CHAPTER-VI

HEDGING EFFECTIVENESS OF CONSTANT AND TIME-
VARYING HEDGE RATIO IN INDIAN EQUITY FUTURES
MARKET: EVIDENCE FROM THE NATIONAL STOCK
EXCHANGE

6.1 Introduction

In an emerging market context like India, derivatives are mainly introduced with a
view to curb the increasing volatility of the asset prices in financial markets and to
introduce sophisticated risk management tools leading to higher returns by reducing risk
and transaction costs as compared to individual financial assets. Futures markets provide
opportunities to hedge the risks associated with holding diversified equity portfolios. The
effective use of futures contract in hedging decisions has become focus and center of
debate on finding out an optimal hedge ratio and hedging effectiveness in empirical
financial research. Hedging with futures contracts is perhaps the simplest method for
managing market risk arising from adverse price movements of various assets. For
managing risk, understanding optimal hedge ratio is critical for devising effective
hedging strategy. Hedgers usually short an amount of futures contracts if they hold the
long position of the underlying assets and vice versa. An important question is how
many futures contracts are needed. In other words, investors have to decide on the
optimal hedge ratio, that is how many futures contracts should be held for each unit of the
underlying assets, as well as the effectiveness measure of that ratio. The hedge ratio is
defined by Hull (2003, p.750) as “the ratio of the size of the portfolio taken in futures
contracts to the size of the exposure’. The hedge ratio provides information on how

many futures contracts should be held, whereas its effectiveness evaluates the hedging

185



performance and the usefulness of the strategy. In addition, the hedgers may use the
effectiveness measure to compare the benefits of hedging a given position from many
alternative futures contracts. The detailed theoretical explanation of hedging is provided
in Chapter-IL

Hedging strategy is measured by the extent to which it reduces risk and may
techniques have been developed and applied to find the optimal hedge ratio (OHR). The
earlier form of hedge ratio is the 1:1 hedge or the naive strategy. This strategy suggests
that an investor who has a long position in the spot market should sell a unit of futures
today and buy it back when he sells the spot. Hence, the optimal hedge ratios (OHRs) of
the naive model are always one. This strategy represents the perfect hedge since it
assumes that both spot and futures prices change by the same amount at all time.
However, the strategy failed due to the existence of market frictions such as transaction
costs, margin requirements, short-sale constraints, liquidity differences and non-
synchronous trading effects which may induces the futures and spot prices to behave
differently. This has brought a renewed interest at the theoretical level by the works of
Working (1953), Johnson (1960), Stein (1961) and Ederington (1979)9. It postulates that
the objective of hedging is to minimize the variance of spot portfolio held by the investor.
Therefore, the hedge ratio that generates the minimum portfolio variance should be the
hedge ratio, which is also known as minimum variance hedge ratio.

Several empirical studies have been carried out in the estimation of optimal

hedging strategies in perpetuating the return and the variance reduction. In this area, the

? For details see the hedging theory of Working (1953), Johnson (1960), Stein (1961) and Ederington
(1979) provided in chapter-II.

186



hedge ratio varies according to the conditioning information adopted'®. The existing
literature concluded that the conventional regression approach to optimal hedge ratio
estimation fails to take proper account of all of the relevant conditioning information
available to hedgers when they make hedging decision and it implicitly assumes that the
covariance matrix of spot and futures prices and hence optimal hedge ratios are constant
over time (Myer, 1991) which was supported by Park Switzer (1995a, 1995b), Lypny and
Powalla (1998), Koutmos and Pericli (1998), Lien and Tse (1999), Floros and Vougas
(2004), and Bhaduri and Durai (2007). Also vector autoregressive model and vector
error correction model ignore the time varying nature of hedge ratios. They concluded
that the constant hedge ratio do not consider the joint distribution of the spot and futures
varies over time and multivariate GARCH model provides a flexible and consistent
framework for estimating time-varying hedge ratio by considering the conditional
variance and covariance of the spot and futures returns. The present study compares the
effectiveness of hedge ratio for the stock futures market derived from the constant
conditional covariance models and time-varying hedge ratio model. This will be
immensely useful for the market participants, investors and hedgers to identify the
suitable model for hedging their market risk and maximizing their absolute risk aversion
utility.

Against this background, the present chapter aims to examine the hedging
efficiency of the Indian equity futures in terms of eighty-three individual stock portfolios

that belong to eleven sectors of the economy. The remaining part of this chapter is

"For details see chapter-III for related literature pertaining to Hedging Effectiveness of futures
market.
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organized as follows: Section—6.2 presents the methodology of the study. Section—6.3
offers empirical results and discussion. Concluding remarks are presented in Section—6.4.
6.2 Methodology

The present study employs OLS regression, VECM and time-varying MGARCH
model to determine optimal hedge ratios of Indian equity futures. Then, the performance
of the hedge ratios is compared to assess whether the more advanced time-varying hedge
ratios calculated from Bollerslev, Engle and Wooldridge’s (1988) Multivariate-GARCH
model can provide more efficiency than other constant hedge ratios from the regression
model, and the Vector Error Correction Model. This study focuses on three different
methods for estimating the hedge ratios and testing it effectiveness for both forecasted in-
sample and out-of-sample data.
Model-1: The Conventional Regression Method

The conventional approach in estimating minimum variance hedge ratio (MVHR)
relies upon the linear of changes in spot prices on changes in futures prices. Let S; and F;
be the logged spot and futures prices respectively. The one period minimum variance
hedge ratio can be estimated from the expression:

AS;=a+BAF,+ €, SR (1 )
where €is the error term from OLS estimation, and A S; and A F; represent changes in
the spot and futures prices. P is the estimated optimal hedge ratio.
Model-3: The Vector Error Correction Model (VECM)

Engle and Granger (1987) stated that if sets of series are cointegrated, then there
exists a valid Error Correction Representation of the data. Besides, Ghosh (1993), Lien

and Luo (1994) and Lien (1996) argue that if the two price series are found to be
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cointegrated, then there exist valid error correction representations of the price series that
includes short-term dynamics and long-run information. Thus, if St represents the spot
price series and Ftthe futures price series and if both series are I(1), there exists an error

correction representation of the following form:

AS; = Oy +EﬁSiASt—i +2051‘AF1_1‘ +]/S Zt_] + L (62)
i=1 i=1
AF, = af+2ﬁﬁAS,_,~ +2(9ﬁAFt-,' + ]/fZH T Ef (6.3)

i=1 i=1

where o5 and of are intercepts and €, € i are white-noise disturbance terms. [ s, 05, Ot
ys and yrare parameters. Z; is the error-correction term, which measures how the
dependent variable adjusts to the previous period’s deviation from long-run equilibrium:
Zig =SSm0 =0 Frp e (6.4)
where o is the cointegration vector and o is the intercept. The two-variable error
correction model expressed in equation (6.2) and (6.3) is a bivariate VAR (n) model in
first difference augmented by the error-correction term ys Zy; and y¢ Z¢;. The
coefficients y s and y ¢ are interpreted as the speed of adjustment parameters. The larger
7 s 1s, the greater the response of S; to the previous period’s deviation from long-run
equilibrium. Let Var (€ ) = 65, Var (€#) = o and Cov (€ € ) = osr. The minimum
variance hedge ratio is 65t/ o, which is called the VECM hedge ratio.
Model-3: The Multivariate GARCH Model
The above conventional models assume that the residuals have constant variances
and covariances. In general, GARCH models assume that the conditional variance is
affected by its own history and history of the squared innovations. The advantage of

GARCH models is that they have been able to capture the behaviour of financial time
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series, such as serial correlation in volatility and co-movements in volatilities. The
substantial amounts of literature on optimal hedging have been extensively used
multivariate GARCH models to generate minimum variance hedge ratios. Those studies
include Myers (1991), Kroner and Sultan (1993), Park and Switzer (1995a, 1995b),
Koutmos and Pericli (1998), Lypny and Powalla (1998), Lien and Tse (1999), Floros and
Vougas (2004), Bhaduri and Durai (2007), Kavussanos and Visvikis (2008), and
Kenourgios et al. (2008), etc. From hedging point of view, the multivariate GARCH
models are suitable because they can estimate jointly the conditional variances and
coivariances required for minimum variance hedge ratio. Thus, the multivariate GARCH
model is applied to calculate the dynamic hedge ratios that vary over time based on the
conditional variance and covariance of the spot and futures prices and generalized from

GARCH (1,1). A standard M-GARCH (1,1) is expressed as:

2
hss,[ Css,t a a,, al?y gs,t—l 1811 ﬂIZ 1813 hss,t—l
hyo |= | Cypa | F|Qu O Qs | €y | T B P Pos || By | oooene (6.5)
By 2
1ot Cha oy O O Erim ﬂ31 1832 ﬂ33 hﬂ',t—l

where hg, hgr are the conditional variance of the errors (€ . € ) from the mean equations.
In this paper, the mean equation is the bivariate vector error correction model. As the
model has large number of parameters to be estimated, Bollerslev, Engle and Wooldridge
(1988) proposed a restricted version of the above model with a and § matrixes have only
diagonal elements which allow for a time-varying conditional variance. The diagonal
representation of the conditional variance elements hg and /4 and the covariance element

hgr can be expressed as:
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hss,t =cCg T Agg Sit% +ﬁ11 hss,t-l (66)
hsjjt =cytane, &, t 22 hsﬁg .................. (6.7)

hyo=cpt o33 €5 B33 hges e (6.8)

The time-varying hedge ratio has been estimated as the ratio between covariance
of spot and futures price with variance of futures price. So hg/ hgey will be the time-
varying hedge ratio and hence generates more realistic time-varying hedge.

Estimating Hedging Effectiveness

The performance of the hedging strategies developed in the previous section has
been examined by finding the hedging effectiveness of each strategy. To compare, the
un-hedged portfolio is constructed as the composition of shares with same proportion
held in the spot price index. The hedged portfolio is constructed with the combination of
both the spot and the futures contract held. The hedge ratios estimated from each strategy
determines the number of futures contract. The hedging effectiveness is calculated by the
variance reduction in the hedged portfolio compared to that of un-hedged portfolio. The

returns of un-hedged and hedged portfolios are simply expressed as follows:

Runhedged = St+1 — St ................................... (6 9)
Rhedged =(Str1 = So)-h*(Fu1 —Fo) oo (6.10)
where, R hedacd and Rh toed are return on un-hedged and hedged portfolio. S; and F; are
unhedge edge

logged spot and futures prices at time t with h* is optimal hedge ratio. Similarly the

variance of the un-hedged and hedged portfolio is expressed as:

Varunhedged = 652 ...................................... (6 11)

Varhedged = G§+ h*? G?—Zh* [ (6.12)
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where Varyshedged and Varyeggeq are variance of un-hedged and hedged portfolios with &,

o.and o are standard deviations of spot and futures price and covariance between them

respectively. The effectiveness of hedging (HE) can be measured by the percentage
reduction in the variance of a hedged portfolio as compared with the variance of an un-

hedged portfolio (Ederington, 1979). The variance reduction can be calculated as:

HE = 1- [ ValtedgedPortfolio }

V arunhedgedportfolio

This gives us the percentage reduction in the variance of the hedged portfolio as
compared with the unhedged portfolio. When the futures contract completely eliminates
risk, we obtain HE = 1 which indicates a 100% reduction in the variance, whereas we
obtain HE = 0 when hedging with the futures contract does not reduce risk. Therefore, a
larger number indicates better hedging performance. As proposed by Lien and Tse
(1998), the hedging performance of the models may vary over different hedge periods.
Therefore, the present study compares the hedging effectiveness of three types of hedge
ratios over in-sample and out-of-sample periods.

The data for the study consist of daily closing prices of spot and futures markets
of eighty-three underlying stocks that are traded in the National Stock Exchange (NSE).
The selected underlying stocks belong to 11 sectors of the economy. The sectors in the
study comprise of automobiles, bank, cement, electrical equipments, fertilizers,
information technology (IT), oil & gas, pharmaceuticals, power, steel and textiles. The
list of the selected stocks considered for the study is presented in Appendix-4.1. The data
span for the study considered is from 27" May, 2005 to 26™ March, 2009. Out of total

observations of the respective stocks, the last 30 observations were used to facilitate out-
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of-sample hedge ratio performance comparison. The near month contract of equity
futures contract has been considered for the study as they are most heavily traded as
compared to next month and far month future contracts. All the required data information
for the study has been retrieved from the website of National Stock Exchange (NSE),
Mumbeai.
6.3 Empirical Results and Discussions
6.3.1 Results of Unit Roots and Cointegration

The standard Augmented Dickey — Fuller (ADF) and Phillips — Perron (PP) tests
were employed to examine stationary property of the selected data series. This is
important from a hedging perspective as non-stationary series may lead to spurious
regressions and therefore invalidate the estimation of optimal hedge ratios. The results of
Augmented Dickey-Fuller and Phillips-Perron tests for the spot and futures markets price
series of the respective underlying stocks are presented in the Chapter-1V (Table-4.1).
Both the unit root test results of each individual stock show that the price series are
stationary at their first difference, indicating that the spot and futures price series of each
respective stocks are integrated at order one, i.e., I(1). Johansen’s Cointegration test was
performed to examine the presence of long-run relationship between spot and futures
market prices of underlying stocks of different sector and its results are presented in the
Chapter-IV (Table-4.2). The table result of Johansen’s maximum Eigen (Amax) and Trace
(Awace) statistics indicates the presence of one cointegrating vector between the futures
and spot market prices at 5 % level in case of each selected individual stocks of different
sector respectively. The Johansen’s cointegration test confirms the existence of long-run

relationship between the spot and futures prices of each underlying stocks in India.
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6.3.2 Results of Optimal Hedge Ratio

First, the optimal hedge ratio was derived from the OLS regression (6./) where
the spot return is regressed on the futures return for each individual stock. Second, since
the spot and futures prices of each respective underlying stock are cointegrated, then
according to Engle and Granger (1987), an error correction representation of the data
series must exist as presented in equations (6.2) & (6.3). Therefore, the optimal hedge
ratios from the VEC Model are estimated. Based on the standardized squared residuals,
the study also examined the efficiency of VEC Model. In order to examine the efficiency
of the VEC Model, it could be useful to verify the features of the residuals. According to
McLeod and Li (1983), a causal examination of the sample autocorrelation functions of
the mean equation squared residuals for a significant Q-statistic at a given lag can be used
to infer the presence of ARCH effects. The Ljung-Box Q-Statistics at a given lag k is a
test statistic for the null hypothesis that there is no autocorrelation up to order k. It is
common to test serial correlation within squared values of a distribution as it can be
indicative of the presence of conditional heteroskedasticity (Bollerslev, 1986). Also,
examining absolute returns can be of assistance for the same reason (see Ding et al.,
1993). For standardized squared residuals, the autocorrelation functions (ACF) and
partial autocorrelation functions (PACF) from equation (6.2) & (6.3) are presented in
Table-6.2. Table-6.2 reports the tenth and twenty-fourth orders of serial correlations from
squared normalized residuals of equations (6.2) & equation (6.3) for the each underlying
stocks. They are highly significant confirming the presence of ARCH effects. This
indicates the existence of heteroscedasticity in the VEC Model. Therefore, it confirms the

necessity of an M-GARCH modeling to estimate the conditional variance and covariance
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for calculating time-varying hedge ratios. The study estimated the multivariate GARCH
model of Bollerslev, Engle and Wooldridge’s (1988) that provides a flexible and
consistent framework for estimating time-varying hedge ratio by considering the
conditional variance and covariance of the spot and futures returns. The estimation from
variances and covariances and a time-varying hedge ratios based on a GARCH model are
expected to give better results. The estimated results are presented in Table-6.3. The table
results show that all the parameter estimates are positive definite and statistically
significant in the case of almost all underlying stocks that belong to 11 respective
industry groups of the economy. This shows that current information in the market is
essential for predicting conditional variances. Besides, the estimated significant
parameters imply that the GARCH error is proficient to capture the dynamics in the
variances of the joint distribution of spot and futures returns of the underlying stocks of
respective industry groups. Furthermore, the sum of the coefficients (cyt ot Bs, Cort Ot
Bs, cit agt PBg) in the case of almost all underlying stocks of 11 respective industry
groups is close to unity, implying the persistence of ARCH effects in the data sets.

This chapter employs conventional regression method, Vector Error Correction
Model and time-varying MGARCH model for evaluating hedge ratios. Table-6.1 presents
the optimal hedge ratios derived from the OLS, VECM and MGARCH models for the
eighty-three underlying stocks that belong to 11 sectors of the economy. The table result
reveals that the hedge ratio estimated from the time-varying MGARCH model was found
to be greater than that obtained from other models in case of four underlying stocks of
automobile industry such as ESCORTS, HEROHONDA, TATAMOTORS and

TVSMOTOR. This is followed by the hedge ratio obtained from VEC Model that yields
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the highest in the case of rest of the three selected automobile stocks, viz., ASHOKLEY,
M&M and MARUTI. Besides, the table result indicates that OLS regression method
provides the lowest hedge ratios in majority of the cases as compared to other models.

In the case of banking industry stocks, the hedge ratio estimated from the time-
varying conditional variance and covariance between spot and futures returns are higher
than other methods for the majority of the cases. Besides, the conventional OLS
regression method provides the lowest hedge ratios in majority of the banking stocks as
compared to other models. This implies that hedge ratio estimated by time-varying
MGARCH was more efficient in reducing risk of spot prices.

The hedge ratio from the estimates of VECM was found to be higher for ACC
and GRASIM, and that from the estimate of OLS was higher in the case of INDIACEM.
Similarly, in the case of fertilizer industry stocks, the table results show that VECM
hedge ratios are found to be greater for the three stocks - CHAMBLFERT, GNFC and
TATACHEM — and OLS hedge ratio greater for NAGARFERT. As far as the electrical
equipments industry is concerned, Table-6.3 shows that the time-varying hedge ratio is
higher in the two stocks of BHEL and SIEMENS. For ABB and SUZLON, the result
supports the VECM and OLS hedge ratios that generate the minimum portfolio variance
respectively.

For the stocks of IT industry, the hedge ratio estimated from the time-varying
MGARCH model was found to be superior than that obtained from other models in the
case of five underlying stocks, such as HCLTECH, OFSS, PATNI, POLARIS and TCS.
This is followed by the hedge ratio obtained from VEC Model that yields the highest in

case of rest of the selected automobile stocks, viz. INFOSYSTCH and WIPRO. Besides,
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the table result indicates that OLS hedge ratio underperforms in majority of the cases as
compared to other models.

Moreover, the table results reveal that the hedge ratio estimated by the error-
correction model was greater than that obtained from other models for five underlying
Oil and Gas industry stocks, viz. BONGAIREFN, BPCL, ESSAROIL, GAIL and ONGC.
This is followed by OLS hedge ratios that are greater in the case of IOC and MRPL and
MGARCH hedge ratios that are higher in HINDPETRO and RELIANCE. Besides, the
empirical results of the pharmaceutical industry stocks reveal that optimal hedge ratio
from VEC model was greater as compared to hedge ratios from other models for most of
the cases, such as AUROPHARMA, DABUR, DIVISLAB, GLAXO, ORCHIDCHEM,
PIRHEALTH, RANBAXY and SUNPHARMA. Moreover, the table result suggests the
time-varying MGARCH hedge ratio that generates the minimum portfolio variance for
rest of the stocks such as CIPLA, MATRIXLABS, DRREDDY, STAR and
WOCKPHARMA. The table result also confirms that the OLS hedge ratio underperforms
in most of the cases as compared to other models.

For the power industry stocks, the analysis reveals that hedge ratio estimated by
the error-correction model was greater than that obtained from other models for four
underlying stocks, viz. JPHYDRO, NTPC, RELINFRA and TATAPOWER. This is
followed by OLS hedge ratios that are superior in the case of CESC and NEYVELILIG
and MGARCH hedge ratios that are higher in CUMMINSIND. For steel industry, the
analysis shows that VEC Model yields greater hedge ratio for the stocks, such as
JINDALSTEL, MAHSEAMLES and TATASTEEL and time-varying MGARCH model

for JSL. Moreover, the analysis confirms that conventional regression method provides
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greater hedge ratio for textile stocks, viz. ARVIND and SRF. This is followed by the
hedge ratios obtained from VEC Model for CENTURYTEX and time-varying MGARCH
model favours ALOKTEXT.

From the table result, it was clear that the hedge ratios estimated from error
correction model was found to be greater than that obtained from other models in
majority of the underlying stocks that belonging industry groups such as cement,
fertilizers, oil and gas, pharmaceuticals, power and steel. This result is consistent with
those from Ghosh (1993) and Lien (1996) where it is noted that the hedge ratio results
biased downward in size when the cointegrating relationship is ignored. Following this, it
can be seen that the hedge ratio obtained from the time-varying MGARCH model was
slightly greater than those obtained from the OLS and VEC models in the case of
majority of the underlying stocks that belongs to automobiles, bank, electrical
equipments, and IT. It is noted that the OLS hedge ratio was found to be slightly greater
as compared to hedge ratio obtained from other models only in the majority cases of
textiles. Besides, the table result indicates that OLS regression method provides the
lowest hedge ratios in majority of the stocks in the industry groups such as automobiles,
bank, electrical equipments, IT, pharmaceutical and steel.

6.3.3 Results of In-Sample Hedging Effectiveness

The performance of the hedging strategies developed in the previous section has
been examined by finding the hedging effectiveness of each strategy. The effectiveness
of hedging (HE) can be measured by the percentage reduction in the variance of a hedged
portfolio as compared with the variance of an un-hedged portfolio (Ederington, 1979). As

proposed by Lien and Tse (1998), the hedging performance of the models may vary over
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different hedge periods. Therefore, the present study compares the hedging effectiveness
of three types of hedge ratios over in-sample and out-of-sample periods. For in the
sample estimation, the study considered the daily closing prices of spot and futures
markets of eighty-three underlying stocks that are traded in National Stock Exchange
(NSE). The selected underlying stocks belong to 11 sectors of the economy. The data
span for the study is from 27" May, 2005 to 26™ March, 2009. Out of total observations
of the respective stocks, the last 30 observations were used to facilitate out-of-sample
hedge ratio performance comparison. The present chapter evaluates and compares the in-
sample hedging performances of the three hedging models considered in the study.
Table-6.4 displays the in-sample hedging performances of the various models for eighty-
three underlying individual stocks under examination. The table result reveals the time-
varying hedge ratios computed from MGARCH model for the underlying stocks of
automobile industry showed better in-sample performance except for ASHOKLEY in
terms of variance reduction than the other models. Similarly, the table provides evidence
for most of the banking sector stocks that a time-varying MGARCH was economically
and statistically superior to other models in terms of minimizing the variance of hedged
portfolios with respect to its unhedged portfolios. For ALBK and KTKBANK, the result
supports the OLS and VECM hedging performances that generate the minimum portfolio
variance respectively.

The performances of the hedge ratios from the estimates of OLS and MGARCH
models in the in-sample period was found to dominate for the two cement industry
stocks, GRASIM and INDIACEM, while MGARCH model dominates for ACC.

Similarly, in the case of fertilizer industry stocks, the table results show that VECM
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hedge outperforms the other models for the three stocks — CHAMBLFERT,
TATACHEM and NAGARFERT — and OLS hedge for GNFC. As far as the electrical
equipments industry is concerned, the in-sample hedging effectiveness of MGARCH
hedge ratios is superior to the OLS and VECM hedge ratios for three stocks, viz. BHEL,
SIEMENS and SUZLON. For ABB, the result supports the VECM hedge performances
that generate the minimum portfolio variance.

For IT industry, the in-sample hedging effectiveness of the time-varying
MGARCH hedge ratios outperform OLS and VECM hedge ratio in most of the
underlying scrips such as HCLTECH, OFSS, PATNI, POLARIS, TCS and WIPRO. For
INFOSYSTCH, the result supports the OLS hedge performances that generate the
minimum portfolio variance. Moreover, the hedging effectiveness from OLS hedge ratio
which minimizes the unconditional variance performs better than the VECM and time-
varying MGARCH hedge ratio for the majority of the underlying stocks of Oil and Gas
industry, namely, BONGAIREFN, ESSAROIL, GAIL, IOC, MRPL and RELIANCE.
This is followed by the hedging performances obtained from time-varying model
outperforms the other models in case of rest of the stocks, viz. BPCL, HINDPETRO and
ONGC. Besides, the in-sample hedging effectiveness of the pharmaceutical industry
stocks shows that MGARCH model provides substantial reductions in variance except for
DIVISLAB.

For the power industry stocks, the in-sample analysis reveals that OLS hedges
outperform hedging strategies obtained from other models for five underlying stocks, viz.
JPHYDRO, NEYVELILIG, NTPC, RELINFRA and TATAPOWER. This is followed by

MGARCH hedges perform better in the case of CESC and CUMMINSIND. For steel

200



industry, the analysis shows that hedging strategies obtained from OLS model yields
greater performance in terms of variance reduction for the stocks, such as JINDALSTEL,
JSL and MAHSEAMLES and VEC model for TATASTEEL. Moreover, the analysis for
the textile industry confirms that time-varying hedge strategy which minimizes the
conditional variance of hedged portfolio with respect to unhedged outperforms the OLS
and VECM hedge strategies.

From the table result, it was clear that the dynamic M-GARCH hedging strategy
does seem to outperform the simple constant conventional OLS and error correction
hedge strategies in majority of the underlying stocks belonging to industry groups such as
automobiles, bank, electrical equipments, IT, pharmaceuticals and textiles. This implies
that risk aversion is the major goal of an investor, the dynamic M-GARCH model
hedging strategy performs the best in reducing the conditional variance of the hedged
portfolio. The investor’s degree of risk aversion, in these cases, plays an important role in
selecting the hedging method. This is consistent with most of the previous studies of
Myers (1991), Baillie and Myers (1991) and Park and Switzer (1995a, 1995b) on US
commodity and financial markets. Following this, another striking feature of the in-
sample results is that the OLS hedge strategy performs better in reducing the risk of the
hedged portfolio relative to other alternatives in most cases of industry groups such as
cement, fertilizers, oil and gas, power and steel. This finding suggests that, in terms of
risk reduction, a hedge strategy based on an unconditional variance hedge ratio estimated
through OLS outperforms a strategy based on a minimum variance hedge ratio estimated

using more advanced techniques such as the VECM and the M-GARCH approach. This
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is consistent with the findings of previous studies such as Holmes (1995), Chakrabothy
and Barkoulas (1999) and Miffre (2001).
6.3.4 Results of Out-of-Sample Hedging Effectiveness

The in-sample performance of the alternative hedging strategies provides an
indication of their historical performance, but the investors are more concerned about
how well they can do in the future. The more reliable measure of hedging effectiveness is
the hedging performance of the post-sample periods. Since investors need to predict all
about the future, the study use an out-of-sample (post-sample) performance measure,
which represents a way to evaluate effectiveness of hedge ratios. Brook and Chong
(2001) suggest that out-of-sample evaluation of models is more appropriate because
traders are more concerned with future performance. Therefore, the present study
compares the hedging effectiveness of three types of hedge ratios over out-of-sample
periods. The present chapter evaluates and compares the out-of-sample hedging
performances of the three hedging models with in-sample hedging performances. Out of
total observations of the respective stocks under examination, the last 30 observations
were used to facilitate out-of-sample hedge ratio performance comparison. Table-6.5
displays the out-of-sample hedging performances of the various models for eighty-three
underlying individual stocks under examination. The table result reveals the time-varying
hedge ratios computed from M-GARCH model for five underlying stocks of automobile
industry showed better out-of-sample performance in terms of variance reduction than the
other models. This is followed by the out-of-sample hedging effectiveness of the
TATAMOTOR and TVSMOTORS stocks shows that M-GARCH model provides

substantial reductions in variances. Similarly, the table provides evidence that a time-
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varying MGARCH was economically and statistically superior to other models in terms
of minimizing the variance of hedged portfolios with respect to its unhedged portfolios
for most of the banking sector stocks such as BANKINDIA, CORPBANK,
HDFCBANK, ICICIBANK, IDBI, INDUSINDBK, J&KBANK, SBIN and
VIJAYABANK. This is followed by the result that supports the OLS hedging
performances that generate the minimum portfolio variance in the seven cases, viz.
ANDHRABANK, AXISBANK, BANKBARODA, CANBK, ORIENTBANK, PNB and
UNIONBANK. Besides, it can be seen that the hedge strategy obtained from the VEC
model was performs better than those obtained from the OLS and M-GARCH models in
the case of five stocks, such as ALBK, FEDERALBNK, I0B, KTKBANK and
SYNDIBANK.

The performances of the hedge ratios from the estimates of VEC model in the out-
of-sample period was found to be dominate than the others for the cement industry
stocks. In the case of fertilizer industry stocks, the table results show that time-varying
M-GARCH hedging strategy outperforms the other models for TATACHEM,
NAGARFERT and GNFC and VECM hedging strategy for CHAMBLFERT. As far as
the electrical equipments industry is concerned, the out-of-sample hedging effectiveness
of MGARCH hedge ratios is superior to the OLS and VECM hedge ratios for three
stocks — BHEL, SIEMENS and SUZLON. For ABB, the result supports the VECM
hedge performances that generate the minimum portfolio variance. This is consistent with
the findings offered by the in-sample hedging performances.

For IT industry, the out-of-sample hedging effectiveness of the time-varying

MGARCH hedge ratios outperform OLS and VECM hedge ratio in most of the
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underlying scrips such as HCLTECH, OFSS, PATNI, POLARIS and TCS. For
INFOSYSTCH and WIPRO, the result supports the VECM hedge performances that
generate the minimum portfolio variance. Moreover, the hedging effectiveness from
time-varying hedge ratio that minimizes the conditional variance performs better than the
other models for majority of the underlying stocks of oil and gas industry, namely,
BPCL, ESSAROIL, HINDPETRO, IOC and RELIANCE. This is followed by the
hedging performances obtained from VEC model outperforms the other models in case of
rest of the stocks, viz. BONGAIREFN, GAIL, MRPL and ONGC. Besides, the out-of-
sample hedging effectiveness of the pharmaceutical industry stocks shows that VEC
model provides substantial reductions in variance for most of the stocks such as
AUROPHARMA, DIVISLAB, DRREDDY, MATRIXLABS, ORCHIDCHEM,
RANBAXY, STAR and SUNPHARMA. This is followed by the hedging performances
obtained from OLS model outperforms the other models in the case of GLAXO,
PIRHEALTH and WOCKPHARMA and dynamic M-GARCH model for CIPLA and
DABUR.

For the power industry stocks, the out-of-sample analysis reveals that dynamic M-
GARCH hedges outperform hedging strategies obtained from other models for five
underlying stocks, viz. CESC, CUMMINSIND, NEYVELILIG, RELINFRA and
TATAPOWER. This is followed by VECM hedges perform better in the case of
JPHYDRO and NTPC.

For steel industry, the analysis shows that hedging strategies obtained from VEC
model yields greater performance in terms of variance reduction for the stocks, such as

JINDALSTEL, JSL and MAHSEAMLES and OLS model for TATASTEEL. This was
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quite contradictory with the findings offered by the in-sample hedging performances.
Moreover, the analysis for the textile industry confirms that OLS hedge strategy which
minimizes the unconditional variance of hedged portfolio with respect to unhedged
outperforms the VECM and M-GARCH hedge strategies. This finding was too quite
contradictory with the result offered by the in-sample hedging performances.

From the table result, it was clear that the dynamic M-GARCH hedging strategy
outperform the other alternatives in majority of the underlying stocks that belongs to
industry groups such as automobiles, bank, cement, electrical equipments, fertilizer, IT,
oil & gas and power. This implies that risk aversion is the major goal of an investor, the
dynamic M-GARCH model hedging strategy performs the best in reducing the
conditional variance of the hedged portfolio. The investor’s degree of risk aversion, in
these cases, plays an important role in selecting the hedging method. This is consistent
with most of the previous studies of Myers (1991), Baillie and Myers (1991) and Park
and Switzer (1995a, 1995b) on US commodity and financial markets. Following this,
another striking feature of the out-of-sample results is that the VEC hedge strategy
performs better in reducing the risk of the hedged portfolio relative to other alternatives
in most cases of industry groups such as pharmaceuticals and steel. This finding suggests
that, in terms of risk reduction, a hedge strategy based on an unconditional variance
hedge ratio estimated through VEC outperforms a strategy based on a minimum variance
hedge ratio estimated using conventional OLS regression and the M-GARCH approach.
Following this, the OLS hedge dominates the other alternative models in the case of

textiles industry.
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This study has important implications for hedgers in that their performance
criteria indicate which hedging model would be most appropriate in a given hedging
context. Where hedgers have a variety of performance aims they should, therefore,
consider a variety of measures of hedging effectiveness. By and large, the comparison of
both in-sample and out-of-sample hedging performances tell the conflict story in most of
the industry groups such as cement, fertilizer, oil & gas (except ONGC), pharmaceuticals
(except CIPLA and DABUR), power (CESC and CUMMINSIND), steel and textiles
respectively. This finding is consistent with the evidences of earlier studies such as Chou
et al. (1996) for Japan’s Nikkei Stock Average (NSA) index, Lee et al. (2007) for six
emerging country’s stock index futures markets and Kenourgious et al. (2008) for Greece
stock index futures markets. Following this, the comparisons of in-sample and out-of-
sample hedging effectiveness in the study indicates that the hedging strategies obtained
from time-varying hedge ratio which minimizes the conditional variance performs better
than the alternative models for majority of the underlying stocks of industry groups such
as automobiles, oil and gas, electrical equipments and IT respectively. This finding
indicates that in selecting the most appropriate hedge ratio, the investor’s degree of risk
aversion, in these industry groups’ cases play a relatively important role. This suggests
that that risk aversion is the major goal of an investor, the dynamic M-GARCH model
hedging strategy performs the best in reducing the conditional variance of the hedged
portfolio. This is consistent with most of the previous studies of Myers (1991), Baillie
and Myers (1991) and Park and Switzer (1995a, 1995b) on US commodity and financial
markets.

6.4 Conclusion
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The present study examines the performance of various hedge ratios estimated
under different econometric models and compared in terms of variance minimization
criterion over the in-sample and out-of-sample periods for the eighty-three underlying
stocks of National Stock Exchange (NSE) belonging to eleven sectors of the economy.
This study has important implications for hedgers in that their performance criteria
indicate which hedging model would be most appropriate in a given hedging context.
Where hedgers have a variety of performance aims they should, therefore, consider a
variety of measures of hedging effectiveness. From the in-sample estimations, it was
clear that the dynamic M-GARCH hedging strategy does seem to outperform the simple
constant conventional OLS and error correction hedge strategies in majority of the
underlying stocks that belongs to industry groups such as automobiles, bank, electrical
equipments, IT, pharmaceuticals and textiles. This implies that risk aversion is the major
goal of an investor, the dynamic M-GARCH model hedging strategy performs the best in
reducing the conditional variance of the hedged portfolio. The investor’s degree of risk
aversion, in these cases, plays an important role in selecting the hedging method. This is
consistent with most of the previous studies of Myers (1991), Baillie and Myers (1991)
and Park and Switzer (1995a, 1995b) on US commodity and financial markets. Following
this, another striking feature of the in-sample results is that the OLS hedge strategy
performs better in reducing the risk of the hedged portfolio relative to other alternatives
in most cases of industry groups such as cement, fertilizers, oil and gas, power and steel.
This finding indicates that, in terms of risk reduction, a hedge strategy based on an
unconditional variance hedge ratio estimated through OLS outperforms a strategy based

on a minimum variance hedge ratio estimated using more advanced techniques such as
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the VECM and the M-GARCH approach. This is consistent with the findings of previous
studies such as Myers (1991), Holmes (1995), Chakrabothy and Barkoulas (1999) and
Miffre (2001).

Besides, it was clear that the dynamic M-GARCH hedging strategy outperforms
the other alternatives in majority of the underlying stocks belonging to industry groups
such as automobiles, bank, cement, electrical equipments, fertilizer, IT, oil & gas and
power. This implies that risk aversion is the major goal of an investor, the dynamic M-
GARCH model hedging strategy performs the best in reducing the conditional variance
of the hedged portfolio. The investor’s degree of risk aversion, in these cases, plays an
important role in selecting the hedging method. This is consistent with most of the
previous studies of Myers (1991), Baillie and Myers (1991) and Park and Switzer (1995a,
1995b) on US commodity and financial markets. Following this, another striking feature
of the out-of-sample results is that the VEC hedge strategy performs better in reducing
the risk of the hedged portfolio relative to other alternatives in most cases of industry
groups such as pharmaceuticals and steel. This finding suggests that, in terms of risk
reduction, a hedge strategy based on an unconditional variance hedge ratio estimated
through VEC outperforms a strategy based on a minimum variance hedge ratio estimated
using conventional OLS regression and the M-GARCH approach. Following this, the
OLS hedge dominates the other alternative models in the case of textiles industry.

By and large, the comparison of both in-sample and out-of-sample hedging
performances tell the conflicting story in most of the industry groups such as cement,
fertilizer, oil & gas (except ONGC), pharmaceuticals (except CIPLA and DABUR),

power (CESC and CUMMINSIND), steel and textiles. This finding is consistent with the
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evidences of earlier studies such as Chou et al. (1996) for Japan’s Nikkei Stock Average
(NSA) index, Lee et al. (2007) for six emerging country’s stock index futures markets
and Kenourgious et al. (2008) for Greece stock index futures markets. Following this, the
comparison of in-sample and out-of-sample hedging effectiveness in the study indicates
consistent evidence that the hedging strategies obtained from time-varying hedge ratio
which minimizes the conditional variance performs better than the alternative models for
majority of the underlying stocks of industry groups such as automobiles, oil and gas,
electrical equipments and IT respectively. This finding implies that in selecting the most
appropriate hedge ratio, the investor’s degree of risk aversion, in these industry groups’
cases plays a relatively important role. This suggests that that risk aversion is the major
goal of an investor, the dynamic M-GARCH model hedging strategy performs the best in
reducing the conditional variance of the hedged portfolio. This is consistent with most of
the previous studies of Myers (1991), Baillie and Myers (1991) and Park and Switzer

(1995a, 1995b) on US commodity and financial markets.
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Table 6.1

Estimates of Optimal Hedge Ratio for the In-Sample Period

S.No. |NameoftheStocks | OLS | VECM | MGARCH
1. Industry Group: Automobiles
1. ASHOKLEY 0.958486" | 0.968896" 0.96328
2. ESCORTS 0.954202% | 0.9613027 0.99191"
3. HEROHONDA 0.967813 0.950512*- 0.97380"
4. M&M 0.985232 0.993858 ™ 0.98506 -
5. MARUTI 0.973596" | 0.988751" 0.98853
6. TATAMOTORS 0.957258" 0.962808 0.96856 "
7. TVSMOTOR 0.965063% |  0.9658679 1.01046 "
2. Industry Group: Bank
8. ALBK 0.965181 0.97168 " 0.96304 "
9. ANDHRABANK 0.950548% | 09731541 0.96008
10. | AXISBANK 0.987193 " 0.987768 1.00484 "
11. | BANKBARODA 0.957409 0.954264 0.964251
12. | BANKINDIA 0.993618 " 1.000588 1.00500 "
13. | CANBK 0.978866 - 0.985452 0.99037"
14. | CORPBANK 0.919424T 0.954280 0.982211
15. | FEDERALBNK 0.913704 " 0.955312 0.96645 1
16. | HDFCBANK 0.989483 1 0.986789 0.97754%
17. | ICICIBANK 0.981167% | 0.989388" 0.98503
18. | IDBI 0.868477" 0.875523 0.89607 1
19. | INDUSINDBK 0.962620 " 0.963198 0.968221
20. |IOB 0.970303 0.964163% | 0.97079™
21. | J&KBANK 0.754001 - 0.847288 0.895951
22. | KTKBANK 0.920641% | 0.932519" 0.92989
23. | ORIENTBANK 0.977727M 0.973222 0.96878 ©
24. | PNB 0.957230 0.957118" 0.96084 "
25. | SBIN 0.952710* 0.960784 0.96587 1
26. | SYNDIBANK 0.971947% 0.972447 0.98126"
27. | UNIONBANK 0.966135" 0.979366 0.98148"
28. | VIJAYABANK 0.590941 " 0.776911 0.779321
3. Industry Group: Cement
29. | ACC 0.962695" | 0.968266" 0.96478
30. | GRASIM 0.953417 0.958154 1 0.95175"
31. | INDIACEM 0.980320™ 0.978322 0.96204 "
4. Industry Group: Electrical Equipments
32. | ABB 0.978047% | 0.9825451 0.97994
33. |BHEL 0.979272* 0.97933 0.97997"
34. | SIEMENS 0.982731" 0.982954 0.99609
35. |SUZLON 0.9917541 0.991544 0.99124 "
5. Industry Group: Fertilizers
36. | CHAMBLFERT | 0967850 | 0.96935" | 0.95481"
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37. | GNFC 0.950298% | 0.956505" 0.95416
38. | NAGARFERT 0.963189 1 0.96227 0.96221"
39. | TATACHEM 0.913730 0.931126™ 0.92180
6. Industry Group: Information Technology (IT)
40. |HCLTECH 0.967437" 0.982081 0.98476"
41. | OFSS 0.950457 " 0.951267 0.97062 "
42. | INFOSYSTCH 0.953240 0.957072™ 0.93607 "
43. | PATNI 0.175894 0.175734" 0.18300"
44. | POLARIS 0.951556" 0.959393 0.96018
45. | TCS 0.988655 - 0.995255 0.99979 "
46. | WIPRO 0.963443% | 09755561 0.97384
7. Industry Group: Oil & Gas
47. | BONGAIREFN 0.928628 0.9613771 0.91337%
48. | BPCL 0.976608% | 0.994146" 0.98788
49. | ESSAROIL 0.962200 0.966087 1 0.96086 -
50. | GAIL 0.949056% | 09571111 0.95341
51. | HINDPETRO 0.923827" 0.959184 0.96872 1
52. [ 10C 0.984483 ™ 0.984026 0.98076 "
53. | MRPL 0.957011" 0.954089 0.95054 "
54. | ONGC 0.931753% | 09520141 0.94343
55. | RELIANCE 0.988315 0.988285" 0.99052 1
8. Industry Group: Pharmaceuticals
56. | AUROPHARMA 0.966669 0.967638™ 0.95407 "
57. | CIPLA 0.979728 0.98377 0.98483 1
58. | DABUR 0.980727% | 0.994028 " 0.98770
59. | DIVISLAB 0.245580" | 0.290192" 0.28723
60. | DRREDDY 0.982255" 0.983859 0.985721
61. | GLAXO 0.809912% | 0.883882" 0.88297
62. | MATRIXLABS 0.868530% | 0.8976921 0.91201"
63. | ORCHIDCHEM 0.964615% | 0.971532"1 0.96835
64. | PIRHEALTH 0.214939% | 0.252149" 0.23558
65. | RANBAXY 0.943811 0.963402 ™ 0.93991"
66. | STAR 0.889379" | 0.9135844 0.94058 "
67. | SUNPHARMA 0.970968" | 0.990071" 0.97962
68. | WOCKPHARMA 0.936550 | 0.9333526" | 0.95531"
9. Industry Group: Power
69. | CESC 0.9655077 | 0.958463" 0.95936
70. | CUMMINSIND 0.916495" 0.962898 0.964471
71. | JPHYDRO 0.958510 0.961826" 0.95742"
72. | NEYVELILIG 0.962870™ 0.961629 0.95780 "
73. | NTPC 0.944904" | 0.949931" 0.94866
74. | RELINFRA 0.976001 0.976727" 0.96905 -
75. | TATAPOWER 0.953999 0.966962 1 0.94404 "
10. Industry Group: Steel
76. [ JINDALSTEL | 0.98346" [ 0.987369" | 0.984428
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77. |JSL 0.097739 " 0.103452 0.15480"
78. | MAHSEAMLES 0.930739 - 0.95932" 0.940424
79. | TATASTEEL 0.974714 0.976094 ™ 0.97370 "
11. Industry Group: Textiles
80. | ALOKTEXT 0.973128" 0.973281 0.99384
81. | ARVIND 0.968722" |  0.962893 " 0.96657
82. | CENTURYTEX 0.971318 0.973002 ™ 0.97050
83. | SRF 0.957643 ™ 0.952509 0.95173 "
Note: " Highest hedge ratio and " Lowest hedge ratio

Table 6.2

Autocorrelation Function of the Standardized Squared Residuals from VEC Model

Name of the Spot Equation (6.2) Futures Equation (6.3)
Stocks Lags ‘ AC ‘ PAC ‘ Q-Statistics | Prob. ‘ AC | PAC | Q-Statistics | Prob.
1. Industry Group: Automobiles
10 0.000 | -0.026 123.79 0.000 | 0.005 | -0.021 121.57 0.000
ASHOKLEY 24 -0.012 | -0.020 138.72 0.000 | -0.013 | -0.023 139.53 0.000
10 0.015 | -0.009 138.25 0.000 | 0.019 | -0.007 162.51 0.000
ESCORTS 24 -0.017 | -0.031 148.81 0.000 | -0.010 | -0.023 174.83 0.000
10 0.021 0.010 115.38 0.000 | 0.025 | 0.018 107.24 0.000
HEROHONDA | 24 -0.014 | -0.013 121.06 0.000 | -0.008 | -0.008 114.64 0.000
10 -0.003 | -0.003 50.122 0.000 | -0.004 | -0.004 49.783 0.000
M&M 24 0.007 | 0.009 50.286 0.001 | 0.005 | 0.007 49.942 0.001
10 0.047 | -0.005 132.04 0.000 | 0.045 | -0.018 160.89 0.000
MARUTI 24 0.013 | -0.038 201.27 0.000 | 0.029 | -0.017 241.17 0.000
10 0.068 | -0.049 330.19 0.000 | 0.076 | -0.061 385.94 0.000
TATAMOTORS | 24 0.132 | 0.077 459.04 0.000 | 0.131 0.058 596.44 0.000
10 0.011 | -0.008 124.92 0.000 | 0.015 | -0.003 132.10 0.000
TVSMOTOR 24 0.031 0.023 137.24 0.000 | 0.019 | 0.009 147.77 0.000
2. Industry Group: Bank
10 0.046 | 0.027 50.073 0.000 | 0.028 | 0.009 55.998 0.000
ALBK 24 0.013 | 0.002 74.249 0.000 | 0.016 | 0.002 83.218 0.000
10 0.006 | -0.004 124.04 0.000 | 0.012 | -0.003 138.48 0.000
ANDHRABANK | 24 -0.006 | -0.006 133.03 0.000 | -0.006 | -0.001 150.44 0.000
10 0.113 | 0.045 124.07 0.000 | 0.118 | 0.045 134.35 0.000
AXISBANK 24 0.012 | -0.018 201.66 0.000 | 0.010 | -0.026 213.35 0.000
10 0.042 | 0.033 45.995 0.000 | 0.038 | 0.031 42.934 0.000
BANKBARODA | 24 -0.024 | -0.040 68.575 0.000 | -0.023 | -0.035 63.805 0.000
10 0.055 | 0.026 95.205 0.000 | 0.041 0.020 108.15 0.000
BANKINDIA 24 -0.016 | -0.009 105.42 0.000 | -0.018 | -0.012 118.87 0.000
10 -0.010 | -0.017 29.500 0.001 | 0.002 | -0.009 64.455 0.000
CANBK 24 0.001 | -0.010 50.533 0.001 | -0.001 | -0.017 91.493 0.000
10 -0.009 | 0.001 50.956 0.000 | -0.012 | -0.006 67.792 0.000
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CORPBANK 24 -0.015 | -0.068 124.39 0.000 | -0.009 | -0.080 162.69 0.000
10 0.035 | 0.030 45.506 0.000 | 0.018 | 0.011 50.512 0.000
FEDERALBNK | 24 -0.022 | -0.011 51.123 0.001 | -0.028 | -0.016 56.145 0.000
10 0.054 | -0.006 127.88 0.000 | 0.143 | 0.079 165.85 0.000
HDFCBANK 24 0.087 | 0.048 232.52 0.000 | 0.079 | 0.036 231.34 0.000
10 0.209 | 0.116 339.51 0.000 | 0.194 | 0.102 322.15 0.000
ICICIBANK 24 0.041 | -0.059 544.16 0.000 | 0.035 | -0.060 519.01 0.000
10 0.001 | -0.013 134.92 0.000 | -0.012 | -0.014 65.931 0.000
IDBI 24 -0.037 | -0.026 147.95 0.000 | -0.031 | -0.030 83.366 0.000
10 0.033 | 0.020 84.425 0.000 | 0.036 | 0.021 97.918 0.000
INDUSINDBK | 24 0.010 | 0.011 136.88 0.000 | 0.006 | 0.010 148.59 0.000
10 0.014 | -0.044 114.74 0.000 | -0.011 | -0.065 100.99 0.000
IOB 24 -0.004 | -0.018 167.62 0.000 | -0.005 | -0.024 153.11 0.000
10 -0.024 | -0.016 62.587 0.000 | 0.016 | -0.002 94.359 0.000
J&KBANK 24 0.098 | 0.075 85.616 0.000 | 0.086 | 0.071 114.19 0.000
10 0.063 | 0.048 109.68 0.000 | 0.054 | 0.039 124.94 0.000
KTKBANK 24 -0.017 | -0.020 134.97 0.000 | -0.015 | -0.014 153.36 0.000
10 0.030 | 0.021 51.020 0.000 | 0.031 0.009 63.442 0.000
ORIENTBANK | 24 0.029 | 0.016 67.132 0.000 | 0.034 | 0.018 81.410 0.000
10 0.035 | 0.026 39.868 0.000 | 0.037 | 0.028 38.284 0.000
PNB 24 0.018 | -0.015 83.685 0.000 | 0.010 | -0.026 81.070 0.000
10 0.097 | 0.025 185.54 0.000 | 0.103 | 0.033 193.00 0.000
SBIN 24 0.034 | -0.004 311.33 0.000 | 0.029 | -0.009 325.30 0.000
10 -0.006 | -0.019 68.662 0.000 | -0.007 | -0.024 78.901 0.000
SYNDIBANK 24 -0.005 | -0.007 108.37 0.000 | -0.014 | -0.019 118.19 0.000
10 0.029 | 0.021 32.557 0.000 | 0.035 | 0.026 33.616 0.000
UNIONBANK 24 -0.017 | -0.020 37.614 0.007 | -0.005 | -0.006 39.001 0.007
10 0.004 | -0.007 49.397 0.000 | 0.011 | -0.020 203.96 0.000
VIJAYABANK 24 -0.000 | 0.002 60.773 0.000 | 0.007 | -0.010 211.47 0.000
3. Industry Group: Cement
10 0.012 | -0.029 118.45 0.000 | 0.010 | -0.032 118.85 0.000
ACC 24 0.041 0.004 182.27 0.000 | 0.043 | 0.006 182.41 0.000
10 0.033 | -0.024 169.38 0.000 | 0.032 | -0.031 176.43 0.000
GRASIM 24 0.022 | -0.016 285.16 0.000 | 0.024 | -0.020 308.83 0.000
10 -0.001 | -0.009 85.602 0.000 | 0.006 | 0.006 82.664 0.000
INDIACEM 24 -0.004 | -0.006 103.28 0.000 | -0.002 | -0.004 105.32 0.000
4. Industry Group: Electrical Equipments
10 -0.002 | -0.001 53.454 0.000 | -0.002 | -0.001 53.215 0.000
ABB 24 -0.001 | -0.001 53.493 0.000 | -0.001 | -0.001 53.256 0.001
10 -0.003 | -0.001 54.156 0.000 | -0.003 | -0.002 55.867 0.000
BHEL 24 -0.005 | -0.003 54.354 0.000 | -0.005 | -0.003 56.066 0.000
10 0.002 | 0.002 62.564 0.000 | -0.003 | -0.004 64.711 0.000
SIEMENS 24 -0.003 | -0.002 62.974 0.000 | -0.003 | -0.002 65.149 0.000
10 0.000 | 0.001 42.185 0.000 | 0.001 0.001 41.389 0.000
SUZLON 24 -0.002 | -0.001 42.269 0.008 | -0.003 | -0.002 41.468 0.007
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5. Industry Group: Fertilizers
10 0.040 | -0.003 199.60 0.000 | 0.039 | 0.001 199.16 0.000
CHAMBLFERT | 24 0.035 | 0.024 226.56 0.000 | 0.030 | 0.021 225.95 0.000
10 -0.011 | -0.017 63.676 0.000 | 0.019 | -0.004 63.354 0.000
GNFC 24 0.036 | 0.001 139.30 0.000 | 0.025 | -0.012 137.67 0.000
10 0.012 | -0.037 186.36 0.000 | 0.015 | -0.037 206.19 0.000
NAGARFERT 24 0.014 | 0.017 210.76 0.000 | 0.013 | 0.015 233.61 0.000
10 0.046 | -0.038 437.45 0.000 | 0.066 | 0.026 375.72 0.000
TATACHEM 24 0.068 | 0.004 606.70 0.000 | 0.046 | 0.015 457.41 0.000
6. Industry Group: Information Technology (IT)
10 0.014 | 0.012 39.266 0.000 | 0.012 | 0.010 50.042 0.000
HCLTECH 24 -0.001 | -0.002 39.894 0.002 | -0.001 | -0.001 50.905 0.001
10 0.113 | 0.054 310.37 0.000 | 0.118 | 0.042 342.22 0.000
OFSS 24 0.001 | -0.014 325.81 0.000 | -0.002 | -0.017 358.00 0.000
10 -0.003 | -0.003 29.649 0.001 | -0.001 | 0.000 27.741 0.001
INFOSYSTCH 24 0.002 | -0.002 30.414 0.005 | 0.001 | -0.005 28.456 0.002
10 0.223 | 0.150 454.60 0.000 | 0.118 | 0.080 173.38 0.000
PATNI 24 0.151 | 0.081 687.43 0.000 | 0.051 | 0.018 211.23 0.000
10 0.038 | -0.030 186.62 0.000 | 0.037 | -0.030 206.01 0.000
POLARIS 24 -0.005 | -0.017 194.12 0.000 | -0.008 | -0.027 212.89 0.000
10 -0.003 | -0.003 40.405 0.000 | -0.003 | -0.004 38.362 0.000
TCS 24 -0.004 | -0.003 40.504 0.003 | -0.004 | -0.003 38.452 0.005
10 -0.005 | -0.006 49.232 0.000 | -0.005 | -0.006 50.664 0.000
WIPRO 24 0.003 | 0.005 49.423 0.002 | 0.003 | 0.004 50.867 0.001
7. Industry Group: Oil & Gas
10 0.033 | -0.020 265.68 0.000 | 0.035 | -0.001 229.68 0.000
BONGAIREFN | 24 0.003 | 0.014 277.02 0.000 | 0.105 | 0.041 178.43 0.000
10 0.096 | 0.044 142.38 0.000 | 0.015 | -0.041 273.52 0.000
BPCL 24 0.020 | -0.037 228.84 0.000 | 0.015 | -0.041 273.52 0.000
10 0.048 | 0.036 208.10 0.000 | 0.049 | 0.034 210.01 0.000
ESSAROIL 24 0.053 | 0.046 249.30 0.000 | 0.052 | 0.042 256.16 0.000
10 0.016 | 0.015 38.997 0.000 | 0.016 | 0.016 46.049 0.000
GAIL 24 0.002 | -0.020 88.515 0.000 | 0.005 | -0.018 96.639 0.000
10 0.047 | 0.003 140.82 0.000 | 0.066 | 0.012 174.17 0.000
HINDPETRO 24 0.043 | 0.022 205.93 0.000 | 0.049 | 0.010 280.46 0.000
10 0.051 | 0.007 214.81 0.000 | 0.064 | 0.011 252.93 0.000
10C 24 0.032 | -0.026 269.70 0.000 | 0.024 | -0.045 337.42 0.000
10 0.007 | -0.024 162.17 0.000 | 0.007 | -0.026 176.57 0.000
MRPL 24 0.019 | 0.011 183.99 0.000 | 0.026 | 0.016 203.92 0.000
10 -0.001 | -0.000 44.937 0.000 | -0.004 | -0.003 37.950 0.000
ONGC 24 -0.013 | -0.012 46.165 0.004 | -0.003 | -0.002 38.362 0.001
10 0.048 | 0.034 30.358 0.001 | 0.046 | 0.034 28.605 0.001
RELIANCE 24 0.020 | 0.006 36.521 0.006 | 0.012 | 0.000 36.531 0.003
8. Industry Group: Pharmaceuticals
|10 | 0.036 | -0.024 | 27048 ]0.000 | 0.056 | -0.000 | 27320 |[0.000
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AUROPHARMA | 24 0.008 | -0.082 391.93 0.000 | -0.007 | -0.110 395.41 0.000

10 -0.000 | -0.001 45.007 0.000 | -0.000 | -0.001 43.595 0.000

CIPLA 24 0.002 | 0.003 45.058 0.006 | 0.002 | 0.002 43.652 0.008

10 -0.004 | -0.004 38.476 0.000 | -0.004 | -0.004 38.476 0.000

DABUR 24 -0.007 | -0.006 38.736 0.007 | -0.002 | 0.001 45.831 0.005

10 -0.002 | -0.002 41.406 0.000 | 0.444 | 0.444 198.85 0.000

DIVISLAB 24 0.001 0.002 41.436 0.002 | -0.002 | 0.001 198.90 0.000

10 -0.001 | -0.001 42.112 0.000 | -0.001 | 0.000 42.098 0.000

DRREDDY 24 -0.003 | -0.001 42.222 0.002 | -0.004 | -0.003 42.239 0.006

10 0.044 | -0.027 206.78 0.000 | 0.051 | -0.038 204.17 0.000

GLAXO 24 -0.008 | -0.014 299.13 0.000 | -0.007 | -0.029 293.02 0.000

10 0.027 | -0.010 149.17 0.000 | 0.002 | -0.017 164.32 0.000

MATRIXLABS 24 0.007 | 0.008 219.40 0.000 | 0.008 | 0.014 239.82 0.000

10 0.021 0.016 51.849 0.000 | 0.026 | 0.021 47.800 0.000

ORCHIDCHEM | 24 0.058 | 0.048 91.326 0.000 | 0.069 | 0.057 76.912 0.000

10 0.227 | -0.012 51.066 0.000 | -0.001 | -0.159 41.003 0.000

PIRHEALTH 24 0.060 | 0.053 53.843 0.000 | 0.002 | -0.083 41.009 0.008

10 -0.003 | -0.002 28.260 0.002 | 0.020 | 0.006 21.502 0.000

RANBAXY 24 | -0.005 | -0.004 28.411 0.005 | 0.001 | -0.008 21.503 0.001

10 0.036 | 0.028 96.401 0.000 | 0.034 | 0.028 144.51 0.000

STAR 24 | -0.004 | 0.009 99.234 0.000 | -0.008 | 0.006 148.10 0.000

10 0.003 | -0.045 158.43 0.000 | 0.019 | -0.016 118.11 0.000

SUNPHARMA 24 0.025 | 0.007 171.25 0.000 | 0.041 | -0.006 153.79 0.000

10 0.108 | 0.093 194.91 0.000 | 0.072 | 0.053 213.28 0.000

WOCKPHARMA | 24 0.138 | 0.145 262.24 0.000 | 0.099 | 0.105 268.11 0.000
9. Industry Group: Power

10 0.087 | 0.074 149.37 0.000 | 0.086 | 0.070 130.98 0.000

CESC 24 0.010 | 0.010 210.32 0.000 | 0.012 | 0.008 191.04 0.000

10 0.004 | -0.002 77.127 0.000 | -0.029 | -0.034 76.781 0.000

CUMMINSIND 24 | -0.005 | 0.010 88.223 0.000 | -0.004 | 0.016 94.566 0.000

10 0.023 | -0.016 135.28 0.000 | 0.024 | -0.017 133.95 0.000

JPHYDRO 24 -0.001 | -0.017 172.06 0.000 | 0.005 | -0.014 177.17 0.000

10 0.003 | -0.029 234.42 0.000 | 0.006 | -0.034 257.81 0.000

NEYVELILIG 24 0.030 | 0.032 261.54 0.000 | 0.030 | 0.030 288.01 0.000

10 0.103 | 0.015 268.02 0.000 | 0.108 | 0.021 265.25 0.000

NTPC 24 0.045 | 0.010 374.47 0.000 | 0.058 | 0.013 404.51 0.000

10 0.116 | 0.054 229.01 0.000 | 0.127 | 0.059 256.13 0.000

RELINFRA 24 0.047 | -0.032 441.23 0.000 | 0.053 | -0.030 493.28 0.000

10 0.079 | -0.009 436.75 0.000 | 0.089 | 0.001 443.92 0.000

TATAPOWER 24 -0.010 | -0.020 486.98 0.000 | -0.017 | -0.022 501.69 0.000
10. Industry Group: Steel

10 -0.003 | -0.002 47.263 0.000 | -0.003 | -0.002 45.138 0.000

JINDALSTEL 24 -0.003 | -0.002 47.365 0.003 | -0.003 | -0.002 45.235 0.005

10 -0.033 | -0.084 274.60 0.000 | -0.000 | -0.085 251.38 0.000

JSL 24 -0.001 | -0.016 303.12 0.000 | -0.004 | -0.076 567.96 0.000
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10 -0.005 | -0.004 57.121 0.000 | 0.003 | 0.000 55.970 0.000

MAHSEAMLES | 24 -0.000 | -0.005 57.483 0.000 | 0.007 | -0.009 57.818 0.000

10 0.156 | 0.018 570.47 0.000 | 0.164 | 0.019 638.68 0.000
TATASTEEL 24 0.063 | -0.033 876.75 0.000 | 0.062 | -0.031 946.87 0.000

11. Industry Group: Textiles

10 0.062 | 0.020 142.38 0.000 | 0.077 | 0.023 156.12 0.000

ALOKTEXT 24 0.044 | -0.013 241.55 0.000 | 0.047 | -0.017 238.07 0.000
ARVIND 10 0.002 | -0.016 251.90 0.000 | 0.005 | -0.010 276.86 0.000
24 0.044 | 0.053 278.37 0.000 | 0.040 | 0.049 300.95 0.000
10 0.043 | -0.010 175.31 0.000 | 0.042 | -0.003 167.65 0.000
CENTURYTEX 24 0.053 | 0.004 322.19 0.000 | 0.046 | 0.005 307.74 0.000
SRE 10 -0.003 | 0.017 165.22 0.000 | -0.008 | 0.005 166.70 0.000

24 -0.006 | 0.003 184.47 0.000 | -0.007 | 0.001 185.72 0.000

Notes: Q(10) and Q(24) represents Ljung-Box (1978) Q-statistics for the Standardized Squared Residuals obtained from VEC
Model. They test for existence of autocorrelation in Standardized Squared Residual up to 10 and 24 lags respectively. L-Jung-Box
test statistic tests the null hypothesis of absence of autocorrelation.

216




L1C

*CPS0T0°0 | «+9VLOTI00 | %861610°0 | xIPISE00 | «9T9€C00 | xP6TCEO0 | %8€L0000°0 %x9£€0000°0 %*£€0000°0 oy pIs VIAONDINV A
L8910 £€8991°0 19910 7SS€9°0 95€£€9°0 £080£9°0 §2000°0 97000°0 LT000°0 JUSIOIIJ07)
*LSOET0°0 | «LETETO0 | *«9V9E€T0O0 | «CLI9TO'0 | x6ITLIO0 | +9TSST00 x010000°0 x*1110000°0 *110000°0 IO PIS | VAOAVIINVA
10v60°0 605600 S0L60°0 €09%8°0 LEEYS0 920¥8°0 890000°0 890000°0 6900000 JUSIOJI0))
2062000 | xS61000°0 | %CE€8C00°0 | «9L¥100°0 | xPOTIO00 | «I8S100°0 %«1£0000°0 %«£10000°0 x7€0000°0 oy pIs MINVIASIXV
P¥9L0°0 | 0SSLO0 LSYLO0 98€10°0 810100 9¢TI00 16500°0 L6500°0 66500°0 JUSIOIIJ207)
«ITIE10°0 | *€ELTTO0 | %C8STIO0 | «SOE0TO0 | «08€610°0 | «9I1L8T0O0 «110000°0 «010000°0 6000000 Jouryq Pis | JINVIVAHANY
LYSTT0 SPYIT0 YEPITO 806L°0 16C6L°0 $T96L°0 8L,0000°0 $L0000°0 €L0000°0 JUSIOJI0))
*[C1L00°0 | %*SC6900°0 | %IT8900°0 | %85S0600°0 | +«TH68000 | %I81600°0 %£00000°0 «£00000°0 x700000°0 Iouy Pis ATV
L6080°0 06€£80°0 €CL80°0 LTI9L80 PYTELY0 661L8°0 £0000°0 £0000°0 £0000°0 JUSIOIJ07)
juegq :dnoin Ansnpuy
¥9806€0°0 | #¥P68€0°0 | «£SE6E0°0 | x1€0010°0 | +€EL6000 | x8¥6600°0 x6170000°0 x170000°0 x7€0000°0 oy pIs AOLONSAL
£609C°0 LOSST0 9L1ST0 €II0v°0 1495 40) ev0Th 0 L0T00°0 0200°0 661000 JUSIOIIJ207)
%885600°0 | *99L600°0 | %«8LEOTO'0 | x9€S010°0 | +¥IOTIO0 | %CCTLITOO %«700000°0 %x$00000°0 5000000 Ioq piS | SAOLONAVIVL
026600 ¥0660°0 8500170 80980 0L£98°0 LL6S80 £0000°0 £0000°0 £0000°0 JUSIOJI0))
*SS0€C0°0 | *«LETITO0 | «088610°0 | «C0S0¥0°0 | «8STI#00 | %x99STH0°0 %«¥20000°0 %«£20000°0 «£20000°0 Ioury Pis LLMVIN
1S0LT0 90v¥1°0 8¥ST1°0 182740 €8¢C1S°0 7S€85°0 92000°0 T000°0 61000°0 JUSIOIJ0)
+6LLT10°0 | «+8STTIO0 | «C8VIT00 | x0ISSE00 | +«8TSISO0 | %x11L890°0 | %x9¥0000°0 6900000 x760000°0 oy pIs NN
Y1LS0°0 £€2090°0 6¥£90°0 €IELY 0 66€£LT0 660S1°0 890000 60000 111000 JUSIOIIJ07)
*CC800°0 | x65800°0 %£0600°0 | %S€010°0 x0TE10°0 x06910°0 «£00000°0 x¥00000°0 %¥900000°0 IOy PIs | VANOHO¥NIH
LY1LO0 66.90°0 €L¥90°0 790680 660880 8LYL80 20000°0 20000°0 £0000°0 JUSIOJI0))
¥9806€0°0 | #¥P68€0°0 | xS€6E£0°0 | xI1€0010°0 | %£L600°0 %«8176600°0 x6170000°0 % [170000°0 %«£0000°0 Jory pis SINODOSH
£609C°0 LOSST0 9L1ST0 €I10v°0 149540 ev0Th 0 L0T00°0 0200°0 661000 JUSIOIIJ07)
«08L100°0 | *06€000°0 | «TE€LTO00 | «£€8E€00°0 | «£80£00°0 | %995500°0 %L00000°0 %L00000°0 %«800000°0 Ioxrq Pis AHTIOHSY
9LLIT0 866510 S6CST0 S0T89°0 850690 10,690 0910000 ¢S1000°0 S1000°0 JUSIOJI0))
sariqowoiny :dnoin Ansnpuy
S3001g
| »d ssq Hp *p Sp 4] 3 59 3y} JOo SweN

PPOIN HOUVO-DHTAU Y} Jo s9jewinsy
£99Iqe L




81¢

[42544\ 08L1C°0 8¥SYT0 L£00€°0 0S¥8¢°0 £066¢£°0 £v000°0 L2000°0 ££000°0 JUSIdIIJa0)
x80L100°0 | *06€000°0 | «8¥¥100°0 | x8CBE00°0 | %¥61000°0 | *LLTEOOO 6000000 %*800000°0 *£00000°0 1011 PIS JINVANOINN
96791°0 6¥891°0 LTELTO ye1c90 91290 §CLT9 0 ¥2000°0 £€2000°0 2000°0 JUSDF0)
x16S870°0 | x£6£6C0°0 | xCS90€0°0 | %x896LC0°0 | %8CSLCO0 | 618,200 | *8I¥1000°0 *[171000°0 «¥71000°0 Iory pis JINVIIANAS
09v¥C°0 L80ST0 010970 68L19°0 296090 026650 18100°0 ¥8100°0 68100°0 JUSDF0)
xS08ST10°0 | *I1€910°0 | «€LOLTOO | x¥0ICI00 | %69SCI00 | x99€€10°0 | %6900000°0 %¥900000°0 xL00000°0 I0IIq PIS NIdS
8¢S1°0 ¢0SS1°0 L6LST 0 066¢8°0 89780 90¢C80 ¥0000°0 0500000 §0000°0 JUSIdIIIa0)
%x806910°0 | *€08910°0 | 1069100 | x85C600°0 | %€8L8000 | *¥LS800°0 x110000°0 x010000°0 6000000 Iory pis ANd
88170 81¥81°0 SEV8I0 8LY8°0 02S5S8°0 61980 L0000°0 90000°0 S0000°0 JUSDIF0)
*9€1020°0 | *L6€610°0 | %C06810°0 | x¥61¥9C0°0 | %COLSCO0 | x9CT¥STO0 %*C€0000°0 %*820000°0 %¥920000°0 1011 PIS | INVAINHRIO
08v¥1°0 91LT1°0 0191T1°0 I7£€6€°0 80910 LTITS0 0500070 £v000°0 L£000°0 JUSIdIIJa0)
*C6LLED0 | *9CE0V0°0 | 0L0CHO0 | x68S¥C0°0 | x0¥9¥C00 | x00C9C0°0 x*5$€0000°0 x117£0000°0 *¥€0000°0 1011 PIS JINVIIALA
LLOEY'O 9TEVY 0 €50LY0 690LT0 6¥9LT0 998LT0 95000°0 £€5000°0 ¢5000°0 JUSDF0)
*£60L00°0 | *8C6800°0 | +€EVEI00 | x8YCLOO0 | %€8IT000 | *xL¥9600°0 *LL0000°0 x¥9€0000°0 x750000°0 Iory pis SINVE [
85991°0 888L1°0 000120 0S€SY0 6L0€1°0 LLOOY'O 60£00°0 L1€00°0 ¢ee00°0 JUSIdIIIR0)
*€81€G0°0 | *L8EVSO0 | #E¥09S0°0 | %€€0LTO0 | %xEV8STO'0 | xx1CSSCO0 |  *¥S0O000°0 15000070 *8170000°0 101 PIS dolI
177910 0€Z81°0 £0105°0 9T¥80°0 £0¥90°0 08150°0 8¢100°0 €€100°0 6€100°0 JUSIdIIJR0)
+*80V€T0°0 | +PPCECO0 | +€CEECO0 | x90¥890°0 | %09L0LO0 | *xLOVELOO %xC60000°0 x£60000°0 x¥760000°0 Ioury pis AIANISNANI
¢SL91°0 867910 886510 §200S°0 9¢005°0 86670 ¥5000°0 9€5000°0 €5000°0 JUSIDF0)
*C9L010°0 | *95S0T0°0 | «6€CIT0°0 | 8BOCLYO00 | 8CrESO0 SYCIo1°0 *851000°0 *$€1000°0 x$€2000°0 I0IIq PIS 1ddl
89L¥0°0 9¢€v0°0 999¢0°0 606€0°0 60680°0 99L1°0 ¢S200°0 L0T00°0 68100°0 JUSIdIIIR0)
$OPP110°0 | 696000 | «STL800°0 | x9¥8L00°0 | 6889000 | x66%900°0 6200000 %*8¢0000°0 *L20000°0 I0IIq PIS JINVIIDIDI
16CIv'0 | 8£06€°0 ITILEO 19681°0 020150 0I€Es0 1L000°0 £9000°0 LS000°0 JUSDF0)
9100070 | *955000°0 | %%L01000°0 | +E¥SB00°0 | #xES96YC0 | %€C6E£00°0 x£0000°0 #*%x56000°0 x0000°0 Iory pis JINVIOddH
10000°0 61100°0 02000°0 ¥C956°0 615610 19066°0 9100070 ¢6100°0 65L00°0 JUSIdIIIR0)
*8Y6TT0°0 | *68TYC0°0 | «01L9C0°0 | x916€C0°0 | *LLVLIOO | %C69110°0 x0€0000°0 x*5$¢0000°0 *£20000°0 1011 PIS | AINATVVHAAA
69LCE0 y20re0 £596¢°0 eyl o 100C1°0 6L101°0 ¥5000°0 ¢5000°0 €5000°0 JUSIDIF0)
x0CLOTO'0 | *CPLOTO0 | *«¥CICIO0 | %«8SCVIO0 | *¥PEEIO0 | *PCPEIO0 *£10000°0 x*9¢10000°0 %*C10000°0 Ioury pis JAINVILRIOOD
6£761°0 €IL81°0 8L981°0 19€€L°0 89CPL0 6887L°0 ¢1000°0 S11000°0 11000°0 JUSIDF0)
*89€910°0 | *LCSIT0°0 | «E¥6910°0 | xSYICTO0 | %€9CCCO0 | x6¥¥CC00 | %90C0000°0 x020000°0 x120000°0 Iouy pis MANVD
17691°0 CLILTO ¢C081°0 L1069°0 0€6L9°0 87990 L1000°0 81000°0 61000°0 JUSIOIIR0)




61¢

«C90€20°0 | *8€8TCO0 | %C66TCO0 | «CLYPP00 | +9EPSFO0 | *ILYIP0°0 %9€0000°0 %*L£0000°0 *8€0000°0 Ioxry Pis sS40
SSEYTo YL8ETO r9¢T0 9¢vSy 0 0019%°0 61L591°0 9€€000°0 $£€€000°0 8€€000°0 JUIIOLIJI0))
1898100 | *00LLTIO0 | %€96910°0 | «£61910°0 | «6£€910°0 | *«9€1610°0 x970000°0 «$20000°0 6200000 oy pIs HOHAIL'TOH
10 S68¢LT0 SLLYYT'0 | $90105°0 £E9YTS 0 CTLSYS0 699000°0 $59000°0 8%9000°0 JUIIOIJI0))
(LD £Sojouydo 1, uonewrojuy :dnoiny Ansnpuy
2660100 | *9C0TT10°0 | «P98Y110°0 | «0S00T0°0 | «6£TOT0°0 | «E€E0TI00 | %9%00000°0 xC00000°0 x£700000°0 | I0IIH PIS IWHHOVIV.L
L6LIYT0 6CTLYET0 19L2T°0 0681780 8791€8°0 G€9LE8°0 6£€0000°0 60€0000°0 10€0000°0 | JUSIOIIF0D)
+7€2010°0 | x69Y600°0 | *«¥L6800°0 | «10¥TT00 | %C80T0°0 x99010°0 x£700000°0 V1000000 x6700000°0 | JOIIY PIS TMARIVOVN
608380°0 9¢€€80°0 C0T8LO0 | 9799880 8151680 99.568°0 970000°0 $20000°0 $20000°0 JUSIOJI0))
+«PSSYT00 | *LLIECO0 | «PECTTO0 | «S889T00 | +EVLLTO0 | %S+98C0°0 x¥20000°0 x£20000°0 %CC0000°0 oy pIs DAND
$8S+0€°0 €81S6C°0 [LELSTO S1805¥°0 €IT8LY 0 LY1+05°0 81€000°0 £87000°0 952000°0 JUIIOLIJI0D)
«0€LT0°0 | «9189T10°0 | «89¥910°0 | x6¥8ST0°0 | «VIYSTO0 | «06TST00 | %«9CT0000°0 %«CC10000°0 *£C10000°0 | 10119 PIS | IMHATAANVHD
LIETYTO SOYTHT 0 969¢YT°0 LOTT169°0 L1069°0 YrLL89°0 811000°0 ¥11000°0 L1T000°0 JUSIOJI0))
s19z1nIdg :dnoin Ansnpuy
«70910°0 | «LOPSTO0 | «6STISTO0 | «0880C0°0 | %80SET00 | «¥61CI0°0 %«L80000°0 «£50000°0 %x850000°0 Ioxry pis NO1zNs
86L%01°0 88Y01°0 C0SLOT'0 | 6L961€0 €8LELTO 80€6CT0 961€00°0 16£€00°0 986€00°0 JUSIOJI0))
*106SP0°0 | *ILSPO0 | %L199Y0°0 | «L98€00°0 | «SETE000 | %89€S00°0 %9€0000°0 x£€0000°0 %0€0000°0 Jouy PIs SNANAIS
€LTI80 9199680 0€PS06'0 | 9PSS6£0 [€L6E0 6L86€°0 065000°0 895000°0 05500070 JUIIOLIJI0))
*£€5C0°0 «065C0°0 «799C0°0 | «SSOYIO0 | «[IHSTIO0 | «9I¥LI00 11000070 76000000 xL600000°0 | I0IId PIS THHA
VELLYYO S6LETT 0 Y67£8€°0 $860TC0 SS0¥T0 9019T°0 L¥S000°0 67S000°0 6150000 JUSIOJI0))
+0670€0°0 | *8000€0°0 | *«¥866C0°0 | «80LHTO0 | x£9€T0°0 %«CC9L00°0 %«1L0000°0 x170000°0 %xCC0000°0 Ioxy Pis dadv
€8LITI0 1+9€01°0 1891600 | 9192610 £67¥80°0 06620°0 6L£700°0 9L9700°0 $78T00°0 JUIIOLIJI0))
syuowdinb4 reomoary :dnoin Ansnpug
+81S€C0°0 | *CC8ETO0 | *LLTFTOO | «CO6FIH0'0 | «9L0THO0 | %S99TH0°0 «$50000°0 ¥950000°0 «850000°0 Ioxrq Pis INADVIANI
00€LSTO L12H91°0 8CITLI'0 | ¥¥68SS°0 18¥S¥S°0 86TES0 611000°0 ¢Sv000°0 8S¥000°0 JUIIOLIJI0D)
«192C10°0 | «I¥9CI0°0 | *«9SEET00 | «98€810°0 | «¥88810°0 | «SI16610°0 | %€800000°0 08000000 x[800000°0 | IOIId PIS NISVID
86€011°0 998011°0 PYITIT0 88666L°0 G9G86L°0 1L8S6L°0 950000°0 #50000°0 $<0000°0 JUSIOJI0))
7920100 | *LLOOTO0 | %6STOTO0 | «S61800°0 | x£5800°0 x917600°0 «$€00000°0 x«¥7£00000°0 xL€00000°0 | JOIIY PIS 2DV
I[8CYIT 0 761110 20110 6¥SCr8 0 0€S¥8°0 0CLY8°0 S¥0000°0 ¢0000°0 1#0000°0 JURIDIIF207)
1wowo) :dnoin Ansnpuy
+«C60820°0 | «898YC0°0 | «6SCLTO0 | «¥¥91H0°0 | «860¥€0°0 | «COIH0°0 «£€0000°0 «020000°0 «0€0000°0 i Jouy PIs _ SMINVIV AV [IA




0¢¢

€60€1°0 | SL88TI'0 | TILTI'0 [ 85S6SI180 | 886180 | 0T8T80 2900000 | LS0000'0 | 1S0000°0 | Iudrogjoo) |
wﬁmUﬁS@UNEH&Q& “Q.DOHQ %.Sw—\-ﬁQH
+879L00°0 | %9L0800°0 | %18L800°0 | +9820T0°0 | 1790200 | «0IEITO0 | «EET100000 | +CEI00000 | «bE100000 | Joxrq PIS HONVITHI
012TT0 £402T0 6L81T0 | €¥5S009°0 | 6¥009°0 29009°0 0210000 021000°0 1210000 | JusRyye0)
+P0910°0 | #9EV10°0 | «LTOETO0 | +T1T9S00 | %80€S0°0 | +980S0°0 | «I+0000°0 ¥9€0000°0 +7€0000°0 | Jourq PIS DONO
0L080°0 S16L0°0 SPI180°0 | 09SL69°0 | 087690 ¥¥C89°0 $12000°0 8020000 €12000°0 | JUS104330)
£69810°0 | +66€610°0 | 610700 | +b¥STO0 | +€8STO0 | 849200 | +LTO000 0 £ST0000°0 «¥70000°0 | IoIIg PIS 1IN
61SET0 S8EET0 | OVOEETO | T969S0 | TO68YLSO | T1086LSO 8920000 1520000 6£2000°0 | ud10JR0)
«PP0ST0°0 | *08¥10°0 | «STISTO0 | +S8LTTO0 | %SI8TTO0 | x€09€T0°0 | «#10000°0 «710000°0 %S10000°0 | Io1Ig PIS D01
81+0T°0 €21070 | #09661°0 | 0v8769°0 | €¥8569°0 £€8969°0 6010000 L0T1000°0 6010000 | JuS1OJA0)
«P0ST0'0 | +08¥10°0 | «IISIO0 | «8LTTO0 | «I8TTO'0 | x€09€TO0 | %E10000°0 «710000°0 «S100000 | IoIIg PIS OYLAJANIH
881+0T°0 | 6£210T0 | #09661°0 | 0v8769°0 | €¥8S69°0 £€8969°0 8010000 LOT000°0 6010000 | Jud10J30))
#SSTI00 | *€6010°0 | %€SOT00 | %CTISIO0 | +€TEIO0 | «8STIO0 | «0100000 | 86000000 | %L6000000 | JoIIF PIS TvVO
YSHTTO0 9L81T0 9TEIT0 ¥9299°0 82699°0 SLSLI0 9€1000°0 621000°0 LT1000°0 | ud0j00)
£02910°0 | #9S910°0 | «LTLIO0 | «E€¥TI00 | +PIE100 | «FOPIO0 | %LT00000 ¥920000°0 %ST00000 | IoIIg PIS TIOAVSSH
0LOTEE0 | 6500€€0 | 6ISEEC0 | TBIYSO PESYS 0 LILYS 0 6L£000°0 $9€000°0 $S€000°0 | JUA10I0)
«PE€2010°0 | %69Y600°0 | «¥L6800°0 | «IOFIT00 | «T80100 | %999010°0 | «££00000°0 | +b¥000000 | +6+000000 | JOIIF PIS 1Odd
6088800 | 9S€€80°0 | TOIBLO'0 | 9799880 | 8ISI68°0 9L568°0 9200000 $20000°0 L£20000°0 | ud101J20)
£2S0920°0 | *1166T0°0 | +€80SE0°0 | +8LSET00 | x0SOF100 | xT9THIO0 | «L10000°0 #810000°0 %070000°0 | Jomq PIS | NADIIVONOL
1€875S°0 | 6606190 | 90,690 0L06T°0 0£S€T0 S1681°0 2190000 6590000 ¥2L0000 | US1OJA0)
sen 2 [1Q :dnoin Ansnpuy
#€S1T0°0 | *ELLOTO0 | %€6T0TO0 | 6STIO0 | *SITIO0 | «E8TI00 | «S10000°0 *€10000°0 %S10000°0 | Jourq PIS OddIM
TIILTO Y9810 6¥6T1°0 SYIIS0 £9€T5°0 €2S€S0 65000°0 L5000°0 950000 | JUA103330)
«€65920°0 | #696T0°0 | %T8TEO0 | xT6L90°0 | %108S0°0 | +ESTSOO | «+L0000°0 +€90000°0 £850000°0 | JoIIg PIS DL
PI¥TO10 | 9T#6TI°0 | 99€91°0 961+€0 029820 TT6ET0 1L000°0 9L000°0 180000 | ud10JR0)
#6€S10°0 | *€0SI0°0 | *6LV10°0 | %THTTO0 | %6S1TO0 | «I1L0TOO | +LEO00O O «7€0000°0 *C€0000°0 | IOLIF PIS SRIV10d
6S6S1°0 8SHST'0 $86+1°0 €2€65°0 L6650 Tr609°0 21¥000°0 06£000°0 69€000°0 | JUS1OJA0)
#SOTT0'0 | *LI0T00 | +ITTIO0 | %0I800°0 | «ISLO00 | +SL800°0 | +90-9€0TEL'T | +L0-9TTY86y | +L0-20TLOOE | IoIIF PIS INLVd
IvI0 LTSET'0 81010 SSIL80 €89L8°0 6LYL8°0 | 90-9E€+86'8 | 90-996£0S T | 90-96T6LE T | IURIOGFA0)
«06VS10°0 | *69Y10°0 | «LLETO0 | +87100°0 | +E£S0000 | 811000 | «¥T00000°0 | 22000000 | %€T000000 | Jomq PIS| HDISASOANI
9010€€°0 | 69€8€€°0 | TOLYEOD | 9T0SOL0 | 08960L°0 96€1L°0 L10000°0 £10000°0 €10000°0 | JUAIOLJ0)




1C¢

CLYTILO0 866L,90°0 CELY90°0 $¥9068°0 L66088°0 98LYL8°0 2000070 L70000°0 £€0000°0 JUIIOLIJI0))
*€0¥7020°0 | *96S610°0 | %€9S610°0 | «¥PLY10°0 | «8SEVI00 | «L¥8FI0°0 *£€0000°0 %C€0000°0 *££0000°0 01 PIS | ANISNINNND
0v€Te0 0500€°0 8%9C78T°0 §TS619°0 YTLLY 0 TTE0L0 08000°0 9TL000°0 $$9000°0 JUIIDIIFR0D)
«SESTTO0 | *€LLOTO0 | %€6C0CO°0 | xL6SCI00 | «0SITIO0 | *LE8TIOO «S10000°0 *£10000°0 *S10000°0 Ioxy pis JSHD
SCIILTO 8¥98Y1°0 616710 eSPIIS0 0€9¢€CS°0 €CSES0 165000°0 €L5000°0 795000°0 JUIIOLIJI0))
1moq :dnoin Ansnpug
«[1TE10°0 | *¥V8¥10°0 «38810°0 xEVS10°0 x81920°0 x1€1€0°0 x£1000°0 x61000°0 x£¢000°0 JI011q PIS | VINRIVHJIIDOM
61L8C1°0 I11€2S0°0 $6950°0 77980°0 86791°0 epee8I 0 £9¢€900°0 $$8500°0 0vLS00°0 JUIIOLIJI0))
+*STT610°0 | *€0SICTO0 | %v609C0°0 | «C0S800°0 | «¥0£000°0 | *CFSLOOO %xL00000°0 %L00000°0 %010000°0 011 PIS VINRIVHANNS
6¥CEIT0 LOVLTTO CCIILTO SCIT09°0 €91L8S°0 $86055°0 6600000 001000°0 ¥11000°0 JUIIDIIF20D)
«PP0ST0°0 | x608%10°0 | «STISIO0 | %8LTCO0 | «SI8CTCO0 | x£09€C0°0 x«710000°0 x710000°0 «S10000°0 Ioxry pis AV IS
881+0T°0 6€£C10T°0 096610 | 0¥8769°0 £78569°0 ££8969°0 601000°0 LOT1000°0 60100070 JUSIDIIF20D)
«x6S1900°0 | *€06700°0 | %6CSS00°0 | «8C68S0°0 | +«8E€6SS0°0 | «11SE60°0 x£80000°0 %LL0000°0 «C£1000°0 011 PIS AXVANVI
8LY10°0 Y1S10°0 rS10°0 166¥CL°0 SOYTL0 €E8IL0 ¢1v000°0 88¢000°0 86£000°0 JUIIOLIJI0))
7150070 «V€C10°0 x39820°0 xS0TF0°0 x61¥170°0 x61790°0 x62000°0 x31000°0 %xCC000°0 Iony pis HLITVAHEI]
LSYLO0 1960°0 60€T1°0 900€°0 890€€°0 G€LIE0 $0£00°0 £€2C00°0 L61200°0 JUSIDIIFR0D)
«£50C0°0 «S01C0°0 «C0CC0°0 x69110°0 x0vC10°0 *CLETO0 «S10000°0 x¥10000°0 «S10000°0 JI011q PIS | WHHOAIHOIO
8LLSTYO LILTY0 YE8ITH0 122€0t°0 ELYE6E0 1€¥T8€°0 650000 065000°0 $65000°0 JUIIOLIJI0))
«90€20°0 | *8€8TCO0 | xC66TCO0 | +L¥HP0'0 xEVSH0°0 «1LY9%0°0 %9€0000°0 %xL£0000°0 *8£0000°0 Jouy PIs SAVIXTRLIVIN
8SSEYT0 6¥L3€T0 0TY9E€T0 | 99¢VSH 0 00019%°0 61,5910 95€000°0 ¥¥€000°0 8€€000°0 JUSIDIIFR0D)
*891¥10°0 | «P90CI0°0 | %L6C10°0 x09910°0 x611710°0 xCIY10°0 «9%00000°0 «8€00000°0 xL£00000°0 | IoIIg PIS OXV'ID
¥LS60T°0 €Sreel0 6€0181°0 LLITLO 1096€L°0 LLEVSLO $10000°0 8€0000°0 £€0000°0 JUIIOLIJI0))
+*806910°0 | *€08910°0 | 1069100 | %8ST600°0 | +£8L800°0 xL$800°0 %6010000°0 10100000 x1600000°0 | I0IIH PIS AddTM[AA
88€H81°0 81¥81°0 SEP810 8LY8°0 002SS8°0 61980 ¢L0000°0 £90000°0 ¢<0000°0 JUIIOLIJI0))
*6S€8T0°0 | xLO6I610°0 | +«STO0CO0 | «CI€8CO0 | «01€8CO0 | «II1L8CO0 | %EET0000°0 «STT10000°0 x7C10000°0 | IoIIg PIS dVvISIAIA
Z81€81°0 9GSLT 0 S0TOLT'0 | 0S8.99°0 9€8089°0 8SY169°0 601000°0 ¢01000°0 €0071000°0 | USIOIIF0D)
*LTCP10°0 | *LLOTOO xC6800°0 xCP900°0 | %8S8€00°0 | %COI800°0 x110000°0 7000000 11000070 JI011q PIS ANIVA
SOLETO ¥L0OSO1°0 C1280°0 LEY0S0 0SLL9S O SPEE90 $£€9000°0 195000°0 $61000°0 JUIIOLIJI0D)
+€88€00°0 | *8YI¥00°0 | «19¥00°0 | «¥6SLT0°0 | «8ITHTO0 %xC9120°0 +«150000°0 x¥0000°0 *8€0000°0 Iorrd pis VI1dD
9LTT80°0 8279900 6TCES0°0 79TTS9°0 76989°0 90¥TL 0 095000°0 86%000°0 9¢+000°0 JUSIDIJF20)
*S86C10°0 | x9C6110°0 | 1611100 | «¥CI9I0°0 | «C89YI00 | «LIEEIO0 | %9800000°0 %xLL00000°0 x*[L00000°0 | JO1IH PIS | VINRIVHJIONNY




(444

"K10A1I00dSaI “[aA9] 3D Jod QAIJ pUB QUO I8 9OUBDIIUSIS SAJBIIPUL — (44 ) 4 SIION

*LYT610°0 | «S8¥610°0 | «ST00C0°0 | x€69PT0°0 | +«VLLYCO0 | x6E£1STO0 %«8€0000°0 %«L£0000°0 %x9£0000°0 Jo1ry pis
C8IPOP'0 | L6E€L6E0 | P0606£°0 | TO68CS0 T6EVES0 1L00%S°0 61¥£000°0 9€€000°0 $C€000°0 JUSIOJI0)) 445
+«PT610°0 | xS8Y610°0 | «ST00T0°0 | x£69¥T0°0 | «PLLYTO'O0 | «x6E€1STO0 %«8€0000°0 %«L£0000°0 %x9£0000°0 Jo1rq pis
811010 L6EL6E0 0606£°0 068250 T6EYES0 1L00%S°0 61¥£000°0 9€€000°0 $C€000°0 JUSIOJI0)) XHLAANINED
«0LY10°0 | «¥P8TI00 | «LT6TTO0 | «xT6LTE0°0 | xEEVECO0 | «¥SESTOO %*£52000°0 %L0000°0 *L1€000°0 Jouy PIs
91LLO0 £€8L90°0 ¥80L0°0 STEI0v0 I8¥C€°0 98v<1°0 67€TC0°0 €CTIT0°0 £€67810°0 JUSIOJI0)) ANIAAV
«V€9€0°0 | xCTLICO0 | %9L910°0 | %xS89ST10°0 | %896S10°0 %*96S10°0 *£1€000°0 x*$0€000°0 *£€€000°0 Joxrq pis
9€85¢€°0 €6C8YE0 | 0STTYE0 | vLTYSTO LOV961°0 CIIST0 €ILETO0 108¥10°0 6995100 JUSIOJI0)) LXALAOTY
so[nxad I, :dnoin Ansnpuy
«LETIO0 | x9LTCI00 | %9S¥TIO0 | %CI900°0 %x0900°0 x0€900°0 %«L£00000°0 %L£00000°0 x8€00000°0 | IOIIH PIS
98T661°0 796610 16¥10C°0 11958°0 £8558°0 90558°0 ¥L10000°0 0L10000°0 $910000°0 | IUSIdYFS0) 1HAISVIVL
£07900°0 | x€8TLO00 | «I€TOTO0 | «I¥E100°0 | xLETTO00 | %LOOTOO'0 | %LLOOOOOO %x9L00000°0 x*8L00000°0 | 10119 PIS | SHTAVHASHVIN
0S08¢°0 | T08T6E0 €8YCIv'0 | 65S0€T8°0 956080 6LTE6L0 210000 9€1000°0 610000 JUSIOJI0))
+6LL110°0 | *8STTI00 | %8VIT00 | %I1SSE0°0 %*CS1S0°0 #xx1L,890°0 x¥0000°0 x90000°0 x60000°0 Iouy pis 15[
OPI1LS0'0 | LETO90°0 £6¥£90°0 I€1ELY0 T66€LT0 966051°0 0890000 016000°0 6111000 JUSIOJI0))
«PTEI10°0 | #€ESSYIO0 | %09C810°0 | %x8SECO00 | %xCST00°0 %x986£00°0 6500000 %L50000°0 %LS0000°0 oy pIs THISTVANIL
L6¥90S°0 [1.L86%°0 | TE6L6V0 16%580°0 1€v60°0 69¢01°0 19€100°0 $€€100°0 Y1€100°0 JUSIOIJ07)
9913 :dnoigy Ansnpuy
*CLLTTO0 | *06STCO0 | %699TCO'0 | x6C9L00°0 | «IPSE000 | %CTELSO00 0100000 %S00000°0 +«110000°0 Joury pIs AAMOIVIV.L
STIS6T0 1T66LT0 SE169T°0 | ¥6660S0 CTISEIS0 LITISO 6190000 609000°0 1190000 JUSIOIJ07)
+0LVT10°0 | *LEEOTO0 | %CIS600°0 | x€€€6C00 | «I1L20°0 *L¥8C0°0 x6610000°0 «C910000°0 x8S10000°0 | JOIIY PIS VAAINITHA
0169600 | 6976800 8CEC80°0 | TS9SST0 1SYCTLTO 668870 $6+000°0 6L.¥000°0 69¥000°0 JUSIOJI0D)
*€1€10°0 | *VLCIO0 x6STI00 | %€€0T0°0 x[¥610°0 x*SL8T10°0 110000070 %«0100000°0 6000000 Jouy PIs DdIN
CLSTTO ILYIT0 OrIT 0 C1€06L0 LETO6L0 69S6L°0 6L0000°0 $L0000°0 €L0000°0 JUIIDIIF207)
%976€0°0 | *1900¥0°0 | «C680Y0°0 | xC66E¥0°0 | «CPOFP0'0 | «9CSHP00 %997000°0 %592000°0 %L97000°0 o1y PIs OTITTHAAAN
9509C°0 €€18ST0 L8SST0 LYT985°0 059650 $8L09°0 €L0200°0 1020070 8761000 JUSIOJI0))
«0TC800°0 | %65800°0 %£0600°0 | %S€0T0°0 | %80TEI00 x06910°0 x£00000°0 7000000 ¥900000°0 Jouy PIs OdNAXHd[




Table 6.4

Optimal Hedging Effectiveness Comparison for the In-Sample Period

S.No. |NameoftheStocks | OLS | VECM | MGARCH
1. Industry Group: Automobiles
1. | ASHOKLEY 0.959695" | 0.959582178 | 0.95916"
2. | ESCORTS 0.978138% | 0.998101894 | 0.99217"
3. | HEROHONDA 0.885323 | 0.874840539" | 0.89573"
4. | M&M 0.961968 | 0.961894076" | 0.97054"
5. | MARUTI 0.944199 | 0.943970048" | 0.95920"
6. | TATAMOTORS 0.948746 | 0.948596803% | 0.952841
7. | TVSMOTOR 0.971959% | 0.972612544 | 0.98821"
2. Industry Group: Bank
8. | ALBK 0.958705™ | 0.958661075 | 0.95326"
9. | ANDHRABANK 0.954276 | 0.953736774% | 0.957221
10. | AXISBANK 0.9636457 | 0.963646096" | 0.99124™
11. | BANKBARODA 0.959782 | 0.959771959% | 0.969577
12. | BANKINDIA 0.975156 | 0.97510849" | 0.98121"
13. | CANBK 0.946557 | 0.94651407" | 0.96223"
14. | CORPBANK 0.873815 | 0.87128427% | 0.94421"
15. | FEDERALBNK 0.905606 | 0.903728283" | 0.94453"
16. | HDFCBANK 0.958925 | 0.958918202% | 0.968421
17. | ICICIBANK 0.967100 | 0.967032041" | 0.96934"
18. | IDBI 0.862522 | 0.862464792% | 0.89724 "
19. | INDUSINDBK 0.982918 | 0.982884219" | 0.98702"
20. | 1OB 0.962618 | 0.962579561% | 0.965671
21. | J&KBANK 0.696556 | 0.490744499™ | 0.82789"
22. | KTKBANK 0.950258% | 0.996124768™ | 0.96329
23. | ORIENTBANK 0.963148 | 0.963127238% | 0.974551
24. | PNB 0.9688691 | 0.96886929" | 0.97897"
25. | SBIN 0.977846 | 0.977776089% | 0.983721
26. | SYNDIBANK 0.959882 | 0.959881626" | 0.97587"
27. | UNIONBANK 0.966135 | 0.966130102F | 0.97197™
28. | VIJAYABANK 0.491955 | 0.476184845% | 0.55831"
3. Industry Group: Cement
29. [ ACC 0.960301 | 0.959414599 | 0.96173 "
30. | GRASIM 0.9685857 | 0.96735212 | 0.96268"
31. | INDIACEM 0.983840™ | 0.983635942 | 0.97377%
4. Industry Group: Electrical Equipments
32. | ABB 0.985696 | 0.986227598™ | 0.97918"
33. | BHEL 0.979252 | 0.978966032" | 0.98305"
34. | SIEMENS 0.994079 | 0.993146126% | 0.994327
35. | SUZLON 0.993832 | 0.993780975" | 0.99623"

5. Industry Group: Fertilizers

36.

| CHAMBLFERT

| 0.980591" | 0.976956724 | 0.95095"
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37. | GNFC 0.968998 | 0.951603088" | 0.97216"
38. | NAGARFERT 0.988010" | 0.98789166 | 0.987689 "
39. | TATACHEM 0.920205™ | 0.917514376 | 0.91057"
6. Industry Group: Information Technology (IT)
40. | HCLTECH 0.951744 | 0.951351197% | 0.96983 "
41. | OFSS 0.950244 0.9502429% | 0.97032"
42. | INFOSYSTCH 0.883644™ | 0.883629236 | 0.76094*
43. | PATNI 0.175894 | 0.175698825% | 0.18501"
44. | POLARIS 0.988317 | 0.988249814% | 0.99026"
45. | TCS 0.982477 | 0.982433574% | 0.98598"
46. | WIPRO 0.971188 | 0.971034796" | 0.98349"
7. Industry Group: Oil & Gas
47. | BONGAIREFN 0.939397™ | 0.936916221 | 0.90686"
48. | BPCL 0.943713 | 0.943408786" | 0.95086"
49. | ESSAROIL 0.983307™ | 0.983290813 | 0.98255"
50. | GAIL 0.940330™ | 0.940262691 | 0.93557"
51. | HINDPETRO 0.883138 | 0.881844687% | 0.93260"
52. | 10C 0.959455™ | 0.959454141 | 0.95820"
53. | MRPL 0.986196™ | 0.986186695 | 0.98350"
54. | ONGC 0.929830 | 0.929390774% | 0.949137
55. | RELIANCE 0.988637™ | 0.988614522 | 0.98371"
8. Industry Group: Pharmaceuticals
56. | AUROPHARMA 0.937095 | 0.937093668" | 0.95432"
57. | CIPLA 0.980178 | 0.980161622 | 0.98869™
58. | DABUR 0.935021 | 0.934848942" | 0.95985"
59. | DIVISLAB 0.242409" | 0.234409366 | 0.10642"
60. | DRREDDY 0.962984 | 0.962981261% | 0.97259"
61. | GLAXO 0.749745 | 0.743491091" | 0.84288"
62. | MATRIXLABS 0.861440 | 0.820429498% | 0.90690™
63. | PIRHEALTH 0.162185 0.161071"F 0.170421
64. | ORCHIDCHEM 0.962854 | 0.96280416" | 0.976057
65. | RANBAXY 0.928330 | 0.927930209" | 0.93854"
66. | STAR 0.885300 | 0.880951905" | 0.93260"
67. | SUNPHARMA 0.884924 | 0.884755845% | 0.90596"
68. | WOCKPHARMA 0.944938 | 0.941423969" | 0.96428 "
9. Industry Group: Power
69. | CESC 0.958977 | 0.956770915" | 0.96441"
70. | CUMMINSIND 0.888852 | 0.878082677% | 0.94628"
71. | JPHYDRO 0.987127" | 0.985880719 | 0.98374"
72. | NEYVELILIG 0.985355™ | 0.985132652 | 0.98474%
73. | NTPC 0.9641257 | 0.963280557 | 0.95892%
74. | RELINFRA 0.985178" | 0.984436452 | 0.98286"
75. | TATAPOWER 0.946228™ | 0.944664148 | 0.93767"
10. Industry Group: Steel
76. | JINDALSTEL | 0.996705" | 0.994913195 | 0.98468"
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77. [JSL 0.102432" | 0.099072561 | 0.04780"
78. | MAHSE AMLES 0.990837" | 0.943442" 0.95209
79. | TATASTEEL 0.980646 " | 0.998781245™ | 0.98130
11. Industry Group: Textiles
80. | ALOKTEXT 0.958308 | 0.956495738% | 0.95942"
81. | ARVIND 0.983422 | 0.983231678" | 0.98619"
82. | CENTURYTEX 0.989596 | 0.989479685% | 0.99069"
83. | SRF 0.975464% | 0.975515993 | 0.97731"
Note: " Highest variance reduction and " Lowest variance reduction

Table 6.5

Optimal Hedging Effectiveness Comparison for the Qut-of-Sample Period

S. No. \ Name of the Stocks \ OLS \ VECM \ MGARCH

1. Industry Group: Automobiles
1. | ASHOKLEY 0.959695% | 0.96886163 | 0.9689719541
2. | ESCORTS 0.978138% | 0.99997827 | 0.9999797441
3. | HEROHONDA 0.885323% | 0.979242154 | 0.981981936"
4. | M&M 0.961968" | 0.983210338 | 0.98358329"
5. | MARUTI 0.944199T | 0.981407575 | 0.981408759™
6. | TATAMOTORS 0.948746" | 0.969989526 |  0.96998647
7. | TVSMOTOR 0.971959" | 0.999912582 | 0.999893452

2. Industry Group: Bank
8. | ALBK 0.958705" | 0.987676417™ | 0.987182139
9. | ANDHRABANK 0.954276™ | 0.924964731% | 0.925051691
10. | AXISBANK 0.963646™ | 0.987285854 | 0.986567342"
11. | BANKBARODA 0.9597827 1 0.957329356" | 0.957632948
12. | BANKINDIA 0.975156" | 0.980738113 | 0.980752149"
13. | CANBK 0.9465577 1 0.939471179% | 0.939868889
14. | CORPBANK 0.873815% | 0.999102087 | 0.999683199"
15. | FEDERALBNK 0.905606" | 0.931591584™ | 0.930855918
16. | HDFCBANK 0.958925% | 0.971173466 | 0.971381597"
17. | ICICIBANK 0.967100" | 0.985355978 | 0.985516166"
18. | IDBI 0.862522% | 0.982625797 | 0.98605543 "
19. | INDUSINDBK 0.982918% | 0.993681751 | 0.993682965"
20. | IOB 0.962618" | 0.985178659™ | 0.985151213
21. | J&KBANK 0.696556" | 0.71408439 | 0.719562156"
22. | KTKBANK 0.950258% | 0.99770653™ | 0.993831926
23. | ORIENTBANK 0.963148" | 0.958025838" | 0.95813956
24. | PNB 0.968869™ | 0.960072847 | 0.960068994 -
25. | SBIN 0.977846 | 0.980693793 | 0.9809777821
26. | SYNDIBANK 0.959882% | 0.976646863" | 0.975656508
27. | UNIONBANK 0.9661357 | 0.929481225" | 0.929512835
28. | VIJAYABANK 0.491955" | 0.943330839 | 0.944239293 "
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3. Indus

try Group: Cement

29. [ ACC 0.960301% | 0.970349086™ | 0.967008287
30. | GRASIM 0.968585" | 0.977829419" | 0.977795024
31. | INDIACEM 0.983840" | 0.988362124™ | 0.987334624
4. Industry Group: Electrical Equipments
32. [ ABB 0.965696" | 0.986843203 ™ | 0.986722949
33. | BHEL 0.979252% | 0.991083629 | 0.991085299"
34. | SIEMENS 0.984079% | 0.985319302 | 0.986239823 1
35. | SUZLON 0.993832% | 0.996457092 | 0.996457948 "
5. Industry Group: Fertilizers
36. | CHAMBLFERT 0.980591" | 0.990188365" | 0.989305001
37. | GNFC 0.968998% | 0.975114402 | 0.975359207"
38. | NAGARFERT 0.988010" | 0.988610528 | 0.988613233 "
39. | TATACHEM 0.920205" | 0.930596282 | 0.930678065 "
6. Industry Group: Information Technology (IT)
40. | HCLTECH 0.951744~ | 0.988611334 | 0.988669902"
41. | OFSS 0.950244 | 0.979362221 | 0.979810932"
42. | INFOSYSTCH 0.883644" | 0.973538741" | 0.971129407
43. | PATNI 0.175894% | 0.330615416 | 0.333917982"1
44. | POLARIS 0.978317% | 0.985984427 | 0.985990278 "
45. | TCS 0.982477% | 0.998675597 | 0.998732083 "
46. | WIPRO 0.971188% | 0.974757128 " | 0.974737442
7. Industry Group: Oil & Gas
47. | BONGAIREFN 0.939397% [ 0.971695142™ | 0.970848333
48. | BPCL 0.943713% | 0.979327356 | 0.979418761"
49. | ESSAROIL 0.983307"% | 0.988240335 | 0.988464011"
50. | GAIL 0.940330" | 0.98014737™ | 0.979840105
51. | HINDPETRO 0.883138% |  0.9825737 | 0.982649206"
52. | I0C 0.959454% [ 0.967971946 | 0.967919477 1
53. | MRPL 0.986196" | 0.9921214027 | 0.991923378
54. | ONGC 0.929830" | 0.982979435™ | 0.982110199
55. | RELIANCE 0.988637"% | 0.988684671 | 0.988726215"
8. Industry Group: Pharmaceuticals
56. | AUROPHARMA 0.937095% | 0.960457968 ™ | 0.960164065
57. | CIPLA 0.980178" | 0.980557859 | 0.980583859"
58. | DABUR 0.935021% | 0.965836181 | 0.974194065"
59. | DIVISLAB 0.242409" | 0.497534458 " | 0.493314806
60. | DRREDDY 0.962984" | 0.969757531" | 0.96974465
61. | GLAXO 0.749745™ | 0.66210466" | 0.662485866
62. | MATRIXLABS 0.861440" | 0.8714257" 0.87129765
63. | ORCHIDCHEM 0.962854" | 0.995084179" | 0.995017969
64. | PIRHEALTH 0.162185™ 0.09676 0.07945 "
65. | RANBAXY 0.928330" | 0.987079314" | 0.986263223
66. | STAR 0.885300" | 0.9749854417 | 0.974228725
67. | SUNPHARMA 0.884924" [ 0.976071241" | 0.975821252
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68. | WOCKPHARMA [ 0.944938" | 0.893991588" | 0.900503116
9. Industry Group: Power
69. | CESC 0.958977% | 0.983844116 | 0.983898485"
70. | CUMMINSIND 0.888852% | 0.979165637 | 0.9792729351
71. | JPHYDRO 0.987127% | 0.994868532" | 0.994833761
72. | NEYVELILIG 0.985355" | 0.986771452 | 0.986855673"
73. | NTPC 0.964125% | 0.9753103167 | 0.975243311
74. | RELINFRA 0.985178% | 0.994091166 | 0.994367652"
75. | TATAPOWER 0.946228 | 0.965369251 | 0.96672604 "
10. Industry Group: Steel
76. | JINDALSTEL 0.996705% | 0.99962685™ | 0.999536544
77. |JSL 0.102432% [ 0.213152014™ | 0.207523989
78. | MAHSE AMLES 0.900837% | 0.908407355™ | 0.901064435"
79. | TATASTEEL 0.980646 " | 0.972321949 | 0.972289227*
11. Industry Group: Textiles
80. | ALOKTEXT 0.958308 ™ | 0.997331772 | 0.996516008 -
81. | ARVIND 0.983422™ | 0.982805315 | 0.982733163 "
82. | CENTURYTEX 0.989596™ | 0.970300199 | 0.970183591 "
83. | SRF 0.975464" | 0.962830588" | 0.96294448

Note: " Highest variance reduction and " Lowest variance reduction

227



