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This paper examines the diversification benefits from
Sfamiliarizing hedge funds into a conventional set of two
most popular asset classes vizbonds and stocks. The
conventional portfolio model of Markowitz and mean-
Conditional Value at Risk portfolio model are used on an
investment opportunity set consisting of bonds, stocks
and hedge funds with respect to Indian capital market. The
findings reveals that the presence of hedge funds might
ominously increase a portfolio's mean-variance features;
in addition the study observes the autocorrelation
partialities in portfolio construction where the investment
opportunity set entails of traditional assets class and
hedge funds. The consequences show that mean-
conditional variance investors have an inferior demand for
hedge fund investments as compared to mean-variance
investors. This study also highlights the fact that hedge
Sfund index returns are exhibiting normally low and
negative correlation with the bond index returns and in
contrary relatively high and positive correlation with
equity index. These conclusions are steady with the
concept that the intrinsic risk in hedge funds returns is
found in the tail of the portfolio distribution. The outcomes
of this study is extremely useful to the institutional asset
allocation fund managers or portfolio managers and also
to the individual investors as it helps them in
understanding the Indian capital market behavior better.
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“Hedge funds are looking to the emerging
markets for new profit opportunities.”

Steve Hays

INTRODUCTION

A criterion for an efficacious distribution for
investment is an exhaustive consideration of the
diverse risk-return drivers in every stratagem.
Hedge funds risk originates principally through
acquaintance to the diverse core financial
instruments which the funds employ to engender
returns. The optimum portfolio distribution will
continually be a covenant between the risks an
investor is eager to suffer for an estimated level of
return. A diversified portfolio which includes hedge
funds delivers steady and considerably higher
returns and low volatility than that of portfolio of
bonds and stocks. The reasonable belief of portfolio
diversification is also vital when capitalizing in
hedge funds. Most investors are scratchy with the
idea of being uncovered to a single hedge fund once
they know the impermanence rate in this industry is
estimated at 30% a year. Although backing a single
horse may sporadically pay off with big returns, it is
nearly always tremendously risky.

Markowitz (1952) seminal paper on MPT (Modern
Portfolio Theory) comprises the substance of what
appears to be the only “free lunch” in finance: risk
can be diversifying through combination of different
assets to form portfolio. “An investor who spreads
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capital between many imperfectly correlated assets
will witness a decrease in the volatility of their
portfolio”, says Markowitz. When appropriately
accomplished, there is no reduction in the expected
mean return and so, speciously, no bill for the lunch.

Whereas Markowitz (1952, 1959) provided the basis
of constructing portfolio with mean-variance
analysis, the concept has been applied progressively
to a different set of asset classes. Nevertheless, itis in
stock that most of the allied research has
bourgeoned, failing to recognize the impact of
diversification when other asset classes can be
combined to form portfolio such as hedge funds.

The repercussion for portfolio choice is that erratic
financial events (eg. the October 2008 Global
financial meltdown) may persuade investors to have
a sensitive dislike towards tail risk, i.e., investors
may choose a portfolio model which restrains the left
tail of the portfolio distribution rather than
minimizing portfolio the second moment of the
distribution i.e., the standard deviation or variance.
This delivers the economic motivation to observe the
shifts in portfolio choice when an investor re-
estimates risk from the conventional variance
measure to a tail risk metric.

Due to impervious investment methods, hedge fund
investing needs dedicated skills, such as a thought
ful understanding of complex financial instruments,
widespread knowledge of economics finance, and
most important logical ability to choose the right
asset at right time. Hence, this paper examines the
diversification benefits from familiarizing hedge
funds into a conventional set of two most popular
asset classes viz bonds and stocks. The presence of
hedge funds might ominously increase a portfolio's
mean-variance features; also the study observes the
autocorrelation partialities in portfolio construction
where the investment opportunity set entails of
traditional assets class and hedge funds. The
consequences show that mean-conditional variance
investors have an inferior demand for hedge fund
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investments than mean-variance investors.

This paper provides important contributions to the
literature in the line that it observes the
autocorrelation biasesin selection of portfolio where
the investment opportunity set consists of bonds,
stocks and hedge funds. Also, in the study it reveals
that investors have a trend to over-weight their
portfolio mix to wards assets such as bonds and hed
gefunds in the presence of autocorrelation biases in
the actual returns.

Furthermore, the study also examines the shifts in
portfolio structure amongst mean-variance
investors and M-CVaR(mean-conditional value at
risk) investors. The conclusions show that mean-
conditional value at risk investors
has a lesser demand for hedge fund investments
thanmean-variance investors. This study uses the
Rockafellar and Uryasev (2002) mean-conditional
value at risk asset allocation, whereby risk can be
considered as size of the left tail of portfolio return
distribution.

Although extensive research has been conducted on
the subject in various international markets but
Indian market has been still in the nascent stage
relative to the mammoth growth of the bourses have
witnessed. This lack of initiative of formally
understanding the importance of hedge funds as
regards to Indian context has created a knowledge
gap in effective use of hedge funds as diversified
investment. To date, this is the first study, which
examines the differences in portfolio structure
between MVA (mean-variance analysis) investors
and M-CVaR (mean-conditional value at risk)
investors in an investment opportunity set consist of
bond, stocks and hedge funds especially in Indian
context. This study would also offer motivating
insights to institutional fund managers, portfolio
managers and individual investors who ignore the
performance of hedge funds just because of a myth
that hedge funds are more risky assets to invest as
compare to stocks and bonds.
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LITERATURE REVIEW

Whilst the Markowitz (1952,1959) mean-variance
model has become a basis of economic finance, it
depends on the conventions of the investor utility
function i.e., the quadraticutility. However,
capacious research recommends that the normality
assumption is not simply perceived in finance. The
autocorrelation in the actual returns is the first
empirical characteristic which disrupts the
normality postulation. Famaand French (1989) and
further Ilmanen (1995) in their study observed the
signal of autocorrelation in bondreturns. Also,
Asnesset al.,(2001);L0(2002); Getmansky et al.,
(2004) illustrate due to illiquidity and certain
smoothed return factors such as beta coefficient,
hedge funds returns are autocorrelated. In addition,
Lo (2001); Geman and Kharoubi (2003); Agarwal and
Naik (2004);Malkiel and Saha (2005); Brown and
Spitzer (2006); Morton et al., (2006); Giomouridis
and Vrontos (2007); in their studies reported that the
in most of the cases hedge fund returns are not
normally distributed. They exhibit asymmetric
distribution in the terms of higher moments. Also,
the study of portfolio selection argues that the
presence of autocorrelation in asset returns have
serious consequences for investors operating within
the normality postulation of Markowitz (1952, 1959).

The hedge fund studies by Asness et al.,, (2001);
Getmansky et al, (2004) clearly recognizes the
autocorrelation impact on beta coefficients and
variance estimates in Sharperatios, therefore, it is
expected that these impacts must also influence on
portfolio selection models which rely on estimated
variance. To account for autocorrelation, bias this
study employs the technique used in his literature by
Geltner (1991,1993) which suggests an adjustment
method for calculating returns which eliminates the
autocorrelation effect from every data observation.
A number of scholarly studies on hedge fund
employs Geltner (1991, 1993) to remove severe
autocorrelation in asset returns (Kat and Lu, 2002;
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Bacmann and Gowran, 2005; Loudon et. al., 2006;
Binachi et. al., 2009).

With the growth of the ].P. Morgan(1995)VaR (Value
at Risk), studies have established the M-VaR (mean
value at risk) portfolio frame work where the
decisions to invest in portfolio are based on reducing
or minimizing value-at-risk (Basak and
Shapiro,2001; Alexander and Baptista, 2002). These
studies indicate that mean value-at-risk is steady
with expected utility maximization when the
normality assumption is fulfilled; however, mean-
VaR portfolios are less efficient than mean value-at-
risk portfolios under less restricting assumptions. To
discourse the deficit of M-VaR (mean value-at-risk),
the literature has realized the growth of the
Rockafellar and Uryasev (2000,2002); Pflug (2000);
Acerbi and Tasche (2002); Xiong and Idzorek (2011)
M-CVaR (mean-conditional value at risk) portfolio
framework which estimates the probable loss when
the specified value at risk for a specified confidence
level is exceeded. Mean-Conditional Value at Risk
portfolio studies by Pflug (2000); Rockafellar and
Uryasev (2000,2002); Krokhmal etal., (2002) focused
on the left tail of the distribution whilst the study by
Xiong and Idzorek (2011) have shown that the “fat
tailed” distributions often do an improved job of
fitting realized returns. Also, all the above
mentioned studies have found that CVaR is a better
risk management tool in comparison to other
measures including VaR and mean absolute
deviation. The literature seems to suggest that the
Rockafellar and Uryasev (2000, 2002); Pflug (2000)
M-CVaR (mean-conditional value at risk) model are
the best framework and has more attractive
properties to examine tail risk which also adheres to
the von Neumaan and Morgenstern (1944) sayings
of expected utility maximization and to the Artzner,
Delbsen, Eber, and Heath (1997,1999) principles of
“coherent measure of risk”.

In an exceptional framework, Johri (2004) in the

study propose to use risk measures like C-VaR and
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Conditional Draw-Down at Risk especially in the
case of alternative investments like hedge funds
because their returns deviate from the normal
distribution. In addition, Morton et. al., (2006)
introduce a more general and flexible framework
known as NORTA (normal-to-anything) for asset
allocation to construct portfolios of hedge funds. In
addition, Popova, et al., (2007) develop a stochastic
programming model which integrates Monte Carlo
simulation and optimization to observe the effects
on the optimal allocation to hedge funds. Finally,
Giamouridis and Vrontos (2007) introduce GARCH
(Generalized Auto-Regressive Conditional
Heteroskedasticity) based methods to model time-
varying volatility and correlation methods in hedge
fund portfolio construction.

Optimal portfolio choice not only entails an
appropriate model, it also needs to integrate the
important concept of estimation risk. The studies
of Brown (1976,1979); Jobson et. al., (1979) reveal
that actual mean return estimates are not acceptable
in portfolio selection frameworks. The sensitivities
of portfolio selection to variations in mean returns
were familiar in Best and Grauer (1991); Chopra
and Ziemba (1993). To discourse the deficiencies
of historical mean returns, Eun and Resnick
(1988); Jorion (1985,1991); Topaloglou et. al.,
(2002) postulate the virtues of Bayes-Stein
estimation of future expected return which
has been shown to progress the in put parameters in
optimal portfolio selection. The literature on Bayes-
Stein estimation evidently shows that a
comprehensive portfolio selection study must
address the matter of estimation risk. Finally, in the
search for more efficient portfolio model, Ortobelli
et.al,, (2005) admit that it is practically impossible to
govern a portfolio model which is superior over
another because there is no single risk measure
subsists which can complete measure the portfolio
risk as every risk measure has its distinctive features
and limitations.

Amity Business Review
Vol. 17, No. 1, January - June, 2016

NEED AND RESEARCH OBJECTIVES OF
THESTUDY

The assessment of the hedge fund works points a
number of important matters which have not been
enlightened. First, very few studies have diagnosed
the amount of diversification benefits that hedge
funds offer during adverse market situation in a
portfolio combination with conventional asset
classes especially in the context of Indian capital
market. Given the progress of mutual funds as well
as pension funds and the high demand
for investments in hedge funds, it seems suitable that
this study contemplates portfolio choice with
conventional assets class and hedge funds in the
investment opportunity set. Second, rare research
attention has considered the sensitivities of
autocorrelation bias on mean-variance and mean-
conditional value at risk portfolio models. This
research paper objects to address the above research
questions in order to expand the current body of
knowledge in the hedge fund literature. In addition,
this paper offers investor with a model to discover
the risks of hedge funds while constructing portfolio
by accounting for autocorrelation bias and by
determining the tail dependency of hedge fund
returns with stock and bond returns in a mean-
conditional value at risk model.

RESEARCH METHODOLOGY

The inspiration of this study is to observe the
alterations in portfolio mix between bonds, stocks
and hedge funds with respect to Indian capital
market. To realize these swings in portfolio choice,
this study presumes two set of assumptions viz, (i)
Risk-freeborrowing and lending and (ii) short sales
disallowed. In short, this conforms that the study
allows assets allocations to risky class only while
selecting optimal portfolio. The similar assumptions
have been used by other scholars in their portfolio
selection studies (Black,1972; Elton and Gruber,
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1995; Amin and Kat, 2003; Binachi et. al., 2009). The
practical motivation for this method is to observe the
diversification effects on asset allocation when
hedge funds are comprised in an investment
universe comprising of the two most imperative
asset classes in the world viz, bonds and stocks.

This study observes the effects of autocorrelation
bias in actual returns and also studies the issue of
risk in estimating mean return in portfolio selection
under the aforementioned assumptions. To
account for autocorrelation bias, this study uses the
Geltner (1991, 1993) methods to correct the second
sample moment (variance) for calculating returns to
remove the biases of autocorrelation. This study
employs the original returns and the autocorrelation
adjusted returns in the Rockafellar and Uryasev
(2000,2002)mean-Conditional Value at Risk
portfolio and a traditional Markowitz (1952) mean-
variance analysis to compare the effects of
minimizing tail risk. To contemplate estimation risk
in the analysis, this study uses the Bayes-Stein mean
shrinkage estimation in a mean-variance analysis
framework. The following part detailed the
mathematical stipulations of the empirical models
employed in this paper.

Mean Variance Analysis (MVA)
Framework

Levy and Levy (2004) in their study states that the
mean-variance investment decision rule developed
by Markowitz (1952, 1959) and Tobin (1958) is best
under uncertainty in economics finance, and it is
broadly used by many scholars, academician and
practitioners.

Now to define the Markowitz (1952) mean-variance
analysis portfolio selection framework, this study
employs the procedure proposed by Marling and
Emanuelsson (2012). Let us consider a portfolio
which comprises of m number of distinct assets and
the return R; is corresponding to asset j. Let pj and oj”
denotes the respective mean and variance of the
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asset j and o, denotes the covariance between two
assets R, and R,. Let us consider that the relative
amount of assets j thatis to be invested in portfolio is
u,. Now if the portfolio return is denoted by

R, then:

m
1y = E(R,) = Z,-=1 WY

m m
of =Var(R,) = Z Z 01U Uy,

j=1k=1

m
zj—1uj =landy; 2 0,j =1,2,3,....,m
Now on the basis of the assumption set in this study,
the Markowitz (1952) mean-variance portfolio
selection as optimization problem can be
mathematically expressed as:

minu Var(R,)

where Var(R,) = U'VU

m
subject to, Z w=1andy; 20,j =123,....,m
j=1

Where R, and Var(R,) are the respective m-assets
portfolio return and variance respectively,
U=(u,,uty,... ,u,) is the vector matrix
comprising the proportion of investment made in
different assets in the portfolio mix and V'is the mx m

variance-covariance matrix.

Mean-CVaR (mean-Conditional Value at
Risk) Framework

Rockafellar and Uryasev (2000, 2002) in their study
formulate a convex linear programming model for
portfolio optimization, which is widely accepted
further in the several studies (Binachi et al.,2009;
Xiong and Idzorek, 2011). The mean-Conditional
Value at Risk portfolio optimization model used in
this study follows the above literature and the model
canbe expressed as:
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expressed as: minu CVar(FRp,a)

m
subject to Z wj=1and ; 20,j=123,.....,m
j=1

where CVar (FR,, ,oc) = —E(R,|R, < —VaR)

Var (FRp ,a) = - F;{; 1-a)

where Fr, denotes the cumulative probability

density function of R

pr

and o the probability level.

As Xiong and Idzorek (2011) states that CVaR
(Conditional Value at Risk) measures the entire part
of the tail distribution completely by taking average
losses and for this reason is the better measure of
downside risk while in contrary value at risk is a
statement about only one particular point. Also, the
study of Rockafellar and Uryasev (2000) showed
that, if one presumes that the returns are normally
distributed then both CVaR (conditional value at
risk) and VaR (value at risk)can be estimated by
using only the first two moments of the return
distribution.

Geltner Adjustmments: Transforming Auto-
correlated Returns to IID (Independent and
Identically Distributed) Returns

To account for autocorrelation, the Geltner
(1991,1993) established a method in his literature
that focus on removing estimated bias normally
used in real estate returns. Soon after the
development of the Geltner (1991, 1993) method,
many scholars have applied this procedure with
success to different return series that exhibits
autocorrelation bias in returns (Brooks and Kat,2002;
Loudon et al.,2006; Binachi et al., 2009). The above
procedure is used to construct an IID (Independent
and Identically Distributed) returns which
transform the actual data to an unsmoothed returns
in order to evaluate the effect of autocorrelation. The
adjusted return which accounts for autocorrelation
bias in actual return may be calculated via:
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R = Ry —ACF(Ri_y) * Rey
we 1—ACF(R,_)

Where R,, is the Geltner adjusted return, R, is the
original return at time t and R, , is one-period lagged
return of series R respectively, and ACF(R,,) is the
firstorder autocorrelation coefficient.

Bayes-Stein Mean Shrinkage Estimation

Kinkawa (2010) in his study presume that in a mean-
variance model the objective function of an investor
is to select portfolio weights w in such a manner so as
to maximize the portfolio expected return. So
coupled with this, to stem Bayes-Stein mean
estimated returns for mean, this study follow Jorion
(1985,1991); Topaloglou et. al.,(2002); Okhrin and
Schmid (2007);Binachi et. al., (2009) and calculate the
estimate as:

VE) = (1— 0)¥+ wz¥,

where ¥ represents the vector of sample mean
return, ¥, is the minimum variance portfolio mean
return, z represents the vector of unity, and ®
denotes the shrinkage parameter for shrinking mean
return vector ¥ and ¥,. The shrinkage parameter o is
expressed as:

1

w = 3
T+A

where A can be calculated as:

(N+2)(T—1)

A= Y TI T -N-DE %)

Where T represents the total number of observations
in the study, N is the total number of asset classes
studied and X istheco-variancematrixcalculated
fromthepastobservations.

SOURCES OF DATA

This research paper work is primarily focused on
Indian context to discover the findings. To account
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for the data for stocks, bonds and hedge funds this
paper considered the major indices which are
designed to measure the performances of the Indian
capital universe as the proxies for all the three asset
classes, i.e., this study employs the S&P CNX 500
Equity Index as the proxy for India stocks, the NSE
G-SEC India Bond Index as the proxy for India bonds
and the Eureka Hedge Indian Hedge Fund Index as
the proxy for India hedge fund returns. Data have
been sampled from January 2000 to June 2012
consisting of 150 observations of all the indices
mentioned above.

To minimise the impact of systematic risk, this study
employ monthly index returns for each investment
rather than employing the returns of individual
bonds, stocks or hedge funds. Also, this study
involves the estimation of multi-asset portfolios; this
study employs periodic monthly excess (original
return - risk free rate) returns when assessing mean-
variance and mean-conditional value at risk port
folio selection. The choice of taking risk-free rate is of
utmost important. This study uses the average of
worst three annualized yield of one year maturity T-
bills from 2000 to 2012. The National Stock Exchange
T-bill index is used for the proxy for risk-free rate of
return and it was observed that the worst three
yields arises in the year 2010, 2004 & 2003
respectively and the average is found to be 5.04%
annually (.42% monthly).

The statistical summary(seeTablel in appendix),
which reflects the significant features of financial
market returns like negative skewness (third
moments), excess kurtosis (fourth moments) and
auto correlation in the first and second moments. It
has been observed that the Geltner (1991, 1993)
procedure reports approximately 31% rise (from
5.740 to 7.475 percent) in the estimate of hedge fund
volatility while bond rose only 4.87% (from 1.765 to
1.851 percent) and stocks rose only 10.43% (from
8.569 to 9.463). This clearly indicates that Geltner
returns penalize the volatility of hedge fund return
more than the conventional asset classes returns.
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Empirical Results and Findings

Portfolio construction needs selection of the asset
classes (stocks, bonds and hedge funds). This paper
proposes that when there is non-normality in the
market, the Markowitz (1952, 1959) mean-variance
model would not be the effective model for
constructing portfolios; hence provide the need to go
for the alternative models such as mean-conditional
value at risk model. This paper is an attempt to know
how the mean-variance model and mean-
conditional value at risk model works when asset
classes (especially in the case of hedge funds)
behaviour are not normal. The normality of the asset
classes returns was tested by employing the Jarque-
Bera (JB) test statistic and observes the probability
i.e., the p-value associated with the JB test statistic.
The probability below the definite level of 0.05 and
.01 concludes the acceptance of normality condition
of Markowitz (1952, 1959) with 95% and 99%
confidence level respectively (see the statistical
summary Table 1 in appendix). It can be observed
that, the hedge fund have a lesser monthly mean
return than stocks monthly mean returns over the
sample period studied.

Mean-Variance Analysis and Mean-CVaR
(Conditional Value at Risk) Analysis of
Original Sample

The portfolio compositions of mean-variance
analysis for the original sample is presented in Table
2(see appendix).It can observe that the maximum
hedge fund allocation found in the Table 2 is
58.5%which clearly implies that hedge funds haveits
own importance in portfolio selection. For the
minimum variance portfolio, as shown in Panel A of
Table 2, highlights the importance of bonds when the
portfolio is consists of only stocks and bonds, but
when the portfolio includes hedge funds along with
these two asset classes, the minimum variance
portfolio indicates the small weightage to the hedge
funds. The prominence of hedge fund can also be
visualized in the portfolio choice through Table 2
which reveals that the hedge funds not only reflect
its significance in the minimum variance portfolio
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but almost in all portfolio combinations of the mean-
variance efficient set calculation. Also, it can be
observe that the involvement of hedge funds
significantly reduces the volatility of the portfolio
returns for example, in the Table 2 for a minimum
variance portfolio the volatility is decreasing near
about 4.18% from 1.747 to 1.674, which implies that
the involvement of hedge funds in the portfolio mix
offers the diversification benefit but at the same time
provides the undesirable movement of skewness
and excess kurtosis. The above finding is coupled
with the study done by Amin and Kat (2003). Also
the result can be understood in a financial logic as if
portfolio includes hedge funds than one has to bear
its holding price. A major finding which adds to the
literature of the hedge funds shows that the hedge
funds presence significantly drops the equivalent
conditional value at risk both at 95%at 99%
confidence level, thus reducing the probability of
falling portfolio return below expected return.

Further, Table 3 (see Appendix) provide the results
of the mean-variance analysis done on the basis of
Bayes- Stein mean shrinkage estimator which lets
the effects of estimated risk to be integrated in
portfolio selection. Both results report a very small
range in the returns of the efficient set calculation
and show a negligible decrease to the hedge funds
allocation of approximately 0.3 per cent. The results
sustain the view that the historic mean returns of the
all the three asset classes are not excessively extreme
or conventional given the underlying co-variance
structure of all asset class. Hence, the comparison of
actual meanreturns in Table 2 versus the Bayes-Stein
mean estimates in Table 3 reveals a very small or
insignificant difference in portfolio mix also same
time ignoring the movement of higher moments.
Henceforth, we continue to use actual returns rather
than Bayes-Stein means estimate in the subsequent
partof this paper.

The Mean-Conditional Value at Risk portfolio
optimization results for original mean returns are
presented in Table 4 (see appendix). One of the
major outcomes of the study is reported in Panels A
to D of Table 4 that the presence of hedge funds in the
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portfolio mix, there is a systematic drop in CVaR at
95 and 99 percent thus reducing the probability of
falling portfolio return below expected return.
Consistent with Table 2, the mean-conditional value
at risk bound portfolios reveals significantly less
variance but undesirable movement in the skewness
and kurtosis (especially at CVaR 99%). However, a
remarkable finding can be realized in Panel D of
Table 4 which report the highest allocation to hedge
funds is merely 35.6% that to be in the middle range
of the efficient set portfolio and a very low or
insignificant demand for hedge funds, thus revealed
the tail behaviour feature of hedge funds. Also, it is
evident from the findings that a mean conditional
value at risk investor restraining 99 percent CVaR
will give less weightage to hedge fund investments
while constructing his portfolio but this is not true
with mean conditional value at risk investor
restraining at 95 percent CVaR, as the Table 4 reports
the highest allocation in hedge funds is
approximately 74 %. The second noticeable feature of
Panel D of Table 4 shows that investors who pursue
high returns will distribute a less fraction of their
portfolio mix to hedge funds. This replicates the
desire of mean conditional value at risk investors to
reduce the tail risk of their portfolio from a focus of
bonds. Further, if mean conditional value at risk
investors are risk averse; means they want to
minimize their risk then they require more
conventional rates of return, but at the same time
they are exposed to tail risk in bond returns. Hence,
to reduce the likelihood of tail risk from a focus of
bonds, a mean conditional value at risk investor will
distribute a proportion of their portfolio mix to
hedge funds but same time they have to bear the cost
resulting from the undesirable movements of higher
moments.

Mean-Variance Analysis and Mean-CVaR
(Conditional Value at Risk) Analysis with
the Geltner Adjustment

The mean-variance results with the Geltner (1991,
1993) transformed returns are shown in Table 5 (see

appendix). Analysis of these results and compare
with the original mean-variance estimates presents
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in Table 2 reveals some remarkable findings. It has
been evidently noticeable that across all the efficient
set calculation while constructing portfolio, Table 5
report higher volatility for the same estimates that
has been calculated while constructing portfolio
through original returns. Also, Panels B of Table 5
show prominent decrease of approximately 43.33
percent (from 9% to 5.1%) in the allocation to hedge
funds while comparing with the original mean-
variance analysis with respect to minimum variance
portfolio.

The overall assessment of Table 5 suggests that auto-
correlation bias can cause mean-variance or the
rational investors to over-estimate their optimum
portfolio allocations to significantly auto-correlated
asset returns like hedge funds. As per the literature
available and the author's best knowledge thereis no
known literature that clearly observes the effects of
auto-correlation of hedge funds portfolio returns.
The study done by Asness et al.,(2001) and Lo (2002)
reporteffects of auto-correlation of the actual returns
in the variance analysis and this study is consistent
with the result reported by them. Finally, the
inference to be concluded from the Geltner (1991,
1993) method is that mean-variance analysis
portfolios investors significantly over-weight their
proportion to hedge funds due to the effect of auto-
correlation biases of actual returns.

The mean conditional value at risk portfolio
optimizations with the Geltner (1991, 1993)
transformed returns are shown in Table 6 (see
appendix) and can be compared with the original
returns presented in Table 4. The inconsistency in
results between Tables 4 and 6 shows a noticeable
increase in the proportion of bonds in both two asset
and three asset universe. The remarkable feature is
observed when the comparison of Table 4 and 6
reveals that for mean conditional value at risk
investor restraining both at 95 percent and 99
percent CVaR, the hedge funds demands
significantly falls for almost all the efficient set
calculation. Hence, from the above findings, the
conclusion has drawn that the significant decrease in
the proportion of hedge funds in the portfolio mix at
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95 and 99 percent CVaR caused due to auto-
correlation biases presence in the actual returns.
Also, mean-CVaR(Conditional Value at Risk)
portfolio optimization results with the Geltner (1991,
1993) method suggest that investors, who overlook
the presence of auto-correlation biases in the actual
returns, may allocate more to hedge funds while
constructing their portfolio, but on the contrary as
mean-CVaR(Conditional Value at Risk) investors
become more tail risk averse, the hedge fund
demand vanishes.

Comparison of MVA (Mean-Variance
Analysis) Portfolio and Mean-CVaR
(Conditional Value at risk) Portfolio
Selectionmodel

The extreme dependence effect in mean-conditional
value at risk portfolio choice model provides the root
for comparative analysis between these two
portfolio selection choices. This comparison result
study reveals two perplexing findings; first, the
results display that the hedge funds offer some
diversification benefits when the investors construct
their portfolio restrained at the 95% CVaR,
contrariwise, hedge funds are not cup of tea for
investors restrained the CVaRat 99% region. The
second mystifying finding is relate to those investors
who desire to include hedge funds in their portfolio
and wishes to generate conventional portfolio
returns. This segment provides a modest and logical
basis to explain these findings.

The 95% mean-conditional value at risk portfolio
choice effectively defines optimum portfolio mix by
selecting assets at the specified rate of returns that is
expected by the portfolio and by limiting losses
corresponding to the lower quantile of the portfolio
return distribution when the probability level is set
to 95 per cent. Also, this study contains the data set
which involves 150 monthly observations, so this
implies that the data used to restrain portfolio risk is
effectually determined by the two (eventually one)
worst observation of the three assets class. As we
know that stock markets, particularly in developing
economies like India, are repeatedly found to be
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highly unpredictable. The one reason may be the
second moment of the return distribution but it can
also due to extreme profits or losses, which are
mentioned as fat tails. Also, it is noticeable that the
many times market moves in either direction only,
i.e., itshows either a bearish or a bullish pattern. This
movement in either direction specifies the existence
of skewness in the return series, and extreme events
specify the existence of kurtosis. Due to this fact, the
Markowitz (1952, 1959), mean-variance analysis
model itself may not be satisfactory to elucidate the
risky performance of the combination of portfolio
which comprises of hedge funds and stocks. The
result confirms that hedge funds and stocks returns
jointly own extremal dependence in the extreme left
tail of the return distribution. This extreme
dependence between hedge funds and stocks is
apprehended in the stocks and at 99 per cent
portfolio structure which results in a noticeable
reductionin the hedge funds allocation.

The scatterplots of the 150 monthly returns between
the three assets classes are presented in Figures 1to3
(see appendix). As the stocks and portfolio choice
procedure selects the allocation of asset classes based
on desired rates of portfolio returns and same time
minimizes the extreme left tail of return distribution,
s0 it is worthwhile that the reader should sensibly
observe the position of negative outlier returns (also
highlighted separately in Figures 1to 3).

The scatterplot in Figure 1 shows that the
dependency of stocks and hedge fund is persistentin
terms of returns and is viewed for both negative and
positive extreme returns. The bottommost left
quadrant of Figure 1displays that when stocks
tormented their worst monthly return of -27%,
hedge funds also produced their worst monthly
return of -16%. This mystifying data point occurs in
the month of October 2008, the time when global
financial crisis hits the Indian capital market. Soon
after in year 2009, the Indian stock market has
recover its position by reporting the best monthly
return of 34% also at the same time hedge funds
reported its best monthly return of 24%.The extreme
observation reported in this study suggests that the
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stocks and hedge fund returns hold asymptotic
dependence inrare events (Poon et. al.,2004).

In contrast, the scatter plot between the monthly
returns of stocks and bonds is presented in Figure 3
(see appendix). A noticeable feature of Figures 3 is
the lack of dependence in the returns between these
two traditional asset classes. The movements of
monthly returns from both the assets classes
observed from the Figure 3 suggest that when stocks
reported their worst monthly return of -27% during
the period of global financial crisis, bonds generated
a positive monthly return of 8% for that period. The
close observations from the scatterplots shown in
Figures 1 and Figure 3 emphasized that the tail
dependence of the three asset classes is based upon a
single worst monthly return observation when
mean-conditional value at risk portfolio framework
probability level is restraining at 99%. The
explanation of the pronounced increase in
proportion to the hedge funds in the mean-
conditional value at risk portfolio optimization
process (see Table 3) at 99% confidence level can be
elucidate using Figure 1 and Figure 3. These rare
outliers, located at the bottommost left side in Figure
1 and Figure 3, advocate that for the minimum
variance portfolio the investors who restrain their
portfolio at 99% confidence level CVaR will desire a
portfolio mix comprises of bonds and hedge funds
instead of a portfolio that comprises stocks and
bonds. The reason for this can be explain by a fact
that if one can consider the worst case scenario for
both hedge funds and stocks then it is evident from
the Figure 1 (see appendix) that when hedge funds
displays its worst monthly return of -16% then
during the same period the stocks also displays its
worst monthly return of -27%, which in turn
indicates that the investor loose less (16% as compare
to 27%) amount of his investment if he holds hedge
fund in their portfolio but at the same time pursue
conventional rates of return.

To enlighten the attractiveness of hedge funds for
investors who entail conventional rates of return, the
emphasis will turn to Figure 2 (see appendix). The
scatterplot between bonds and hedge fund

@ AMITY
BUSINESS SCHOOL



Do Hedge Funds still Offer Diversification Benefit?
Evidence from the Indian Capital Market

presented in Figure 2 depicts a very close
relationship among these two asset classes. Figure 2
also displays that when hedge funds reported their
worst monthly return of -16%, bonds reported
positive return of 8%. Moreover, when hedge fund
recorded their best monthly return of -24% in May
2009, bond reported negative return of -2%. Because
of this inverse behaviour of these two asset classes
during the extreme positive and negative months,
mean-conditional value at risk investors prefer
portfolio comprises of bond and hedge fund instead
of a portfolio that comprises stocks and bonds.

(ONCLUSION

This paper has focused to find out the diversification
benefit by examining the effects of autocorrelationin
the selection of portfolio mix when hedge funds are
involved in the investment opportunity set. This
study compares and contrasts the portfolio selection
results of a mean-variance investor and mean-CVaR
(Conditional Value at Risk) investor when an
investment set comprises stocks, bonds and hedge
funds. The empirical results of this study evidently
explain that mean-variance investors who wish to
minimise portfolio variance, thus visualizing
diversification benefit, have a higher hedge fund
demand but also bears the undesirable movement of
skewness and excess kurtosis. In contrast, a mean-
conditional value at risk investor has a hedge funds
demand when restraining the left tail region of the
portfolio returns distribution. The findings tell that
this outcome is because of tail dependency between
hedge fund and stock returns. This study also
reflects the shifts in portfolio mix caused by biases in
the second sample moment from autocorrelation in
actual returns. This study used Geltner (1991, 1993)
method to account for autocorrelation effects and
exhibit the presence of biases in the hedge funds
allocation for both mean-variance and mean-
conditional value at risk investors and due to this
autocorrelation bias both investors may over-
distribute their portfolio allocation to hedge fund
investments. Also, it is evident that the presence of
autocorrelation bias in hedge fund and bond returns
in the empirical data series, cause an under-
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valuation of second sample momenti.e., the variance
which always be an vital component in portfolio
selection model.

In a nutshell, the purpose of this paper was to
expand the novel work of Markowitz (1952, 1959)
portfolio optimization model which optimizes the
portfolio in the mean-variance framework but
because of its basic assumption of normality
condition it cannot produced effective results where
the asset classes return distribution are non-normal
like hedge funds. This study adds to the literature by
signifying that natural portfolio choice can cover
some of the intrinsic risks in returns that hedge fund
generate. This paper offers investor with a model to
discover the risks of hedge funds while constructing
portfolio by accounting for autocorrelation bias and
by determining the tail dependency of hedge fund
returns with stock returns in a mean-conditional
value at risk model. It is also evident that mean-
conditional value at risk model offer enhanced
optimization solutions for the developing markets
like India, which are open to extreme events (excess
kurtosis) and skewed patterns. This study would
also offer motivating insights to institutional fund
managers, portfolio managers and individual
investors who ignore the performance of hedge
funds just because of a myth that hedge funds are
more risky assets to invest as compare to stocks and
bonds.

The findings form this study offer number of
prospects for future research. Whereas this study
discovers a significant decrease in the hedge fund
demand in unrestricted MVA (mean-variance
analysis) and M-CVaR (mean-conditional value at
risk) portfolio selection model, it is worthy to apply
the same in a restricted portfolio choice scenario.
Second, the approaches to amount biases in
autocorrelation in the actual returns can easily
amend to observe these effects on different portfolio
selection models. Lastly, this study does not make
any attempt to cater the presence of higher moments
in the portfolio return distribution, thus leaving the
thought-provoking research question for future
research.

Amity Business Review
Vol. 17, No. 1, January - June, 2016

Do Hedge Funds still Offer Diversification Benefit?
Evidence from the Indian Capital Market

REFERENCES
Acerbi, C. and Tasche, D. (2002).On the coherence of expected
shortfall. Journal of Banking and Finance, 26, 1487-1503.

Agarwal, V. and Naik, N. (2004).Risks and portfolio decisions
involving hedge funds. Review of Financial Studies, 17, 63-98.

Alexander, G. and Baptista, A. (2002). Economic implications of
using a mean-VaR model for portfolio selection: A comparison
with mean-variance analysis. Journal of Banking and Finance, 26,
1159-1193.

Amin, G. and Kat, H. (2003).Stocks, bonds and hedge funds.
Journal of Portfolio Management, 29, 113-120.

Artzner, P., Delbaen, F., Eber, ].M. and Heath, D. (1997).Thinking
coherently. Risk, 10, November, 68-70.

Artzner, P., Delbaen, F., Eber, ] M. and Heath, D. (1999). Coherent
measures of risk. Mathematical Finance, 9, 203-228.

Asness, C., Krail, R. and Liew, J. (2001). Do hedge funds hedge?,
Journal of Portfolio Management, 28, 6-19.

Bacmann, J. and Gawron, G. (2005), Fat-Tail Risk in Portfolios of
Hedge Funds and Traditional Investments, in Hedge funds:
Insights in performance measurement, risk analysis and portfolio
allocation, by Gregoriou, G., Hubner, G., Papageorgious, N. and
Rouah. F.John Wiley and Sons, Inc., New Jersey.

Basak, S. and Shapiro, A. (2001). Value at risk based risk
management: Optimal policies and asset prices. Review of
Financial Studies, 14, 371-405.

Best, M. and Grauer, R. (1991). On the sensitivity of mean-variance
efficient portfolios to changes in asset means: Some analytical and
computational results. Review of Financial Studies, 4, 315-342.

Binachi, RJ., Clements, A.E. and Drew, M.E. (2009).HACking at
Non-linearity: Evidence from Stocks and Bonds. Discussion paper
and Working paper series, QUT School of Economics and Finance.

Black, F. (1972), Capital market equilibrium with restricted
borrowing. Journal of Business, 45, 444-454.

Brooks, C. and Kat, H. (2002). The statistical properties of hedge
fund index returns and their implications for investors. Journal of
Alternative Investments, 5, 26-44.

Brown, S. (1976). Optimal portfolio choice under uncertainty: A
bayesian approach. Unpublished Ph.D. dissertation, University
of Chicago, Chicago, IL, U.S.A.

Brown, S. (1979). The effect of estimation risk on capital market
equilibrium. Journal of Financial and Quantitative Analysis, 14,
215-220.

Brown, S. and Spitzer, ]. (2006).Caught by the tail: Tail risk
neutrality and hedge fund returns.Working Paper, 19th May,
New York University.

Chopra, V. and Ziemba, W. (1993).The effect of errors in means,
variances, and covariances on optimal portfolio choice. Journal of
Portfolio Management, 19, 6-11.

Elton, E. and Gruber, M. (1995).Modern Portfolio Theory and

Amity Business Review
Vol. 17, No. 1, January - June, 2016

Investment Analysis.5th ed., John Wiley & Sons, Inc, New York,
USA.

Eun, C. and Resnick, B. (1988).Exchange rate uncertainty, forward
contracts, and international portfolio selection. Journal of
Finance, 43,197-215.

Fama, EF. and French, KR. (1989). Business conditions and
expected returns on stocks and bonds. Journal of Financial
Economics, 25,23-49.

Fung, W. and Hsieh, W. (2004). Hedge fund benchmarks: A risk
based approach. Financial Analysts Journal, 60, 65-80.

Geltner, D. (1991). Smoothing in appraisal based returns. Journal
of Real Estate Finance and Economics, 4, 327-345.

Geltner, D. (1993). Estimating market values from appraised
values without assuming an efficient market. Journal of Real
Estate Research, 8, 325-345.

Geman, H. and Kharoubi, C. (2003). Hedge funds revisited:
Distributional characteristics, dependence structure and
diversification. Journal of Risk, 5, 55-74.

Getmansky, M., Lo, A. and Makarov, L. (2004). An econometric
model of serial correlation and illiquidity in hedge fund returns.
Journal of Financial Economics, 74, 529-609.

Giamouridis, D. and Vrontos, I. (2007). Hedge fund portfolio
construction: A comparison of static and dynamic approaches.
Journal of Banking and Finance, 31,199-217.

Ilmanen, A. (1995). Time-varying expected returns in
international bond markets. Journal of Finance, 50, 481-506.

Morgan, J.P. (1995). Riskmetrics Technical Manual.].P. Morgan,
New York.

Jobson, J., Korkie, B. and Ratti, V. (1979).Improved estimation for
Markowitz efficient portfolios using James-Stein type estimators,
Proceedings of the American Statistical Association, Business and
Economics Statistics, Section 41, 279-284.

Johri, S. (2004). Portfolio Optimization with Hedge Funds:
Conditional Value at Risk and Conditional Draw-Down at Risk
for Portfolio Optimization with Alternative Investment. Master's
Thesis, Department of Computer Science, Swiss Federal Institute
of Technology.

Jorion, P. (1985). International portfolio diversification with
estimation risk. Journal of Business, 58, 259-278.

Jorion, P. (1991). Bayesian and CAPM estimators of the means:
Implications for portfolio selection. Journal of Banking and
Finance, 15,717-727.

Kat, H. and Lu, S. (2002). An excursion into the statistical
properties of hedge fund returns. Working paper, ISMA Centre,
University of Reading, Reading, U.K.

Kinkawa, T. (2010).Estimation of Optimal Portfolio Weights
Using Shrinkage Technique.Master's Thesis in Engineering,
Graduate School of Science and Technology, Keio University.
Krokhmal, P., Palmquist, ]. and Uryasev, S. (2002). Portfolio
optimization with conditional value at risk objective and

@ AMITY
BUSINESS SCHOOL



Do Hedge Funds still Offer Diversification Benefit?
Evidence from the Indian Capital Market

constraints. Journal of Risk, 4, 11-27.

Krokhmal, P., Uryasev, S. and Zrazhevsky, G. (2002), Risk
management for hedge fund portfolios. Journal of Alternative
Investments, 5,10-30.

Levy, M., and Levy, H. (2004). Prospect Theory and Mean-
Variance Analysis.Review of Financial Studies, 19, 1015-1041.

Lo, A. (2001). Risk management for hedge funds: introduction and
overview. Financial Analysts Journal, 57,16-33.

Lo, A. (2002). The statistics of sharpe ratios. Financial Analysts
Journal, 58, 36-52.

Loudon, G., Okunev, J. and White, D. (2006).Hedge fund risk
factors and the value at risk of fixed income trading strategies.
Journal of Fixed Income, 16, 46-61.

Malkiel, B. and Saha, A. (2005). Hedge funds: Risk and returns.
Financial Analysts Journal, 61, 80-88.

Markowitz, H. (1952). Portfolio selection. Journal of Finance, 7, 77-
91.

Markowitz, H. (1959), Portfolio Selection: Efficient Diversification
of Investment. New York, John Wiley.

Marling, H. and Emanuelsson, S. (2012). The Markowitz Portfolio
Theory, p1-6

Morton, D., Popova, E. and Popova, . (2006).Efficient fund of

hedge funds under downside risk measures. Journal of Banking
and Finance, 30, 503-518.

Ortobelli, S., Rachev, S., Stoyanov, S., Fabozzi, F. and Biglova, A.
(2005). The proper use of risk measures in portfolio theory.
International Journal of Theoretical and Applied Finance, 8,1107-
1133.

Okhrin, Y., and Schmid, W. (2007).Comparison of different
estimation techniques for portfolio selection. Advances in
Statistical Analysis, 91,109-127

Pflug, G.Ch. (2000). Some Remarks on the Value-at-Risk and the
Conditional Value-at-Risk. In., Probabilistic Constrained
Optimization: Methodology and Applications. Ed. S. Uryasev,
Kluwer

Poon, S, Rockinger, M. and Tawn, J. (2004). Extreme value
dependence in financial markets: Diagnostics, models, and

@AMITY %
BUSINESS SCHOOL

financial implications. Review of Financial Studies, 17, 581-610.
Popova, I, Morton, D., and Popova, E. and Jot Yau. (2007).
Optimizing Benchmark-Based Portfolios with Hedge Funds. The
Journal of Alternative Investments, 10, 35-55.

Rockafellar, R. and Uryasev, S. (2000). Optimization of
conditional value at risk. Journal of Risk, 2, 21-41.

Rockafellar, R. and Uryasev, S. (2002). Conditional value at risk
for general loss distributions. Journal of Banking and Finance, 26,
1443-1471.

Tobin, J. (1958). Liquidity preference as behavior towards risk.
The Review of Economic Studies, 25, 65-86.

Topaloglou, N., Vladimirou, H. and Zenios, S. (2002). CVaR
models for selective hedging for international asset allocation.
Journal of Banking and Finance, 26, 1535-1561.

von Neumann, J. and Morgenstern, O. (1944). Theory of Games
and Economic Behaviour.John Wiley, New York, 1964, 3rd
edition.

Xiong, J., and Thomas 1. (2011).The Impact of Skewness and Fat
Tails on the Asset Allocation Decision. Financial Analysts Journal,
67,1-8

BRIEF PROFILE OF THE AUTHOR

Himanshu Gupta is Assistant Professor in Finance and
Marketing at IFTM University, Moradabad, India. He has
submitted his Ph.D on “Impact of Diversified Investment on
Portfolio Performance: A Study on Hedge Funds with special
reference to Indian Capital Market” in the Faculty of
Management, MLSU (Mohan Lal Sukhadia University),
Udaipur, India. He did PGDM in Finance and Marketing
from Birla Institute of Management Technology, Greater
Noida, India.He has about three years of corporate
experience and more than six and a half years of teaching
experience. He has attended two international, three
national conferences and two FDPs. His research interests
are in the area of security analysis, derivatives, investment
management and portfolio management.

Amity Business Review
Vol. 17, No. 1, January - June, 2016

Do Hedge Funds still Offer Diversification Benefit?
Evidence from the Indian Capital Market

APPENDIX

Table 4.1: Statistical Summary

This table represents the descriptive statistical analysis of the excess monthly index returns of the three asset classes used in this study. Panel
A represents the statistical summary of the monthly index returns of the three asset classes. Panel B and C represents the autocorrelation
adjustments for first and second sample moments. Sampled data contains 150 observations from January 2000 to June 2012. *and ** shows the
data s statistically significant at the .05 and .01 confidence level, respectively.

Sector Original Returns (Geltner) Adjusted Returns
Equity India Bond_ India_ EH_India Equity India Bond_ India_ EH_India
S&P CNX500 NSE G-SEC Hedge Fund S&P CNX500 NSE G-SEC Hedge Fund

Index Bond Index Index Index Bond Index Index
Variable
Panel A: Descriptive Statistical Analysis
Mean 0.781 0.142 0.572 0.799 0.142 0.563
Standard Deviation 8.569 1.765 5.740 9.463 1.851 7.475
Skewness -0.229 1.009 0.455 -0.249 0.935 0.288
Kurtosis 1.639 6.920 1.691 1.283 6.798 0.303
Median 1.23 0.02 1.14 0.95 0.01 0.68
Maximum 34.01 9.55 2381 36.04 9.91 28.91
Minimum -27.65 -6.11 -16.73 -29.29 6.41 -21.70
Jarque- Bera Statistic 18.107 324.786 23.047 11.839 310.673 12.693
Jarque- Bera p-value 0.000* 0.000* 0.000* 0.003* 0.000** 0.002**
Panel B: Autocorrelation adjusted for First Moment
ACt 0.099 0.047 0.224 0.003 -0.007 0.009
AC2 -0.032 0.152 0.157 -0.047 0.149 0.086
AC3 0.045 0.032 0.106 0.041 0.027 0.065
AC6 -0.027 -0.059 0.026 -0.023 -0.054 -0.035
AC12 0.010 0.007 0.011 0.017 0.005 0.052
Panel C: Autocorrelation adjusted for Second Moment
AC1 0.046 0.113 0.081 0.046 0.118 0.104
AC2 0.021 0.388 0.032 0.030 0.383 0.016
AC3 -0.012 0.006 0.012 0.003 0.019 0.021
AC6 0.092 0.151 -0.015 0.099 0.151 -0.035
AC12 0.003 -0.046 0.005 0.019 -0.047 0.001
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Table 2: Mean-Variance Analysis of Original sample

This table presents the mean-variance analysis (MVA) of the original sample for optimizing portfolio, with respect to Indian Capital Market, where
the investment opportunity set consists of two assets classes viz stocks and bonds (see left side of the table) and three assets classes viz; stocks,
bonds and hedge funds (see right side of the table). This allocation procedure estimates the portfolio weights with a non-negativity constraint. The
MVA s executed by minimizing portfolio variance for a specified level of retumn. Monthly excess returns for the respective indexes were employed
during the period from January 2000 to June 2012. The ranges in the MVA efficient set are divided in manner as to make the straight comparison
with other investment set. The Eq. CVaR inthe table denotes the equivalent Conditional Value at Risk value calculated at the specified probability
orthe confidence level foreach mean-variance portfolio optimization set.

2 Asset Class: Stocks and Bonds 3 Asset Class: Stocks and Bonds and Hedge Funds
STOCK: S&P CNX 500 Equity Index Data STOCK: S&P CNX 500 Equity Index Data
BONDS: NSE G-SEC India Bond Index BONDS: NSE G-SEC India Bond Index

HEDGE FUND: Eureka Hedge Fund India Index Data
Portfolio | S.D |Skewness | Kurtosis| Stocks |Bonds| Eq Eq | Portfolio | S.D |Skewness |Kurtosis | Stocks | Bonds| Hedge | Eq Eq
Required (%) | (%) |CVAR| CVAR |Required (%) | (%) | Funds | CVAR | CVAR
rate of at at | rateof (%) at at
return 95% | 99% | return 95% | 99%
Panel A: Minimum Variance Portfolio Panel B: Minimum Variance Portfolio

0.158 1.747 0.837 6.627 24 976 403 536 |0.181 1.674 0.782 5.798 0.0 91.0 90 409 -459

Panel C: Efficient Set Calculation Panel D: Efficient Set Calculation

0.181 1775 0.555 5.936 6.1 939 -398 -560 |0.234 1.831 0.588 2.469 0.0 786 214 -402 477
0.289 2480  -0.123 1779 230 770 -540 -7.66 |0.289 2249 0.519 0.748 35 675 290 -424 549
0.344 3048 -0.173 099 316 684 616 827 |0.344 2792 0.463 0.424 88 573 339 492 615
0.399 3676  -0.187 0803 402 598 -7.64 -9.73 |0.399 3.399 0.413 0.592 14.1 471 388 625 -7.51
0.454 4339 -0.194 0.851 488 512 -924 -10.82 | 0.454 4.042 0.366 0.882 194 369 438 -7.80 -9.96
0.509 5023  -0.200 0.981 574 426 -1083 -12.67 |0.509 4.706 0.324 1173 247 266 487 -9.03 -13.00
0.564 5720  -0.207 1132 660 340 -1242 -14.52 |0.564 5.384 0.288 1.431 300 164 536 -11.06 -16.04
0.619 6426 0213 1279 746 254 -1402 -16.37 | 0.619 6.070 0.256 1.651 353 62 585 -12.81 -19.09
0.674 7.138 -0.219 1.414 832 16.8 -16.20 -17.79 | 0.674 6.776 0.155 1.751 48.8 0.0 51.2 -13.66 -22.06
0.729 7.855  -0.224 1536 918 82 -17.87 -19.64 |0.729 7.621 -0.058 1.690 75.0 0.0 250 -16.93 -19.88
0.781 8.541 -0.229 1639 1000 0.0 -1947 -21.43 |0.781 8.535 -0.228 1.639 99.8 00 02 -19.45 -21.41

@ 92 Amity Business Review
BUSINESS SCHOOL Vol. 17, No. 1, January - June, 2016

Do Hedge Funds still Offer Diversification Benefit?
Evidence from the Indian Capital Market

Table 3: Mean-Variance Analysis : Bayes Stein Mean Estimates

This table presents the mean-variance analysis (MVA) with Bayes-Stein mean estimates for optimizing portfolio, with respect to Indian Capital
Market, where the investment opportunity set consists of two assets classes viz stocks and bonds (see left side of the table) and three assets
classes viz; stocks, bonds and hedge funds (see right side of the table). This allocation procedure estimates the portfolio weights with a non-
negativity constraint. The MVA is executed by minimizing portfolio variance for a specified level of return. Monthly excess returns for the respective
indexes were employed during the period from January 2000 to June 2012. The ranges in the MVA efficient set are divided in manner as to make the
straight comparison with other investment set. The Eq. CVaR in the table denotes the equivalent Conditional Value at Risk value calculated at the
specified probability or the confidence level for each mean-variance portfolio optimization set.

2 Asset Class: Stocks and Bonds 3 Asset Class: Stocks and Bonds and Hedge Funds
STOCK: S&P CNX 500 Equity Index Data STOCK: S&P CNX 500 Equity Index Data
BONDS: NSE G-SEC India Bond Index BONDS: NSE G-SEC India Bond Index

HEDGE FUND: Eureka Hedge Fund India Index Data
Portfolio | S.D |Skewness | Kurtosis | Stocks |Bonds | Eq Eq | Portfolio | S.D |Skewness |Kurtosis | Stocks| Bonds| Hedge | Eq Eq
Required (%) | (%) |CVAR | CVAR |Required (%) | (%) | Funds | CVAR | CVAR
rate of at at rate of (%) at at
return 95% | 99% |return 95% | 99%
Panel A: Minimum Variance Portfolio Panel B: Minimum Variance Portfolio

0.155 1.759 1.009 6.920 00 1000 -401 -520 |0.181 1.674 0.782 5.798 00 910 90  -409 -459

Panel C: Efficient Set Calculation Panel D: Efficient Set Calculation

0.181 2.563 -0.136 1596 243 757 -581 -7.87 [0.199 1.862 0.583 2197 0.0 774 226  -402 475
0.189 3.072 <0174 0980 319 681 -662 -9.01 |0217 2.324 0.509 0.642 43 660 297 -432 557
0.199 3.770  -0.189 0.801 414 586 787 -9.94 |0.234 2.879 0.456 0.431 96 558 346 509 -6.46
0.207 4.357 -0.194 0854 490 510 -928 -11.23 |0.253 3.566 0.400 0.664 1565 444 401 -666 -8.04
0.215 4.960 -0.200 0968 566 434 -1068 -12.50 |0.272 4.292 0.350 0.996 214 330 456 -838 -11.12
0.222 5.497 -0.205 1.084 633 367 -11.92 -13.93 [0.291 5.040 0.305 1.305 273 216 511 -10.18 -1451
0.228 5.962 -0.209 1184  69.0 310 -1341 -1515 [0.311 5.842 0.266 1.582 335 96 569 -1223 -18.08
0.234 6.431 0213 1280 747 253 -1453 -16.38 | 0.329 6.574 0.214 1.764 47 00 583 -1512 -21.28
0.245 7.296 -0.220 1.442 85.1 149 -1657 -19.31 [0.347 7.426 -0.014 1.703 69.4 0.0 306 -16.93 -24.30
0.254 8.009 -0.226 1560 937 63 -1823 -21.28 | 0.357 7.968 -0.129 1.668 848 00 162 -1820 -22.46
0.261 8.541 -0.229 1639 1000 00 -1947 -2281 |0.367 8.541 -0.229 1.639 1000 0.0 00 -1947 -21.99
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Table 4: Mean-CVaR Portfolio Optimization Analysis of Original sample

Thistable represents the mean-CVaR portfolio optimizations where the investment set consists of two assets classes viz stocks and bonds (see left
side of the table) and three assets classes viz stocks, bonds and hedge funds (see right side of the table). The non-negativity constrained for
portfolio weights along with disallowing short sales is followed. The ranges in the Mean-CVaR efficient set are divided in manner as to make the
straight comparison with other investment set.

2 Asset Class: Stocks and Bonds 3 Asset Class: Stocks and Bonds and Hedge Funds
STOCK: S&P CNX 500 Equity Index Data STOCK: S&P CNX 500 Equity Index Data
BONDS: NSE G-SEC India Bond Index BONDS: NSE G-SEC India Bond Index
HEDGE FUND: Eureka Hedge Fund India Index Data
Portfolio | Standard | Skewness | Kurtosis | Stocks | Bonds [ CVAR | Portfolio | Standard | Skewness | Kurtosis | Stocks | Bonds | Hedge | CVAR
Required | Deviation (%) (%) (%) Required | Deviation (%) (%) | Funds | (%)
rate of rate of (%)
return return
Panel A: Mean-CVaR constraint at 95% Panel B: Mean-CVaR constraint at 95%
0.159 1.747 0.825 6.604 26 974 -381 |0.183 1.674 0.772 5711 0.0 90.6 9.4 -4.08
0.243 2.088 0.019 3.248 15.8 842 -439 |[0.243 1.932 0.356 2599 6.9 79.9 132 -4.12
0.303 2,616 -0.143 1.495 252 748 -566 |0.303 2.383 0.428 0.634 7.7 66.3 259  -431
0.363 3.260 -0.180 0886 346 654 -6.83 ]0.363 3.001 0.503 0.491 75 522 403 506
0.423 3.962 -0.191 0807 439 561 -8.34 10423 3699 0.494 0.835 89 389 522 679
0.483 4.698 -0.197 0915 53.3 467 -10.08 |0.483 4.432 0.464 1.199 108 25.9 632  -8.66
0.543 5.453 -0.204 1.074 627 373 -11.81 |0.543 5.184 0.429 1.504 133 13.1 736 -10.03
0.603 6.220 -0.211 1237 721 279 -1355 |0.603 5.871 0.235 1.557 36.7 10.6 527 -11.85
0.663 6.995 0217 1388 815 185 -15.86 |0.663 6.713 0.028 1577 599 8.0 321 1437
0.723 7777 -0.224 1523 909 91  -1769 |0.723 7522 -0.036 1696 722 0.0 278  -16.56
0.781 8.541 -0.229 1.639 100.0 00 -19.47 |0.781 8.535 -0.228 1.639 99.8 0.0 02  -19.45
Panel C: Mean-CVaR constraint at 99% Panel D: Mean-CVaR constraint at 99%
0.142 1.759 1.009 6.920 0.0 100.0 -520 |0.183 1.674 0.769 5.680 0.0 90.5 9.5 -4.58
0.243 2.088 0.019 3.248 158 842 658 0243 1.886 0.581 2,007 0.0 765 235 473
0.303 2616 -0.143 1495 252 748 799 10303 2381 0.548 0.565 28 639 333 524
0.363 3.260 -0.180 0.886 34.6 654 -8.77 |0.363 2.996 0.446 0.453 106 53.8 356 -6.61
0.423 3.962 -0.191 0.807 439 56.1 -10.36 |0.423 3.698 0.255 0.639 238 46.2 300 -8.18
0.483 4.698 -0.197 0915 53.3 467 -11.79 |0.483 4.496 0.043 0.872 40.2 40.3 195  -10.72
0.543 5453 -0.204 1074 627 373 -1381 0543 5229 0.031 1123 474 298 227 1268
0.603 6.220 -0.211 1.237 721 279 -15.83 |0.603 6.151 -0.158 1.253 68.0 25.9 6.0 -15.37
0.663 6.995 -0.217 1388 815 185 -17.42 |0.663 6.960 -0.194 1.401 79.4 17.5 31 1719
0.723 7.777 -0.224 1523 90.9 91 -19.44 0723 7.756 -0.211 1.533 89.6 85 19 -19.30
0.751 8.143 -0.227 1.581 95.3 47 -20.02 |0.751 8.134 -0.221 1.585 94.7 45 08 -19.97
0.781 8.536 -0.229 1.638 99.9 01 -21.42 |0.781 8,535 -0.228 1.639 99.8 0.0 02 2141
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Table 5: Mean-Variance Analysis (Geltner Adjusted Returns)

This table presents the mean-variance analysis (MVA) with Geltner adjusted returns for optimizing portfolio, with respect to Indian Capital Market,
where the investment opportunity set consists of two assets classes viz stocks and bonds (see left side of the table) and three assets classes viz;
stocks, bonds and hedge funds (see right side of the table). This allocation procedure estimates the portfolio weights with a non-negativity
constraint. The MVA is executed by minimizing portfolio variance for a specified level of return. Monthly excess retums for the respective indexes
were employed during the period from January 2000 to June 2012. The ranges in the MVA efficient set are divided in manner as to make the straight
comparison with other investment set. The Eq. CVaRinthe table denotes the equivalent Conditional Value at Risk value calculated at the specified
probability or the confidence level for each mean-variance portfolio optimization set.

2 Asset Class: Stocks and Bonds 3 Asset Class: Stocks and Bonds and Hedge Funds
STOCK: S&P CNX 500 Equity Index Data STOCK: S&P CNX 500 Equity Index Data
BONDS: NSE G-SEC India Bond Index BONDS: NSE G-SEC India Bond Index

HEDGE FUND: Eureka Hedge Fund India Index Data
Portfolio | S.D |Skewness | Kurtosis | Stocks |Bonds | Eq Eq | Portfolio | S.D |Skewness |Kurtosis | Stocks| Bonds| Hedge | Eq Eq
Required (%) | (%) |CVAR | CVAR |Required (%) | (%) | Funds | CVAR | CVAR
rate of at at rate of (%) at at
return 95% | 99% |return 95% | 99%
Panel A: Minimum Variance Portfolio Panel B: Minimum Variance Portfolio

0.153 1.838 0814 6.578 17 983 432 -58 |0.164 1.803 0.814 6.148 00 949 5.1 -5.05  -5.61

Panel C: Efficient Set Calculation Panel D: Efficient Set Calculation

0.164 1.845 0.680 6.275 34 966 -412 -595 |0.234 2.145 0.309 2.442 76 81 103 -494 611

0.289 2724 -0.162 1475 230 770 -600 -8.28 |0.289 2.683 0.112 0.865 161 734 105 -500 -8.19
0.344 3.368  -0.205 0765 317 683 -684 -9.02 |0344 3.334 0.024 0.386 247 647 106 626 -942
0.399 4072 -0217 0588 403 597 -823 -10.63 |0.399 4.044  -0.028 0.370 332 560 108 -7.99 -10.65
0.454 4.811 -0.223 0623 489 511 -991 -1225 | 0454 4786 -0.064 0.505 47 473 110 -953 -11.41
0.509 5570  -0.227 0730 576 424 -11.93 -13.80 |0.509 5548  -0.091 0.675 502 386 112 1129 -1327
0.564 6.342  -0.232 0856 662 338 -1368 -15.50 |0.564 6.322  -0.113 0.839 587 299 114 -1305 -15.15
0619 7124 -0.236 0980 748 252 -1543 -17.53 | 0619 7105 0132 0.988 672 213 115 -1528 -17.83
0.674 791 -0.241 1.004 835 165 -17.82 -19.55 |0.674 7.894 -0.147 1.119 757 126 17 -17.11 2023
0.729 8708  -0.245 1198 921 79 -1967 -2157 |0.729 8.687  -0.160 1.234 842 39 119 -1894 2263
0.779 9.431 -0.249 1283 1000 00 -21.36 -24.04 0779 9.431 -0.249 1.283 1000 00 00 -21.36 -24.04
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Table 6: Mean-CVaR Portfolio Optimization Analysis (Geltner Adjusted Returns)

This table represents the mean-CVaR portfolio optimizations with Geltner adjusted returns where the investment set consists of two assets classes
viz stocks and bonds (see left side of the table) and three assets classes viz stocks, bonds and hedge funds (see right side of the table). The non-
negativity constrained for portfolio weights along with disallowing short sales is followed. The ranges in the Mean-CVaR efficient set are divided in
manner as to make the straight comparison with other investment set.

2 Asset Class: Stocks and Bonds

STOCK: S&P CNX 500 Equity Index Data
BONDS: NSE G-SEC India Bond Index

Do Hedge Funds still Offer Diversification Benefit?
Evidence from the Indian Capital Market

3 Asset Class: Stocks and Bonds and Hedge Funds

STOCK: S&P CNX 500 Equity Index Data
BONDS: NSE G-SEC India Bond Index

HEDGE FUND: Eureka Hedge Fund India Index Data

e 1% W=
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Portfolio | Standard | Skewness | Kurtosis | Stocks | Bonds [ CVAR | Portfolio | Standard | Skewness | Kurtosis | Stocks | Bonds | Hedge | CVAR
Required | Deviation (%) (%) (%) Required | Deviation (%) (%) | Funds | (%)
rate of rate of (%)
return return
Panel A: Mean-CVaR constraint at 95% Panel B: Mean-CVaR constraint at 95%
0.158 1.840 0.756 6.455 25 975 -4.09 |0.199 1.907 0575 4.043 16 87.3 1.0 -418
0.243 2.269 -0.036 2.863 158 842 -502 |[0.243 2.230 0.368 1.788 6.2 79.2 146 -4.54
0.303 2.880 -0.179 1215 252 748 -6.07 |0.303 2.922 0.370 0.337 8.2 66.0 257 5.1
0.363 3.606 0211 0665 347 653 -7.36 |0.363 3.707 0.327 0.268 131 543 327 647
0.423 4392 -0.220 0588 441 559 -896 0423 4503 0.260 0466 205 438 37 826
0.483 5.209 -0.225 0.675 535 465 -11.10 |0.483 5.337 0212 0715 275 33.2 393 -10.15
0.543 6.046 -0.230 0.807 62.9 37.1 -13.01 |0543 6.119 0.118 0.886 39.7 251 352 -11.96
0.603 6.896 -0.235 0.944 723 277 -1492 |0.603 6.995 0.102 1.102 458 14.0 402 -13.79
0.663 7.753 -0.240 1.072 81.7 183 -17.45 |0.663 7.751 -0.060 1142 66.8 10.6 226 -15.65
0.723 8616 -0.245 1187 912 88 -19.46 |0.723 8617 -0.074 1282 752 06 242 -1750
0.779 9.426 -0.249 1.282 99.9 01 -21.34 |0.779 9.425 -0.248 1.283 99.8 0.0 0.2 -21.33
Panel C: Mean-CVaR constraint at 99% Panel D: Mean-CVaR constraint at 99%
0.142 1.845 0.935 6.798 0.0 100.0 -5.69 |0.199 1.913 0.622 3787 0.0 86.5 135  -548
0.243 2.269 -0.036 2.863 158 842 641 10243 2.305 0519 1.281 0.0 760 240 531
0.303 2880 -0.179 1215 252 748 -865 10303 2906 0.349 0.348 9.3 666 242  -6.46
0.363 3.606 -0.211 0.665 34.7 653 -9.57 |0.363 3614 0.208 0.226 197 57.6 227  -8.05
0.423 4.392 -0.220 0.588 441 559 -11.34 |0.423 4.385 0.091 0.379 30.7 49.0 203 978
0.483 5.209 -0.225 0.675 535 465 -12.85 |0.483 5.193 -0.003 0.587 42.1 40.7 173 -1211
0.543 6.046 -0.230 0807 629 371 -1504 0543 6.026 0.132 0779 571 34.1 89 -1425
0.603 6.896 -0.235 0.944 723 27.7 -16.94 |0.603 6.879 -0.162 0.941 67.2 25.1 7.7 -16.52
0.663 7.753 -0.240 1072 817 183 -19.14 [0.663 7.739 -0.188 1080 776 16.1 63 -18.80
0.723 8616 -0.245 1.187 91.2 88 -21.35 |0.723 8.611 -0.228 1.192 896 8.1 23 -21.22
0.751 9.021 -0.247 1.236 955 45 -22.38 |0.751 9.020 -0.244 1237 95.3 43 04  -22.36
0.779 9.426 -0.249 1.282 99.9 01 -2403 |0.779 9.425 -0.248 1.283 99.8 0.0 02  -24.02
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Figure 1: Eureka Hedge India Hedge Fund Index vs. Equity India S&P CNX500 Index
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Figure 1: Eureka Hedge India Hedge Fund Index vs. Equity India S&P CNX500 Index
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