev, Engle and Wooldridge introduced VECH model (first MV GARCH model),
which clearly determine the conditional covariance matrix among series (Katzke et al., 2019).
Direct simplification of the univariate approach is the VECH approach. In 2002, Engle later
permissive the dependability of the structure of correlation of the CCC model with the (DCC), on
the other hand in 2006, Cappiello et al., expanded the DCC model to the Asymmetric-DCC
(ADCC) model.

Mainly the MV-GARCH in the literature is used when infectivity effects and market spillover
has to be examined. In 1995, Koutmos and Booth explained that negative and positive shock
spillovers are different from each other originating from important news events and how it
influences the volatility association among equity markets (Katzke et al., 2019). Main advantage
of utilizing MV-GARCH technique is for diversification purposes (De Santis and Gérard, 1998,
Katzke et al., n.d.). Subsequent to the latest financial crisis, there is also a raising literature,
which explained that an association among volatility conduction between different markets and
stock return co variations exists by using MV-GARCH technique. Katzke et al., (2019) enlisted
South African index of emerging economies, only to examine European regional and global
instability spillover.

By applying BEKK MV-GARCH technique, the conditional relationship among the major
sectors of numerous large economies as well as South Africa (Horvath and Poldauf, 2012)The
major use of VECH-GARCH and BEKK techniques is to investigate volatility overflow effects.
The main spotlight of this study is to extort provisional correlations among domestic sectors.
Hence, DCC as well as ADCC-GARCH technique is applied for the observation of its dynamic
structure. Basically, these techniques are random combination of GARCH models. DCC MV-
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GARCH models are applied during economic ambiguity just to demonstrate the code of conduct
among investors (Corsetti, Pericoli and Sbracia, 2005).

ADCC-MVGARCH methodology is applied among the complex catalogs of the developed
countries and Balkan just to explore the dynamic relationship (Syriopoulos and Roumpis, 2009).
Dynamic Relationship between Stock Prices and Exchange Rates: evidence from three south
asian countries (Rahman and Uddin, 2014). They checked if co integrating relation is possible or
not by using Johansen procedure as well as for checking causal relationship among exchange rate
and stock prices they used Granger causality test. Hence it is concluded that stock prices and
exchange rates are not related with each other.

Billio & Caporin (2010) examined market linkages; correlation stability and variance spill over.
In this article a concurrent equation system with Garchx errors was recommended to model a
relationship between American and Asian stock market. As a result a correlation matrix was
introduced (this allows graphical analysis of contagion and evaluate this matrix over rising and
falling windows).

Sarfraz, Shehzadi, Hussain, & Altaf (2012) wrote an article on co integration of KSE with major
Asian Markets and analyzed that there is no or weak co integration among four markets
including India, Indonesia, Malaysia and Pakistan. Mostly changes in these countries are due to
their own factors according to variance decomposition. Here he applied different tests on data
including correlation, descriptive statistics and co integration test just to find out the co
movements and behaviour of markets. On the other hand due to change in one market the
decomposition of variance in another market is held by variance decomposition technique. For
inspecting the relationship of lead lag Granger causality test is used usually. The standard
deviation changes in markets are studied by impulse response. Therefore it is briefly studied that
how emerging markets co integration is effected by the global financial crises.

The VEC-DCC-GARCH model was used to find dynamic correlation between industries(He,
Liu, & Chen, 2019). Therefore, it is investigated that correlations are high among CSI 300
industries, but most probably there was chance of the fluctuation of index. Moreover variance
decomposition method is used to calculate spill over indicators with intraday return and
volatility. In 2010, Mishra and Mukherjee investigated the probability of volatility spillover as
well as stock market integration between Asian countries and India the GARCH model was
applied. Apart from different degrees of correlations, both in terms of return and squared return
series, among Indian stock market with that of other Asian countries, the contemporaneous
intraday return spillover among India and almost all the sample countries are found to be
positively significant and bi-directional. In 2005, Collins & Biekpe illustrated that there exists
infectivity effects on African stock markets, including South Africa due to 1997 Asian crises and
applied Pearson’s correlation coefficients. Nigeria, South Africa and Kenya’s variance structures
were justified by using MA-TGARCH technique (ogum, 2001).

The literature on financial linkages has evolved along a strand in recent years. This strand has
been focusing on the domestic transmission of asset price shocks and its determinants.

Now days, association between domestic financial markets are increasing. In 1992, two authors
naming Beltratti and Shiller worked on spillover among various asset prices on domestic level
and found that bond yields and stock return are positively correlated with each other (Michael
Ehrmann, 2005) & (Ammer, 1993). Al though the analysis of these studies is frequently base on
data with low frequency. Kuttner (2004) found that in U.S the equity prices respond sturdily to
the monetary policy. According to Rigobon (2003) monetary policy has been exposed to react to
equity markets. In 2003, Rigobon and Sack analyzed that the causality of the process of
transmission might run in numerous directions, therefore, the equity prices and short term
interest rates of United States changes towards negative from positive and this transmission
depends upon the dominant nature of asset prices that which asset price is dominant in that
particular period. To analyze spillovers there are many endeavor. In 1990, few researchers
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Hamao, Masulis and Ng worked on analysis of spillovers, based on GARCH models and noticed
some spillovers both for conditional volatility and returns from United States towards United
Kingdom and Japanese equity markets (Graham, Kiviaho and Nikkinen, 2012). Many
researchers in 1995, naming Becker, Finnerty and Friedman came across the fact that spillovers
among the U.K and U.S exists. They study mainly the transmission of volatility among short
interest rate markets and stock markets across countries.

An associated literature focuses on the impacts on different asset prices of macroeconomic
statements. Andersen and Diebold (2005) and Michael Ehrmann (2005) indicate that
macroeconomic reports in specific on the US dollar, euro exchange rate has a considerable
impact. In case of, bond markets, Goldberg and Leonard (2003)discovered that not only
macroeconomic reports are an important driver of modification in bond returns, but there are also
significant global bond market linkages among the United States as well as the euro area. Paper
and Bank (2004) illustrated that spillovers towards Euro from United States region market are
greater, but the spillovers have been present in the reverse direction since the euro was
introduced in 1999. Negro (2002)contended that international investment returns can be
explained mainly by country specific shocks, by worldwide and industry specific shocks.
Moreover, numerous articles highlight the consequence of linkages to illustrate spillovers on the
financial market by capital flows and trade.

Vries (2001) indicated that the links among the exchange rates reinforce a wide range of
emerging markets during financial crises. Billio and Caporin (2010) found that the degree of
bilateral trade instead of country specific fundamentals only plays a significant role in
understanding economic co-movements during period of crisis. Focusing on mature economies,
Kali and Reyes (2010) determined that the country specific variables have become somewhat
less essential, while bilateral trade and economic linkages are now considerably more significant
variables to clarify global spillovers across bond markets and equity. A main feature of the
economic transmission literature is that it has developed along separate routes, one, the global
transmission within individual asset markets and the other on concentrating solely on national
cross-market connections. In order to obtain a better awareness of the fundamental nature of the
transmission channels of economic shocks, few systematic efforts were formed to connect these
strands.

The bitcoin 1s a potential tool for diversification and its strength as well as its Shari’ah
compliance is justified. In 2015, Evans illustrated about the compliance of Bitcoin with Shari’ah
requirements as well as how it can be better exchange medium as compared to other currencies.
For the identification of diversifying properties of Bitcoin for main stock indices like oil, gold,
United States dollars and bonds, DCC technique is used (Jin Lim and Masih 2017). By the help
of using modern methodology, the Islamic stock markets have done various studies. Personal,
Archive and Faiq (2014) found that MENA, European and developed markets are best for
diversification. Therefore, this study supported the usage of index of Dow Jones Islamic
Developed Market and index of Dow Jones Islamic European markets.

For capturing diversification on region wise Dow Jones Islamic European Markets index is used
while on the other hand, for capturing Emerging Markets index market wise diversification is
used. For studying Malaysian Islamic investor’s diversification opportunities, the MGARCH and
Wavelet techniques were applied (Hanif and Khan, 2017). The purpose of this study was to
provide a structure for assessing the interaction of financial market shocks in national and global
transmission. The essential information was daily nominal indexes of local currency stocks from global
financial data and data stream.

It is drastically different, responsive to financial occurrences and wide ranging. Some of these
occurrences are significant, which includes; The East Asian monetary crisis at the end of the year 1997
i.e. (the devaluation of Thai Baht in the month of July, 1997, spreading to Hong Kong in the month of
October, 1997 & to other significant markets in the region such as South Korea, Malaysia and Indonesia
in the month of January, 1998).
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The crisis in Russia June-August in the year 1998 i.e. (the first wave was presided over by the declaration
by the IMF of a support package in the month of June 1998 and in the month of August, 1998 the final
outhreak was held. The powerful United States signals were followed by the reversal of emerging
market capital flows. The financial market unrest linked to the subprime mortgage market which started
in the month of July and August in the year, 2007. The major spillover volatility occurrences comprises
i.e. Brazilian crisis in the month of January, 1999. The United States terrorist attack in the month of
September, 2001 and Euro crisis were linked with statements by policymakers in several developing and
industrialized nations in the month of the March and the year was 2005 i.e.(China, South Korea, India,
Japan & Russia) demonstrating that they were considering diversification in the Central bank reserve
from the U.S. dollar. In any case, the key insight is that large volatility spillover was produced by many
well-known events, whereas, with the possible exception of the recent subprime episode (which generates
the Spillover Index’s highest volatility value since the year 1997 and 1998 during East Asian crisis), there
was no return spillovers. The information covers the 3 main daily industry indicators for 4 of the 6 (GCC)
countries, Qatar, Saudi Arabia, the United Arab Emirates and Kuwait. The industries includes banking
industries, service and industrial of the first 3 nations and the insurance, service and banking industries of
the United Arab Emirates, having no Industrial sector index (ISI).

Bahrain modified its index series in 2003 and it is excluded, so there are no appropriate series for its
industries at the moment. In addition, Oman does not have adequate sector information. The average
weekly index yield differs within the same nation between industries and across the 4 nations for the same
industry. The industrial sector in Saudi Arabia provided the largest average return compared to the other 2
industries. It is not surprising that Saudi Arabia's industry produces the maximum average yield as the
nation has the biggest economy in the MENA and Middle East and defined in terms of GDP. As a result,
the economy of this country can support a large industrial base.

Banking sector and Service sector in Qatar and Kuwait respectively produce the maximum yields. Qatar
has the highest economic center in the region competing with Bahrain and Dubai, but it has a weak
industrial base. The yield of insurance sector is less than the yield of the service and banking
industries in the UAE. Other industries stock is liquid as compared to insurance sector. Overall, the
service industry in Kuwait yields the largest average return among the three industries in the 4 nations and
the insurance industry in the UAE yields the lowest. In case of Industry danger, most of the danger is in
Saudi Arabia, the United Arab Emirates and Kuwait service sector, but in Qatar's industrial sector, whose
extremely focused sectors are based on volatile oil and gas, as described by the standard deviation.
Therefore, in U.A.E and Kuwait the industry return and risk is directly proportional.

Mostly the returns are tilted to the left, suggesting that in a specified period of time there is a maximum
possibility that the industries will go down. This outcome indicates investors are investing for the long
pull in these industries to override intermittent reduction. Kurtosis is mixed, with some indices i.e. greater
than normal distribution and smaller for the others. Here, for modeling volatility, GARCH was used. The
basic aim was the application of latest volatility modeling techniques to improve the usage of the
GARCH from a uni-variate strategy to a multivariate scheme.

This strategy would allow examining the conditional volatility and interdependence of GCC markets '
equity industries. With this strategy, it could be concentrated more on estimating significant, interpretable
parameters with minimal computational difficulty than with several other models. It was concentrated on
literature using GARCH multivariate models with significant worldwide coverage. The linkages among
macroeconomic circumstances and inventory market volatility are also investigated (Engle and Rangel,
2006). In 1990, King and Wadhwani concentrated on elaborating the uniformity, with which the world
markets fell after the crash of United States stock market in the month of October, 1987. They found a
proof of infection in the United States, Japan and United Kingdom from July 1987 till February 1988
using the coefficients of cross market correlation. They also concluded that greater volatility is usually
linked with greater market correlation.

K. F. R. Rigobon (1999) demonstrated that owing to heteroskedasticity in market yields; the correlation
coefficients were "based.” If the correlation coefficients for heteroskedasticity are fixed, they will not find
any proof of contagion during the 1997 Asian crisis, 1994 Mexican crisis, and the 1987 U.S. crash From
January 1986 to December 1987, the adjusted unconditional correlation coefficients were 0.53 between
the U.S. and Canada, while, 0.21 among the U.S. and the U.K., 0.17 among the U.S. and Germany, 0.14
among the U.S. and Hong Kong. Masulis (1990) investigated the markets of the United States, the United
Kingdom, and Japan from April 1985 to March 1988. They found statistically significant volatility
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spillovers from the U.S. to Japan and the U.K. using the generalized autoregressive conditional
heteroskedastic (GARCH) model towards Japan. The spillovers from Japan to the other two markets
are much weaker. Lee, (1993) reviewed the weekly results of the year 1980 to 1991of German, U.S.,
U.K., Canadian and Japanese stock markets. They evaluated the degree of interdependence between these
economies using the multivariate GARCH model. First, they presented market yields cross border
correlations. They also found United Kingdom spillovers with some weak proof to Canada and to Japan
from Germany. They concluded the U.K. return volatility. And, unlike Japanese and German, Canadian
markets originate largely from the U.S. stock market. It was discovered that the German industry was
least integrated. In 1995, Karolyi studied the effect on yields and volatility of the U.S. shocks on the
Canadian stock market from year 1981 to 1989. He utilized the U.S. and Canadian S and P 500 and TSE
300 indices.

Arolyi (1998) found shocks originating in the U.S. have a declining effect on the Canadian market's
yields and volatility over the period under this study. For Canadian shares that are not dually listed on the
exchanges, the size and persistence of U.S. shocks is higher. Dumas, Kaplanis, Harvey and Kroner
(1995) studied the long-term development of conditional correlations between seven major stock markets
(Germany, France, the United Kingdom, the United States, Switzerland, Japan, and Canada) over the
period 1960 till 1990, by using the monthly excess returns. From the year 1989 to 1999, Johnson and
Soenen (2003) used daily information to explore the integration of equity markets and their driving forces
with the U.S. market in Argentina, Brazil, Chile, Mexico, Canada, Colombia, Peru and Venezuela. They
found statistically significant returns between the U.S. stock market and the 8 remaining markets. With
the peak in the middle of 1990s, the degree of co movement is discovered to differ over time. Their
findings showed that the intensity of bilateral trade with the U.S. has a beneficial effect on co movement.
While the volatility of the exchange rate and greater market capitalization has an adverse impact on
comovement.

Worthington and Higgs (2004) examined spillovers in between nine Asian stock markets (Hong Kong,
Japan, Singapore, Indonesia, Korea, Malaysia, the Philippines, Taiwan, and Thailand) developed as well
as emerging from the year 1988 to 2000. They found that it was extremely embedded in all markets.
Muhleisen, Roache and Zettelmeyer (2007) explored the connections between the financial markets
(stock, currency and bond markets) in the United States and seven Latin American nations (Argentina,
Brazil, Chile, Colombia, Mexico, Peru and Venezuela) in 1996 to 2006. They found that over the period,
Latin American inventory markets ' sensitivity to the U.S. shock has risen. Sun and Zhang (2009) used
daily information from the month of January 2005 to October 2008 to examine the effect of the recent
U.S. financial crisis on stock markets in China and Hong Kong. Innovatively, Personal et al. (2014) used
the Malaysian Index to depict venture capital (PLS investments) that are the cornerstones of Islamic
investment and discovered possibilities for investors to optimize portfolios in other Shari'ah inventory
indices in Malaysia.

Models for observing dynamic conditional correlation (MGARCH-DCC) were used by Kearney and Poti
(2005) to study determinants of equity return volatility in significant eurozone indicators. By
implementing a vibrant conditional correlation GARCH model, Degiannakis, Filis and Floros (2011)
evaluated a relationship between oil price uncertainty and financial markets in oil importing and exporting
economies. Their findings indicated that stock markets are responding favorably to higher oil prices
resulting from demand side shocks. The panel co integration method was used by Arouri and Rault in the
year 2012 and discovered that oil shocks had a beneficial effect on stock markets for most oil exporting
nations. Similarly, dynamic conditional correlation model and asset pricing model were used by
Broadstock and Filis (2012) concluded that oil prices risk generates a beneficial effect on stock returns.
They also argued over the turbulent moment for a greater correlation.

By integrating Vector Autoregressive and Vector Error Correction models, Cunado and de Gracia (2014)
explored the effect of oil shocks on European markets. The findings indicate that shifts in oil market
prices, driven by shock in oil demand, react favorably to France and Denmark’'s stock markets.
Abhyankar, Xu and Wang (2013) examined a link between Japan's oil price volatility and stock market
and discovered an adverse effect on Japanese stock market yields from oil price modifications. Similar
outcomes were discovered for oil importers (Chatziantoniou, 2014).

Baur and Lucey, (2006)evaluated the hedging and secure haven potential of gold and discovered that gold
did not maintain a secure haven asset for bonds but only retained a comparable asset for stocks during
poor stock market moments. In 2011, a researcher Joy researched the gold estate as a secure haven or
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hedge against U.S. currency to conclude that gold would not retain a secure haven status during market
stress periods as gold and dollar move in the same direction during market disturbance. Le, Ceuster,
Annaert and Amonhaemanon (2013), for instance, researched Vietnam's gold trait as a hedge against
inflation and discovered that gold offers the capacity to hedge against inflation. For Turkey (Omag, 2012)
reported the comparable outcomes.

Recently, Bampinas and Panagiotidis (2015) used a big information set to examine the hedging capacity
of metal commodities for the United States and the United Kingdom and discovered that gold retains its
position in both countries against a rise in the overall price level than silver. Some writers discovered that
hedge ratios vary in moment to hedge oil potential. For instance, by integrating several MGARCH
models, Mcaleer and Mcaleer (2010) discovered a dynamic trend in hedge ratios. The hedge
characteristics are studied by (Jr and Lin, 2016). They found that oil should form part of Ghana and
Nigeria's stock portfolio. Abul and Sadorsky (2016) researched petroleum, wheat and copper volatility
dynamics in emerging-country stock markets. Study findings revealed that oil provides the cheapest
comparative hedge, and investors should frequently update hedge ratios.

For the Pakistan economy, many existing studies can’t capture the time-varying correlations between oil,
gold, and inventory. The past studies are also unable to assess the efficacy of hedging in traditional stock
portfolio of oil and gold, either that literature included easy econometrics methods without offering a
comparison among models or conflicting outcomes are obtained using distinct GARCH models. Dynamic
conditional correlations are assessed in specific using the Scalar-BEKK model suggested by Engle and
Kroner in the year 1995 to examine the time varying connections. Abhyankar et al. (2013) was the
pioneer in studying petroleum prices and macroeconomic indicators. The overall consensus was that the
oil & gas industry, as well as the mining industry, tends to be favorably influenced by favorable
petroleum price modifications, while the opposite is true for other industries such as transport,
manufacturing, food, chemicals, medical, computer, real estate and general services, The Electricity,
Engineering and Financial industries report non-conclusive outcomes.

In 2009, Hamilton and Kilian also subscribed to the belief that, unless they separated the origins of oil
price shocks. These writers were the first to differentiate between supply side and demand side oil price
shocks, arguing that these shocks would cause various reactions from economic and monetary indicators.
There has been a favorable connection between aggregate demand shocks and financial and/or inventory
market trends, whereas there are particular demand shocks during the oil industry. Chen et al. (2014)
focuses on France, Germany, Japan, the United Kingdom and the United States and reports that supply
side shocks have a more constant impact on inventory prices. However, the above-mentioned studies have
mainly ignored the significance of examining the connection in a time-varying setting between oil prices
and stock markets. Models of time-varying correlation have only lately been used to explore interactions
between the oil and the stock market. For example, Hammoudeh (2004) applied the Dynamic
Conditional Correlation Model (DCC) to explore the relationship between commodity prices, including
oil, copper, gold and silver, with the S&P 500 index. And demonstrated the proof of growing correlations
between all commaodities since 2003 but reduced stock index correlations. Similarly, Mcaleer and Mcaleer
(2010) demonstrated that conditional correlations are not continuous in the US among crude oil prices and
inventory returns. In their analysis, Degiannakis et al. (2011) has gone further and separate oil imports
from exporting countries and by using a DCC generalized conditionally heteroskedastic (DCC-GARCH)
specification, show that there is a negative relationship between oil and stock market returns during oil
market shocks, while a positive correlation has been observed during aggregate demand shocks.

In 2012, Broadstock and his co workers used a BEKK model to define the time varying relationship
between oil prices and energy related stocks in China, found a sharp rise in the correlation during the
financial crisis of 2008, while In 2013, Antonakakis and Filis used a DCC-GARCH model to examine the
time-varying impacts on stock market correlation of oil price modifications. This research linked two
literature strands (oil price shocks and time varying correlation between oil price and inventory market
returns) in an attempt to disclose some rather significant result. The oil prices are divided into particular
shock sequence using the structure of the researcher Kilian in the year 2009, namely supply, aggregate
demand and demand based shocks particular to the oil market. For both aggregate stock market indices
and chosen industrial sector indices, the said connection was examined. By using a Scalar BEKK model,
it was focused that the linkage was most significant in advanced (US) and developing (China) inventory
markets.

As in 2012, researchers i.e. Broadstock et al. argued that despite China being the world's second largest
economy and the Chinese stock market being the world's second biggest stock market, there is no
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comprehensive literature examining China's connection between oil price and stock market behaviour. To
demonstrate this, it was discussed earlier that how to use time varying correlations in financial
investments, why these correlations vary so much across sectors and economies, and what would be the
more direct economic implications. Academics and professionals already agreed that oil and stock
markets are often linked to worldwide financial activity. Over the past few centuries, determining the
precise nature and sources of the connection between oil and stock markets and worldwide financial
activity has proven to be a promising region for scientists. Moreover, Chatziantoniou (2014) concluded
that changes in oil prices are important determinants of returns on the stock market. He demonstrated in
specific that stock markets react negatively to a favorable shift in the price of oil.

However, there is no connection between oil price shocks and stock market yields among other writers
(Jammazi and Aloui, 2010). Bampinas and Panagiotidis (2015) provided a comprehensive literature
review in the specific region. Studies specifically concentrated on European stock markets shows that
favorable changes in oil prices tend to have a negative impact on stock returns; however, the precise
relationship depends on the industry. Oil related stock markets, in specific, tend to grow in the case of a
favorable oil price shift, whereas the opposite holds for oil intensive industries (El, Arouri, Jouini and
Khuong, 2012). In addition, a strand of that literature separated the impacts on stock market activity of oil
price shocks according to their origin. In specific, Hamilton (2009)and Kilian (2006) indicated that
distinct oil shocks affect stock markets. Kilian (2006) offered a proof that aggregate returns on stocks
vary based on the cause of the oil price shock.

Hamilton (2009) breaks down oil price shocks into two parts, namely demand side oil price shocks
(triggered by higher aggregate demand, e.g. owing to China's industrialization) as well as shocks in
supply side oil prices (triggered by changes in global oil manufacturing). Furthermore, Kilian (2006)
defined a third source, shocks of precautionary demand or shocks of demand particular to oil. These are
oil price shocks linked to the uncertainty of future oil accessibility. Baumeister (2012), Basher et al.
(2012), Kilian and Lewis (2011), Degiannakis et al., (2011), Lippi and Nobili (2012), Kilian (2007),
Apergis, Miller and Miller (2008), Val (2008), Kilian (2006), Barsky and Kilian (2004) also demonstrated
the significance of taking into account the roots of the oil price shock in this region of concern. For
instance, Hamilton (2009) maintains that shocks in oil prices have been driven primarily by demand in
recent decades and therefore supply side incidents do not have important impacts on oil prices.

Lippi (2010) advocated that supply side petroleum price shocks have an adverse economic impact,
whereas demand side petroleum price shocks have the reverse impact then demand side shocks.
Furthermore, in 2009, Kilian and Park showed that supply side oil price shocks have no impact on stock
market yields, while stock markets tend to respond negatively to oil specific demand shocks. On the other
side, they discovered that shocks in aggregate demand for oil prices cause a favorable stock market
reaction. In the same line of reasoning, Degiannakis et al. (2011) discovered proof that supply side shocks
do not appear to affect stock market yields, whereas demand side shocks are the opposite. Likewise, Abul
and Alfred (2011) demonstrated that supply side oil price shocks do not affect emerging stock market
yields, while aggregate demand petroleum price shocks appear to have a beneficial effect. They
discovered proof of downward pressure on stock returns from oil specific demand shocks.

Although proof suggested that the source of the oil price shock triggers distinct stock market reactions,
most literature does not consider them while examining their impacts (Hedi and Ben, 2012) ; (El et al.,
2012); (Bjernland, 2008); (Chen et al., 2012) ; (Park and Ratti, 2007). As discussed above, the purpose of
the above studies was to direct the research's attention to the impacts on stock market volatility of oil
price shocks. Studies in the early 80s and 90s i.e. N. Working and Series (1990) and Bernanke (1980)
showed that higher energy prices create uncertainty for the companies, leading in investment choices
being delayed. In addition, some writers believe that oil price innovations affect aggregate uncertainty and
have important adverse effects on investment (as for example, (Calabrese, Liu, Lorenzo and Ratti, 2011),
(S. Rahman, 2010), (Estate, Serletis and Collins, 2010). Furthermore, Bloom and Bloom (2007) recorded
that stock market uncertainty improves following significant shocks such as the U.S. terrorist attack of
2001, OPEC oil. Nevertheless, the origins of oil price shocks were not regarded by that research.
However, it was claimed that Bloom's selection of significant shocks coincides with incidents that cause
certain oil price shocks, as (Hamilton, 2009) and an author Kilian in the years (2007 and 2009)
recognized these shocks. For example, the U.S. terrorist attack of 2001 triggered an oil-specific demand
shock, while disruptions in the supply of oil caused shocks in the supply side of oil prices. Therefore, it is
important to disentangle oil price shocks to understand better stock market uncertainty. Moreover, the
literature has well developed that the uncertainty and aggregate uncertainty of the companies can be
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represented respectively by individual stock price volatility and stock market volatility (Baum et al.,
2010) and (Bloom and Bloom, 2007). Although stock market volatility features have been widely studied
in the past, the literature continued silent on the impacts on stock market volatility of the various oil price
shocks.

Rather, the output of the study has focused on spillover effects between oil price volatility and inventory
market yields and the volatility or the connection between oil price volatility and company investment.
Three measurements of volatility are used in the above discussed study that are conditional volatility,
volatility realized and volatility implied. Conditional volatility is the most commonly used technique of
guantifying volatility in economic time series, estimated from a predefined ARCH model. The realized
volatility, introduced by Bollerslev (1998) sums the squared log returns of high frequency to produce a
reduced volatility metric. Among other things, according to Ebens (1999), the usage of high frequency
information to calculate volatility at a reduced frequency offers more precise volatility estimates. Implied
volatility stems from the price of the alternative. Conditional volatility was selected in the above
mentioned literature because it is the most commonly used variance metric.

The use of realized volatility measure is justified by the latest economic literature results that it offers
more precise volatility estimates. On the other side, the use of implied volatility is driven by the reality
that portion of the literature shows that this sort of volatility (a forward looking measure) is more
informative than other estimates of volatility, which are the current looking volatility metric. Therefore,
any variations in their reactions to oil price shocks should be identified. Koopman et al. (2005) suggest
that both the volatility implied and the volatility realized were precise in information. In contrast, writers
such as Becker et al. (2007) and Corrado and Truong (2007) indicated that implied indicators of volatility
do not provide incremental data compared to other indicators of volatility. However, R. Engle (2002)
claimed that there is no easy solution to which measure of volatility is the most accurate, as it depends on
the statistical strategy taken for forecast assessment. It provided a proof that stock market volatility is not
affected by supply side shocks and oil specific demand shocks, while oil price shifts due to aggregate
demand shocks lead to a decrease in stock market volatility. The findings were also valid for the volatility
of the industrial sectors.

The proof of growing bonding on the stock market depends on the study period and the methodology
used; however, most studies show that global bonding on the stock market has risen in latest centuries.
Sheikh et al. (2012) used a soft logistic transition model to determine the degree of stock market
integration between the US and Latin American stock markets from December 1988 to March 2004. The
smooth transition model was adapted to the conventional DCCs between the U.S. equity sector and the
markets of Argentina, Brazil, Chile and Mexico. The findings have shown a rise in the degree of co
integration between these overtime markets; however, the velocity and extent of inclusion varied with the
country being examined. In 2011, Durai and Bhaduri used a comparable strategy, studying the
correlations between the some sample economies from July 1997 to August 2006 such as the US, UK,
Germany, India, Malaysia, Indonesia, Singapore, South Korea, Japan, and Taiwan. The findings have
shown that the correlations between developed market yields are greater and lower between Indian stock
market yields with established and Asian stock markets. The Indian market's low correlations continue to
suggest the possibility of benefiting from international diversification.

Journal et al. (2013) found that emerging market areas (Latin America, Asia, South East and Middle East)
are segmented from other global economies. The correlations between the indicators also reduce when the
breaks are associated with a reduction in volatility. Similarly, a sudden rise in volatility is followed by a
rise in the DCC model, supporting the existence of an impact of shift contagion. In 2011, an author named
Kenourgiosetal also provided a proof of contagion on a sample of BRIC emerging markets (Brazil,
Russia, India, China) and two advanced markets (UK and US) using an asymmetric time varying structure
(AG-DCC) from the year 1995 till 2006. Similar findings are those of Dimitriou et al. (2013), who
applied the FIAPARCH-DCC strategy to a sample of BRICS countries (Brazil, Russia, India, China, and
South Africa), as well as the United States, during various stages of the latest crisis. From the beginning
of 2009 onwards, increasing co-movements between the US and BRICS are identified, suggesting that
correlations tend to be greater in bearish economies. The research of Kenourgios and Christopoulos
(2013) has investigated three significant emerging market crises (Asian crisis, Russian default, and
Argentine turmoil) along with the latest U.S. subprime crisis. Standard co-integration assessment
disclosed long and short term dynamics in evolving stock markets during the Russian and Asian crises,
both for inventory and bond markets during the subprime crisis, but Argentina's turmoil had no significant
effect.
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In relation to the statistical advantages of managing temporary persistence for second order and
conditional heteroskedasticity in asset return sequence, it is of excellent practical significance to model
the conditional correlation among the assets and across industries over time. It enables better asset and
derivative tool pricing, portfolio choice and decision making regarding risk management. Also it is
emphasized in the Markowitz finance theory proposed in the year 1952, the significance of studying
estimates of asset return correlations is based on previous data (or conditional correlations), which
indicates that investors are compensated in terms of average and variance-covariance structure of asset
return. A wide range of literature on MV-GARCH models has appeared over the past two centuries,
differing in terms of conditional volatility requirements (of which a wide range of literature has
developed) as well as conditional variance-covariance matrix requirements.

T. Bollerslev et al. (2014) suggested the first MV-GARCH model just to measure the conditional
covariance matrix between series, the VECH model. The VECH method is fundamentally a direct
generalization of the univariate strategy, requiring a big number of parameters as such (Katzke, N., Garch,
M., C., & Indices, S. 2019). A study on South Africa stock returns correlation has used DCC and ADCC
Multivariate GARCH methods to detect the underlying dynamics. Following the latest global financial
crisis, an increasing body of literature, using the MV-GARCH methodology, has been studied the
magnified inter linkages between asset return co movement and volatility transmission across different
economies. Several studies included a composite South African index in their list of emerging economies
Christopher, et al (2012) and Maria, Schulze-ghattas and Spagnolo (2009), primarily studying the spill-
over impacts of worldwide and regional volatility from Europe. B. R. Horvath, Petrovski and Horvath
(2012) for example, used the BEKK MV-GARCH strategy to study the conditional correlation between
the major industries of several major countries, including South Africa. Christopher et al. (2012) also
derives time-variable conditional correlations between aggregate stock and bond market indexes using the
BEKK MV-GARCH framework, using the dynamic correlation structure to explore its long-term
relationship with sovereign credit scores using Error Correction Models.

While the time-varying correlations between series can be extracted using methods that are direct
generalizations of the univariate volatility models into the multivariate plane, such as the above research
using the BEKK and VECHGARCH methods, the primary use of these models is to study the spill-over
impacts of volatility. Since the focus of this document will be on extracting the conditional correlations
between the national industries and studying their dynamic structure, the more parsimonious DCC and
ADCC MV-GARCH models will be used. These methods are non-linear combinations of univariate
GARCH models using a two-step operation to divide the covariance matrix into the individual univariate
conditional variances and the series of dynamic conditional correlation. Paper and Haven (2001) and
Chiang, Nam and Li (2007) used DCC MV-GARCH models to demonstrate that herding behavior among
investors in emerging markets during periods of financial uncertainty can have a significant impact on
capital market linkages between developing nations and advanced economies.

Kalotychou, Staikouras and Zhao (2009) studied intersectoral correlations of volatility between the
economies of Japan, the US and the UK and emphasizes the usefulness of studying the dynamics of asset
return correlations for portfolio allocation purposes. They claimed that there are significant advantages to
portfolio management not only from timing volatility (as GARCH's multivariate model extensions), but
also from the dynamics underlying return correlations. ADCC-MVGARCH methods are used by
Syriopoulos and Roumpis (2009) to explore such vibrant correlations between Balkan and developed
countries ' overall composite indices and to express comparable feelings from the viewpoint of emerging
market investment. Despite several MV-GARCH research including South Africa in a list of other nations
(usually as part of a European group of economies), none of the author's understanding focused solely on
the structure of dynamic conditional correlations between major national industries. In reality, the
dynamics of volatility return on the South African equity market are generally restricted.

Notable instances included In and Financial (2003), who used Pearson's adapted correlation coefficients
to study the infectious impacts of the 1997 Asian inventory market crisis in Africa, including South
Africa. In 2001, Ogum used a time-varying MA-TGARCH model to study SA, Nigeria and Kenya
variance structures between 1985 and 1998. Samouilhan (2006) used univariate volatility models to find
proof of aggregate market and sector-level return and volatility linkages between SA and UK equity
markets. Chinzara & Aziakpono (2009) used VAR estimates and univariate GARCH methods to explore
mean and volatility linkages between the South African inventory market index and numerous other
significant worldwide indices. In 2011, Chinzara identifid important volatility spill-over impacts of
macroeconomic variables on the aggregate stock market index monthly yields and four other major
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industries, including the economic, retail, mining and industrial industries, using univariate GARCH
methods. He also discovered that these impacts are intensified during periods of economic crisis
(specifically using dummy variables for Asian and global financial crises, respectively. Duncan, Kabundi
and Duncan (2011) used a generalized self-regressive (GVAR) method to explore national volatility co-
movements between currencies, bonds and equities in South Africa. The dynamics of their assessment are
based on rolling window regressions to provide a time-varying estimate of transmissions of volatility
between the major asset classes. This research aims to add to this literature by demonstrating how global
and national macroeconomic uncertainty affects the dynamics of conditional co-movement among the
biggest national financial industries. Therefore, the research offers an interesting insight into national
investors ' capacity to hedge their portfolios by keeping assets in distinct financial settings across the
spectrum of local equity markets. Therefore, the research offers an interesting insight into the capacity of
national investors to hedge Alternative multivariate volatility models which can also be used to build
comparable time-varying variance-covariance series, including the Orthogonal-GARCH, EWMA10 and
Variance Sensitivity Analysis (VSA) models, which will be used for brevity purposes.

Kenourgios & Christopoulos (2013)examine the correlations between Balkan emerging stock markets
(Turkey, Romania, Bulgaria, Croatia and Serbia) and developed European markets (UK, Germany and
Greece) between January 2000 and February 2009 and provide proof that dependency between the
Balkans and advanced equity markets has increased. Samarakoon (2011) performed a comprehensive
stock market integration and contagion study from April 2000 to September 2009 between 62 emerging
and border economies and the US market. Samarakoon (2011) discovered that shocks more likely to be
driven by the US economy during periods of calm, while shocks from emerging markets have an effect on
the US during periods of crisis. There are significant interdependencies between emerging and border
markets with the US market that stop emerging markets and border markets from acting as efficient
hedges for US investors in US shocks. Syllignakis and Kouretas (2011) analysed the conditional
correlations with conditional volatility on a sample of US, German, Russian, Czech, Estonian, Hungarian,
Polish, Romanian, Slovak and Slovenian inventory exchanges from October 1997 to February 2009.

Their outcome is merely that Central and Eastern European stock markets ' usefulness as a
diversification instrument has declined in latest years, mostly not ably in the latest financial crisis
and stock market crash of 2008. B. R. Horvath et al. (2012) contrasted the market correlations
among the CEE-3 and South-Eastern Europe (Croatia, Macedonia and Serbia). These authors
found that the level of co-movement between the CEE-3 markets and the Stock Europe 600
index is much higher during their study period from January 2006 to May 2011 than between the
South Eastern European markets and the Stock Europe 600. In the research by Davidson and
Number (2012), the asymmetric DCC model was used to predict the correlations among the
CEE-3 stock markets and the aggregate Stock 50 euro area index from the month of December
2001 till October 2011. This research found a positive rise in correlations after CEE-3 nations
entered the European Union; in addition, correlations stayed at greater concentrations during the
latest financial crisis. Even though imbalances in volatility were present in all instances, an
asymmetry in correlations was important only for the couple of indices WIG (Poland) and BUX
(Hungary) these writers also connected correlations with conditional volatility but not all
interactions were substantial.

Subrahmanyam and Mathur's inquired in 1990 celebrated the connection between the Nordic
(Sweden, Norway, Denmark, Finland) and US equity markets and discovered that US stock
markets had some impact on Denmark, but no impact on Sweden, Finland, and Norway.
Sweden's stock market is causing Granger both to Norway and to Finland. Denmark, Norway
and Finland's equity markets as shown are not causing Granger to other equity markets. It was
also investigated that the amount of interaction among the Nordic stock markets is smaller. In
1992, Kasa investigated a single prevalent trend that could compel the United States, England,
Germany, Japan and Canada's equity markets.

He also proposed that there might be a long term connection of co movement among these equity
markets. Roca examines the interrelationship between U.S., U.K., Korea, Japan Taiwan, Australia,
Singapore and Hong Kong stock markets in 1999 by assessing the co-integration test. It was suggested
that Australia and other equity markets that are being studied do not have a long-term connection. In
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2002, Ng explored the facts regarding the co-integration of ASEAN equity markets (Malaysia, Singapore,
Indonesia, Philippines and Thailand). The research included inventory prices for the period from 1988 to
1997. It was also explored that there is no long-term co-integration connection among the ASEAN equity
market where only the short-term connection was discovered. The outcome of the assessment of
Correlation indicates that integration is increasing while time-varying assessment indicates that
some equity markets are progressing to be closer to co-integrating with Singapore.

Haron, Azmi and shamsuddin also searched for the co-movement between the major trading
partners Malaysia (US, Japan and Singapore) and Malaysian stock market in the year 2004. The
information that began from January 1995-June 1997 used and applied Vector Error Correction Model,
Impulse Response Analysis, Co integration and discovered the connection between nations being studied.
It was demonstrated that there was no long-term continuous co-movement before the application of
capital measures to be monitored, while a stable co-movement connection was established after the
application of capital measures to be controlled between nations being studied.

There was also an effort to investigate the connection between the the Tiger stock markets and
Malaysian stock market. A researcher naming Marashdeh researched long-term co-movement
among MENA nations as well as developed countries such as United Kingdom, United States
and Germany in 2005. The auto-regressive distributed lag method was used to investigate the
connection. It was found that, contrary to these MENA countries, MENA nations have not
shown any long-term connection with advanced nations. Glezakos et al. compared the main
equity markets in the world in year 2007, i.e. In Athens, England, Germany, the Netherlands,
Spain, USA, France, Italy, Belgium and Japan. He also studied the interrelationship between
these markets. The outcome showed that these markets stayed embedded at the 1st difference
stage; in addition, these markets detected multi-directional spillover effects. Hasan (2008)
examined the existence of long-term movement of co-integration among the KSE100 index in
Pakistan and the United States, United Kingdom, Canada, Germany, France, Italy and Japan. The
study included 7-year weekly index time series information starting from January 2000 to Dec
2006. S. A. Journal and Sciences (2015) searched two developing countries (Mexico,
Philippines) for long or short-term relationships. Monthly information from the month of Dec,
1998 till Dec, 2008 was used.

Multivariate co integration method applied to the Philippines and Mexico stock market with
worldwide stock market exploring long-term ascent. Developing equity markets were explored
and demonstrated inclusion with the worldwide equity market. Compared to the Philippines
stock market, Mexico's stock market was extremely incorporated with the worldwide equity
market. Ampomah found in 2011 that South African stock markets showed independence from
significant stock markets around the world, while the South African market showed dependence
on international stock market economies. The research showed that no connection has been
discovered between these countries ' inventory exchanges. In addition, the favourable data is
displayed for the assistance of the interested scientists of foreign investors. Nevertheless, local
investors do not have sufficient facilities accessible to ripen portfolio investment fruit. Recently,
comprehensive study on the interdependence of regional stock markets has been carried out.
Cheung and Ho (1991) & Lai (1993) studied 11 emerging Asian inventory markets and advanced
markets and discovered that very little correlation existed between the Asian market group and
the advanced market group. Hamid and Hasan (2011) researched the dynamic or causal linkages
between KSE-100 and developing equity markets in China, Brazil, Hong Kong, Malaysia, India,
Turkey, Thailand and Indonesia as well as advanced equity markets in the United States, France,
Japan and the United Kingdom. The research consisted of the period from January 1998 to
December 2008. The observation of 132 monthly stock indices has been used.

In 2012, Thao and Daly celebrated the long-term connection between 6 equity markets in the
South-east Asian area, namely, Singapore, the Philippines, Thailand, Malaysia, Vietnam and
Indonesia using the period long gathered daily market indicators. Three evaluation techniques
used in the research which includes; multivariate residual based, co-integration testing based on
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VAR model, co-integration testing with structural breaks and bivariate residual-based co-
integration testing.

It is recognized that the extensive use of GARCH models to model asset price volatility dynamics. Since
hedging has the emphasis in this article, it has restricted the debate to a brief review of appropriate articles
that concentrate directly on hedging oil and other associated commodities equities. In 2010, Chang et al.
investigated the capacity to hedge oil and gasoline spot prices during bull and bear markets with their
corresponding futures prices. Chang, Mcaleer and Tansuchat (2010) studied the capacity during bull and
bear markets to hedge oil and petrol spot prices with their consequent futures prices.

Eight common models (GARCH multivariate, OLS, state space and error correction) are used to
build hedging effectiveness measures. Their results indicated that the hedging efficiency in bull
markets is higher. For the out of sample assessment, CCC and CCC-GARCH error correction
models rank highest on efficacy. El, Arouri, Jouini and Khuong (2011) estimated GARCH
models using weekly information from the month of January 1998 till December 2009 to explore
spill over volatility between European oil, United States and stock markets. They discovered the
proof of a spill over effect from Europe's oil to stock markets and a two way spill over effect
between the United State stock market industries and oil. Optimal hedge ratios calculated from
separate GARCH models are very comparable for a specific equity or oil hedge. The DJ Stoxx
Europe 600 has optimum equity or oil hedge ratios ranging from 0.174 to 0.223. The optimum
hedge ratios for S and P 500 or oil range from 0.142 to 0.199. Optimum ratios differ across
industries of the sector. The economic industry in Europe, for instance, has a maximum hedge
ratio of 0.001 compared to the best possible hedge ratio of 0.176 in the European utilities
industry. El, Arouri, Jouini and Khuong (2011) estimated bivariate GARCH models in the Gulf
Cooperation Council nations for the period 2005-2010 to determine volatility and the transfer of
exchange among stock markets and oil prices. Among these markets, they had discovered proof
of spill over. Best possible hedge ratios vary from a low of 0.078 (Saudi Arabia) to a high of
0.429 (Oman) between GCC equity markets and oil. By using VAR-GARCH models, in 2012,
few authors like El, Arouri, Jouini and Khuong model volatility dynamics among petroleum and
European equity markets. Analysis is carried out from the month of January 1998 till December
2009 using weekly information. They discovered the proof of spill over of volatility among oil
prices and stock returns from the industry. Maximal hedge ratios among equity and oil differ
significantly from 0.001 to 0.200.

In 2011, few authors i.e. Chang et al. has explored DCC, BEKK, CCC and VARMA-GARCH's
usefulness in hedging crude oil spot prices with future prices of crude oil. Both the crude
petroleum prices of WTI and BRENT are regarded. They present proof of time varying hedge
ratios. Calculations of hedging efficacy show that DCC-calculated hedges are the best while
BEKK calculated hedges are the worst. In 2012, an author, naming Sadorsky utilized GARCH
(1, 1) multivariate models to explore the dynamics of volatility among the inventory prices of
clean energy firms, technology businesses and oil prices among 1 January (2001) and 31
December (2010). Clean energy companies ' stock prices correlate more closely with stock prices
for technology as compared to the oil prices. The ideal average leverage ratio between oil
companies and clean energy was 0.20. The large standard deviation was 0.19 and it ranged from
maximum 0.79 to minimum —0.23, which demonstrated the frequent adjustment of the hedge. An
asymmetric DCC (RS-ADCC) regime switching model to assess the efficiency of hedging
among crude oil and associated petroleum products such as heating gasoline and oil (Pan et al.,
2014). The BEKK has the highest efficiency of hedging with gasoline futures for crude futures.
The RS-ADCC produces the maximum hedging effectiveness for crude oil with heating oil.
Many researchers has worked on exploring the hedge ratios and volatility dynamics among
equity prices in Nigeria and Ghana as well as oil prices using DCC-GARCH & VAR-GARCH
models. They also discovered that Ghana's optimal hedge ratio varies from 0.51 to 0.40, on the
other hand, Nigeria's ideal hedge ratio ranges from 0.56 to 0.50. In 2014, an author Sadorsky
utilized GARCH models to analyze the dynamics of volatility among emerging market inventory
prices, wheat prices, oil prices and copper prices. The set of daily information includes the period
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from 3 January 2000 to 29 June 2012. Normally, oil offers the cheapest hedge for emerging
market inventory prices (0.12), on the other hand, copper is the most costly (0.25), but as the
hedge ratios show significant variability, these hedges should be regularly repetitive and updated.

In 2014, Sadorsky utilized weekly information estimated CCC and DCC GARCH models to
model conditional correlations and volatility among the Dow Jones Social Responsible
Investment portfolio of gold, equity and petroleum. SRI shares comparable statistical
characteristics with the S and P 500 and as a consequence, SRI shareholders can expect to pay a
comparable quantity to hedge their investment in the S and P 500 with petroleum or gold. The
average hedge percentage among oil and SRI is 0.05, whereas the average hedge ratio of
petroleum and S and P 500 is 0.07. Many writers selected a specific GARCH model (e.g.
VARMA-GARCH or DCC-GARCH) and then presented their selected model outcomes without
comparing how one model compares with another. It is helpful to compare outcomes from
distinct technique of GARCH to deepen our knowledge of how hedge ratios differ by method of
estimation. While in sample the assessment is helpful in understanding model fit, if one is
interested in future oriented decision making, it is not the most helpful method. The sample
output for a hedge is more interested in a hedger. There is extensive literature on the connection
between oil and agricultural prices, but the nature of this causal connection remains uncertain.
There is enhanced interest in spill over volatility as well as transfer of danger between prices of
agricultural commodities and oil. The literature, however, appears to be still sparse and calls for
greater attention to risk transmission dynamics. In the literature, three main links in between oil
and agricultural prices can be distinguished such as bio fuels, oil as a production cost and co
movement with agricultural commodities due to investment fund activity.

Baffes and Baffes (2007), Harri, Nalley and Hudson (2015), Chang and Su (2010), Alghalith
(2010), Du, Yu and Hayes (2009), Alom, Ward and Hu (2011) examined the connection
between oil and agricultural prices as a price of manufacturing in agriculture. Baffes and Baffes
(2007) evaluated how spill over in crude oil prices of 35 primary commodities traded globally. In
2010, Baffes re-investigated this connection at a more disaggregated stage and discovered that
the largest passage of oil price modifications was to the fertilizer index followed by farming.
Serra and Fax (2011), S. Paper, Joint and Meeting (2009), Hassouneh, Serra and Gil (2011),
Kristoufek, Janda and Zilberman (2012), Busse, Stefan, Brummer, Bernard, lhle and
Development, (2010) and Zhang, Lohr, Escalante and Wetzstein (2010) have illustrated the
connection between oil and agricultural prices in terms of bio fuels.

Serra and Fax (2011) evaluated the spill over volatility among the Brazilian prices of crude oil,
sugar and ethanol. She discovered that there are powerful price volatility associations and that
shocks in the sugar and crude oil industry are causing a rise in ethanol price volatility. This
shows that there is a vibrant connection between the fuel, bio fuel and agricultural markets. Serra
and Fax (2011) examined transmission trends and price connections in the U.S. ethanol sector
and discovered that there are long term associations among petroleum, ethanol, maize and petrol
prices as well as powerful connections between food prices and energy. They revealed a long
term equilibrium connection between oil, bio fuel and agricultural markets, similar to Serra in the
year 2011.

Hassouneh, Serra and Gil (2011) examined price connections and price propagation trends in
Spain among food and energy prices. They discovered that there is a long term, balanced
connection between both the prices of bio diesel, crude oil and sunflower; that bio diesel is the
only variable that adjusts to long term variations and that the prices of sunflower oil are affected
by electricity prices by the help of short term dynamics. The connection between bio diesel,
ethanol and associated fuels and commaodity prices in the Germany and United States is analyzed
by (Kristoufek, Janda and Zilberman, 2012). Their findings indicated that while bio fuel is
influenced by food and fuel prices, the prices of bio fuel have restricted ability to determine food
prices. They also discovered that depending on the frequency of data used, the links among
prices shifts. Busse, Stefan, Brummer, Bernard, lhle and Development, (2010) explored the
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vertical cost transmission in Germany's bio diesel supply chain by concentrating on the links
among bio diesel, rape oil, soy oil and crude oil prices. They discovered proof of a powerful
effect on the cost of crude oil on bio diesel and on the cost of bio diesel on sunflower oil.

Zhang, Lohr, Escalante and Wetzstein (2010) evaluated the connection between both the fuel
prices and agricultural commodities, (both long and short term). Their findings indicated that
there is no direct long run cost interaction among fuel and agricultural commaodity prices, and
direct short run connections are restricted. From the month of January 2000 to October 2007, in
2008, a researcher naming, Krichene explored oil price movements. He claimed that the recent
fast rise in oil and other commodity prices can be attributed during the early 2000s to the
expansionary monetary policies. World demand for commaodities increased while supply lagged
behind due to the effect of expansionary policies, i.e. placing upward pressure on all
commodities prices. After observing for other influencing variables, Du et al. (2009) explored
the role of speculation in driving price variation in crude oil. They also attempted to quantify the
extent to which volatility on the crude oil market is passing into United States, agricultural
products i.e. (maize and wheat) markets. After the fall in 2006, they found confirmation of
volatility spill over between wheat, crude oil, corn markets, implying risk transfer between these
markets of commodity.

Cevik and Sedik (2011) looked at extreme product price changes (wine and oil) from 1990 to
2010. Macroeconomic variables arise as the primary determinants of commodity prices,
according to their outcomes. They also demonstrated that while developed economies account
for about half of world expenditure, emerging markets constitute a substantial increase in
demand. No matter what the reason for the long term trend or short term fluctuations, a
comparable pattern accompanied not only crude oil but some other commodity spot prices.
Firstly, they all encountered constantly growing trends and then, following the global crisis, an
unexpected decline. Analysing multiple appropriate theories of the 2008 price rise of crude oil,
ranging from demand and supply dynamics to commodity speculation, in 2009, an author
Hamilton suggests that they may be collectively liable for the price shock rather than being
alternative reasons. With respect to the transfer of risk among energy as well as agricultural
markets, Harri and Hudson (2009) discovered in one of the initial efforts to search spill over
volatility from oil future prices to maize future prices following the food price crisis.

T. Chang, Su and Chiu (2015) supplied proof of uncertainty to corn from crude oil and indicated
that the soya bean prices during the greater crude oil price era were important, suggesting a
financial substitution impact during the greater crude oil price period. Besides transmitting
volatility between both the world agricultural commodities and world oil, some studies focused
on transmitting volatility to domestic agricultural commodity prices from world oil prices. In
2010, Alghalith evaluated the effect of uncertain oil prices on food prices in Tobago and
Trinidad and discovered that greater oil prices and their volatility yield more food prices. Alom
(2011) researched spill over volatility to food prices from world oil prices for preferred nations
in the Pacific and Asia and discovered that volatility in world oil prices is strongly associated
with volatility in food prices, but the findings differ across nations.

The association among the commodity markets changes at the time of crises same as like the
financial market dynamics. Kilian & Park (2009) illustrated that how the main industrial sectors
and aggregate stock market ' economic returns co vary with dissimilar kinds of oil price shocks,
and how this co-variance has been weakened or strengthen with the passage of time. DCC are
assessed, by using the Scalar BEKK technique suggested by Engle & Kroner in 1995, to observe
the above-mentioned time varying link. In 1983, an author naming Hamilton worked as a pioneer
in the research of oil price and macroeconomic indices.

According to few studies, the oil and gas industry, as well as the mining industry, appears to be
favourably influenced by favourable petroleum price modifications, on the other hand, the
opposite is true for other industries such as manufacturing, food, computer, real estate,
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chemicals, medical, transport and general services. The Engineering, Financial and Electricity
industries accounts non-conclusive outcomes. Hence, it is concluded that oil substitute sectors as
well as oil related sectors are positively affected by the oil prices and on the other hand, non oil
related sectors have no effect of oil related sectors i.e. financial sectors (Hamilton & Kilian,
2009). Chen et al. (2014) spotlight on Japan, the United Kingdom, France, Germany and the
United States and reports that supply side shocks have a more constant impact on inventory
prices. However, the above-mentioned studies have mainly ignored the significance of
examining the connection in a time-varying setting among stock markets and oil prices. Models
of time-varying correlation have only lately been used to explore interactions between stock
markets and oil.

Choi & Hammoudeh (2010) implemented the Dynamic Conditional Correlation technique to
explore the affiliation among product prices including gold, petroleum, copper and silver with
the S&P 500 index and demonstrate proof of growing correlations between all goods since 2003.
Chang et al. (2010) demonstrate that conditional correlations are not continuous in the United
States among crude oil prices and inventory returns. In their study, Filis et al. separated
petroleum imports from exporting countries and applied DCC-GARCH model and demonstrated
that there is an adverse connection among stock market and oil yields at the time of oil market
shocks, while oil and stock market yield are positively related with each other during aggregate
demand shocks. On the other hand, Broadstock et al. (2012) exploit a BEKK model to define the
time-varying relation among oil prices and energy related stocks in China, found a rise in co
movement during the financial crisis in the year 2008, therefore, Antonakakis & Filis (2013)
applied a DCC-GARCH technique to observe the time-varying impacts of changes in oil prices
on stock market co movements.

Since the oil price shocks of the 1970s, a number of studies have extensively investigated the
effects of oil price changes on real economic variables (Hamilton, 1983 and 2003; Kilian, 2008).
Oil price changes are usually shown to have a significant impact on financial operations in
different advanced and emerging nations. On the other hand, that study stranded on the
prospective connections among oil prices and stock markets has only lately gained ground, with
a focus on wide market indices (domestic, regional or international inventory market indicators).
Among others, Apergis et al. (2008), Fayyad and Daly (2011), Huang et al. (1996), Park and
Ratti (2007)and Sadorsky in the year 1999 also give proof of important stock returns to oil
shocks from using multiple methods i.e. VAR models, co integration, global multifactor asset
pricing models and VECM. El-Sharif et al. (2005) attained the same consequence on United
Kingdom yields from Gas and Oil sector , While, non oil & gas industries are weakly related to
the changes in petroleum prices.

Nandha & Faff (2008) query the short term linkage among oil prices and 35 Data stream
worldwide sectors and demonstrated that the increase in oil prices has an adverse effect on all
sectors apart from Gas and oil. In 2009, Nandha & Brooks were concerned about the
transportation sector's response to oil prices in 38 nations worldwide. Their findings show the
distinct roles of oil in determining the transport industry yields for developed countries, but do
not demonstrated such proof in the nations of Latin America and Asia. El et al. (2010) used
various econometric techniques to explore short term links among aggregate oil and inventory
prices and sector by sector levels in Europe. Their results show some facts that inventory returns
responses to changes in oil prices vary significantly depending on the activity industry.
Somehow it is understood about the spill over effects of volatility among the oil and stock
markets. In 2006, Agren used an asymmetric version of the BEKK-GARCH model (1, 1) to
study the volatility transmission to inventory markets from petroleum prices in five main
advanced nations (the United Kingdom, Japan, Norway, Sweden and the United States).

Malik & Hammoudeh (2007) looked at United States equity market volatility transmission, the
worldwide crude oil market, and 3 Gulf equity markets, including Saudi Arabia, Bahrain and
Kuwait. They pointed out that Gulf equity markets receive volatility from the oil market, but in
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the case of Saudi Arabia, volatility in the stock market only spills into the oil market. They have
shown that Gulf equity markets receive volatility from the oil market, but stock market volatility
only spills over into the oil market in the case of Saudi Arabia. In their latest input, by
implementing BEKK — GARCH (1, 1) models, in 2009, few authors Malik & Ewing inspected
the transmission of volatility among petroleum prices and 5 United States industry indices. The
industries considered are Health Care, Financials, Consumer Services, Industrials and
Technology.

And empirical findings support important shock transmission as well as volatility among distinct
industries of the stock market and oil prices. Chang et al. (2010) applied multiple multivariate
GARCH (1, 1) models to study spill over volatility among the both West Texas Intermediate
crude oil futures yields and stock returns commonly across the world. Astonishingly, in any
return series pair, the empirical results point out no volatility spill over effects. As compared to
previous literature, the study builds on the latest VAR-GARCH technique and moves to sector
level analysis from market level analysis by taking as a case study the stock market sectors in
Europe. It also provides insights into the potential gains from cross-market hedging as well as
market operators sharing common information. Almost all prior publications dealing with the
problem of volatility representing and commodity price forecasting have given the GARCH
approach an exclusive value. When the aim is to investigate transmission processes of volatility
as well as interdependence among distinct time series, multivariate settings i.e. Bollerslev's
CCC-MGARCH technique in 1990 and Engle and Kroner's BEKK-MGARCH technique in 1995
as well as Engle's DCC-MGARCH technique in 2002 model is more pertinent as compared to
univariate models.

Empirical findings recorded by few authors such as Hassan and Malik in the year 2007,
Agnolucci in the year 2009 among others, verified the supremacy of these models and
demonstrated that the evidence of commaodity cost conditional volatility and volatility interaction
dynamics are adequately captured. An interesting option is the multivariate VAR (k) GARCH (p,
g) model suggested by Mcaleer (2001) as its primary benefit is that it is sufficiently flexible to
handle the conditional cross effects and volatility transmission between the series considered
with fewer computational complexities than other spill over models.

Hence, the financial markets are moving closer to each other due to more globalization, hence it
demands for further research and investigations on the transmission of data based on the
development of stocks from one market to another. For making the decision making process
efficient for hedging, asset pricing and strategies for trading, these observations are utilized by
professionals and policy makers. In 2007, Li & Majerowska illustrated that the globalization
contributes to the association of developing markets, thereby increasing global exposure to the
capital markets. Strong international connection reduces the security of developing markets of
securities from side crises, thereby reducing the level of equal economic policies. In the
perspective of foreign investors, low stock market connection is in the form of comparatively
fewer as compared to the best affiliation among their earnings provides possible add-ons from
the expansion of the portfolio globally, whereas advantages of diversification are excluded by co
movement of returns or strong market linkage. An unexpected occurrence in any industry is
assumed to have a greater or lesser impact on the stability as well as return of the other
industries. Only in one dimension such as volatility or mean, the shocks are generated in one
market often transmits to the other markets. Because the volatility spillover is usually used as a
measure for risky assets, the volatility analysis is especially valuable in contrast to the return or
mean spill over. The equity market interconnections data depends on the date of research and the
techniques used; while many observations have demonstrated that in recent times global equity
market linkages have risen in.

By the usage of data it is discovered that from both positive inflation as well as higher expected
shocks the bond prices gets negatively affected respectively, that the overall size of news impacts
generally increases as the instrument matures (Balduzzi, Elton & Green, 2001). The essence of
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the connection among the stock market and macroeconomic fundamentals is less evident. Share
prices rely on the the risk premium, cash flows predicted and the discount rate. Carrying the risk
premium constant, a positive macroeconomic shock raises anticipated cash flows, which
increases the stock price, ceteris paribus, but it also increases the discount rate, which reduces the
stock price, ceteris paribus, so the end result depends on which effect dominates. A number of
research works focused on knowledge exchange across the equity markets globally. Early
experimental papers incorporate in 1990 by few authors Hamao, Masulis & Ng who analyzed the
overflow impacts in the profits and volatilities of day by day value changes for the United
Kingdom, Japanese, and United states.

In 1994, researchers like Lin, Engle & Ito utilized a comparative GARCH based technique yet
better inspected information. For the most part, just powerless proof of transmission from the
United States to different industries, and in no way other path around, has been found, despite
the fact that "disease™ impacts, or expanded associations, have been reported during times of
monetary emergencies, such as the in the year 1987 an accident occurred i.e. (King &
Wadhwani, 1990). Less work has been done on cross country security advertise linkages. In
2003, few researchers Ehrmann & Fratzscher, modeled the degree of connections among the
United States. Moreover, security markets of Europe proposed that the associations among the
economic industries have been expanded, with the overflow impacts to the European territory
from the United States. While, it has shown all over the world the security showcase expansion
in the light of the arrival of United States macroeconomic reports (Christie David, Chaudhry &
Khan, 2002) & (Goldberg & Leonard, 2003).
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CHAPTER 3

Data Description and Methodology

This research is composed of two main parts of methodology. Firstly, by the help of ARMA (1,
1) GARCH, the return and volatility transmission from industries to industries are examined in
Pakistan with the use of Mean model that is presented by Liu & Pan in 1997. Secondly, DCC and
ADCC MV-GARCH models proposed by Engle in 2002 & Cappiello et al. (2006) are used for
measurement of time varying conditional correlation among different industries.

3. Research Design and Methodology:

3.1. Data Description:

The main purpose of this study is to examine volatility spillover across industrial stock returns
within sectors of Pakistan. This chapter elaborates the sources of data from where the data is
collected for this study.

In this chapter the methodological aspects are discussed. This chapter consists of data collection
methods and the size of sample used to conduct this research. The structure of this chapter
consists of population, sampling technique, unit of analysis, sample size and data collection
procedure.

3.2.1Population

All the listed firms of PSX are population of this research. The sample period is taken of 19 years
starting from 2000 to 2018. This study utilize the daily closing prices of 10 industrial indices i.e.
(Personal goods, Oil and Gas producers, Financial Services, Equity Investment Instruments,
Banks, Pharmaceuticals and Biotechnology, Nonlife Insurance, Industrial Engineering, Food
producers and Automobiles and Parts) of Pakistan to observe the impact of return and volatility
spillovers from industries to industries in Pakistan as well as time varying conditional
correlations. The data of the firms was obtained from PSX.

3.3 Sample technique

The study is using the daily data of 10 listed sectors. There are 579 listed firms with the 35
different sectors. Only 10 sectors sample whose data is available from June 2000 to June 2018 is
taken. Industry index will be formulated through equally weighted index method.

Sectors No. of Firms
BANKS 23
Equity investment 24
Financial services 43
Oil and gas product 08
Personal goods 111
Automobile and parts 19
food producers 31
Pharmaceuticals and Biotechnology 11
Nonlife Insurance 28
Industrial Engineering 06

3.4 Unit of analysis

The unit of analysis of our research is the industry i.e. the sectors and their returns from Pakistan
Stock Exchange.
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3.5 Sample Size

"Sample size is the number of observation in a sample™ (Evans et al., 2000). The major purpose
of conducting the research is to be able to make some claim about larger population. Therefore, it
is essential to choose a sample that enables to generalize findings to that larger population.
Research will collect all those sectors data in which mostly investors wish to diversify their
investments. So this study uses purposive sampling technique to collect the data. Ten sectors
returns are used as sample ranging from 2000-2018

3.6 Data collection method

The data collection methods for this study are the secondary data and all the data of firms
registered in Pakistan Stock Exchange, State bank of Pakistan and many other banks of Pakistan.
Data is collected from data stream and other related sources.

3.7 Data Analysis Software and Statistical Methods:

One of the most familiar non linear models are MGARCH i.e. Multivariate Generalized
Autoregressive Conditional Heteroskedastiscity. These models are applied to represent the co-
movements of risk, return and assets. In the last two decades, these models are models built up.
In accordance with the survey on such models it is examined that financial unpredictability
moves collectively among market and time (Bauwens, Laurent, & Rombouts, 2006). Hence,
there is a need to use an accurate methodology. In this methodology multiple models are
included. There are three groups, first one are the direct simplification of GARCH model and it
approximate many parameters while second one is a linear grouping of univariate GARCH i.e.
OGARCH. The third one is, non-linear grouping of univariate GARCH which includes DCC and
CCC techniques, these are mostly thrifty. It is believed that the third group is triumphant in
detaining the varying dynamics. In this study two models are applied: Dynamic Conditional
Correlation (DCC, 1, 1) and Constant Conditional Correlation (CCC, 1,1) (T. Bollerslev, 1990).
The covariance changes due to change in variances. The matrix form of model is:

Tt = ext+6t

_ o 1/2
6 = w,/ U,

w, = D}*RD}"?

In this econometric equation the (m, 1) vector of returns r; is formed by using (m,1) vector of
independent variables x; and the approximation of B(m, k) which is matrix of parameters is
needed. Cholesky factor defined the vector of novelty processes ( &;).

(m, m) matrix ytl/2 and (m,1) vector of normal i.i.d. innovations u; . In 2009, Engle illustrate
that usually in the literature the postulation of multivariate normal distribution of novelty is done.
the (m, m)conditional covariance is represented by (y;), which is further classified by R
(m, m) positive definite unconditional integration matrix and D,(m,m) diagonal matrix of
conditional variances. In D, the conditional variances are formed by help GARCH (1, 1)
technique:

2 _ 2 2
Pit =Yo,i T Y1i€it-1 T X1,iPit-1

According to the above mentioned equation: y¢;>0, ¥,1;20 and a,;>0. Therefore, the
conditional variances are positive and every conditional variance is finite so 4 ;+y; ;<1 must
hold. It is supposed that the integration is fixed over time. Hence, on financial markets the
dynamics vary on daily basis. In 2002, Engle introduced DCC (1, 1) model which presumes the
changing relationship:

Te = 0x; + &
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6; =w:/2+ut

w, = D;'*R,D}"*
R, = diag(Q,)5 Q.diag(Q,)

Q:=(1—01—0,)R+0,8, 16; 1 +02Q;_4

It is presumed in this model that the changing over time is represented correlation matrix (R;).
The dynamic is represented by (Q,). The (m,1) vector of uniform novelty is defined by (8,), 8 =
D718, ; and (m, m) positive definite unconditional integration matrix is R. The parameters that
are not negative in nature explains the conditional integration dynamics i.e. 6;anda,. Engle,
(2002) illustrates the condition o, + @, <1 for the stationarity of the technique.

In this econometric equation, the identity matrix isl,,.
According to Ding & Engle, (2001):

COV(87,,87,) = 0 Vi # jand COV(87,8;,_,) =0, k>0

3.8 Description of Variables
Industrial Indices - TEN Industries

Construction of Industrial Indexes:

The classification of index is in accordance with the technique which is used to determine its
prices. Indexes are usually used as fundamental benchmarks for diversification. Therefore,
different types of indexes must be understood, because the diversification or portfolio decision
depends on such indexes. Industrial indexes are divided into three main parts i.e. price and value
weighted index, industry equally weighted index and capitalization weighted index. Industrial
indexes play a vital role in dynamic sectoral portfolio selection. For the determination of
percentage weighting, the number of outstanding shares as well as market prices of companies is
used in capitalization weighted index. As for the portfolio investment the companies are
weighted largely when their components are large. While same amount of investment is
distributed among stocks of the company in equally weighted index. All the companies are
equally represented in index.

Basically industry equal weighted index is the index of stock market which is composed of
companies involve in public trading. In contrast with market capitalization weighted index, the
industry equally weighted indexes carry minimized risk and are diversified. As a larger strategy
of investment, many investors consider industry equally weighted funds are mainly value
investing.

An overall market value can be calculated by equal weighted index. Therefore, investors can
choose by the help of industry equally weighted index that how the highest return on investment
can be gained. In this study the construction of indexes is done by industry equally weighted
index. Hence, these indexes are not available properly; therefore, a need arises here to construct
the sectoral industrial indexes a free float methodology is used by this index. Equal weights are
distributed among stocks in different sectors just to find out the industry weighted index.
Empirical research usually uses Equally Weighted Indexes.

Equally weighted index is used to resolve the daily industrial returns of every industry.
Following industries are taken in this study:
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Pharmaceuticals and Biotechnology, Non Life Insurance, Industrial Engineering, Automobiles
and parts, Personal Goods, Equity Investment Instruments, Financial Services, Oil and Gas
Producers, Food Producers and Banks.

3.9 Econometric Models

3.9.1 Return & Volatility Spillover - ARMA GARCH

3.9.1.1 Industries-to-Industries Spillover

By the help of ARMA (1, 1) GARCH, the return & volatility transmission from industries to
industries are examined by applying Mean model. First step includes the relevant industry return
series that are modeled through an ARMA

(n, 0)-GARCH (n, 0)-M econometric model.

sn, t = 60 + olsnt-1 +e2.wnt + o3.nt—1 + nitnt ~ NOw n, t)
(3.5)

wn, t = €0 + €l.p2n, t—1 + €2.wn,t—1
(3.6)

In these equations s n, tis the daily returns of one industry at time t.
n,t is the unexpected returns or residual i.e. error term.

Behind the inclusion of ARMA (n, 0) GARCH structure in the model, the main objective is the
adjustment of serial integration in the data. The subscript n refers one of the industry ranges from
1 to 10 industries.

Secondly, the impudence of volatility spillover and mean return across markets are determined
by obtaining the uniform error term and its square in the very first step and replacing them into
the volatility and mean equations of other markets such as:

so, t = 60,0 +00,1.50,t—1 +00,2.W0,t +00,3.0,t—1 +yo.n,t +o,t,0,t ~ N(O,wo,t)
(3.7)

wo, t = €00 + €0,lp 2 ot-1 + €02 .wot—-1 + T.e2n,t
(3.8)

Where n, t is the uniform error term for one industry as well as from the sources it is getting the
effect of return conduction. For assessing the volatility transmission, the exogenous variable e2n,
t (the square of the uniform error term is incorporated in the conditional volatility equation hence
it is defined as e2n, t = 2n, t w n, t. The subscript ‘o’ refers to the other industry ranges from 1 to
10
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CHAPTER 4

Results and Interpretation

In this chapter diverse tests are applied to investigate the phenomena under discussion and
construe the results obtained. The study utilizes the daily closing prices of ten industrial indices.
Here, this stage includes the assessment of behavior of data by the descriptive statistics of every
series.

4.1 Graphical Representation

4.1.1. Stationarity of Series

The regression of data is investigated by performing Augmented Dickey Fuller unit root test on
the industrial stock returns of Pakistan equity market. To identify the right order of integration,
this test will be applied on separate logged series, only when the data is not stationary. The non
stationary null is set by analysis of ADF test. For the examination of Stationarity of the series
this test is applied which means that there must be stationartity in data for further spillover
analysis. By the help of the ADF unit Root Test, in this study the behavior of data is analyzed.

Table 4.1

ADF Test t-Statistic Prob.*
Automobiles and parts -57.7109 0.0001
Banks -62.1961 0.0001
Equity Investment -77.4275 0.0001
Food Producers -31.2777 0
Financial Services -35.8853 0
Industrial Engineering -26.0543 0
Non-Life Insurance -35.5959 0

Oil & Gas -61.4583 0.0001
Pharm& Bio. -45.3176 0.0001
Personal Goods -66.804 0.0001

The results by applying ADF unit root test indicates that the mean returns of all industries are
positive. The results for all the sectors are significant and stationarity exists in the data for further
spillover analysis.

4.2 Descriptive Statistics

This table includes following: Mean, Variance, Skewness & Kurtosis. However, the spread of
data is also assessed by Maximum & Minimum average responses. The sample period is taken of
18 years from 2000 -2018. The study utilizes the daily closing prices in terms of returns of 10
industrial indices.

Table4.2.Descriptive Analysis

Pharma

& Equity

Biotech Nonlife Food Indus  Auto & Per Invest. Fin. Ol &

: Ins. Prod.  Eng. Par. Goods Inst Ser. Gas Pro  Banks
Mean .00028 .00032  .00056 .00039 .00053 .00035  .00002 .00017 .00056 .00043
Max. 121 171 .070 114 .057 113 239 219 105 140
Min. -.195 -.382 -086 -.216 -.064 -.283 -257 -229 -191 -.140
Std. Dv  .018 014 011 017 012 011 .018 .015 017 017

Skew -.785 -5.209 -135  -1.475 -147 -4.753 -503 -271 -389 -.324
Kurt. 14709 152510 7.496 22.647 5.184 125.575 20.888 24.394 9.564 11.003
Obs. 5105 5105 5105 5105 5105 5105 5105 5105 5105 5105
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The performance of indices of various industries is measured by daily mean returns. The results
indicate that the mean returns of all industries are positive. The highest mean return value is of
Food Producers that is (0.056%) and lowest is of Financial Services that is (0.017%). In addition,
all industries have a positive standard deviation however, Pharmaceuticals and Biotechnology
reveals the higher volatility (1.7879%). Hence, this sector is more volatile than others. While,
Personal goods exhibits the lowest volatility (1.07%) that gives the evidence of being less
volatile sector. Therefore, it is cleared that the logic regarding the relationship of risk and return
IS not covered as the mean return and volatility is higher for two different sectors instead of the
same sector i.e. the mean return for Food Producers is higher and on the other hand volatility for
Pharmaceuticals and Biotechnology is higher. So the risk is higher for the sector Food Producers
while Return is higher for the sector Pharmaceuticals and Biotechnology. Maximum &
Minimum statistics exhibits the maximum & minimum return earned per day for each industry.
For example, the daily return per day for Food Producers that is (0.056%), the maximum return
earned per day for Food Producers is (0.07%) and the minimum return earned per day is (-
0.0856%) and so on. Skewness tells about the asymmetric behavior of data. The values of
skewness for all the sectors show that distributions of returns are negatively skewed. The
negative tendency of skewness shows the continuous depreciation in the stock returns. Kurtosis
tells about the tailedness of the probability distribution. All the values of Kurtosis are positive,
that indicates, all series are leptokurtic i.e. fat tails with high peak and gets highly affected with

the bubbles of stock market.

4.3. Return and Volatility Spillover across Various Industries:

Return and volatility spillovers across industries can be estimated by the help of ARMA GARCH
model. In these analyses, one industry is taken as benchmark industry and then its effect is seen
on the other nine industries. Shocks created from one benchmark industry are transmitted to the
other industries just to determine that, is there any transmission of return or volatility takes place
or not? All ARCH and GARCH coefficients are also reported with their p-value (in parenthesis).

4.3.1. Return and volatility spillover of Banks to other industries by using
ARMA and GARCH model:

Table4.3.1

Sector 0 o1 Bo B1 Q 01 02

BANKS 0.0005 0.127329 5.95E-06 0.862673 0.12642 0.005709 0.993154
(-0.0044) 0 0 0 0 0 0

Equity invest.  -1.82E-05 -0.05539 8.10E-06 0.900633 0.074371 0.006927 0.9886
(-0.9293) (-0.0001) O 0 0 (-0.0008) O

Fin. Serv 0.000379  0.151548 7.51E-06 0.884292 0.081312 0.006927 0.9886
(-0.0641) 0 0 0 0 (-0.0008) O

Oil & gas pro.  0.000767 0.110702 1.15E-05 0.833231 0.129064 0.005709 0.993154
(-0.0007) 0 0 0 0 0 0

Per. Goods 0.00014 0.082201 1.22E-05 0.850129 0.048953 0.010125 0.989178
(-0.4701) O 0 0 0 (-0.0001) O

Auto & parts  0.000601  0.193333 7.36E-06 0.844632 0.10047 0.010125 0.989178
(-0.001) 0 0 0 0 (-0.0001) O

food pro. 0.000401 0.037627 4.33E-06 0.912355 0.051187 0.003346 0.584844
(-0.0061) (-0.0071) O 0 0 (-0.8102) (-0.0049)

Pharma & Bio. 4.16E-05 0.102183 1.79E-05 0.892611 0.050003 -0.00061 0.947253
(-0.8798) 0 0 0 0 (-0.7488) 0

Nonlife Ins. -0.00103  0.042693 4.12E-07 0.940897 0.084177 -0.00061 0.947253
0 (-0.0008) O 0 0 (-0.7488) O

Indus. Eng. 0.000154  0.096573 2.49E-05 0.811243 0.105827 0.003346 0.584844
(0.5079)  (0.0000) O (0.0000)  (0.0000) (-0.8102) (-0.0049)
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Table4.3.1: Return and Volatility Spillover from bank to Other Industries ARMA GARCH
model:

a: is found to have a significant positive impact that means, the mean returns of Financial
Services, Equity Investment, Personal Goods, Oil and Gas Product, Automobile and Parts,
Pharmaceuticals and Biotechnology, Nonlife Insurance, Food Products and Industrial
Engineering can be predicted by using past prices behavior. In simple words, market is inefficient
for the following industries.

The GARCH coefficient Bo is variance equation constant. B1 is significant for all the
industries which shows the contribution of forecasted volatility for the prediction of mean
returns. The coefficient of standardized residual error term, Q is proved to be significant for all

industries that shows, these markets account for the process of correction on the basis of past
shocks.

The coefficient of 01 is significant and positive for Personal Goods, Oil & Gas Product, Financial
Services, Equity Investment and Automobile & Parts which indicates that, volatility of the
current period can be forecasted by using the past prices behavior. While it is insignificant for
Pharmaceuticals and Biotechnology, and Industrial Engineering, Nonlife Insurance and Food
Product sectors which exhibit that volatility of the current period cannot be forecasted by using
the past prices behavior for these industries and no lagged effect is found in the case of these
industries because these sectors are more volatile. Coefficient of 02 is also significant and
positive for all industries that provides the evidence about persistence of the volatility. For
Banks, Equity investment, financial services, Oil & Gas products, Personal Goods, Automobile
and Parts, Food Products, Pharmaceuticals and Biotechnology, Non Life Insurance, Industrial
Engineering, the sum of 01 and 02 is closer to 1 which indicates the nature of the persistence is in
long run. The results of mean spillover show a significant positive impact on all industries i.e.
Equity investment, financial services, Oil & Gas products, Personal Goods, Automobile and
Parts, Food Products, Pharmaceuticals and Biotechnology, Non Life Insurance, Industrial
Engineering which implies that, there exists a mean spillover from Banks to other industries.
Similarly, the results of volatility spillover also show a significant positive impact on all same
industries which also confirms that, the volatility of Banks quickly transmits to the other
industries.

4.3.2. Equity Investment to other industries by using an ARMA GARCH
(m,n) model.

Table 4.3.2

Sector 0 o1 Bo B1 Q 01 02

Eq. Inves. -1.82E05 -0.05539 8.10E-06 0.900633 0.074371 0.006927 0.9886
(-0.9293) (-0.0001) O 0 0 (-0.0008) 0

BANKS 0.0005  0.127329 5.95E-06 0.862673 0.12642 0.005709 0.993154
(-0.0044) 0 0 0 0 0 0

Fin. Serv 0.000379 0.151548 7.51E-06 0.884292 0.081312 0.006927 0.9886
(-0.0641) 0 0 0 0 (-0.0008) 0

Oil & gaspro. 0.000767 0.110702 1.15E-05 0.833231 0.129064 0.005709 0.993154
(-0.0007) O 0 0 0 0 0

Per. Goods 0.00014 0.082201 1.22E-05 0.850129 0.048953 0.010125 0.989178
(-0.4701) © 0 0 0 (-0.0001) O

Auto. &parts  0.000601 0.193333 7.36E-06 0.844632 0.10047 0.010125 0.989178
(-0.001) 0O 0 0 0 (-0.0001) 0

food pro. 0.000401 0.037627 4.33E-06 0.912355 0.051187 0.003346 0.584844
(-0.0061) (0.0071) O 0 0 (-0.8102) (-0.0049)

Pharma. & 4.16E-05 0.102183 1.79E-05 0.892611 0.050003 -0.00061 0.947253
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Bio.

(-0.8798) 0 0 0 0 (-0.7488) 0

Nonlife Ins.  -0.00103 0.042693 4.12E-07 0.940897 0.084177 -0.00061 0.947253
0 (-0.0008) 0 0 0 (-0.7488) 0

Indus. Eng. 0.000154 0.096573 2.49E-05 0.811243 0.105827 0.003346 0.584844
(0.5079) (0.0000) O (0.0000)  (0.0000) -0.8102  -0.0049

Table4.3.2: Return and Volatility Spillover from Equity Investment to Other Industries ARMA
GARCH model:

ai is found to have a significant positive impact that means, the mean returns of Financial
Services, Banks, Personal Goods, Oil and Gas Product, Automobile and Parts, Pharmaceuticals
and Biotechnology, in Nonlife Insurance, Food Products and Industrial Engineering can be
predicted by using past prices behavior. In simple words, market is inefficient for the following
industries.

The GARCH coefficient B1 is significant for all the industries which shows the contribution of
forecasted volatility for the prediction of mean returns. The coefficient of standardized residual
error term, Q is proved to be significant for all industries that shows, these markets account for
the process of correction on the basis of past shocks.

The coefficient of 01 is significant and positive for Personal Goods, Banks, Oil & Gas Product,
Financial Services and Automobile & Parts which indicates that, volatility of the current period
can be forecasted by using the past prices behavior. While it is insignificant for Pharmaceuticals
and Biotechnology, and Industrial Engineering, Nonlife Insurance and Food Product sectors
which exhibit that volatility of the current period cannot be forecasted by using the past prices
behavior for these industries and no lagged effect is found in the case of these industries because
these sectors are more volatile. Coefficient of 02 is also significant and positive for all industries
that provides the evidence about persistence of the volatility. For Banks, Equity Investment,
Financial services, Oil & Gas products, Personal Goods, Automobile and Parts, Food Products,
Pharmaceuticals and Biotechnology, Non Life Insurance, Industrial Engineering, the sum of 01
and 02 is closer to 1 which indicates the nature of the persistence is in long run. The results of
mean spillover show a significant positive impact on all industries i.e. Banks, Financial services,
Oil & Gas products, Personal Goods, Automobile and Parts, Food Products, Pharmaceuticals and
Biotechnology, Non Life Insurance, Industrial Engineering which implies that, there exists a
mean spillover from Equity investment to other industries. Similarly, the results of volatility
spillover also show a significant positive impact on all same industries which also confirms that,
the volatility of Equity Investment quickly transmits to the other industries.

4.3.3 Return and Volatility Spillover from Financial Services to Other
Industries ARMA GARCH model:

Table 4.3.3

Sector a0 o1 Bo B1 Q 01 02

Fin. Ser. 0.000379  0.151548 7.51E-06 0.884292 0.081312 0.006927 0.9886
(-0.0641) O 0 0 0 (-0.0008) 0

Eq. Inves -1.82E-05 -0.05539 8.10E-06 0.900633 0.074371 0.006927 0.9886
(-0.9293)  (-0.0001) O 0 0 (-0.0008) 0

BANKS 0.0005 0.127329 5.95E-06 0.862673 0.12642 0.005709 0.993154
(-0.0044) 0 0 0 0 0 0

Oil & gas

pro. 0.000767  0.110702 1.15E-05 0.833231 0.129064 0.005709 0.993154
(-0.0007) O 0 0 0 0 0

Per. Goods 0.00014 0.082201 1.22E-05 0.850129 0.048953 0.010125 0.989178
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(-0.4701) 0 0 0 0 (-0.0001) 0

Auto.

&parts 0.000601  0.193333 7.36E-06 0.844632 0.10047 0.010125 0.989178
(-0.001) 0 0 0 0 (-0.0001) O

food pro. 0.000401  0.037627 4.33E-06 0.912355 0.051187 0.003346 0.584844
(-0.0061) (0.0071) O 0 0 (-0.8102) (-0.0049)

Pharma. &

Bio. 4.16E-05  0.102183 1.79E-05 0.892611 0.050003 -0.00061 0.947253
(-0.8798) 0 0 0 0 (-0.7488) O

Nonlife

Ins. -0.00103 0.042693 4.12E-07 0.940897 0.084177 -0.00061 0.947253
0 (-0.0008) O 0 0 (-0.7488) 0

Indus. Eng. 0.000154  0.096573 2.49E-05 0.811243 0.105827 0.003346 0.584844
(-0.5079)  (0.0000) O (0.0000) (0.0000) (-0.8102) (-0.0049)

Table4.3.3: Return and Volatility Spillover from Financial Services to Other Industries ARMA
GARCH model:

a: is found to have a significant positive impact that means, the mean returns of Equity
Investment, Banks, Personal Goods, Oil and Gas Product, Automobile and Parts,
Pharmaceuticals and Biotechnology, Nonlife Insurance, Food Products and Industrial
Engineering can be predicted by using past prices behavior. In simple words, market is inefficient
for the following industries.

The GARCH coefficient Bo is variance equation constant. i is significant for all the
industries which shows the contribution of forecasted volatility for the prediction of mean
returns. The coefficient of standardized residual error term, Q is proved to be significant for all

industries that shows, these markets account for the process of correction on the basis of past
shocks.

The coefficient of 01 is significant and positive for Personal Goods, Banks, Equity Investment,
Oil & Gas Product and Automobile & Parts which indicates that, volatility of the current period
can be forecasted by using the past prices behavior. While it is insignificant for Pharmaceuticals
and Biotechnology, and Industrial Engineering, Nonlife Insurance and Food Product sectors
which exhibit that volatility of the current period cannot be forecasted by using the past prices
behavior for these industries and no lagged effect is found in the case of these industries because
these sectors are more volatile. Coefficient of 02 is also significant and positive for all industries
that provides the evidence about persistence of the volatility. For Banks, Equity investment,
Financial Services, Oil & Gas products, Personal Goods, Automobile and Parts, Food Products,
Pharmaceuticals and Biotechnology, Non Life Insurance, Industrial Engineering, the sum of 01
and 02 is closer to 1 which indicates the nature of the persistence is in long run. The results of
mean spillover show a significant positive impact on all industries i.e. Banks, Equity Investment,
Oil & Gas products, Personal Goods, Automobile and Parts, Food Products, Pharmaceuticals and
Biotechnology, Non Life Insurance, Industrial Engineering which implies that, there exists a
mean spillover from Financial Services to other industries. Similarly, the results of volatility
spillover also show a significant positive impact on all same industries which also confirms that,
the volatility of Financial Services quickly transmits to the other industries.
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4.3.4. Oil & Gas Products to other industries by using an ARMA GARCH (m,
n) model.

Table 4.3.4

Sector 00 o1 Bo B1 Q 01 02

Oil & gas

pro. 0.000767 0.110702 1.15E-05 0.833231 0.129064 0.005709 0.993154
(-0.0007) O 0 0 0 0 0

Fin. Ser. 0.000379 0.151548 7.51E-06 0.884292 0.081312 0.006927 0.9886
(-0.0641) O 0 0 0 (-0.0008) O
-1.82E-

Eq. Inves 05 -0.05539 8.10E-06 0.900633 0.074371 0.006927 0.9886
(-0.9293) (-0.0001) O 0 0 (-0.0008) O

BANKS 0.0005 0.127329 5.95E-06 0.862673 0.12642 0.005709 0.993154
(-0.0044) 0 0 0 0 0 0

Per. Goods 0.00014 0.082201 1.22E-05 0.850129 0.048953 0.010125 0.989178
(-0.4701) O 0 0 0 (-0.0001) O

Auto.

&parts 0.000601 0.193333 7.36E-06 0.844632 0.10047 0.010125 0.989178
(-0.001) O 0 0 0 (-0.0001) O

food pro. 0.000401 0.037627 4.33E-06 0.912355 0.051187 0.003346 0.584844
(-0.0061) (0.0071) O 0 0 (-0.8102) (-0.0049)

Pharm. &

Bio 4.16E-05 0.102183 1.79E-05 0.892611 0.050003 -0.00061 0.947253
(-0.8798) 0 0 0 0 (-0.7488) O

Nonlife Ins.  -0.00103 0.042693 4.12E-07 0.940897 0.084177 -0.00061 0.947253
0 (-0.0008) 0 0 0 (-0.7488) 0

Indus. Eng.  0.000154 0.096573 2.49E-05 0.811243 0.105827 0.003346 0.584844
(-0.5079) (0.0000) O (0.0000) (0.0000) (-0.8102) (-0.0049)

Table4.3.4: Return and Volatility Spillover from Oil & Gas Products to Other Industries ARMA
GARCH model:

a1 is found to have a significant positive impact that means, the mean returns of Financial
Services, Equity Investment, Banks, Personal Goods, Nonlife Insurance, Food Products, Product,
Automobile and Parts, Pharmaceuticals and Biotechnology, and Industrial Engineering can be
predicted by using past prices behavior. In simple words, market is inefficient for the following
industries.

The GARCH coefficient Bo is variance equation constant. i is significant for all the
industries which shows the contribution of forecasted volatility for the prediction of mean
returns. The coefficient of standardized residual error term, Q is proved to be significant for all

industries that shows, these markets account for the process of correction on the basis of past
shocks.

The coefficient of 01 is significant and positive for Personal Goods, Banks and Automobile &
Parts Equity Investment, Financial Services which indicates that, volatility of the current period
can be forecasted by using the past prices behavior. While it is insignificant for Pharmaceuticals
and Biotechnology, and Industrial Engineering, Nonlife Insurance and Food Product sectors
which exhibit that volatility of the current period cannot be forecasted by using the past prices
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behavior for these industries and no lagged effect is found in the case of these industries because
these sectors are more volatile. Coefficient of 02 is also significant and positive for all industries
that provides the evidence about persistence of the volatility. For Banks, Equity investment,
Financial Services, Oil & Gas products, Personal Goods, Automobile and Parts, Food Products,
Pharmaceuticals and Biotechnology, Non Life Insurance, Industrial Engineering, the sum of 01
and 02 is closer to 1 which indicates the nature of the persistence is in long run. The results of
mean spillover show a significant positive impact on all industries i.e. Banks, Equity Investment,
Financial Services, Personal Goods, Automobile and Parts, Food Products, Pharmaceuticals and
Biotechnology, Non Life Insurance, Industrial Engineering which implies that, there exists a
mean spillover from Oil & Gas Products to other industries. Similarly, the results of volatility
spillover also show a significant positive impact on all same industries which also confirms that,
the volatility of Oil & Gas Products quickly transmits to the other industries.

4.3.5. Personal Goods to other industries by using an ARMA GARCH (m,n)
model.

Table 4.3.5

Sector o0 o1 Bo B1 Q 01 02

Per. Goods 0.00014 0.082201 1.22E-05 0.850129 0.048953 0.010125 0.989178
(-0.4701) O 0 0 0 (-0.0001) O

Oil & gas

pro. 0.000767 0.110702 1.15E-05 0.833231 0.129064 0.005709 0.993154
(-0.0007) O 0 0 0 0 0

Fin. Ser. 0.000379 0.151548 7.51E-06 0.884292 0.081312 0.006927 0.9886
(-0.0641) O 0 0 0 (-0.0008) O
-1.82E-

Eq. Inves 05 -0.05539 8.10E-06 0.900633 0.074371 0.006927 0.9886
(-0.9293) (-0.0001) O 0 0 (-0.0008) O

BANKS 0.0005 0.127329 5.95E-06 0.862673 0.12642 0.005709 0.993154
(-0.0044) 0 0 0 0 0 0

Auto.

&parts 0.000601 0.193333 7.36E-06 0.844632 0.10047 0.010125 0.989178
(-0.001) O 0 0 0 (-0.0001) O

food pro. 0.000401 0.037627 4.33E-06 0.912355 0.051187 0.003346 0.584844
(-0.0061) (0.0071) O 0 0 (-0.8102) (-0.0049)

Pharm. &

Bio 4.16E-05 0.102183 1.79E-05 0.892611 0.050003 -0.00061 0.947253
(-0.8798) 0 0 0 0 (-0.7488) 0

Nonlife

Ins. -0.00103 0.042693 4.12E-07 0.940897 0.084177 -0.00061 0.947253
0 (-0.0008) 0 0 0 (-0.7488) 0

Indus. Eng. 0.000154 0.096573 2.49E-05 0.811243 0.105827 0.003346 0.584844
(-0.5079) (0.0000) O (0.0000)  (0.0000) (-0.8102) (-0.0049)

Table4.3.5: Return and Volatility Spillover from Personal Goods to Other Industries ARMA
GARCH model:

a: is found to have a significant positive impact that means, the mean returns of Financial
Services, Equity Investment, Banks, Oil & Gas Products, Automobile and Parts, Nonlife
Insurance, Food Products Pharmaceuticals and Biotechnology, and Industrial Engineering can be
predicted by using past prices behavior. In simple words, market is inefficient for the following
industries.

45



The GARCH coefficient Bo is variance equation constant. i is significant for all the
industries which shows the contribution of forecasted volatility for the prediction of mean
returns. The coefficient of standardized residual error term, Q is proved to be significant for all

industries that shows, these markets account for the process of correction on the basis of past
shocks.

The coefficient of 01 is significant and positive for Oil & Gas Products, Banks and Automobile &
Parts, Equity Investment, Financial Services which indicates that, volatility of the current period
can be forecasted by using the past prices behavior. While it is insignificant for Pharmaceuticals
and Biotechnology, and Industrial Engineering, Nonlife Insurance and Food Product sectors
which exhibit that volatility of the current period cannot be forecasted by using the past prices
behavior for these industries and no lagged effect is found in the case of these industries because
these sectors are more volatile. Coefficient of 02 is also significant and positive for all industries
that provides the evidence about persistence of the volatility. For Banks, Equity investment,
Financial Services, Oil & Gas products, Personal Goods, Automobile and Parts, Food Products,
Pharmaceuticals and Biotechnology, Non Life Insurance, Industrial Engineering, the sum of 01
and 02 is closer to 1 which indicates the nature of the persistence is in long run. The results of
mean spillover show a significant positive impact on all industries i.e. Banks, Equity Investment,
Financial Services, Oil & Gas Product, Automobile and Parts, Food Products, Pharmaceuticals
and Biotechnology, Non Life Insurance, Industrial Engineering which implies that, there exists a
mean spillover from Personal Goods to other industries. Similarly, the results of volatility
spillover also show a significant positive impact on all same industries which also confirms that,
the volatility of Personal Goods quickly transmits to the other industries.

4.3.6. Automobile & Parts to other industries by using an ARMA GARCH
(m,n) model.

Table 4.3.6

Sector 00 o1 Bo B1 Q 01 02

Auto.

&parts 0.000601 0.193333 7.36E-06 0.844632 0.10047 0.010125 0.989178
(-0.001) O 0 0 0 (-0.0001) O

Per.

Goods 0.00014 0.082201 1.22E-05 0.850129 0.048953 0.010125 0.989178
(-0.4701) O 0 0 0 (-0.0001) O

Oil & gas

pro. 0.000767 0.110702 1.15E-05 0.833231 0.129064 0.005709 0.993154
(-0.0007) O 0 0 0 0 0

Fin. Ser.  0.000379 0.151548 7.51E-06 0.884292 0.081312 0.006927 0.9886
(-0.0641) O 0 0 0 (-0.0008) 0
-1.82E-

Eq. Inves 05 -0.05539 8.10E-06 0.900633 0.074371 0.006927 0.9886
(-0.9293) (-0.0001) O 0 0 (-0.0008) O

BANKS  0.0005 0.127329 5.95E-06 0.862673 0.12642 0.005709 0.993154
(-0.0044) 0 0 0 0 0 0

food pro. 0.000401 0.037627 4.33E-06 0.912355 0.051187 0.003346 0.584844
(-0.0061) (0.0071) O 0 0 (-0.8102) (-0.0049)

Pharm. &

Bio 4.16E-05 0.102183 1.79E-05 0.892611 0.050003 -0.00061 0.947253
(-0.8798) 0 0 0 0 (-0.7488) O

Nonlife

Ins. -0.00103 0.042693 4.12E-07 0.940897 0.084177 -0.00061 0.947253
0 (-0.0008) O 0 0 (-0.7488) 0

Indus. 0.000154 0.096573 2.49E-05 0.811243 0.105827 0.003346 0.584844
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Eng.
(-0.5079) (0.0000) O (0.0000)  (0.0000) (-0.8102) (-0.0049)

Table4.3.6: Return and Volatility Spillover from Automobile & Parts to Other Industries ARMA
GARCH model:

a: is found to have a significant positive impact that means, the mean returns of Financial
Services, Equity Investment, Nonlife Insurance, Food Products, Pharmaceuticals and
Biotechnology and Industrial Engineering Banks, Oil & Gas Products, Personal Goods, can be
predicted by using past prices behavior. In simple words, market is inefficient for the following
industries.

The GARCH coefficient B1 is significant for all the industries which shows the contribution of
forecasted volatility for the prediction of mean returns. The coefficient of standardized residual
error term, Q is proved to be significant for all industries that shows, these markets account for
the process of correction on the basis of past shocks.

The coefficient of 01 is significant and positive for Oil & Gas Products, Banks, Equity
Investment, Financial Services and Personal Goods which indicates that, volatility of the current
period can be forecasted by using the past prices behavior. While it is insignificant for
Pharmaceuticals and Biotechnology, and Industrial Engineering, Nonlife Insurance and Food
Product sectors which exhibit that volatility of the current period cannot be forecasted by using
the past prices behavior for these industries and no lagged effect is found in the case of these
industries because these sectors are more volatile. Coefficient of 02 is also significant and
positive for all industries that provides the evidence about persistence of the volatility. For
Banks, Equity investment, Financial Services, Oil & Gas products, Personal Goods, Automobile
and Parts, Food Products, Pharmaceuticals and Biotechnology, Non Life Insurance, Industrial
Engineering, the sum of 01 and 02 is closer to 1 which indicates the nature of the persistence is in
long run. The results of mean spillover show a significant positive impact on all industries i.e.
Banks, Equity Investment, Financial Services, Oil & Gas Product, Personal Goods, Food
Products, Pharmaceuticals and Biotechnology, Non Life Insurance, Industrial Engineering which
implies that, there exists a mean spillover from Automobile & Parts to other industries.
Similarly, the results of volatility spillover also show a significant positive impact on all same
industries which also confirms that, the volatility of Automobile & Parts quickly transmits to the
other industries.

4.3.7. Pharmaceuticals and Biotechnology to other industries by using an
ARMA GARCH (m,n) model.

Table 4.3.7

Sector 00 o1 Bo B1 Q 01 02

Pharm.

& Bio 4.16E-05 0.102183 1.79E-05 0.892611 0.050003 -0.00061 0.947253
(-0.8798) 0 0 0 0 (-0.7488) 0

Per.

Goods  0.00014 0.082201 1.22E-05 0.850129 0.048953 0.010125 0.989178
(-0.4701) O 0 0 0 (-0.0001) O

Ooil &

gas pro. 0.000767 0.110702 1.15E-05 0.833231 0.129064 0.005709 0.993154
(-0.0007) O 0 0 0 0 0

Fin.

Ser. 0.000379 0.151548 7.51E-06 0.884292 0.081312 0.006927 0.9886
(-0.0641) O 0 0 0 (-0.0008) O

Eq. -1.82E-  -0.05539 8.10E-06 0.900633 0.074371 0.006927 0.9886
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Inves 05

(-0.9293) (-0.0001) O 0 0 (-0.0008) O

BANKS 0.0005 0.127329 5.95E-06 0.862673 0.12642 0.005709 0.993154
(-0.0044) 0 0 0 0 0 0

Auto.

&parts  0.000601 0.193333 7.36E-06 0.844632 0.10047 0.010125 0.989178
(-0.001) O 0 0 0 (-0.0001) O

food

pro. 0.000401 0.037627 4.33E-06 0.912355 0.051187 0.003346 0.584844
(-0.0061) (0.0071) O 0 0 (-0.8102) (-0.0049)

Nonlife

Ins. -0.00103 0.042693 4.12E-07 0.940897 0.084177 -0.00061 0.947253
0 (-0.0008) O 0 0 (-0.7488) 0

Indus.

Eng. 0.000154 0.096573 2.49E-05 0.811243 0.105827 0.003346 0.584844
(-0.5079) (0.0000) O (0.0000)  (0.0000) (-0.8102) (-0.0049)

Table4.3.7: Return and Volatility Spillover from Pharmaceuticals and Biotechnology to Other
Industries ARMA GARCH model:

a1 is found to have a significant positive impact that means, the mean returns of Financial
Services, Equity Investment, Banks, Oil & Gas Products, Personal Goods, Nonlife Insurance,
Food Products, Automobile & Parts and Industrial Engineering can be predicted by using past
prices behavior. In simple words, market is inefficient for the following industries.

The GARCH coefficient B1 is significant for all the industries which shows the contribution of
forecasted volatility for the prediction of mean returns. The coefficient of standardized residual
error term, Q is proved to be significant for all industries that shows, these markets account for
the process of correction on the basis of past shocks.

The coefficient of 01 is significant and positive for Oil & Gas Products, Banks, Equity
Investment, Automobile & Parts, Financial Services and Personal Goods which indicates that,
volatility of the current period can be forecasted by using the past prices behavior. While it is
insignificant for Industrial Engineering, Nonlife Insurance and Food Product sectors which
exhibit that volatility of the current period cannot be forecasted by using the past prices behavior
for these industries and no lagged effect is found in the case of these industries because these
sectors are more volatile. Coefficient of 02 is also significant and positive for all industries that
provides the evidence about persistence of the volatility. For Banks, Equity investment, Financial
Services, Oil & Gas products, Personal Goods, Automobile and Parts, Food Products,
Pharmaceuticals and Biotechnology, Non Life Insurance, Industrial Engineering, the sum of 01
and 02 is closer to 1 which indicates the nature of the persistence is in long run. The results of
mean spillover show a significant positive impact on all industries i.e. Banks, Equity Investment,
Financial Services, Oil & Gas Product, Personal Goods, Food Products, Automobile & Parts,
Non Life Insurance, Industrial Engineering which implies that, there exists a mean spillover from
Pharmaceuticals and Biotechnology to other industries. Similarly, the results of volatility
spillover also show a insignificant positive impact as compared to other all other industries which
also confirms that, the volatility of Pharmaceuticals and Biotechnology quickly don’t transmits
to the other industries.
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4.3.8. Food producers to other industries by using an ARMA GARCH (m,n)
model.

Table 4.3.8

Sector 00 o1 Bo B1 Q 01 02

food pro. 0.000401 0.037627 4.33E-06 0.912355 0.051187 0.003346 0.584844
(-0.0061) (0.0071) O 0 0 (-0.8102) (-0.0049)

Pharm. &

Bio 4.16E-05 0.102183 1.79E-05 0.892611 0.050003 -0.00061 0.947253
(-0.8798) 0 0 0 0 (-0.7488) 0

Per.

Goods 0.00014 0.082201 1.22E-05 0.850129 0.048953 0.010125 0.989178
(-0.4701) O 0 0 0 (-0.0001) O

Oil & gas

pro. 0.000767 0.110702 1.15E-05 0.833231 0.129064 0.005709 0.993154
(-0.0007) O 0 0 0 0 0

Fin. Ser.  0.000379 0.151548 7.51E-06 0.884292 0.081312 0.006927 0.9886
(-0.0641) O 0 0 0 (-0.0008) 0
-1.82E-

Eq. Inves 05 -0.05539 8.10E-06 0.900633 0.074371 0.006927 0.9886
(-0.9293) (-0.0001) O 0 0 (-0.0008) O

BANKS  0.0005 0.127329 5.95E-06 0.862673 0.12642 0.005709 0.993154
(-0.0044) 0 0 0 0 0 0

Auto.

&parts 0.000601 0.193333 7.36E-06 0.844632 0.10047 0.010125 0.989178
(-0.001) O 0 0 0 (-0.0001) O

Nonlife

Ins. -0.00103 0.042693 4.12E-07 0.940897 0.084177 -0.00061 0.947253
0 (-0.0008) O 0 0 (-0.7488) O

Indus.

Eng. 0.000154 0.096573 2.49E-05 0.811243 0.105827 0.003346 0.584844
(-0.5079) (0.0000) O (0.0000) (0.0000) (-0.8102) (-0.0049)

Table4.3.8: Return and Volatility Spillover from Food producers to Other Industries ARMA
GARCH model:

O iS @ mean equation constant. aa is found to have a significant positive impact that
means, the mean returns of Financial Services, Equity Investment, Nonlife Insurance, Banks, Oil
& Gas Products, Personal Goods, Automobile & Parts and Pharmaceuticals & Biotechnology
Industrial Engineering can be predicted by using past prices behavior. In simple words, market is
inefficient for the following industries.

The GARCH coefficient Bo is variance equation constant. i is significant for all the
industries which shows the contribution of forecasted volatility for the prediction of mean
returns. The coefficient of standardized residual error term, Q is proved to be significant for all

industries that shows, these markets account for the process of correction on the basis of past
shocks.

The coefficient of 01 is significant and positive for Oil & Gas Products, Banks, Equity
Investment, Automobile & Parts, Financial Services and Personal Goods which indicates that,
volatility of the current period can be forecasted by using the past prices behavior. While it is
insignificant for Industrial Engineering, Nonlife Insurance and Pharmaceuticals & Biotechnology
sectors which exhibit that volatility of the current period cannot be forecasted by using the past
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prices behavior for these industries and no lagged effect is found in the case of these industries
because these sectors are more volatile. Coefficient of 02 is also significant and positive for all
industries that provides the evidence about persistence of the volatility. For Banks, Equity
investment, Financial Services, Oil & Gas products, Personal Goods, Automobile and Parts,
Food Products, Pharmaceuticals and Biotechnology, Non Life Insurance, Industrial Engineering,
the sum of 01 and 02 is closer to 1 which indicates the nature of the persistence is in long run.
The results of mean spillover show a significant positive impact on all industries i.e. Banks,
Equity Investment, Financial Services, Oil & Gas Product, Personal Goods, Pharmaceuticals &
Biotechnology, Food Products, Automobile & Parts, Non Life Insurance, Industrial Engineering
which implies that, there exists a mean spillover from food products to other industries.
Similarly, the results of volatility spillover also show a significant positive impact on all same
industries which also confirms that, the volatility of food products quickly transmits to the other
industries.

4.3.9. Nonlife Insurance to other industries by using an ARMA GARCH (m,n)
model.

Table 4.3.9

Sector a0 o1 Bo B1 Q 01 02

Nonlife

Ins. -0.00103  0.042693 4.12E-07 0.940897 0.084177 -0.00061 0.947253
0 (-0.0008) O 0 0 (-0.7488) 0

Pharm. &

Bio 4,16E-05 0.102183 1.79E-05 0.892611 0.050003 -0.00061 0.947253
(-0.8798) 0 0 0 0 (-0.7488) 0

Per.

Goods 0.00014 0.082201 1.22E-05 0.850129 0.048953 0.010125 0.989178
(-0.4701) O 0 0 0 (-0.0001) O

Oil & gas

pro. 0.000767  0.110702 1.15E-05 0.833231 0.129064 0.005709 0.993154
(-0.0007) O 0 0 0 0 0

Fin. Ser.  0.000379 0.151548 7.51E-06 0.884292 0.081312 0.006927 0.9886
(-0.0641) O 0 0 0 (-0.0008) O

Eq. Inves -1.82E-05 -0.05539 8.10E-06 0.900633 0.074371 0.006927 0.9886
(-0.9293) (-0.0001) O 0 0 (-0.0008) O

BANKS  0.0005 0.127329 5.95E-06 0.862673 0.12642 0.005709 0.993154
(-0.0044) 0 0 0 0 0 0

Auto.

&parts 0.000601  0.193333 7.36E-06 0.844632 0.10047 0.010125 0.989178
(-0.001) 0 0 0 0 (-0.0001) O

food pro. 0.000401 0.037627 4.33E-06 0.912355 0.051187 0.003346 0.584844
(-0.0061) (0.0071) O 0 0 (-0.8102) (-0.0049)

Indus.

Eng. 0.000154  0.096573 2.49E-05 0.811243 0.105827 0.003346 0.584844
(-0.5079) (0.0000) O (0.0000) (0.0000) (-0.8102) (-0.0049)

Table4.3.9: Return and Volatility Spillover from Nonlife Insurance to Other Industries ARMA
GARCH model

ay is found to have a significant positive impact that means, the mean returns of Financial
Services, Equity Investment, Food Products, Banks, Oil & Gas Products, Personal Goods,
Automobile & Parts and Pharmaceuticals & Biotechnology Industrial Engineering can be
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predicted by using past prices behavior. In simple words, market is inefficient for the following
industries.

The GARCH coefficient Bo is variance equation constant. Bi is significant for all the
industries which shows the contribution of forecasted volatility for the prediction of mean
returns. The coefficient of standardized residual error term, Q is proved to be significant for all

industries that shows, these markets account for the process of correction on the basis of past
shocks.

The coefficient of 01 is significant and positive for Oil & Gas Products, Banks, Equity
Investment, Automobile & Parts, Financial Services and Personal Goods which indicates that,
volatility of the current period can be forecasted by using the past prices behavior. While it is
insignificant for Industrial Engineering, Food Producers and Pharmaceuticals & Biotechnology
sectors which exhibit that volatility of the current period cannot be forecasted by using the past
prices behavior for these industries and no lagged effect is found in the case of these industries
because these sectors are more volatile. Coefficient of 02 is also significant and positive for all
industries that provides the evidence about persistence of the volatility. For Banks, Equity
investment, Financial Services, Oil & Gas products, Personal Goods, Automobile and Parts,
Food Products, Pharmaceuticals and Biotechnology, Non Life Insurance, Industrial Engineering,
the sum of 01 and 02 is closer to 1 which indicates the nature of the persistence is in long run.
The results of mean spillover show a significant positive impact on all industries i.e. Banks,
Equity Investment, Financial Services, Oil & Gas Product, Personal Goods, Pharmaceuticals &
Biotechnology, Food Products, Automobile & Parts and Industrial Engineering which implies
that, there exists a mean spillover from Nonlife Insurance to other industries. Similarly, the
results of volatility spillover also show a significant positive impact on all same industries which
also confirms that, the volatility of Nonlife Insurance quickly transmits to the other industries.

4.3.10. Industrial Engineering to other industries by using an ARMA GARCH
(m,n) model.

Table 4.3.10

Sector 0 o1 Bo B1 Q 01 02

Indus.

Eng. 0.000154 0.096573 2.49E-05 0.811243 0.105827 0.003346 0.584844
(-0.5079) (0.0000) O (0.0000) (0.0000) (-0.8102) (-0.0049)

Pharm. &

Bio 4.16E-05 0.102183 1.79E-05 0.892611 0.050003 -0.00061 0.947253
(-0.8798) 0 0 0 0 (-0.7488) 0

Per.

Goods 0.00014 0.082201 1.22E-05 0.850129 0.048953 0.010125 0.989178
(-0.4701) O 0 0 0 (-0.0001) O

Oil & gas

pro. 0.000767 0.110702 1.15E-05 0.833231 0.129064 0.005709 0.993154
(-0.0007) O 0 0 0 0 0

Fin. Ser. 0.000379 0.151548 7.51E-06 0.884292 0.081312 0.006927 0.9886
(-0.0641) O 0 0 0 (-0.0008) O
-1.82E-

Eq. Inves 05 -0.05539 8.10E-06 0.900633 0.074371 0.006927 0.9886
(-0.9293) (-0.0001) O 0 0 (-0.0008) O

BANKS 0.0005 0.127329 5.95E-06 0.862673 0.12642 0.005709 0.993154
(-0.0044) 0 0 0 0 0 0

Auto.

&parts 0.000601 0.193333 7.36E-06 0.844632 0.10047 0.010125 0.989178
(-0.001) O 0 0 0 (-0.0001) O
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food pro.  0.000401 0.037627 4.33E-06 0.912355 0.051187 0.003346 0.584844

(-0.0061) (0.0071) O 0 0 (-0.8102) (-0.0049)
Nonlife
Ins. -0.00103 0.042693 4.12E-07 0.940897 0.084177 -0.00061 0.947253
0 (-0.0008) O 0 0 (-0.7488) 0

Table4.3.11: Return and Volatility Spillover from Industrial Engineering to Other Industries
ARMA GARCH model:

a: is found to have a significant positive impact that means, the mean returns of Financial
Services, Equity Investment, Banks, Oil & Gas Products, Food Products and Non Life Insurance,
Personal Goods, Automobile & Parts and Pharmaceuticals & Biotechnology can be predicted by
using past prices behavior. In simple words, market is inefficient for the following industries.

The GARCH coefficient Bo is variance equation constant. i is significant for all the
industries which shows the contribution of forecasted volatility for the prediction of mean
returns. The coefficient of standardized residual error term, Q is proved to be significant for all
industries that shows, these markets account for the process of correction on the basis of past
shocks. The coefficient of 01 is significant and positive for Oil & Gas Products, Banks, Equity
Investment, Automobile & Parts, Financial Services and Personal Goods which indicates that,
volatility of the current period can be forecasted by using the past prices behavior. While it is
insignificant for Non Life Insurance, Food Products and Pharmaceuticals & Biotechnology
sectors which exhibit that volatility of the current period cannot be forecasted by using the past
prices behavior for these industries and no lagged effect is found in the case of these industries
because these sectors are more volatile. Coefficient of 02 is also significant and positive for all
industries that provides the evidence about persistence of the volatility. For Banks, Equity
investment, Financial Services, Oil & Gas products, Personal Goods, Automobile and Parts,
Food Products, Pharmaceuticals and Biotechnology, Non Life Insurance, Industrial Engineering,
the sum of 01 and 02 is closer to 1 which indicates the nature of the persistence is in long run.
The results of mean spillover show a significant positive impact on all industries i.e. Banks,
Equity Investment, Financial Services, Oil & Gas Product, Personal Goods, Pharmaceuticals &
Biotechnology, Food Products, Automobile & Parts and Non Life Insurance which implies that,
there exists a mean spillover from Industrial Engineering to other industries. Similarly, the results
of volatility spillover also show a significant positive impact on all same industries which also
confirms that, the volatility of Industrial Engineering quickly transmits to the other industries.

4.4. Time-Varying Conditional Correlation - DCC & ADCC
4.4.1. DCC MV - GARCH Models & Estimates among Industries

Table4.4.1.

Sector Model selected

BANKS ARCH/GARCH
Equity investment ARCH/GARCH
Financial services ARCH/GARCH
Oil and gas product ARCH/GARCH
Personal goods ARCH/GARCH
Automobile and parts ARCH/GARCH
food products ARCH/GARCH
Pharmaceuticals and Biotechnology ARCH/GARCH
Nonlife Insurance ARCH/GARCH
Industrial Engineering ARCH/GARCH

Table 4.4.1 shows the suitable uni-variate DCC models.
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The impact of the past residual shocks is (01) and lagged dynamic conditional correlation is (02)
with their respective (p-values). The first condition of DCC model is to check the stability
condition as it must be less than 1 e.g. (61 + 02 <1). All industries taken for this study
successfully meet the required stability condition. It means DCC model must be used for
measuring the time varying conditional correlation.

As in case of the Banking sector, Equity investment, financial services, Oil & Gas products,
Personal Goods, Automobile and Parts, Food Products, Pharmaceuticals and Biotechnology, Non
Life Insurance, Industrial Engineering the mean and volatility spillover shows a significant
positive impact on all industries which means that there exist return and volatility spillover from
each sector to other industries. While on the other hand the impact of the past residual shocks
(01) is significant for all industries except the four i.e. Food Products, Pharmaceuticals and
Biotechnology, Non Life Insurance and Industrial Engineering, in these sectors (01) is
insignificant which means are more volatile. (02) also exhibits significant positive impact on all
industries. The return and volatility spillover exists in almost all the ten sectors of PSX. The
coefficients of volatility and return spillover for all sectors are positive and significant which
defines as the returns of one sector enhances by the return of other sectors. Therefore, it is
indicated that the taken ten industries are linked with each other i.e. if any kind of change occurs
in one industry, then this change easily transmits to all other industries. All sectors are with
significant results and are causing spillover effect. Return and volatility spillover exists among
different sectors and they can easily be transmitted from one sector to other due to crises or many
other economic factors. All the significant stability and variations of models demonstrate that
correlation is not constant, so DCC-GARCH model is strongly recommended. If in industries the
time variation doesn’t occur for correlation, then DCC and ADCC model will not be applied.
Hence, it is concluded that for diversification investors should go for the sectors which are
negatively correlated and correlation must be less than 1. If sectors are more volatile then
investors should not invest there. Only sectors with less volatility could benefit investors in
diversification and investors can gain more benefits.
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CHAPTER 5

Conclusions and Recommendations

The main objective of this study is to analyze the return and volatility spillover across different
industrial sectors in Pakistan Stock Exchange (PSX). In this study ten sectors are taken for this
purpose. Movement of various sectors i.e. Banking sector, Equity investment, financial services,
Oil & Gas products, Personal Goods, Automobile and Parts, Food Producers, Pharmaceuticals
and Biotechnology, Non Life Insurance, Industrial Engineering has been observed by using
GARCH model for the year 2000 to 2018.

The return and volatility spillover exists in all the ten sectors of PSX. The coefficients of
volatility and return spillover for all sectors are positive and shows significance which defines as
the returns of one sector enhances by the return of other sectors.

Hence, it is indicated that the selected industries are linked with each other i.e. if any kind of
change occurs in one industry, then this change easily transmits to all other industries. All sectors
are with significant results and are causing spillover effect. In Banking sector, Equity investment,
financial services, Oil & Gas products, Personal Goods, Automobile and Parts, Food Producers,
Pharmaceuticals and Biotechnology, Non Life Insurance, Industrial Engineering the mean and
volatility spillover show a significant positive impact on all industries which means that there
exists return and volatility spillover from one sector to other sectors. The impact of the past
residual shocks (1) is significant (positively correlated) for all industries except the four i.e.
Food Producers, Pharmaceuticals and Biotechnology, Non Life Insurance and Industrial
Engineering, in these sectors (01) is insignificant which means they are more volatile sectors of
Pakistan Equity Market. The diversification opportunities also exist in Food Producers,
Pharmaceuticals and Biotechnology, Non Life Insurance and Industrial Engineering, as the
correlation is insignificant(negatively correlated) for these mentioned sectors i.e. greater than 1.
In contrast, both return and volatility spillovers are observed across industries.

Hence, the research objective is fulfilled i.e. return and volatility spillover exists among different
sectors and they can easily be transmitted from one sector to other due to crises or many other
economic factors. Secondly, this study covers the application of GARCH model. There exists
time variation in correlation among variables. For this purpose, Dynamic Condition Correlation
(DCC) model is used as well as asymmetric behavior is evaluated by Asymmetric Dynamic
Conditional Correlation (ADCC). The consequences from these models are positive as well as
negative for the industries. All the significant stability and variations of models demonstrate that
correlation is not constant so DCC-GARCH model is strongly recommended. If in industries the
time variation doesn’t occur for correlation, then DCC and ADCC model will not be applied. It
can be understand by DCC and ADCC model that with the passage of time correlation becomes
time varying and that industries are interlinked with each other. Hence, it is concluded that for
diversification investors should go for the sectors which are negatively correlated and correlation
must be less than 1. If sectors are more volatile then investors should not invest there. Only
sectors with less volatility could benefit investors in diversification and investors can gain more
benefits. In this study, it is demonstrated that correlation among assets of local sectors depends
upon static estimates. This study, put emphasis on to realize the dynamics of market integration
within Pakistan.

Hence, this study examined the co-movements between the main economic sectors in Pakistan in
a dynamic framework, providing a means of differentiating between factors that influence the
strength of co-movement over time.

The consequences propose that while assessing the benefits of diversifying domestic portfolio
the investors as well as fund managers must have to consider the expectations of market
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sentiment and macroeconomic forecasts. The unique methodology is used in this study, in its
application to Pakistani Industries.

5.1. Recommendations

This study strongly recommends to all market players i.e. investors, portfolio managers and
policy makers to keep an eye on the information coming up in different industries of local
market. Some important recommendations of this study are given below.

« Investor can use the consequences of this study in the process of decision making for
investments in different industries. As compared to return the volatilities are more
influenced. So, investors must seek for those sectors in which volatility is less.

« Only DCC GARCH model is used in this study was taken on distribution, meanwhile all
GARCH models can also be applied i.e. GARCH, GJIR GARCH/TARCH & EGARCH.

« The consequences propose that while assessing the benefits of diversifying domestic
portfolio the investors as well as fund managers must have to consider the expectations of
market sentiment and macroeconomic forecasts. The unique methodology is used in this
study, in its application to Pakistani Industries.

+ If sectors are more volatile then investors should not invest there. Only sectors with less
volatility could benefit investors in diversification and investors can gain more benefits.

* Risk averse investors should go for diversification in those sectors where risk is
minimum and correlation among sectors is less but on the other hand the investors who
wants to take more risk by investing in risky securities for getting more return should go
for those sectors where correlation is more.

5.2. Limitations & Future Directions

This study provides an inclusive understanding regarding mechanism of transmission across
industries and market. This study is restricted only to the Pakistani stock market PSX. Therefore,
a relative study by the inclusion of emerging markets can also be conducted in the sample size.
In future research the GARCH models can be used to clarify the dynamics of conditional
correlation among the Pakistani industries and its foreign counterparts. In this study only few
sectors are taken for analysis of return and volatility spillover effect, in future research all the
sectors can be taken for research purpose. In future research more risk taking investors can be
consider in aspect of diversification.
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Appendix-B

Stationarity Graphs

Graph No. 1

——T
2000

— T
2002

T
2004

— T
2006

— P&B —— NLI

— T T T T T
2008 2010 2012

— T
2014

— T
2016

T
2018

56




12
.08
oa
.00
.04
.08
.12
.16
.20
-24 UL L L N L L L L L L L L L L B I L
2000 2002 2004 2006 2008 2010 2012 2014 2016 2018
[ FP —— IE |
Graph No. 2
2
e
.0
-.1
-.2
-3 L L N L BN LR LA B I B LA B I N I L IR B I B
2000 2002 2004 2006 2008 2010 2012 2014 2016 2018
| — AP —— PG
Graph No. 3
Graph No. 4
.3
.2 4
i
.0
-.1 -
-.2
-3 L L B (LU BN I LA LU BN I BN I LR L BN L B
2000 2002 2004 2006 2008 2010 2012 2014 2016 2018
— El —— FS

57




Graph No. 5
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