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ABSTRACT
In the last few years, there has been a growing level of dissatisfaction among investors with hedge
funds whilst the financial markets have witnessed a shift toward more passive investing, that is,
from actively managed Exchange Traded Funds (ETFs) to low cost passive ETFs.
This thesis aimed at analyzing the performance of hedge funds and ETFs over the last five years
using several risk performance measures. Other asset classes were added to enable an in-depth
analysis and comparison. Finally, using the mean-variance technique, a portfolio was created and
optimized.
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1. INTRODUCTION
With ever growing complexity in the financial markets and new assets classes available, asset
managers are employing different investments strategies while investors are facing with a dilemma
as which one to choose amid the clamour that all claim to deliver high returns while minimizing
risks. Because of their large assets under management, hedge funds and exchange-traded funds
(ETFs) have always occupied a pivotal role in the financial markets. And during the recent years,
the financial markets have witnessed a transition from active investing to passive investing when
it comes to ETFs. As for hedge funds, whilst charging higher fees and by not delivering the return
that they promise (Roche, 2015), result in investors pulling their money out, $70 billion in 2016,
which was the highest since 2009 (Flood, 2017).
Recent studies have shown that three-quarters of large investors were disappointed by the
performance of their hedge fund portfolios in 2016 (figure 1) marking the highest level of client
dissatisfaction and these large investors wanted to add new managers or use different strategies to
diversify their portfolio and are keen with hedge funds that are less correlated with the market and
offer more protection against volatility (Flood, 2017).
As far as ETFs are concerned, the trend is shifting and more investors are making the switch from
high-priced, actively managed mutual funds to passive, low-cost, ETFs and index funds
(Balchunas, 2016). Active mutual funds enjoy an asset-weighted average fee of 0.72 percent, three
times that of ETFs and seven times that of traditional index funds. Figure 2 shows how investors
have pulled their money out from actively managed funds and poured it into passive ETFs and
index funds.
Hedge funds analysis and performance have merely been explored compared to other assets
classes. The most recent and only study where different assets classes were analysed and compared
were published in 2014. That is, Active ETFs and their performances were analysed vis-à-vis
Passive ETFs, Mutual Funds, and Hedge Funds (Schizas, 2014). The data span extends from April
16, 2008 to March 4, 2010 which means that it is not timely to explain the changes that have
occurred in the industry recently. As such, from an investor’s perspective, we have proposed a
more in-depth performance analysis of hedge funds vis-à-vis other assets classes from 2012 to
2017. This have enabled us to conclude whether hedge funds industry was really underperforming
during these recent years. Besides being more accurate, our studies are more relevant and timely
to reflect the current state of the industry. Hedge fund performance evaluation is a timely and
challenging topic and finance researchers have only begun to study all the intricacies of hedge
fund returns (Li, Xu and Zhang, 2016). Hence, through this research, we have positively
contributed towards this growing literature on the performance of hedge funds.
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In addition to hedge funds, we have added other major assets classes such as active and passive
ETFs, factor indices, traditional equities and bonds. Besides the performance analysis of the ETFs,
the impact of the Fama and French risk factors, which is a multi-factor model, was examined on
the returns of the ETFs. A multi-factor model is a financial model that employs multiple factors in
its computations to explain market phenomena and/or equilibrium asset prices (Investopedia,
2017).
The level of dependency of the different hedge funds strategies (see definition in section 1.5) was
analysed vis-à-vis the other assets classes. Based on the results obtained, we have optimized our
portfolio and conclude if the hedge funds returns have any practical implementation by adding
value and contributing towards a better portfolio diversification and optimization. As stated above,
large investors are keen to use different strategies to diversify their portfolio, thus, we have
considered the practical implementation as far as hedge funds strategies are concerned.
Based on the above, we have formulated our research questions as follows:
Over-arching question:
1. How did hedge funds and ETFs performed during the last five years?
Sub-research questions:
1. How attractive are hedge funds and ETFs returns after accounting for risk measures and
factors?
2. How does hedge funds interact vis-à-vis traditional assets classes, risk factors and ETFs in
the last five years?
3. By adding hedge funds to a portfolio, do they bring diversification and optimization?
1.1 Research benefits
This research is going to benefit any potential individual investors, institutional investors and fund
managers. Since the merits of the various major assets classes were determined through this
research, it can act as a means of guidance for investors as to where to divest and invest in order
to reap the highest returns. As highlighted in the introduction above, this research has precisely
analyze the diversification benefits of these assets classes through the sub-research question thus
showing to investor whether by adding hedge funds to their portfolio have helped them spreading
their risk. This research has also updated and add to the current academic literature available on it.
1.2 Suitability of the researcher
This research involves the applications used in quantitative finance. The researcher has been
exposed to such applications in the module “Quantitative application for finance” which was
studied at the Dublin Business School. This has enabled the researcher to build up a foundation on
which he can take his knowledge to a next level through this research.
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1.3 Costs and project management
The data used in this research are freely available to all researches resulting in no additional costs
for the researcher in doing this research.
1.4 Limitations
This research contains an analysis of active and passive ETFs as well. As for hedge funds, equities
and bonds, there is an index for each, thus enabling us to assess the performance of these assets.
As far as ETFs are concerned, there are no such indices because ETFs themselves track an index.
Therefore, we are face in a situation where we have to apply sampling technique as explained in
section 3.2.5. To make this research simple and possible, we have pick a few ETFs (case study)
but this can never be used as a representative of the whole of the active and passive ETFs available.
We have therefore applied some judgement when it comes to picking the right ETFs so that we
get an idea of how they performed.
1.5 General Definition
In an article published by the European Central Bank (2005, p.6), hedge funds were defined as
“any pooled investment vehicle that is privately organized, managed by professional investment
managers and not widely available to the public”.
The following definition was taken from Investopedia (2017):
•
•
•

Exchange Traded Funds (ETFs) is a marketable security that tracks an index, a commodity,
bonds, or a basket of assets like an index fund.
Passive ETFs are index funds that track a specific benchmark, such as a SPDR. Unlike
actively managed ETFs, passive ETFs are not managed by a fund manager on a daily basis.
Active ETF is an exchange-traded fund that has a manager or team making decisions on
the underlying portfolio allocation or otherwise not following a passive investment
strategy.

The following are various investment strategies employed by hedge funds and the definition was
taken from (Eurekahedge, 2017):
Arbitrage
This involves the purchase of an asset followed by immediate resale, exploiting pricing
inefficiencies in a variety of situations in similar or different markets. The most basic form of
arbitrage is triangle arbitrage, where an asset is being sold at two different prices at different
markets.
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CTA/Managed Futures
This involves investing in commodity futures, options and forex contracts either directly or
through a Commodity Trading Advisor who is registered with the Commodities Futures Trading
Commission.
Event Driven
This involves exploiting opportunities in specific situations, such as mergers, public offerings,
leveraged buyouts or hostile takeovers, and is generally unaffected by the movements in the market
or trends.
Fixed Income
This involves investing in fixed income securities (long, short or both) and/or fixed income
arbitrage (exploiting pricing anomalies in similar fixed income securities) opportunities, usually
along with the use of leverage. For this strategy, they may focus on interest rate swaps, forward
yield curves or mortgage-backed securities.
Long/Short Equity
This involves the attempt to hedge out market risk by investing on the long (buy then sell as prices
rise) as well as short (borrow, sell and buy as prices go down, and settle the loan) side of the equity
markets.
Global Macro
This is a top-down strategy that tracks and profits from global macro-economic directional shifts
or changes in government policies. This, in turn, affects foreign currencies/economies, interest
rates and commodities. Managers using this strategy are usually involved in all kinds of markets,
such as equities, bonds, etc.
Dedicated Short Bias
This is a sub-strategy of the Long/Short Equity style which uses only short positions. This strategy
experiences great losses in when the stock market is up and tries to recover when there is a crisis.
Emerging Markets
This strategy relates to invest in various asset classes like equities, bonds and commodities in
emerging markets around the world. Although emerging countries sometime face instability, yet
many hedge fund manager believe that they still represent great investment opportunity.
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2. LITERATURE REVIEW
2.1 LITERATURE INTRODUCTION
Going back to 1949, an investment partnership was first established by Alfred Jones and was
considered as the first hedge fund ever. Since the 1920s, many wealthy individuals and institutional
investors have been interested in hedge funds or ‘private investment vehicles’ (Jaeger, 2003), and
by 1968 there was an estimated 140 live hedge funds. In 1984, the number had dropped to 68
(Lhabitant, 2002). The bear markets of 1969-70 and 1973-74 caused many hedge funds to suffer
significant losses and they became out of fashion until 1986 when an article in Institutional
Investor documented the superior performance of Julian Roberston’s Tiger fund, providing an
annual return of 43% during the first six years of its existence (Agarwal and Naik, 2002). From
then onward, particularly in the 1990s, there was an explosive growth in hedge funds and some
gargantuan phenomena along which help keeping hedge funds in the limelight like the losses of;
LTCM in 1990, George Soros’ Quantum Fund in 1998 and more recently Madoff Ponzi scheme
in 2008.
According to Soydemir, Smolarski and Shin (2014), there is high demand for researches on hedge
funds, however, there are few studies in this fields. This can be attributed to the lack of reliable
data and the limited access to databases dealing exclusively with hedge funds. The same authors
use data from Barclays and compared cumulative monthly hedge funds returns of equally weighted
portfolios, management fees and performance fees for various types of funds. Second, they
examine determinants that lead fund managers to offer a hurdle rate and third, what factors have
an impact on performance.
The relationship between hedge funds performance, risks and fees was examined by Liang (1999)
using the monthly returns of 385 hedge funds. Agarwal et al. (2004) examine the causes of funds
flows and performance. They find that hedge funds with less lock up periods, good recent
performance and greater inducements tend to experience more money-flows. Do et al. (2005),
study the performance of 71 Australian hedge funds. They report that Australian hedge funds
outperform the market and that the Fama and French (1993)’s three factor model further extended
by Capocci (2004), explains the hedge funds performance to a greater extent.
Agarwal and Naik (2000) study the persistence in hedge funds performance and sensitivity of the
observed persistence to returns in the short and long-run. They find that a considerable amount of
persistence is observed in the short run while persistence is reduced over longer time horizons.
Kouwenberg and Ziemba (2007) study the effect of incentive fees and managers’ own investments
in the Hedge funds. They find that incentive fees result in the managers to take more risk. However,
risk taking is significantly reduced when the managers are the major shareholder in the hedge
funds. They also prove that hedge funds using incentive fees have lower mean returns.
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As far as ETFs are concerned, there is a lack of related empirical evidence on the relative
performance of active ETFs but there are numerous studies on passive ones (Schizas, 2014).
Rompotis (2009) examined the performance and the bid-ask spread of the first four active ETFs.
Hasbrouck (2003) focuses on the intraday price formation in the U.S. equity markets. Huang and
Guedj (2009) develop an equilibrium model to explore whether an ETF is a more efficient indexing
vehicle than an open-ended mutual fund. Gleason, Mathur, and Peterson (2004) use intraday data
to examine herding behavior during periods of extreme market movements using nine sector ETFs
traded on the American Stock Exchange. Likewise, Chen et al. (2011) study the trading behavior
of institutional investors in the ETF market from 1993 to 2007 and Hamm (2014) studies the effect
of ETFs on stock liquidity and reports that highly diversified ETFs benefit more from liquidity
inflow than sector ETFs. Gastineau (2001) analyses the ability of the ETFs to replicate its index.
Elton et al. (2002) and Frino et al. (2004) analyze the correlation between net asset value and
trading prices.
Whilst there have been numerous literature on the performance of the hedge funds industry and
ETFs industry alone, studies on hedge funds performance vis-à-vis other assets classes has been
lacking. The most recent one where active ETFs was compared to passive ETFs and Hedge Funds
has been mentioned in section 1 above (Schizas, 2014). The studies found that passive ETFs
outperformed active ones and mutual funds while having a unidirectional relation between the
active funds and hedge funds. In this thesis, the trend which was identified as set out in the
introduction (section 1), that is, the growing dissatisfaction of institutional investors with hedge
funds and a paradigm shift towards more passive investing form the very cornerstone of our
research. Furthermore, besides hedge funds, we consider other asset classes (traditional equities,
bonds and factor high exposure indices) for our analysis. The risk performance measures used,
data selected, time span, asset classes chosen and portfolio constructed in this thesis differentiate
it from the previous research as explained above.
In the asset management industry, performance is vital because not only investor returns are based
on the funds’ performance but also the fund manager whose pay is linked to the performance as
well. Therefore, performance measurement is a fundamental part of investment analysis and risk
management. The performance measurement can be divided into two major approaches, the
returns-based and the portfolio holdings-based. Returns-based approaches depend on less
information from fund managers, hence particularly useful where little information is disclosed,
especially in the hedge fund industry. Returns-based data are also available on a more regular
basis, even where portfolio holdings are on hand. The returns-based performance approach is the
focus of this study.
In the next sections, we mention the previous researches on hedge funds and ETFs performance
from which we have based ourselves to build up this research.
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2.2 LITERATURE THEME ONE – RISK PERFORMANCE MEASURES
Various researches have been done in the past using different risk measures and the results
obtained are far from being identical because of the size, quality and methodology of the hedge
funds database used. Another possible explanation for the differences in studies is the reason of
analyzing the performance at different point in time. For this research, we have used the risk
measures that are supported by academic literature by firstly introducing the theory behind each
risk measure followed by the relevant empirical studies that back it up. And according to Jaggi,
Jeanneret and Scholz (2011, p.134) mentioned that numerous academic literatures have covered
the characteristics of hedge funds, as well as the properties of their return distribution. These
literatures have also proposed several risk performance models that accommodate for these
characteristics. Models based on Modified Value-at-Risk, Omega measure and on higher moments
optimization have proven to outperform the traditional mean-variance optimization framework.
They all rely on different risk measures that take into account the non-normality of the hedge fund
returns. Below is the list of the risk performance measures that have been used.
2.2a Sharpe Ratio
Although the Sharpe ratio, introduced in 1966 by William F. Sharpe, which is a measure that
assumes normality in the returns distribution (Mahdavi, 2004), will be used only for comparison
purposes with other risk measures which take into account the higher order moments. Thus, we
will be able to understand to what extent the higher order moments affect the returns of hedge
funds. The formula for the Sharpe ratio is given by:
 − 
ℎ 
=
(1)

Where:
 = Portfolio mean return
 = Risk free rate
 = Portfolio standard deviation
2.2b Modified Sharpe Ratio (MSR)
The modified Sharpe ratio is an amendment to the Sharpe ratio mentioned above, to account for
the higher moments. In analyzing the performance of hedge funds, Do et al. (2005), find that the
use of conventional methods to measure performance such as Sharpe ratio is inappropriate. They
employ the modified Sharpe ratio which we have also applied in this thesis. See 2.2c for the
explanation of how it was used with the modified VAR. The formula for the modified Sharpe ratio
is given by (Malhotra, 2014):
MSR =
Where:
 = Portfolio mean return
 = Risk free rate
$%& = Modified Value at Risk
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 − 
$%&'()

(2)

2.2c Modified Value-At-Risk (MVAR)
Ever since the collapse of the Long-Term Capital Management in August 1998, VAR has played
a paramount role as a risk management tool for large banks, investment firms and pension funds.
It has also emerged as a dominant measure of risk in finance literature, however, its simple version
presents some limitations (Gregoriou and Gueyie, 2003). Thus, the MVAR has been introduced
because it takes into account the third and fourth moments of a distribution besides mean and
standard deviation. According to the authors Gregoriou and Gueyie (2003, p.82), MSR must be
used to measure the risk adjusted returns and by using both the MVAR and the MSR will enable
investors to obtain a more accurate picture without any bias. The concept of Modified VaR is based
upon the Modified Sharpe Ratio (MSR) wherein the denominator of Sharpe ratio is modified to
account for the higher (third and fourth) moments of the returns distribution. Sharpe ratio which
is a measure of risk-free rate per unit of risk, risk being measured in terms of portfolio’s standard
deviation, is modified by using the Cornish-Fisher expansion (Cornish and Fisher, 1938) to get the
MSR. Cornish-Fisher expansion transformation helps transform a standard Gaussian random
variable Z∝ into a non-Gaussian Z-. random variable as follows (Malhotra, 2014, p.16):
$%'() = / − 0-. 

(3)

Where:
/ =    1 23  43
 =    1 5 366 67  3
0-. 5 5 2 6 45 38 94 3 (4)
0-. ≈ 0∝ + (0∝? − 1)

5
D
5?
+ (0∝B − 30∝ )
− (20∝B − 50∝ )
6
24
36

Where:
0∝ = G H1 714  2 ℎ 3 21 6 5  I4
 = DJ355
K = K4 5 5

(4)

3

By replacing equation (4) in (3) above, we obtain the MVAR for the distribution. The expression
for MVaR, $%'() represents a better estimate of VaR at a c% confidence level, where c =
100(1 – α), µ = mean of the portfolio returns, and 0∝ = critical value from the normal distribution
for the specific confidence interval. However, there is a limitation for the MVaR when higher
confidence intervals (e.g. 99%) are used, they cause the results to go further into the left tail of the
and become erroneous. Another limitation is the unreliability of MVaR in the case of highly
skewed and fat-tailed returns (Malhotra, 2014, p.16).
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2.2d Jensen’s Alpha
Another risk measure is that of Jensen’s alpha. Introduce in 1968, it is an excess and risk-weighted
rate of return. Determining alpha coefficient is a method for assessing investment strategies when
it comes to the performance of hedge funds. This part of the strategy is not accounted for by beta
risk, which stems from the exposition to market changes. The manager must be able to generate
alpha and at the same time not to take beta risk. From statistical point of view, alpha is an absolute
term in linear regression equation assessing the effective management of investment fund proposed
by M.C. Jensen (Aspadarec, 2013, p.178). The only problem will be that there is no specific index
to compare all the styles of hedge funds which invest in different assets classes using different
investment strategies. Since previous studies have used the S&P 500, which is one of the most
reputable and widely used index for research purposes and has already been used as a benchmark
for hedge funds’ performance analysis in many cases in the past, (Stulz, 2007) and (Amin and Kat,
2003), hence we will stick to the S&P 500. The formula for the Jensen’s Alpha is given by
(Gregoriou, 2002, p.331):
L − .L = M + NOPL − .L Q + RL

(5)

Where:
L − .L = ℎ SH55  43     1  64 38  6 7 ℎ 30 6U V. . X I 11
M = ℎ 43H 36
31 254  51H 3 I 1 5
N = ℎ 43H 36
31 I 
PL − .L = ℎ SH55  43 3 ℎ I3Hℎ2D 64 38  6
RL = ℎ 36 2   2 3  6
According to Gregoriou (2002, p.331), positive and statistically significant values represent
superior funds’ performance. Therefore, in this thesis, we have assessed the significance of alphas
for those asset classes that have generated positive alphas. However, the Jensen’s Alpha model is
far from being perfect. Fama (1972) suggested that the performance of portfolio managers can be
split into two integral parts, selection and market timing. And that the alpha, based on the CAPM,
does not consider market timing. That is, CAPM predicts that the intercept term is zero when there
are no superior returns. Market timing expressed the manager’s ability to time the allocation
between hedge funds and cash to seize gains in up markets and avoid losses in down markets.
More advanced models can be used to consider the market timing ability, they are the ones
proposed by Treynor and Mazuy (1966) and Henriksson and Merton (1981).
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2.2e Calmar Ratio
Initially introduced by Young (1991), as an alternative to the Sharpe ratio, the Calmar ratio is a
downside risk performance measure which uses maximum drawdown to penalize risks. The
maximum drawdown (MDD) represents the maximum cumulative loss from a market peak to the
following trough. It is a measure of how sustained one’s losses can be and is particularly important
in the assessment of the performance of funds, hence our research. This is so because large
drawdowns usually lead to fund redemptions, and so the MDD is the risk measure of prime
importance for asset management professionals. A reasonably low MDD is critical to the success
of any fund (Magdon-Ismail and Atiya, 2004). The MDD is related to the Calmar ratio which is
given by the formula:
G12 =

&3341 Y6  43
$S 242 ZJ6 J3

(6)

Except in table 5, the formula given below for annualized return has been used for all the relevant
computations in this thesis. It is the geometric average amount of money earned by an investment
each year over a given time period (Investopedia, 2017):
&3341 Y6  43 = (1 + H42241 7  43)(B[\⁄]^_` abcd) − 1

(7)

In table 5, because we have the closing prices for the ETFs, we have used the annualized
performance rate of return (Investopedia, 2017):
(f + h)
&f = g
i
f
Where:
&f = ℎ 3341 Y6  23H  ℎ lXm5
f = ℎ 3 1 375 23 ( 3H 1)
h = ℎ 8 35  1 555
3 = ℎ 342I  U5
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(7.1)

2.2f Omega Ratio
Another alternative to the Sharpe ratio is the Omega ratio. Introduce by Shadwick and Keating
(2002) under the banner of being a universal performance measure, we find it relevant in the
context of our research where hedge funds are implicated. As a measure which take into account
the return distribution in its entirety and requires no parametric assumption of the distributions,
the Omega ratio considers returns above and below a given return threshold and determines the
probability-weighted ratio of gains to losses relative to the return threshold. Mathematically this
is defined as (Van Dyk, Van Vuuren and Heymans, 2014):

Ω(o) =

r

∫q O1 − m(L )Q6
r

∫q m(L )6

(8)

Where:
Ω(τ) = the Omega ratio estimated at a given threshold (τ)
L = the random one period return on an investment
F(.) = the cumulative density function (cdf) of an investments’ total returns
Therefore, at a given level of threshold, the Omega estimate is the probability-weighted ratio of
gains to losses relative to the chosen threshold (Cascon, Keating and Shadwick, 2003). As for any
investor returns above the loss threshold are considered as gains and returns below as losses. In
this thesis, we have selected the one-month U.S. T-bill as the threshold return and computed the
Omega ratio as the ratio of gains to losses. See section 2.2g below for further explanation.
It is to be noted that the Omega ratio is not perfect, there are many extensions of the Omega ratio,
namely Sharpe-Omega, Excess Omega Return and G-Omega. All if apply will lead to a better
assessment of the returns of the funds.
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2.2g Sortino Ratio and Kappa
Besides the Omega ratio mentioned above, the Sortino ratio is another one which is closely related
to the Sharpe ratio. It was first introduced by Sortino and van der Meer (1991), and does not assume
that returns are normally distributed and hence very much applicable in our research. Like the
Omega ratio, the Sortino ratio focus on the measure of the difference between the average return
and a return threshold or minimum acceptable return (MAR) (often the risk-free rate as in this
thesis) and the downside volatility, i.e., returns below the threshold or MAR. The Sortino ratio is
given by (Shadwick and Keating, 2002):
Sortino

/−o

}

|pr(o − L )? 6m ()

(9)

Where:
/
ℎ 78  43
o
ℎ Hℎ 53  43 ℎ5ℎ 16
L
ℎ 36 2 3  6 436  43
m(. )
ℎ H42241 7 635 U 43H 3  ℎ  435 3 375 23 5
X
ℎ 521 5 Y 2546 3 3 715 
It is to be noted that in this thesis, like with the Omega ratio, we have not used the cumulative
density function of the returns because we are calculating the Omega and Sortino ratios for each
asset class at a time. The probability weighted calculations would be applicable if different asset
classes were analyzed at the same time and not all of them have the same number of data points.
And as and when the returns information is updated regarding these assets, the probability
distribution will change affecting the Omega and Sortino ratio. In our case, it is not applicable as
all the assets have equally five years of data and are analyzed for equally the same period.
In addition to equation (9) above, the Sortino ratio can be redefined with the downside deviation
interpreted as the square root of the Lower Partial Moment (LPM) of order 2, giving us a version
of the Sortino ratio where LPM is used as a risk measure (Kaplan and Knowles, 2004):
Sortino

/−o

~f$? (o)



(10)

To reveal a more generalized risk-adjusted performance measure Kaplan and Knowles (2004)
created the Kappa-measure. They showed that both the Omega and the Sortino ratio are merely
special cases of Kappa, as the n parameter determines if the Omega, Sortino or a different riskadjusted measure is produced. Harlow (1991) defines the nth lower partial moment function as:
f$j (o)
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L

(o − )j 6m()

(r

(11)

By substituting Equation (11) into Equation (9), we reach an alternative yet wholly equivalent
definition of the Sortino ratio (Equation 10). Kappa (K), is a generalization of this quantity (Kaplan
& Knowles, 2004)), thus:
Kj (o)

/−o

~f$j (o)



(12)

From equation (12), the Sortino Ratio is K? (o), with (o) being the investor’s minimum acceptable
or “threshold” periodic return. As for the Omega ratio, it will be equal to K' (o) + 1.

Kj is defined for any value of n exceeding zero. Thus, in addition to K' and K? , any number of Kj
statistics may be applied in evaluating competing investment alternatives or in portfolio
construction. According to the author, Kappa should be used to rank investment. In this thesis, we
have used n 1 for the Kappa measure. Although we could have used higher number for n, we
have preferred to keep it simple leading to adding 1 to our results, we obtained the Omega ratio
and by changing the order n = 2, we obtained the Sortino ratio. An important point to note that
base on the choice of the Kappa n parameter, return rankings are, however, materially affected.
Large values of n will penalize large deviations more than low values. The results obtained could
have differ based on the choice of Kappa’s n parameter.

2.3 LITERATURE THEME TWO - RISK PERFORMANCE MEASURES (ETFs ONLY)
In addition to the risk performance measures mentioned in section 2.2 which were used to assess
both hedge funds and ETFs, we now introduce the other metrics which were used to assess ETFs
only. Below, we define those risk measures which were used, with definition and formulas taken
from Investopedia (2017).
2.3a Annualized Volatility
The annualized volatility is defined as the annualized standard deviation of the returns. Volatility,
defined as the standard deviation of returns, measures the dispersion of returns around their mean.
It is calculated as the standard deviation of monthly returns over a 12-months investment horizon
and annualized (that is, multiplied by square root of 12). The formula is given by:
&3341 Y6 7 1 1 U  × √12
Where:
 2 3 ℎ1U 5 366 67  3  ℎ lXm  43
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(13)

2.3b Leverage factor
The leverage factor reports a comparison of the total risk in the ETF with the total risk in the
market portfolio. For example, a Leverage Factor of less than one indicates that the risk of the ETF
is greater than the risk of the market index, and that the investor should consider unlevering the
ETF by selling off part of the holding in the ETF and investing the proceeds in a risk-free security.
On the other hand, a Leverage Factor greater than one implies that the standard deviation of the
ETF is less than the standard deviation of the market index, and that the investor should consider
levering the ETF. The formula is given by:
78 H 
Where:
P  366 67  3  ℎ I3Hℎ2D
 5 366 67  3  ℎ lXm

P


(14)

2.3c Treynor Ratio
Introduced by Treynor (1965), it evaluates the excess returns of an ETF over the risk-free rate
relative to the “market” risk (beta) of the ETF. Good performance efficiency is measured by a high
ratio. It is also known as the “reward to volatility ratio”. The formula is given by:
XU3  
Where:
 &78  43  ℎ f   1
.  5D   
   ℎ    1 J ℎ 5H


 − .


(15)

5 36S

2.3d M-Square
Modigliani and Modigliani (1997) did some pioneering work in the field of financial reward and
risk. The M-Squared Metric, which they introduced helps to see how the ETF outperforms the
benchmark return to which it has had its risk profile matched. It does so by interpreting the fund’s
return as the return that would have been produced had the fund’s volatility been equal to that of
the market benchmark. The formula is given by:
$?

 − .
g
× P i + .


Where:
 &78  43  ℎ f   1
.  5D   
P  366 67  3  ℎ I3Hℎ2D
 5 366 67  3  ℎ lXm
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(16)

2.3e Relative Return
Relative return is defined as the ETF’s return in excess of the return of the declared benchmark
(outperformance). It is calculated as the difference between the annualized return of the ETF and
the annualized return of its declared benchmark, computed from monthly returns.
1 7  43

& − &P

Where:
& &3341 Y6  43  ℎ    1
&P &3341 Y6  43  ℎ I3Hℎ2D

(17)

2.3f Tracking Error
Tracking error refers to the divergence between the price behavior of an ETF and the price behavior
of its benchmark. It is reported as a standard deviation percentage difference, which reports the
difference between the return an investor receives and that of the benchmark which the ETF
attempts to imitate. The formula is given by:
Tracking Error =  ( − P ).

(18)

Where:
 =  366 67  3
 =  435  ℎ f   1
P =  435  ℎ I3Hℎ2D
2.3g Information Ratio

The information ratio compares the residual return of an ETF (that is, the difference between the
return of the ETF and the return of its declared benchmark) to its residual risk (i.e. the tracking
error). It measures a portfolio manager's ability to generate excess returns per active risk taken
relative to a benchmark. The formula is given by:
3 2



Where:
& = &3341 Y6  43  ℎ    1
&P = &3341 Y6  43  ℎ I3Hℎ2D
Xl = XHD 38  
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=

& − &P
Xl

(19)

2.3h Tracking Error Value at Risk (VaR)
The Tracking Error VaR measures the maximum amount of tracking error that the ETF can
experience at a 95% confidence level. This means that there is only a 5% chance that the ETF will
experience a tracking error that is greater than the indicated tracking error VaR. Parametrically,
we simply scale the standard deviation by the normal deviate as given by the following formula:
XHD 38 l  % Xl × $%(f II 1 U)
Where:
Xl XHD 38  
$% Xℎ SH1 43H 3 Jℎ Hℎ H1H41 5 ℎ 375  ℎ  366
 21 G4241 7 Z 5  I4 3 m43H 3    541 6  II 1 U 714
f II 1 U 95%

(20)

2.4 LITERATURE THEME THREE – FIVE FACTOR MODEL (ETFS)
Besides the risk performance measures mentioned above, multi-factor model will also be used to
assess the efficiency of the ETFs. There is empirical research that the single market factor used in
the Capital Asset Pricing Model (Sharpe, 1964) does not fully capture the cross-sectional variation
of expected stock returns when Fama and French (1993) develop the multi-factor models that
account for a range of priced risk factors. Their researches have highlighted two important factors,
that is, a size factor related to the company’s market capitalisation and a value factor related to the
book-to-market ratio. The Fama-French three-factor model has been extended by Carhart (1997)
who included the momentum factor. More recently, Fama and French (2015) proposed a FiveFactor Asset Pricing Model including operating profitability and investment patterns as new
factors.
The empirical research carried out by Schizas (2014) mentioned in section 2.1 above uses risk
factors to search for alpha and beta asymmetry. Thus, we have incorporated risk factors as well in
our performance evaluation of the passive and active ETFs. The Fama and French factor model
which is not perfect or cutting edge, however, it is a solid workhorse to work with in assessing the
efficiency of the ETFs. For example, if one factor beta is the reason for 70% of the portfolio
returns, then with the help of the five-factor model, the percentage will jump higher though not to
100%. Besides the ETFs benchmarks, the five Fama and French factors have been used. These
factors are further explained below.
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According to Fama and French (2015), the 5 factors are constructed using the 6 value-weight
portfolios formed on size and book-to-market, the 6 value-weight portfolios formed on size and
operating profitability and the 6 value-weight portfolios formed on size and investment. To
construct the SMB (Small Minus Big), HML (High Minus Low), RMW (Robust Minus Weak)
and CMA (Conservative Minus Aggressive) factors, stocks are sorted into two market
capitalization and three respective book-to-market equity (B/M), operating profitability (OP) and
investment (INV) groups at the end of each June. Big stocks are those in the top 90% of June
market capitalization and small stocks are those in the bottom 10%. The B/M, OP and INV
breakpoints are the 30th and 70th percentiles of respective ratios for the big stocks. Rm-Rf is the
excess return on the market.
After introducing how the 5 factors are constructed above, we now arrived at the following
regression model which was used in this thesis:
 − 

M + N' (2 − ) + N? ($ ) + NB ($) + N ($)
+ N\ (G$&)

(21)

Where:

 −  lSH55  43  ℎ lXm I 7 ℎ  5D   
M &1ℎ  SH55  43
N'
  J ℎ 5H
ℎ 2D
N?
  J ℎ 5H
$
NB
  J ℎ 5H
$
N
  J ℎ 5H
$
N\
  J ℎ 5H
G$&

For the passive ETFs, the M that were expected was zero or even negative. This is so because
passive ETFs are not constructed to obtain any extra return than the market. Given that ETFs
charge an expense ratio for their services, the value of M is expected to be negative and close to
the average monthly expense ratio.
An important point to be noted is that there is limitation as far as the above model is concerned.
Whilst the regression analysis conducted with the model enable the exposures of an ETF to
renowned systematic factors to be measured, yet the alpha generated is sensitive to the choice of
the factor model used (Le Sourd, Lodh and Badaoui, 2017, p.27). The authors used the CAPM
single-factor, Fama 3-factors and Carhart 4-factor model to prove this sensitivity. The effect of
this is that any additional factors will not reveal the complete picture of the performance that is
ascribed to systemic risk. As such, alpha simply mirrors the incomplete capture of the returns by
the different factor models
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2.5 LITERATURE THEME FOUR – PORTFOLIO OPTIMIZATION
Initially introduced in by Markowitz (1952), and the most popular formulation of portfolio
optimization, it maximizes the portfolio’s returns while at the same time to minimize the level of
risk by carefully choosing the proportion of assets in the allocation process. The portfolio’s returns
are calculated as a weighted combination of the assets’ returns while risk is defined as the returns’
standard deviation. Figure 43 showed the minimum-variance frontier of risky assets which provide
the highest possible return for a given risk and vice-versa, that is, the lowest possible risk for a
return. Depending on the investors risk appetite, the trade-off between the risks and returns will be
determined. The optimum trade-off is on the efficient frontier as shown in figure 43, that is, above
the dotted line and to the right. Assets located below the efficient frontier are considered
inefficient, because other assets can achieve higher expected return at the same risk.
Figure 44 showed the capital allocation line (CAL). The return on the efficient frontier represents
the highest risk/reward ratio, this is denoted by P the optimum position for any investor. The CAL
is completed by merging the market portfolio with a risk-free asset. This is shown as the line
tangent to the efficient frontier. Again, depending on the investors risk appetite, they can move up
or down the CAL. Moving up will increase the risk whereas moving down will decrease the risk
because the portfolio assets are being sold and reinvested in the risk-free asset.
However, this modern portfolio theory or the standard mean-variance portfolio selection
techniques are said to suffer from a number of shortcomings and the problems are exacerbated in
the presence of hedge funds, real estate investment trusts and commodities in the investment
universe (Glawischnig and Seidl, 2011). This is so because the standard mean-variance
optimization does not address serial correlation in asset returns. The empirical findings for monthly
data from August 1994–August 2009 suggest that the incorporation of skewness and kurtosis cause
no noticeable change in the optimal portfolio allocation. However, the serial correlations of
smoothed returns of hedge funds and real estate investment trusts indeed cause major changes in
optimal portfolio allocation (Glawischnig and Seidl, 2011). These findings have practical
implications for investors who are willing to diversify their portfolios with hedge funds and real
estate investment trusts. As such, in our research, we have corrected the observed returns
(“smooth”) by replacing it with the “unsmoothed” ones. In order to achieve this, we will use the
same formula as used in previous research for unsmoothing data (Kat and Lu, 2002).
2.6 LITERATURE CONCLUSION
As shown above, all the theories that are relevant to this research have been mentioned and the
approaches taken have been backed by empirical research. We have made sure that we conduct an
unbiased and accurate performance evaluation of both the hedge funds and the ETFs to reflect the
current state of the industry. This research is new due to the fact that the last studies published
where hedge funds was compared to ETFs was in 2014 and this was without adjusting for the
higher order moments as explained above. This research proposed a more in-depth analysis of both
the hedge funds and ETFs which will make our results more accurate than the previous ones.
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3. METHODOLOGY
3.1 METHODOLOGY INTRODUCTION
The term methodology refers to the theory of how research should be undertaken (Saunders, Lewis
and Thornhill, 2012, p.4). Thus, in this section we have justified the approach we undertake to
carry out the research and explain how it has helped to answer the research questions.
3.1.1 Research Questions
Over-arching question:
2. How did hedge funds and ETFs performed during the last five years?
Sub-research questions:
4. How attractive are hedge funds and ETFs returns after accounting for risk measures and
factors?
5. How does hedge funds interact vis-à-vis traditional assets classes, risk factors and ETFs in
the last five years?
6. By adding hedge funds to a portfolio, do they bring diversification and optimization?
3.1.2 Research hypothesis
Because of an increase in dissatisfaction with hedge funds and a shift to towards more passive
investments, we expect hedge funds to underperform other asset classes whilst passive ETFs to
outperform active ETFs.
3.2 RESEARCH DESIGN
Research design is the general plan of how you will go about answering your research questions
(Saunders, Lewis and Thornhill, 2012, p.159). Therefore, our plan to answer the research questions
is set out below. From the sources where we have collected the data, how we have collected the
data, how we have analyzed the data, to the ethical issues and constraints, have been explained
below.
3.2.1 Research Philosophy
Research philosophy is described as an “overarching” term relating to the development of
knowledge and the nature of that knowledge in relation to research (Saunders, Lewis and
Thornhill, 2012, p.680). In this proposal, the research was more tilted towards the philosophy of
positivism which according to Gill and Johnson cited in Saunders, Lewis and Thornhill (2012,
p.134), the researcher would prefer to collect data about an observable reality (the financial market)
and search for irregularities and casual relationship (comparing different assets classes) in the data
to create law-like generalizations like those produced by scientists.
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3.2.2 Research Approach
In this research, the theories that were developed in previous academic literature were used as a
basis for analyzing the performance of various assets classes, as such, a deductive approach was
taken (Saunders, Lewis and Thornhill, 2012, p.144). Because of the two trends that were identified
in the financial market (section 1), therefore, specific data at a specific point in time was collected
for major asset classes to explore this phenomenon, which resulted in a new theory in the light of
the current state of the financial market. Thus, an inductive approach was applicable as well
(Saunders, Lewis and Thornhill, 2012, p.145). Figure 3 from Walter Wallace’s Wheel of Science
cited in Bosch-Rekveldt (2017) best depict this.
3.2.3 Research Strategy
Research strategy is defined as the general plan of how the researcher will go about answering the
research questions (Saunders, Lewis and Thornhill, 2012, p.680). As proven in the section 3.2.1
above, positivism is closely associated with this research proposal. And according to Saunders,
Lewis and Thornhill (2012, p.162), quantitative research is generally associated with positivism
especially when used with predetermined and highly structured data collection techniques. See
section 3.3 for data collection. This is precisely what this research proposal is about because time
series data was used for all the asset classes. Thus, we have proposed a research method which is
mono quantitative.
Other characteristics which is link to the quantitative research is the examination of the relationships
between variables, which are measured numerically and analysed using a range of statistical
techniques (Saunders, Lewis and Thornhill, 2012, p.162). Below is a research map of how we have
proceeded in answering the research questions. To analyse the returns as shown on the map, tests
were performed using variables and statistical techniques which provide further evidence that our
research strategy (mono quantitative) chosen above is the right one for this thesis.
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3.2.4 Research Map
Assets
Classes

Data collection to answer
research questions

Returns analyzed
Answering main research
question

Using risk measures
Answering subresearch question 1

HEDGE
FUNDS

Credit suisse:
- one main index
- 13 sub-indices

Hedge funds only:
Returns corrected
ie unsmooth the returns
Autocorrelation
Skewness & Kurtosis

EQUITIES

MSCI world index

BONDS

Bank of Merill Lynch BofA

All asset classes:
Sharpe ratio
Modified sharpe
Modified VaR
Jensen's Alpha
Omega
Sortino
Kappa
Calmar

Factors

Barclays factor indices

ETFs
Active
Passive

Yahoo finance and ETF
database (www.ETF.com)

ETFs only:
Annualize return
Annualize volatility
Sharpe ratio
Beta
Treynor ratio
Downside deviation
Sortino ratio
Relative return
Information ratio
Tracking error
Tracking Error VaR

ETFs only:
Fama and French
risk factors
- regression
- Alpha

14 Time Series Regression
Answering sub-research
question 2

All asset classes:
The 14 hedge funds returns
as dependent variables
and the other assets as
independent variables
- level of dependency/
interaction revealed
for each investment
style of hedge funds
vis-à-vis other assets
classes
&
Correlation

Portfolio Optimisation
Answering subresearch question 3

All asset classes:
Using the Markowitz
framework

3.2.5 Sampling
The sampling techniques that is available can be broadly categorized into two types (Saunders,
Lewis and Thornhill, 2012, p.261):
• Probability or representative sample; and
• Non-probability sample.
According to Saunders, Lewis and Thornhill (2012, p.262), probability sampling or representative
sampling is associated with survey research strategies. In contrast, non-probability sampling or nonrandom sampling provides a range of alternative techniques to select sample and the majority of
which include an element of subjective judgement (Saunders, Lewis and Thornhill, 2012, p.281).
In the case of this research, we have represented major assets classes by their indices (hedge funds,
equities and bonds). For example, for hedge funds, the indices that represent the entire global
industry for hedge funds was chosen, therefore representing a quota of 100% in a non-probability
sampling framework. As for ETFs, with almost 2000 listed on the U.S. exchanges, it is very
difficult to find the right ones as representative of the passive and active ETFs for this research.
This leads us to apply judgement as to which one to pick for our research which will be a very
small sample (case study). Consequently, the sampling technique used was purpose sampling
which is also known as judgmental sampling (Saunders, Lewis and Thornhill 2012, p.287).
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3.3 DATA COLLECTION
In order to obtain the relevant data to answer the research questions, or meet our objectives, like
most researches in finance, we undertake further analysis of data that have already been collected
for some other purposes. Once obtained, these data can be further analyzed to provide additional
or different knowledge interpretation or conclusions (Bulmer et al.2009 cited in Saunders, Lewis
and Thornhill, 2012, p.304). Because the strategy chosen is a mono quantitative one (section 3.2.3
above), data for the various assets classes will be extracted from their respective database. To
collect the primary data, which is defined as data collected specifically for the research project
(Saunders, Lewis and Thornhill, 2012, p.678), we have taken the prices and indices for the various
asset classes for the period selected. These “prices” are raw facts that have been used for further
analysis in order to answer all the research questions.
All the data collected for the different asset classes start from 01 February 2012 to 31 January
2017. Below is the explanation of where the data have been extracted, why such data was chosen
to represent each asset classes and the relevant assumptions that were made.
3.3a Hedge Funds
The data was extracted from Credit Suisse because for specific hedge funds, data are not easily
available, that is funds by funds basis are not available. So, the hedge funds return indices were
extracted from renowned hedge fund database providers. Credit Suisse is a broad global market
index for hedge funds (classified in one main and 13 sub-indices according to their investment
styles). As per Credit Suisse, the index is an asset-weighted hedge fund index and includes only
funds, as opposed to separate accounts. The index uses the Credit Suisse Hedge Fund Database,
which tracks approximately 9,000 funds and consists only of funds with a minimum of US$50
million under management, a 12-month track record, and audited financial statements. The index
is calculated and rebalanced on a monthly basis, and reflects performance net of all hedge fund
component performance fees and expenses.
3.3b ETFs
Unlike hedge funds, information for each ETFs are easily available on a fund by fund basis on
ETF database (http://www.etf.com/) and prices on yahoo finance. We have chosen the largest by
assets under management for each active and corresponding passive ETFs by their sector. For
example, if an active ETF track a particular index, its corresponding passive ETF that track the
same index is selected to enable proper comparison between the two. Finding the active ETFs and
its corresponding passive ETFs which have data for the last five years prove tedious. The main
reason is because there are very few active ETFs compared to the number of passive ones available
on the market. The number of passive ETFs surpass the active ones by more than ten times. This
is also another reason why there has been very few research on active ETFs (Section 2.1). Our data
for the both the active and passive ETFs is as follows:
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Ticker

Fund Name

Issuer

Expense Ratio AUM

Active: FWDD

Advi s orSha res Ma drona Domes tic ETF

Advi s orSha res

1.25%

$26.95M

Passive: SPY

SPDR S&P 500 ETF

Sta te Street Globa l Advi sors

0.09%

$241.61B

Active: TTFS

Advi s orSha res Wi ls hi re Buyba ck ETF

Advi s orSha res

0.90%

$139.88M

Passive: VTI

Va ngua rd Tota l Stock Ma rket ETF

Va ngua rd

0.04%

$81.88B

Active: AADR

Advi s orSha res Dors ey Wri ght ADR ETF

Advi s orSha res

1.27%

$74.09M

Passive: DBEF

Deuts che X-tra ckers MSCI EAFE Hedged Eq

Deuts che Ba nk

0.35%

$7.25B

Active: FWDB

Advi s orSha res Ma drona Gl oba l Bond ETF

Advi s orSha res

1.33%

$17.55M

Passive: AGG

i Sha res Core US Aggrega te Bond ETF

Bl a ckRock

0.05%

$49.07B

Active: ELD

Wi sdomTree Emergi ng Ma rkets Lcl Dbt ETF

Wi sdomTree

0.55%

$253.32M

Passive: EMAG

Va nEck Vectors EM Aggrega te Bond ETF

Va nEck

0.49%

$15.36M

Active: MATH

Advi s orSha res Mei dell Ta cti cl Advtge ETF

Advi s orSha res

1.58%

$13.75M

Passive: QAI

IQ Hedge Mul ti -Stra tegy Tra cker ETF

IndexIQ

0.96%

$1.07B

Active: PSR

PowerSha res Acti ve US Rea l Es ta te ETF

Inves co PowerSha res

0.80%

$27.67M

Passive: VNQ

Va ngua rd REIT ETF

Va ngua rd

0.12%

$34.33B

The respective benchmark indices used to assess the performance of the active and passive ETFs
are detailed below (column benchmark indices). Those indices where assumptions were made are
in red. Furthermore, we have provided the justification for the use of these indices.
ETFs
No. Active Passive
1 FWDD

SPY

2 TTFS

VTI

3 AADR

DBEF

4 FWDB

AGG

5

ELD

EMAG

6 MATH

QAI

7

VNQ

PSR
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BIG

EQUITY
Total stock
market

BOND
Foreign

US

Emerging

Alternative
Absolute
Returns

Equity: U.S. Large Cap

Sector
U.S. Real
Estate

Benchmark Indices
MSCI USA Large Cap (S&P 500)

Equity: U.S. Total Market

MSCI USA Investable Markets
Equity: Global ExU.S. Total Market

MSCI EAFE US Dollar Hedged Index *
Fixed Income:
U.S. Broad
Market

S&P U.S. Aggregate Bond Index *
Fixed Income:
Emerging
Broad Market

MVISä EM Aggregate Bond Index
Absolute
Returns

Eurekahedge Global Multi-Strategy
Fund of Funds Index *
Equity: U.S.
S&P U.S. REIT *
Real Estate

For the active ETF (AADR) and passive ETF (DBEF), we have used the MSCI EAFE
100% Hedged to USD Index as the benchmark. The index is tracked by DBEF whereas AADR
track the MSCI EAFE Index which is the parent index of MSCI EAFE 100% Hedged. The stocks
and countries of both the index are the same. The only difference arises if a U.S. investor were to
invest in the MSCI EAFE Index, the calculation would combine the unhedged MSCI EAFE index
return in US dollars with the performance impact of hedging the currency exposure of the 12 other
foreign currencies of the MSCI EAFE Index relative to the USD. That is, gain or loss on the
Forward contracts. Other than this, the index can well be used to assess the performance of both
the ETFs.
Both the active ETF (FWDB) and passive ETF (AGG) have their benchmark the Barclays U.S.
Aggregate Bond Index. Because we do not have access to that index, we have used the S&P U.S.
Aggregate Bond Index as benchmark. Only the issuer is different, that is, S&P Dow Jones indices
compared to Barclays indices. The market which both indices measure is the same, that is, total
U.S. investment-grade bond market.
Another assumption made relate to the active ETF (MATH) and passive ETF(QAI). Both the ETFs
seek absolute returns with the IQ Hedge Multi-Strategy Index being the benchmark for the passive
ETF (QAI). There is no underlying benchmark for active ETF (MATH). Since we do not have
accessed to the IQ Hedge Multi-Strategy Index, we have used the Eurekahedge Global MultiStrategy Fund of Funds Index. This is so because it perfectly matches the profile of the passive
ETF (QAI) which attempts to replicate the risk-adjusted return characteristics of hedge funds using
various hedge fund investment styles.
The last assumption relates to the active ETF (PSR) and passive ETF (VNQ) which both invest in
the U.S. Real Estate market. Because we could not have access to the indices FTSE NAREIT All
Equity REITs and MSCI US REIT tracked by PSR and VNQ respectively, we have used the S&P
U.S. REIT (S&P Dow Jones indices). The S&P U.S. REIT is a good proxy because it measures
the investable universe of publicly traded real estate investment trusts domiciled in the U.S. Thus,
it can be used as a benchmark for the U.S. Real Estate ETFs.
3.3c Equities
The world stock returns were represented by the MSCI World index. This index is an appropriate
one because it includes a wide collection of stocks (large and mid-cap) from all the developed
countries.
3.3d Bonds
Bonds were represented by the BofA Merrill Lynch US Corporate Master Index which tracks the
performance of U.S dollar denominated investment grade rated corporate debt publicly issued in
the U.S. domestic market.
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3.3e Factor indices
Through the inclusion of the factor indices in this thesis, we tried to represent the four styles or
factors, namely; value, momentum, carry and defensive. The equity indices as adjusted for these
factors were taken from the MSCI index providers. And in order to capture the best results from
our analysis of factor indices, we have chosen the indices with high factor exposure but low
investability, Figure 45 shows the trade-off between the two. As for the other assets; bonds, futures,
currencies, and commodities, they are represented by the indices from Barclays. Whilst we were
able to obtain the factsheet of all the MSCI indices, those of Barclays are available only to clients
and prospective clients. Therefore, we have selected the Barclays indices based on solely the
information available on the website (https://indices.barclays/IM/12/en/indices/). Below we detailed
each factor that were represented in this thesis.
Value - The idea behind the value strategy is to buy undervalued assets and selling overvalued
ones, this dates back to at least Benjamin Graham. F (Asness et al., 2015). It has been studies
considerably in academia, more significantly by Fama and French. Value can be applied beyond
stocks, that is, to bonds, currencies, and commodities. In this thesis, we have represented the value
strategy only through the MSCI World Value Index, which is a value weighted Index. In practice,
a set of stocks is taken and sorted by some measure of fundamental value to price. Then, go long
on the stocks that have high fundamental value to price and short the ones that have low
fundamental value to price. Asness et al. (2015) mentioned that more measures provide for more
robust portfolios and whilst their work used only the BE/ME ratio (book value to price), the index
used in this thesis, have more fundamentals measures namely; book value to price, 12-month
forward earnings to price and dividend yield. Thus, we can capture a clearer picture of how hedge
funds returns interact with the value strategy as far as equities are concerned.
Momentum - This strategy is the tendency of stocks, in every market and asset class, to show
persistence in their relative performance over a period of time and the strategy is implemented by
looking at the past 12 months of returns for the assets, then go long on the ones that have
outperformed their peers and short the underperformers (Asness et al., 2015). Similar to the value
strategy, momentum can be applied to other asset classes besides stocks. In this thesis, we have
represented the momentum strategy by the indices; MSCI World Momentum Standard (Large and
Mid-Cap equities), Barclays Global SABER BXIISAGU (Bonds) and Barclays Benchmark World
FX Trend BFXSWTUE (currencies). All the indices chosen are global, and momentum tilted. The
MSCI World Momentum index is constructed by selecting securities with the highest momentum
score. The market capitalization of securities is then weighted based on the Momentum Score. As
for the Barclays indices, the exposure type is long and short whilst being global as well.
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Carry - According to Asness et al. (2015), carry is based on investing (lending) in higher yielding
markets or assets and financing the position by shorting (borrowing) in lower yielding markets or
assets. In other words, carry can be defined as the return an investor would get (net of financing)
if market conditions (e.g., prices) remain unchanged. An example of the carry strategy is found in
the currency markets, where sorting countries by their short-term lending rate, and going long the
currencies of countries with the highest rates and short the currencies of countries with the lowest
rates. In this thesis, we have represented the carry strategy by two asset classes, namely currencies
and commodities. Both indices were extracted from Barclays and they are Barclays Investable
World Carry (BFXSW5UF) and Barclays ComBATS 12 (BCCAC12P). Although the carry
strategy could be applied to bonds and futures as well, we have used only currencies and
commodities because of the lack of data in that respect. It is to be noted that the indices used were
both global and with a long/short exposure enabling us to analyze how hedge funds returns interact
with the carry strategy.
Defensive - As initially documented by Frazzini and Pedersen (2011), the defensive strategy in
practice would be to go long a portfolio of low-beta assets and short a portfolio of high-beta assets.
This strategy has proven to deliver significant risk-adjusted returns and can be applied to various
asset classes including equities, futures, bonds, commodities and currencies. For equities, we have
used the MSCI World Minimum Volatility index, a weighted index, which is constructed based
on a minimum-variance (MV) framework like in Markowitz (1952). While all other portfolios on
the efficient frontier minimize risk for a given expected return, the MV portfolio minimizes the
risk without an expected return input. The other Barclays indices representing futures and
currencies have an exposure of long/short and are global. These indices are Barclays US Treasury
2Y/10Y Yield BXIIUSTP (futures) and Barclays CPCI - 6 VA BXIICVEU (currencies). The
Barclays Pure Beta Bloomberg CI Index BCC3C1PP (commodities) have a long only exposure
type.
Conclusion
As stated above, the data and methodology chosen in order to represent these factor indices have
been robust and backed by previous academic research. Although we have tried to represent those
factors in the best way possible to arrive at an accurate results, yet the interaction of the hedge
funds strategies with these factors could have revealed more had all the factors been represented
by all the relevant asset classes. Overall, we noted that both our data and approach taken is correct
as proved by the high R2 in figure 42, with some hedge funds strategies reaching above the 80%.
Similarly, the benchmarks used to assess the ETFs proved to be correct as confirmed by the low
tracking error of both the passive and active ETFs. This justify our great care in choosing the right
methodology and the right data which have lead us to such a result.
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3.4 DATA ANALYSIS
This section of the thesis provides details of how the data collected in section 3.3 above have been
analyzed. The analysis has been conducted for each asset class as laid out in section 3.2.4 above
using Microsoft Excel.
Hedge funds - The returns were analyzed using the formulas and ratios as set out in section 2.2
(risk performance measures).
ETFs - Similar to hedge funds, the same analysis was carried out as per section 2.2. In addition to
that, further analysis was done using the formulas and ratios as per section 2.3 which relate
exclusively to ETFs.
OLS Regression (Ordinary Least Square) - To assess the level of dependency of each investment
style of hedge funds compared to the other assets classes, we have run fourteen different time
series regressions. Each one as dependent variable one hedge funds investments style and the other
assets classes as independent variables. We have used the regression function for this section of
our analysis.
Portfolio optimization - as mentioned in section 2.5, we have used the solver add-in function which
is available in Microsoft excel. This has helped us determine whether the addition of hedge funds
to a portfolio can act as a portfolio optimizer.
3.5 RESEARCH ETHICS
As mentioned in section 3 that this research is going to be a mono quantitative, data collected are
available to the public and free to be used by anyone. The approach taken to analyze these data
have been backed by empirical research. Any researcher is permitted to use the same methodology
in analyzing data. The only problems might be about the sample chosen, this is the reason why we
have proposed recent period for this research and new data based on our judgmental sampling
approach where necessary. Thus, there is no possibility that we are going to replicate the research
of someone else.
3.6 LIMITATIONS OF METHODOLOGY
Hedge funds Database:
It is important to note that this research like all other researches contains limitations. Ranging from
the data collected to the test being performed. For example, various databases provide these hedge
funds indices and the results obtained through our analysis will be different had the indices being
taken from another database. Each database has its own requirements for a fund to be admitted,
therefore, funds that do not meet the criteria are excluded. In order to minimize the level of biases
in our research, we have selected one of the most renowned and most often used database for
research, that is, the Credit Suisse Hedge Funds.

35 | P a g e

Since it is not compulsory for hedge funds to disclose information on regular basis, most hedge
fund managers either report information only when they are meeting or exceeding certain
benchmarks or avoid reporting information all together. Amin and Kat (2003) and Edwards and
Caglayan (2001) suggest that existing databases may contain errors and omissions because the
information is largely self-reported (self-reported bias). Like existing research, our study is not
immune to these problems.
Another bias is the survivorship bias which occurs when a sample of hedge funds includes only
funds that are operating at the end of the sampling period and excludes funds that have ceased
operations during the period. The last bias is that of Backfill, which occurs when a hedge fund
manager does not report the fund performance to a database from the fund's inception, but instead
choose to "backfill" the database later when they have established a track record of success with
that fund. Because of these biases, Fung and Hsieh (2002), propose to observe the performance of
the funds of hedge funds (FOFs) only. This is so because FOFs are driven by hedge-fund investors’
preferences and can provide a fairer picture than the broad-based database. Since the broad-based
database have been used in this thesis, our results are not as accurate had the FOFs been used. The
latter would have revealed the diversity of the individual hedge funds. In writing this thesis, it was
not possible for us to assess the FOFs because we did not have full access to hedge funds database.

Risk performance measures:
Similarly, the risk measures proposed to be used in this research is far from being perfect. All risk
measures have their advantages and disadvantages depending on the situation and on the time
periods they are applied. For example, according to Liang and Park (2007, p.359), risk measures
such as Expected Shortfall and Tail Risk are better than the other risk measures in capturing the
risk-return trade-off. Their research was based on funds by funds basis. In this research, the
proposed risk measures were based on those studies which have analyzed hedge funds on a global
basis and using indices like Credit Suisse. That is why we adopt the same methodology in using
the same risk measures as those mentioned in the previous empirical researches. Though they are
not perfect or cutting edge, yet they can guide us to having an impartial result in our findings.
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4. DATA ANALYSIS
The analysis part of this section was carried out as explained in section 3.2.4 under Research
Design. And to answer our main research question, we have performed an analysis of first, the
hedge funds returns and followed by the ETFs ones. The main research question was broken into
various sub-research questions to guide us into understanding how hedge funds performed
compared to other asset classes in the last five years.
4.1 HEDGE FUNDS
4.1.1 Autocorrelation
As proven in previous research, the returns of hedge funds are subjected to autocorrelation,
negative skewness, and fat tails (Chen, Cliff and Zhao, 2017). Therefore, in analyzing the returns
of hedge funds, it is necessary to account for these higher moments of their returns.
.
To start with, autocorrelation is present when there is a mathematical similarity between a given
time series and a lagged version of itself over successive time intervals. Because autocorrelation
compares the correlation of variables with itself over time, it is also usually referred to as serial
correlation or lagged correlation (Investopedia, 2017). In this thesis, we have conducted a
correlogram analysis followed by a white-noise and Autoregressive Conditional
Heteroskedasticity (ARCH) test to determine the distribution of the data and made the necessary
changes. Our findings are shown in table 1 and 2 based on different significance level. The number
of lags chosen was determined using the Schwert formula which is given as follows
(faculty.washington.edu, 2017):
42I  185
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(22)

Where:
X Xℎ 521 5 Y
During the period 2012-2017, autocorrelations are very much present for all the hedge funds
strategies and even statistically significant for some. In table 1 and 2, with the exception of Equity
Market Neutral, Global Macro and Managed Futures, all the strategies have positive first order
autocorrelation, which means that an increase seen in one-time series will lead to a proportionate
increase in the other time series. As for the negative ones, an increase seen in one-time series will
result in a proportionate decrease in the other time series. Figure 4 to figure 17 showed the ACF
at 5% significance for all the hedge funds strategies.
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At the 5% significance level, only the strategies Event Driven, Distressed (Event Driven), MultiStrategy (Event Driven), and Fixed Income Arbitrage are statistically significant as revealed by
the white-noise Test (Table 1). Figure 9,10, 11 and 13, showed the first order autocorrelation above
the upper limit. For Event Driven and Event Distressed, both the first and second order are above
the upper limit. Those strategies which do not have ACF statistically significant are within the
upper and lower limit. Those strategies which are statistically significant means that the probability
that their returns are not independent resulting in the returns being correlated with other returns,
are more than 95%.
As we decreased the confidence level to 90%, many other strategies become statistically
significant, namely, Convertible Arbitrage, Dedicated Short Bias and Emerging Markets.
Although not significant at 5% level, the strategy Fixed Income Arbitrage become statistically
significant at the 10% level when the ARCH test was carried out. This means that the squared
returns are serially correlated; i.e. we have a conditional heteroskedasticity in the Fixed Income
Arbitrage returns (the level of volatility cannot be predicted over any period of time). A significant
ARCH effect identifies a time‐varying conditional volatility, volatility clustering (also known as
periods of relative calm followed by swings), and, as a result, the presence of a fat‐tailed
distribution (i.e. excess kurtosis > 0). We have an excess kurtosis as shown in table 4 of 0.4069
for the Fixed Income Arbitrage Strategy. For all the other strategies, the ARCH tests are not
statistically significant.
To be consistent, such autocorrelation is interpreted in prior studies as an indication of illiquidity
holdings or return smoothing. Whilst the linear regression model proposed by (Getmansky, Lo and
Makarov, 2003) can serve as the starting point for distinguishing between systematic illiquidity
versus idiosyncratic smoothing behavior, the issue of whether smoothing is inadvertent or
deliberate require additional information about each fund, e.g. the size of the fund, the types of the
securities in which the fund invests. Then, a more complete picture of the sources of smoothed
returns can be obtained.
The presence of significant autocorrelation in a time series also implies predictability of future
values, as they will be correlated (Fabozzi et al., 2013). This means that the returns of those
strategies mentioned above, can be expected to reoccur. If they deliver significant risk adjusted
returns, then investors could capitalize by adding them to a portfolio. Our findings in the risk
performance measures section will revealed whether these strategies have any merit knowing the
fact that they experience high autocorrelation.
Because of the presence of autocorrelation, it was necessary for us to replace the smooth returns
with the unsmooth ones. To do so, we used the formula proposed by (Kat and Lu, 2002) which is
given by:
L

∗
L∗ − ML('
1−M

Where:
L Xℎ 4 4361U 38 (43 I57I1)  43
L∗ Xℎ I576  43  2
M Xℎ 4 H 1 3 H  H 3  18 1
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(23)

The newly constructed series of return, L , will have the same mean as L∗ , but zero first order
autocorrelation. This formula removes only the first order autocorrelation while many hedge funds
returns experience high second order autocorrelation that is not going to be removed (Event Driven
and Event Driven Distressed as shown in figure 9 and 10). However, this method has been used in
previous studies (Brooks and Kat, 2002) and consider adequate for this thesis. One important point
to note is that all the strategies exhibit first order autocorrelation (figure 4 to figure 17) even if
some are not statistically significant. The main reason is to create a new set of returns which will
be more volatile and accurate for better comparison with other assets. The corrected returns were
used for all the future analysis in this thesis. If α is negative, the standard deviation of the hedge
funds strategies will decrease and when α is positive, the standard deviation will increase.

4.1.2 Volatility of the hedge funds returns vs other asset classes
Table 3 shows the volatility of each hedge fund strategies compared to other asset classes. The
assets are ranked in order of volatility, that is, from the most volatile to the least one. Only the
hedge funds returns have been corrected, for the other assets, their raw returns were used. We
noticed that those hedge funds strategies which have high autocorrelation experience sharp rise in
their standard deviation, namely, Event Driven (43.31%), Distressed (Event Driven) (63.09%),
Multi-Strategy (Event Driven) (36.39%), and Fixed Income Arbitrage (46.54%). Those strategies
which have low autocorrelation experience less increase in standard deviation, they are Dedicated
Short Bias (8.17%), Long/Short (2.69%) and Risk Arbitrage (Event Driven) (8.01%). Managed
Futures, Equity Market Neutral and Global Macro have their standard deviation decrease because
of negative first order autocorrelation.
The least volatile among the hedge funds strategies is the Fixed Income Arbitrage, which consists
of taking opposing long and short positions in a swap and a Treasury bond. It is a strategy which
is also referred as "picking up nickels in front of a steamroller” because of its small returns and in
some cases huge losses (unpredicted volatility because periods of relative calm are followed by
swings). It has to be noted that this strategy also experiences the effect of conditional
heteroskedasticity as explained above, that is, unpredicted volatility over any period of time.
On the other hand, the most volatile hedge fund strategy is the Dedicated Short Bias, which
attempts to capture profits when the market declines by holding investments that are overall biased
to the short side. The ‘Dedicated Short Bias Funds’ emerged and took a more balanced approach
when the ‘Dedicated Short Funds’ were destroyed during the long-term bull market for U.S.
equities that took place in the 1980s and 1990s. It is notable and logical that the most opportunistic
strategies are the most volatile; the dedicated short bias, followed by the managed futures, Event
Driven, Distressed (Event Driven) and Multi-Strategy (Event Driven). This is in line with previous
research as stated by (Satchell, 2016).
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Another important point to note that even after adjusting for the standard deviation, most hedge
funds strategies (except Dedicated Short Bias and Managed Futures) exhibit lower volatility than
the traditional equity (MSCI World), all the Equity active and passive ETFs (DBEF, FWDD,
AADR, TTFS, VTI and SPY). Among all the asset classes, the least volatile are the Fixed income
ETFs which is normal considering the low returns that bonds offer and the most volatile is the
Interest rate futures (Barclays US Treasury 2Y/10Y Yield Curve Index) as adjusted for the factor
“beta”. This is a paradox as “beta” is often associated with low risk and safe assets. We have given
a possible reason under the section 4.3.3 while assessing the risk under MVaR.
4.1.3 The normality of hedge funds returns
Besides Autocorrelation mentioned above, we proceed in our analysis of hedge funds returns by
looking at the normality of their returns. Table 4 showed the Jarque-Bera score, skewness, and
excess kurtosis by each hedge fund strategy.
The Jarque-Bera was used as the normality test and the formula is given by:
94 
Where:
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It is clear from Table 4 that the returns exhibit third and fourth moments as shown by the skewness
and excess kurtosis figures. Most of the hedge funds strategies, except for Convertible Arbitrage,
Dedicated Short Bias and Managed futures, all the other strategies are negatively skewed. The
normality test is statistically significant for the three strategies namely, Dedicated Short Bias, Risk
Arbitrage (Event Driven) and Long/Short Equity as the Jarque-Bera Score exceed the Critical
Value of “4.61”. Thus, we reach to the conclusion that the returns do not follow the normal
Gaussian distribution. This also justified our selection of the risk performance measures which
have been used in this thesis.
The reason for the departure from normality can be attributed to the hedge funds strategies whose
primary reason is to generate returns independent of market conditions. Whilst a fund manager
will define its performance relative to a benchmark, hedge fund manager set their returns in
absolute terms, that is, not relative to any benchmark and they strive to produce returns that are
uncorrelated with the market. Furthermore, the law permit hedge funds managers to short sell and
increase leverage, resulting in returns sometimes suffer large losses which would not occur under
the normality hypothesis. The freedom in their use of derivatives is probably linked to the nonnormality of their returns, most probably the former causing the latter (Desmoulins-Lebeault,
2010). Finally, the presence of autocorrelation as explained above is also the reason why hedge
funds returns are not normally distributed.
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A. Skewness:
The negative skewness in the returns of hedge funds means that the mean return is less than the
median which in turn is less than the mode. The left tails are longer and the results on the right are
bunched up toward the center (Figures 18, 21, 22, 23, 24, 25, 26, 27, 28, 29 and 31) which indicate
higher probability of results above the mean (small gains). It also indicates the probability, albeit
low, of an extremely negative result, indicated by the long tail on the left side. This imply great
losses (extreme results) and will be avoided by any risk-averse investors.
On the other hand, for the three strategies (Convertible Arbitrage, Dedicated Short Bias, and
Managed futures) which are positively skewed, this means that the mean return is greater than the
median which is greater than the mode. The right tail is longer and the results on the left are
bunched up toward the center (Figures 19, 20 and 30). Although these results indicate a higher
probability of a result that is less than the mean, it also indicates the probability, albeit low, of an
extremely positive result, indicated by the long tail on the right side. Hence, a risk averse investor
might consider these three strategies (Convertible Arbitrage, Dedicated Short Bias, and Managed
futures) above the others. This also tied up to the reason why the two strategies (Dedicated Short
Bias, and Managed futures) are the most volatile among all the hedge funds strategies, that is, the
potential for higher returns result in the highest volatilities (Table 3). This is more clearly seen in
figure 30, that is, Managed Futures. The histogram showed returns bunched up towards the center,
a lower frequency of returns occurring below the mean, a higher frequency of returns occurring
above the mean and a few which are well skewed to the right.
It is interested to note that whilst the Convertible Arbitrage Strategy experience positive skewness,
yet it is not among the most volatile (Table 3). The reason could be because it is a trading strategy
that typically involves taking a long position in a convertible security and a short position in the
underlying common stock. The rationale behind the long-short position enables gains to be made
with a relatively lower degree of risk (the reason behind the low volatility). If the stock declines,
the arbitrage trader will benefit from the short position in the stock, while the convertible bond
will have less downside risk because it is a fixed-income instrument. If the stock gains, the loss on
the short stock position would be capped because it would be offset by the gain on the convertible.
This explained the returns’ low volatilities while at the same time generating positive skewness.
This strategy might well be appropriate for a risk averse investor.
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B. Excess Kurtosis:
Under the normal distribution, kurtosis, also referred to as the volatility of volatility, is equal to 3.
Therefore, excess kurtosis is equal to kurtosis minus 3. And any positive number for excess
kurtosis would mean the distribution is leptokurtic, that is, lesser risk of extreme outcomes because
returns are clustered around the mean. However, because of the fatter tails than in a mesokurtic or
platykurtic distribution, large fluctuations are more likely to occur resulting in extreme values
(large gain and losses). We noted that except for the Hedge fund index, Event Driven, Distressed
(Event Driven), Managed Futures and Multi-Strategy, all the other strategies exhibit positive
excess kurtosis although not large (between zero and 1). This suggest that the daily returns follow
a distribution that features leptokurtosis. Researchers have suggested that the leptokurtosis arises
from a pattern of volatility in financial markets where the periods of high volatility are followed
by those of relative stability.
The strategy that exhibit the highest excess kurtosis is Long/Short Equity (Table 4). This is in line
with previous research (McFall, 2004) which states that long/short returns do exhibit statistically
significant kurtosis (fat tails) to the noteworthy appeal of long/short managers. And in Northfield
Asia Seminars (diBartolomeo, 2014), the reasons given for the negative skewness and positive
excess kurtosis are; Active Management (pursuing absolute returns), the distribution of the returns
(deviation from normality) and short volatility strategies (based on “value” or “momentum” driven
security selection strategies).
For those strategies that exhibit negative excess kurtosis (platykurtic), it means a lower probability
of results around the mean, and lower probability of extreme values. Generally, they are considered
to be less risky than a leptokurtic distribution. It is quite normal for the Event Driven and the
Distressed (Event Driven) to exhibit negative excess kurtosis. This is so because the Event Driven
Strategy take advantage of transaction announcements and other one-time events. These ‘events’
are not clustered around the mean because they are one off and depend on the type, structure, sector
and other financial as well as non-financial indicators of, for example, a target company. One other
example is "distressed securities," which relates to investing in companies that are restructuring or
have their market value unfairly marked down. An Event Driven strategist will have to find these
‘events’, which are also opportunistic in nature and distinct to other ‘events’ (reducing the
probability of events occurring around the mean and justifying the negative excess kurtosis).
As for the Managed Futures strategy, the negative excess kurtosis implies lower risk and according
to research done by (Kat, 2004), making an allocation to managed futures not only neutralizes the
unwanted side effects of hedge funds, but also leads to further risk reduction. This was later
confirmed by (Rollinger, 2012, p.13) more than ten years later by using the same data. For
example, at a 40% allocation level of Managed Futures to a portfolio, kurtosis also improved,
dropping from 2.23 to –0.21. Since the Managed Futures strategy is linked to a decreased in excess
kurtosis or risk reduction, the negative figure obtained over the last five years in this thesis continue
to hold the research done more than a decade ago to be true. Else, we would have obtained positive
excess kurtosis.
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One more strategy exhibit negative excess kurtosis, the Multi-Strategy. By definition, multistrategy hedge funds engage in a variety of investment strategies. The diversification benefits help
to smooth returns, reduce volatility and decrease asset-class single-strategy risks. In general, the
risk profile of the multi-strategy classification is significantly lower than equity market risk (Starr,
2004). Therefore, we would expect such strategy not to have fat tails or less fat tails, which is the
case with negative excess kurtosis. That is, the distribution of its returns is less peaked and has less
frequent extreme values (less fat tails). It is also one among the least volatile strategy as shown in
Table 3.
4.2 EXCHANGE TRADED FUNDS (ETFS)
ETFs which is another asset class have been analyzed in this thesis. The analysis was done as per
section 3.2 (Research Design) and the findings, with explanation, that answer our main research
question are shown in Table 5 and 6.
4.2.1 Equity ETFs
In Table 5 and 6, the equity ETFs can be classified into; U.S. Large Cap (FWDD vs SPY), U.S.
Total Market (TTFS vs VTI), and Global Ex-U.S. (AADR vs DBEF).
Table 5 which shows the annualized returns of each active and its corresponding passive ETF give
us a snapshot of the active and passive ETFs performance over the last five years. It is expressed
as a time-weighted annual percentage and represents a geometric mean rather than a simple
arithmetic mean. It shows what an investor would earn over a given time period, which in this
case, five years. Base on this metric, the active ones outperformed their corresponding passive
ones. Active ETFs, FWDD (11.8%), TTFS (14.38%) and AADR (7.73%) have higher annualized
returns than their corresponding passive ETFs, SPY (10.92%), VTI (11.01%) and DBEF (3.28%)
respectively.
Besides having higher annualized returns than DBEF, AADR is less risky as shown by the lower
volatility figure (12.79% compared to 13.15%). A leverage factor of less than 1 means that the
ETF is riskier than the market because of its higher leverage. This is the case for AADR, but when
compared with DBEF, it is still less risky. The M2 measure also points in favor of AADR. Often
considered to be more useful than the Sharpe Ratio that inspired it, due to its intuitive
interpretation, AADR have a higher M2 (0.74% compared to 0.44%) meaning that it is superior
than its corresponding passive ETF (DBEF). AADR also experience lower downside deviation
resulting in a higher Sortino ratio. This means that AADR is earning more efficiently than DBEF.
Although an active ETF, AADR has a lower tracking error than DBEF, resulting in a lower
tracking error VaR. All these metrics showed how AADR is more attractive compared to DBEF.
However, when compared to its benchmark, it is underperforming as shown by the negative
relative return and information ratio. The negative Sharpe ratio is due to the mean return being
below the risk-free rate and the positive Treynor is due to the negative return and negative beta
compared to the benchmark.
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As for the other two Active ETFs, FWDD and TTFS, they have higher M2 and a better Sharpe
ratio meaning that they generate more return per each unit of risk. The negative figure for the
Treynor ratio is due to the negative beta with respect to the market. Overall, both fund managers
have done well as the returns per unit of market risk is higher than the passive ETFs. This is
confirmed for TTFS which has an information ratio of 0.42, that is, higher return per the active
risk taken by the manager. FWDD has a negative information ratio because it has underperformed
its benchmark. Besides outperforming its corresponding passive ETF (VTI) and its benchmark
(Relative Return of 2.05%), TTFS also have a lower downside deviation and a higher Sortino ratio,
that is, the managers are able to generate earnings more efficiently than the passive ETF. TTFS is
superior in terms of both risk and returns. Whilst the active ETF, FWDD, generate more returns,
they are also accompanied with higher risk than the passive ETF (SPY) as shown by the higher
downside deviation and lower Sortino ratio.
It is not a surprise that the equity ETFs have done well. This is so because of the policies of the
central banks, namely the Federal Reserve which through the injection of liquidity into the system
QE (Quantitative Easing) and lower interest rates have driven stocks to an all-time high.
Considering where the U.S. stock markets were five years ago and compared them to now, they
are all up. The Dow closed on 31 January 2012 at $12,632.91 and on 31 January 2017 at
$19,864.09. The S&P 500 closed on 31 January 2012 at $1,312.41 and on 31 January 2017 at
$2,278.87. The Nasdaq closed on 31 January 2012 at $22.72 and on 31 January 2017 at $69.85.
Because the equity ETFs used in this thesis track the U.S. stock markets, the fund managers of
FWDD and TTFS have been able to get their share in the artificial wealth effect that the Federal
Reserve has created. The main challenge for them will come in the next five years as liquidity
dries up because of tapering and a rise in interest rates which is currently the situation in the U.S.
This is when their skills will really be put to test. The same conclusion can be drawn for positive
results of AADR which track the global Ex-U.S. stock market. However, because in Europe, Asia,
Far East, quantitative easing is still ongoing and their economies had entered a liquidity trap where
even negative interest are in place, for example, Japan. Thus, there are still opportunities for the
fund managers to benefit from the policies of central banks, that is, by looking at liquidity which
will in turn drive stock prices and hence the equity ETFs.
Although the interest rate hikes in 2017 will bring new challenges ahead for U.S. active fund
managers, equity ETFs turned positive as investors believe that the improving economy and the
strengthening of U.S. companies fundamentals will keep supporting further stock price
appreciation (Chen, 2017). And according to Davis Advisors portfolio manager, C. Davis, cited in
(Chen, 2017), in a multi-year bull market, opportunities cannot be found in the average company,
rather investors have to be more selective. As such, investors may be more at risk in traditional
passive, index-based strategies. Passive funds have no valuation discipline and will overweight
companies and sectors that have outperformed. Davis then argued that active managers can find
opportunities, even with markets at all-time highs. Furthermore, in a survey of financial advisors,
58.5% of respondents revealed they expect active strategies to outperform passive strategies in
2017 (Chen, 2017). This thesis not only confirm this but also provide investors with guidance as
where to put their money, that is, the AdvisorShares Wilshire Buyback active ETF (TTFS).
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4.2.2 Fixed Income ETFs
In Table 5 and 6, the active ETF (FWDB) and its corresponding passive ETF (AGG) track the
fixed income U.S. broad market. The active ETF (ELD) and its corresponding passive ETF
(EMAG) track the fixed income emerging markets. All the four ETFs have negative Annualized
Returns, negative Sharpe ratio, negative Treynor ratio, negative Sortino Ratio and negative
Relative Returns. This is explained by the mean returns over the last five years being less
than/equal to zero and the closing prices in 2017 being less than what they were five years ago.
For the U.S. bonds ETFs and Emerging Markets bonds ETFs, they both have poorly performed as
shown by the negative figures. This means that bondholders have suffered great losses and have
effectively been burned out. The bond purchase programs from the Federal Reserve have driven
down its yields resulting in investors being sucked into other assets namely stocks (pushing up
their prices). The explanation given for the good performance of U.S. equity ETFs above is linked
to the poor performance of the bond ETFs as far as the U.S. markets are concerned. Through the
lowering of interest rates, and the purchase of treasuries and bonds by the Federal Reserve,
research have shown that Mortgage Backed Securities (MBS) purchases in QE1 were crucial for
lowering MBS yields as well as corporate yields (Krishnamurthy and Vissing-Jorgensen, 2011).
Treasuries only purchases in QE2 had a disproportionate effect on Treasuries and agency bonds
relative to MBSs and corporate bonds, with yields on the latter falling primarily through the
market’s anticipation of lower future federal funds rates (Krishnamurthy and Vissing-Jorgensen,
2011). The policies employed by the Federal Reserve during the last five years have had a negative
impact on both the active and passive bonds ETFs whose index track the performance of financial
assets affected by QE. This validated the negative results obtained in this thesis. Because the
Federal Reserve has ended its stimulus and with rising interest rates in the U.S., bond market
experts had reviewed the fixed-income market on an annual online ETF Trends Virtual Summit
last February in order to provide insights into potential alternative fixed-income strategies for
diversification and yield generation going forward(ETF Trends, 2017). But when it comes to
choose between active or passive fixed income ETFs, actively managed funds are preferred
because they offer investors the opportunity to outperform the market, while most index funds
underperform the market net of fees, according to a Fidelity research cited in Lydon (2017).
The underperformance of ELD and EMAG which track the emerging markets can be attributed to
the difficulties that these economies are facing. Some analysts are encouraging investors to
monitor the growing current account deficits (CADs) in emerging markets and how those deficits
could affect issuers’ ability to finance dollar-denominated debt, such as the debt found in ETFs
like Emerging Markets Bond (EMB) (Lydon, 2017). Our results obtained in this thesis simply
justify the hot area of fixed income ETFs, be it active or passive such that some active managers
have been vocal critics of emerging markets bond ETFs. In some cases, these managers said ETFs
are flawed products for these investments and cannot properly replicate indexes (Garen, 2017).
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The previous Federal Reserve rate hikes in late 2016 and early 2017 have triggered volatility in
the emerging markets. Many are experiencing spiraling debt defaults in the face of rapid currency
depreciation. Emerging market companies that borrowed overseas are more vulnerable to foreign
capital swings. They will also find it more difficult to refinance debt because a strengthening dollar
makes it costlier to pay off dollar-denominated bonds. Neither our findings in this thesis make
active and passive fixed income emerging market ETFs attractive nor does the current economic
climate, hence, we do not find any reason why an investor should consider them as a potential
investment opportunity. Rather, they should unload their portfolio from such ETFs to avoid future
losses because the CADs of the ‘fragile five’ (Brazil, India, Indonesia, South Africa and Turkey)
are set to increase.
4.2.3 Alternative Absolute Returns ETFs
In Table 5 and 6, for the multi-strategy ETFs, the active ETF (MATH) generates higher annualized
returns than its corresponding passive ETF (QAI), 2.26% compared to 0.96% respectively. The
passive ETFs (QAI) appears to be less risky as shown by a lower annualized volatility (4.31%), a
higher leverage factor (0.68) which means that it is less leverage, a lower downside deviation
(0.74%) and a lower tracking error (2.21%) resulting in a lower tracking error VaR (3.63%), that
is, the worst tracking error that the fund is expected to be experience is 3.63%.
It is important to use several metric when analyzing an ETF. This is so because although the
passive ETF (QAI) is less risky as explained above, yet, there are other key metrics that make
MATH, the active ETF, to be more attractive than its corresponding passive ETF. These metrics
are; a higher M2 (0.7%) meaning that it generates superior portfolio returns, it earns more
efficiently with a higher Sortino ratio (0.8), it is also outperforming its benchmark with a relative
return of 0.05% while the passive one is underperforming. All this is due to the fund manager skills
as shown by an information ratio of (0.02), which represent return generated per each active risk
taken, in other words, the risks taken by the fund manager have actually been paid off. It is to be
noted that the Sharpe ratio is negative for both Math and QAI because of an average return less
than the risk-free rate. This make the Sharpe ratio a dimensionless measure, and the use of M2 in
the case of negative returns help us better assess the performance of the two funds. We can safely
conclude that, to the noteworthy of the fund manager, the active ETF (MATH) is more attractive
and thus recommended to any potential investor than its corresponding passive one (QAI).
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4.2.4 Sector ETFs
We had the opportunity in this thesis to include a sector ETF, albeit, with the difficulty in obtaining
data. In Table 5 and 6, the active ETF (PSR) and its corresponding passive ETF (VNQ) track the
Equity: U.S. real estate market. Once again, the active (PSR) again prevail over the passive one
(VNQ) with a higher annualized return 10.38%, compared to 8.43%. Besides the higher return, it
is also less risky as shown by the lower annualized volatility (17.74%) and a higher leverage factor
of 1.03 (greater than 1), which means that it less risky than the market as well. It generates its
returns more efficiently than the passive one as shown by a higher Sortino ratio (13.23). It also has
a lower tracking error (1.34%) and hence a lower tracking error VaR (2.21%). In terms of both
risks and returns, the active ETF (PSR) remain more attractive than the passive ETF (VNQ).
What we noted with the equity Active ETFs is that even though the active ETFs outperformed
their corresponding passive ones, yet they could not beat their benchmark except for TTFS, which
has a positive Relative Return. This is due to the fact that the market is in an all-time high position
and so it is for the equity U.S. Real Estate sector. According to a housing analyst available on
Fortune.com, the U.S. Real Estate is between 25% to 60% overvalued (Matthews, 2016). This
explain the reason behind the negative relative return because it requires outstanding management
skills to outperform an overvalued benchmark. As for choosing between the active ETF (PSR) or
the passive ETF (VNQ), it is clear that the PSR has more appeal based on the above-mentioned
metrics. However, because an overvalued market is always followed by a correction, we do not
recommend the investor to hold PSR unless they can take a short position against that index.
4.3 RISK PERFORMANCE MEASURES
Initially introduced in the literature review section 2, same risk performance measures have been
applied in this section in order to answer the sub-research questions in understanding the
performance of hedge funds vis-à-vis other asset classes. One metric on its own is not sufficient,
therefore, a wider range of metrics have been applied to give us a broader view and a better
understanding of these different asset classes over the last five years.
4.3.1 Sharpe Ratio (SR)
Among all the different asset classes, from hedge funds, ETFs, traditional assets to assets adjusted
for risk factors, it is no wonder that the active U.S. equity ETF (TTFS) comes out first. Being an
asset that have already outperformed its corresponding passive ETF and its benchmark (Table 5
and 6), it also outperformed all the hedge funds strategies, the traditional assets and those adjusted
for risk factors. The assets having a negative Sharpe ratio is due to their mean return being less
than the risk-free rate which is the one-month U.S. Treasury bill of 0.938%.
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We noted that the second best performing asset is another active ETF (FWDD), followed by the
MSCI World adjusted for ‘momentum’ and two passive equity U.S. ETFs namely VTI and SPY.
Whilst the Sharpe ratio have enabled us to understand which assets deliver the highest returns per
unit of risk, it is less meaningful in case of negative returns and very hard to interpret. This justified
our selection of other risk performance measures so that more information is revealed about the
performance of the other assets.

4.3.2 Modified Sharpe Ratio (MSR)
As its name reveals, it is a modification to the Sharpe Ratio so as to account for the higher
moments. It would have been interesting to see how the results using the MSR differentiate to that
of SR when it comes to analyzing the hedge funds returns because of the skewness and excess
kurtosis that the latter exhibit. This was the main intention behind the use of the MSR as set out in
the literature review. However, through the use of the MSR, we end up with something more
interesting as far as the top five best performing asset classes are concerned.
Had the hedge funds returns under Sharpe ratio be positive in Table 7, we would have witnessed
a change in the order the strategies are ranked under the MSR in Table 8. Although the order does
change for some strategies such as Long/Short Equity and Dedicated Short Bias, because of the
skewness and kurtosis as explained in section 4.1.3, yet we could not derive meaningful
explanation because of the returns being negative. However, when looking at the top five asset
classes, the ranking order does not change in table 8 compared to Table 7. This means that after
accounting for the higher moments in the distributions, the classification of the results under
Sharpe and MSR are the same. This lead us to do a QQ-Plot for these five assets and the results
for each one of the five assets are shown in Figure 32: Active ETF (TTFS), Figure 33: Active ETF
(FWDD), Figure 34: MSCI World (Momentum), Figure 35: Passive ETF (VTI) and Figure 36:
Passive ETF (SPY).
Many times, it is difficult to just look at the histograms and decide how closely the data follows a
certain distribution. The QQ-Plot help us to understand how close these five assets returns follows
a normal distribution. If we get a straight line by plotting theoretical data against the observed data,
then it indicated a good match and we can conclude that the data followed a normal distribution.
For all the five assets, we noted that except for very thin tails, most of the data points fall on the
line which means that the distributions of their returns are very close to normal distributions. This
justified why the ranking order under MSR is the same as under the Sharpe ratio which do not
account for the higher moments. This means a lot for investors, because besides generating higher
returns per unit of risks, the normality present in their returns implies more consistency and greater
predictability for the future years ahead. This in turn make them an attractive investment
opportunity above the other assets, with the Active ETF (TTFS) being the most attractive one.
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4.3.3 Modified Value at Risk (MVaR)
The Modified Value at Risk is calculated in the same manner as Value at Risk but does not assume
a normal distribution of returns. In contrast, it “corrects” the Value at Risk using the calculated
skewness and kurtosis of the distribution of returns. Unlike MSR, this performance measure has
given us a more meaningful result in the case of each different asset classes, particularly hedge
funds. This will enable us to assess the performance of each hedge funds strategies and determine
its attractiveness compared to other asset classes.
The MVaR for each asset was calculated and the results are shown in the Table 9. The maximum
loss that can be expected within a specified holding period of five years, and with a specified
confidence level of 95%. The assets are ranked in order, from the safest at the top to the riskiest at
the bottom. It is no wonder that the least risky are the fixed income, namely the passive ETF (AGG)
and the Active ETF (FWDB) which both track the U.S. fixed income broad market. It is quite
normal for bonds to be at the top because of their low returns and safer status.
On the other hands, the maximum loss would be expected if interest rate futures are held as an
asset class. What we know about this index is that it is a long/short Barclays US Treasury 2Y/10Y
Yield Curve Index adjusted for the factor “beta”. By also exhibiting the highest volatility as shown
in Table 3, it confirms that holding futures contracts which is a derivative of the underlying security
which happen to be bonds issued by the U.S. Treasuries, investors could lose a lot of money. It is
not possible to derive an accurate reason because future prices are influenced by the traders in the
futures markets. Whilst the Federal Reserve control short term interest rates, they cannot affect the
long-term yield on the U.S. treasuries. This is determined mostly by traders which affect the
demand and supply for the bonds when they buy and sell bonds. This in terms affect the price of
the derivative contracts or the future contracts. What we can conclude from this analysis is that in
the last five years, there was a lot of uncertainty about the U.S. economy. Let’s not forget that after
the Federal Reserve had taken interest rate to zero following the crisis of 2008, after the Federal
Open Market Committee meet, they used to say that they will raise interest rates but never do so
until December 2016 when rates was raised for the first time by twenty-five basis points. All this
affect the perception of traders in the futures markets resulting in the higher standard deviation
(Table 3) and MVaR (Table 9) for the interest rate futures. One important point to note that the
Barclays index was constructed using a long/short strategy meaning that futures with high beta
was shorted while going long on those with low beta. Even though the index was constructed to
minimize risk, yet it exhibits the greatest potential loss as assessed under MVaR and the highest
volatility compared to other assets. Based on our findings, we therefore do not recommend for
investment purposes holding any long-term U.S. Treasuries as far as the U.S. markets are
concerned. This is so because it is the U.S. Treasuries that will determine the price of the future
contracts. In contrast, futures contracts can still be used for hedging purposes because this is a
matter between traders.
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It is interesting to note that the Equity Active ETF (PSR) that track the U.S. Real Estate market
outperformed the fixed income (Interest Rates: Barclays Global Systematic Alpha Bond index). It
is also an active ETF that has the lowest downside deviation among all the ETFs resulting in the
highest Sortino ratio. Except for the fixed income ETFs, the active ETF (PSR) outperformed all
the other ETFs and the hedge funds strategies when assessed under MVaR. A possible reason for
this is because the housing sector in the U.S. has been on an upward trend resulting in lower
downside deviation and MVaR. The challenge for this will be when the trend starts to reverse as
explained in section 4.2.4 above.
Another interesting finding point to how many hedge fund strategies outperformed active, passive
ETFs, BofA Merrill Lynch (Bond) and most factor indices. The Fixed Income Arbitrage, Risk
Arbitrage (Event Driven), Multi-Strategy, Equity Market Neutral, Global Macro and Convertible
Arbitrage strategies exhibit excess kurtosis. Therefore, having a lower MVaR make them an
attractive investment opportunity because in addition to the returns being clustered around the
mean, the fat tails could allow for gains and losses as well. Having a lower MVaR means that the
risk of losses (because of the fat tails) is lower than the other factor indices. Thus, making them
more attractive.
The superior performance of the hedge funds is also explained by the nature of their activities in
which they are involved. Consider Event Driven Risk Arbitrage, which normally occurs when
there is a merger or acquisition. The hedge fund manager will buy the stock of the target company
while hedging the purchase by shorting the stock of the acquiring company. Similarly, with an
Equity Market Neutral strategy, he will go long in the stocks that should outperform while shorting
same number in those that will underperform. Therefore, it does not matter how the market perform
because the gains and losses will offset each other. These positions adopted by the manager have
effectively create a hedge against the market factors which reduces their exposure to potential
losses as shown by the lower MVaR.
The use of MVaR also reveals the superior performance of some factor indices (commodities
adjusted for ‘carry’ followed by the three currency factor indices). They outperformed some active
ETFs, passive ETFs, hedge funds strategies, other Equity factor indices and the MSCI World. Most
investors use futures to measure carry, that is, the price quoted now compared to the price other
investors believe it will have at a certain date in the future, the difference is the carry return or
cost. Through the implementation of the ‘carry’ strategy across multiple asset classes, investors
can further diversify and improve their odds of success (Morgan Stanley, 2016). The lower MVaR
for the ‘carry’ strategy is due to going long on the best and short the worst carry assets within asset
classes. This allows investors to benefit from a wide gap between the high and low carry assets
which effectively reduce their exposure to losses resulting in a lower MVaR. Likewise, the same
principle applies to the other currency factor indices (‘momentum’ and ‘beta’), that is, going long
the ones that have outperformed their peers and short the underperformers. This help diversifying
away idiosyncratic risk which contribute to the low MVaR (the lower the risk or volatility means
the lower the MVaR). It is to be noted that while the equity factor indices involve going long and
short also, it is the different asset classes that make the difference in delivering a lower MVaR
(commodities and currencies).
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4.3.4 Jensen’s Alpha
The picture does not change using the Jensen’s Alpha compared to what we have under the Sharpe
and the MSR for the first four asset classes in Table 10. The positive alpha for the first four assets
means that they have performed better than the market index while the negative value for alpha
for the other assets means that they have underperformed the market index. An important point to
note that the S&P 500 has been on the rise after the 2008 financial crisis to where it is currently at
an all-time high position. It is really hard for any fund manager, whether by luck or skills, to beat
this benchmark.
In this thesis, we proceed a step further in assessing the significance of the alphas generated by the
first three ETFs, that is, Active (TTFS), Active (FWDD) and Passive (VTI). The alpha is estimated
using Regression Analysis. In particular, a least squares estimation approach is employed whereby
we minimize the sum of squared differences between the assets actual returns and those estimated
using the equation set out under Jensen’s Alpha section (2.2d) in the literature review.
Using the Solver function in excel, the sums of squared differences are minimized by changing the
values of monthly alphas. The resulting monthly alphas after the Solver converged to a solution
are set out in Table 15 and 16 for the S&P 500 and each ETF benchmark respectively. In table 15,
we obtained the same figure for alpha using the Least Square Method (using the Solver function)
as previously obtained in Table 10. They all outperformed the market, with an alpha positive and
different from zero. It is quite normal for the ETF Active (TTFS) to have the highest T-Statistic,
however, none of them is statistically significant because the T-Statistic is less than 1.96 which is
the critical value at the 95% confidence level. Similarly, in Table 16, we obtained positive figures
for alphas for all the three ETFs, however, they are all not statistically significant. We noted that
while assessing alphas against each ETF respective benchmark, we obtained a higher figure
resulting a higher T-Statistic. Active ETF (TTFS) still have the highest figure. Figure 37 showed
each ETF alphas with respect to their benchmarks and the S&P 500.
4.3.5 Sortino ratio
When looking at the returns of all the asset classes per the downside risk which they exhibit, the
active ETF (TTFS) comes out first. The ranking is no different to the one obtained under the
Jensen’s Alpha. It means that while the active ETF (TTFS) outperformed the market index, it has
also generated the highest returns per unit of bad risk. As an extension to the Sharpe ratio, it will
be interesting to the see the difference between the results obtained when assessing the returns
using both performance measures. Whilst the Sharpe ratio penalizes upward volatility which is
beneficial to investors, the Sortino ratio only penalizes downside volatility, and by so doing
addresses the problems of total risk or standard deviation. It also best represents investors
psychology, who will welcome large upwards movement in prices. We noted that the Sharpe ratio
of the active ETF (TTFS) is 0.082 whereas the Sortino ratio increase to 0.125 (an increase of
52.4%). Although the active ETF (TTFS) remain the most attractive under both measures, the
increase of 52% shows how one metric can sometime underestimate the performance of an asset.
Figure 38 best depict this difference.
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Another interesting finding is about the MSCI World momentum index which outperformed the
passive ETFs (VTI and SPY). Generally considered to be cheaper because passive ETFs simply
track an index, it would be better for an investor to choose a passive smart beta ETF(momentum)
that track the MSCI World than the U.S. Market. Since momentum is associated with picking the
recent high performing stocks, this can result in short term gain in the near future if this trend
continues. In addition, the investor will be exposed to a lower downside risk because of the higher
Sortino ratio.
The negative Sortino ratio obtained for the other assets implies that their mean return is less than
the minimum acceptable return, which in this case is the one-month U.S. T-bill. Thus, they do not
represent an attractive investment opportunity for any investor over a five-year investment horizon.
4.3.6 Omega ratio
When it comes to the Omega ratio, which in simple terms, is the ratio of upside returns (good)
relative to downside returns (bad). The upside return is the return above the target return while the
downside is the return below it. In this thesis, for all the different asset classes, we have used the
risk-free rate (U.S. one-month T-bill) as the target return. Our results do not show great
discrepancy compared to the one we obtained using the other risk performance measures. That is,
the first five is always the same with active ETF (TTFS) being number one (Figure 39). The first
five asset classes have an Omega ratio of more than one, meaning that they can meet the target
return whereas those asset classes with an Omega ratio of less than one failed to meet the target
return.
It is impressive for the two active ETFs (TTFS) and (FWDD) to outperform all the passive ETFs,
hedge funds strategies and the factor indices. The highest Omega ratio for hedge funds is 0.53
achieved by Event Driven (Distressed). This means that the number of returns above the target
return is lower than that below the target returns justifying the poor performance under the other
metrics (Sharpe, Sortino and Jensen’s Alpha). The worst performers overall are the three fixed
income asset classes (Bonds). Considering their low returns, it is not a surprise that they do not
meet investors’ expectations by performing above the target returns. This showed us the advantage
of using Omega ratio as a risk performance measure. Investors can simply choose the asset that
offers them their target returns. In our case, the highest will be active ETF (TTFS).
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4.3.7 Calmar ratio
The Calmar ratio which is another downside risk‐adjusted performance measure but unlike the
Sortino Ratio, which uses downside deviation as a proxy for risk, the Calmar ratio uses the
maximum drawdown to penalize risk. Another difference is that the Calmar ratio does not use
return above a specific benchmark, rather it uses the compounded annual growth rate which is the
reason behind getting a different result compared to the other risk performance measures use in
this thesis.
Without a desired return or risk-free rate, the annualized return used change the picture of all the
asset classes and interestingly, hedge funds manage to outperform all the other asset classes. The
benefits of using different metric help us to conduct the analysis from different angles and derive
different conclusion. Depending on an investor’s risks appetite and returns expectation, the
applicable risk performance measure could be used to gauge the effectiveness of each asset classes.
Although all the risk performance measures use in this thesis revealed the active ETF (TTFS) to
be the best performing asset, yet we still have one (Calmar ratio) that favored hedge funds as the
most attractive investment opportunity (Table 13).
Digging deeper, we find out that the reason why the hedge funds strategies have gained more
ground whilst the other assets have lost ground, namely the active ETF (TTFS). It is to be noted
that most hedge funds strategies exhibit lower volatilities as shown earlier in Table 3. More
precisely, the two best performing strategies under the Calmar ratio namely, the Multi-Strategy
and the Fixed Income Arbitrage are unsurprisingly the two least volatile strategies (Table 3). With
an arithmetic mean (average mean) and geometric mean (annualized return) lower than the riskfree rate, the Fixed Income Arbitrage and the Multi-Strategy appear to be the most attractive
because of the a very low maximum drawdown. They are the two types of strategies that will
prevent an investor from suffering losses if the stock market swing downwards. Being a strategy
that experience high autocorrelation and even statistically significant (Table 2), Fixed Income
Arbitrage, represent a serious investment opportunity as its performance is expected to reoccur.
The Multi-Strategy also experience high first order autocorrelation, albeit, not statistically
significant. Still, investors can profit from it as proven by the higher Calmar ratio
After the hedge funds strategies comes the MSCI world minimum volatility index. Since a Calmar
ratio of 1 or higher is considered good, then this index has performed well in the last five years in
terms of minimizing the maximum drawdown. Our findings also reveal that an investor could add
to their portfolio a passive smart beta ETF that track the MSCI world minimum volatility index
because this can drastically reduce their exposure to risk if the market swings downwards. After
all, being a minimum volatility index, it is meant to exhibit the lowest volatilities and hence the
lowest drawdown. This is so because it is biased towards stocks with low idiosyncratic risk.
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The hedge fund strategy, Dedicated Short Bias, appears to be the worst performing asset under the
Calmar ratio. It is also a strategy that exhibit the highest volatilities in Table 3. It is to be noted
that it is the only hedge fund strategy with a negative mean return over the last five years. It also
has a negative annualized return resulting in a negative Calmar ratio (Table 26). According to a
research done by Vanguard relating to the performance of hedge funds during and after the 2008–
2009 financial crisis, their findings revealed that when U.S. equity market crashed at a cumulative
annualized rate of –41.3%, the dedicated short hedge fund category had the highest returns, at
25.7% (Hammer and Shtekhman, 2012). Our understanding is that if the U.S. equity market is on
the rise, then the Dedicated Short Bias will go down. This thesis undoubtedly shows the superior
performance of Equity ETFs, namely the active TTFS which represent the U.S. total market.
Therefore, we logically expect the Dedicated Short hedge fund strategy to be the worst performer
which is exactly the case. Knowing that this strategy is geared toward maintaining a net short
exposure to the market through going long and short on different stocks, the downside of this
strategy is that as the markets rise, dedicated short funds may fall in value, since they remain short
the markets. This is what our findings revealed and it also confirms that the dedicated short funds
strategy remains a crisis period strategy.
Another interesting finding under the Calmar ratio relate to the Active ETFs (TTFS) and (FWDD).
Although these two asset have the highest mean and annualized returns (Figure 46 and 47), the
active ETF (TTFS) lost three ranks, from number 1 to number 4, the active ETF (FWDD) lost nine
ranks, from number 2 to number 12. This reveals how badly the latter could be beaten if the U.S.
equity market take a downturn. While the active ETF (FWDD) exhibit high returns, it is also
exposed to the downside risk of the maximum drawdown, which indicates the greatest loss an
investor could suffer if an investment is bought at its highest price, and sold at the lowest price. In
terms of ETFs, the active (TTFS) remain the most attractive under the Calmar ratio as well.
Although fixed income instruments are considered to be less risky than equity, our findings
demonstrate that a risk averse investor should rather hold active ETF (TTFS) equity rather than
the passive ETF (AGG) which track the fixed income U.S. broad market. This is so because the
active ETF (TTFS) has a higher Calmar ratio than the passive ETF (AGG).
4.3.8 Kappa
Referring to the literature review section, where Kappa as a risk performance measure was
introduced (section 2.2g), we now apply it to the various asset classes in order to rank them as
suggested by the authors Kaplan and Knowles (2004). The Sortino ratio and the Omega ratio are
essentially “downside” risk-adjusted performance measures. Each of these measures is a special
case or variants of Kappa, which is a generalized risk-adjusted performance measure. Therefore,
we do not expect our result to differ.
As expected, the ranking of the of the different asset classes under Kappa (Table 14) is no different
to that of our results obtained using the Sortino and Omega ratios. This confirms our overall
findings to be correct.
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4.4 ETFS VS FAMA AND FRENCH RISK FACTORS
In assessing the performance of the active and the passive ETFs, the Fama and French risk factors
are an essential tool in determining which ETF provide the best value. In this thesis, where the
merits of active and passive ETFs are being assessed, the Fama and French yield some useful
insights as shown in Table 17 and figure 41. For each active and passive ETFs, the alpha (excess
returns), beta coefficient and the p-value are shown in Table 17.
The results are no different compared to the one we obtained using the previous risk performance
measures in this thesis. That is, the equity active ETFs generate higher alphas compared to their
corresponding passive ETFs. Unsurprisingly, the active ETF (TTFS), generates an impressive
alpha of 1.3% on a monthly basis (annual 15.6%). It is normal for the passive emerging market
fixed income ETFs to have a negative alpha considering the crisis mentioned in Section 4.2.2. The
negative and zero alphas are also explained by the fact that the passive ETFs are not constructed
to obtain any extra return than the market. Or if there were other alphas, it would have been no
more than the fees they charged. As for the negative alphas of the U.S. Real Estate ETFs, the
reason behind this is because this model is not a good predictor with a P-Value for intercept of
0.494 (PSR) and 0.523 (VNQ). Figure 41 show the alpha level for each ETF.
Regarding the beta coefficient, the model does not reveal much because our results are not
statistically significant except for a few namely, passive ETF (SPY), with a beta of 0.6328 and a
P-value of 0.0464, it shows that the ETF has been tilted towards ‘large cap’ (high book to market
portfolio returns minus the average of the low book to Market portfolio returns) which is what the
ETF(SPY) tracks. One interesting finding relate to the active ETF (AADR), which deliver alpha
multiple times more than its corresponding passive ETF (DBEF). The regression model shows us
where the active manager has tilted his portfolio, that is, ‘small cap’. The manager was relying on
the small firm effect (investing in stocks with low market capitalization) to earn an abnormal
return. The superior performance of the active ETF over the passive one can be attributed to the
skills of their managers.

4.5 OLS REGRESSION ANALYSIS OF HEDGE FUNDS VS OTHER ASSETS
Going back to our sub-research question, the regression of the hedge funds returns and all the other
assets will help us understand how hedge funds returns interact vis-à-vis other assets. The level of
dependencies of the hedge funds returns on the other assets will reveal to investors whether by
adding hedge funds to a portfolio of assets, it will bring diversification or not.
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The results of our analysis are shown in Table 18, 19 and figure 42. Only the strategy Equity
Market Neutral have an R2 below 50% (low correlation). Our analysis shows that the returns of
the other asset classes are not a good predictor of the Equity Market Neutral returns. None of the
variables have a high T-Statistic and significant p-value. This is in line with previous research
done by AllianceBernstein (2012), where it was found that a well-designed market neutral strategy
helps to insulate investors from market crises and periods of unnerving volatility. The low
correlation is due to returns not being driven by the overall direction of the market, but instead
depend very heavily on the manager’s ability.
On the other hands, the other hedge funds strategies have a high R2, ranging from above 50% to
88%, implying that more than 50%-88% of the hedge funds returns are explained by the other 26
explanatory variables (other asset classes). In addition to that, many variables have significant pvalues and high T-Statistic as highlighted in Table 20 (we have highlighted the asset which have
statistically significant p-values). As previously stated in section 1 that investors would like hedge
funds that are less correlated with the market, then only Equity Market Neutral have the greatest
potential of being a diversifying strategy. It is to be noted that this is as far as a group of asset
classes such as ETFs, risk factors and traditional equities and bond are included in a portfolio.
When it comes to each hedge funds strategies correlation with different asset classes, the next
section illustrates this (4.6).
4.6 CORRELATION OF HEDGE FUNDS RETURNS VS OTHER ASSETS
Based on the findings in section 4.5 above, Table 21 and 22 revealed more in terms of correlation
of each hedge funds strategy with other asset classes. As explained in the previous section and to
further confirm, the Equity Market Neutral Strategy exhibits very low correlation to; other hedge
funds strategies, MSCI world, negative correlation with most of the ETFs, bond and some factor
indices (carry and momentum). Thus, it proves that this strategy can indeed be a portfolio
diversifier.
We also noted that all the hedge funds strategies exhibit very low correlation and even negative
with all the ETFs, especially the equity ones. Therefore, any hedge funds investor could add ETFs
in their portfolio as a diversifier.
The All hedge funds index, Emerging Market, Event Driven, Multi-Strategy (Event Driven) and
Long/Short Equity experience high correlation with the MSCI World and the MSCI factor indices,
namely value and momentum. Our findings also revealed that all the hedge funds strategies have
negative correlation with bond (BofA), they exhibit very low and even negative correlation with
the other asset classes namely, interest rates (momentum), interest rates Futures (Beta), currencies
(carry, momentum and beta) and commodities (beta). Therefore, hedge funds investors can include
these asset classes, besides ETFs mentioned above, as their portfolio diversifier.
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4.7 PORTFOLIO OPTIMIZATION
The last part of our analysis was meant to investigate whether the addition of hedge funds to a
portfolio will bring optimization. The results obtained was meant to also corroborate with our
findings in the previous sections where risk performance measures were used. Our results are
shown in Table 23 and 24. The returns, standard deviations and Sharpe ratio by each asset class
are shown in Table 25.
A traditional portfolio built on 60% equity (MSCI World) and bonds 40% (BofA Merrill Lynch)
has generated negative returns (-0.2755%) for the last five years. This is mainly because the mean
return of both the equities and bonds are less than the risk-free rate of one-month U.S. T-bill.
Likewise, all the hedge funds strategies have a mean return below the risk-free rate over the last
five years. We, therefore, did not have an interesting result as we tried to optimize the portfolio
where no short-selling was permitted (Table 23). However, where short-selling was permitted
(Table 24), some clever allocations were made resulting in some useful insights.
•

No short selling:

Under no short-selling (Table 23), we tried to achieve the maximum return at a portfolio constraint
standard deviation of less or equal to 0.16%, which is the lowest standard deviation in the portfolio
(Table 25). It is normal for the Solver in excel to tilt the allocation (63.12%) towards the assets
which exhibit the lowest volatilities, starting with passive ETF (AGG). This option lead us to a
portfolio expected return of -0.7589%. This is indeed anticipated because all the assets that exhibits
the lowest volatilities have a return below the risk-free rate. Thus, the solver was not able to
maximize the return where standard deviation was the lowest and was used as a constraint. In fact,
we have a portfolio loss.
Coming to the second option in Table 23, we tried to minimize the standard deviation of the
portfolio whilst having a constraint for the portfolio return to be greater or equal to 0.275%, which
is the highest portfolio return (Table 25). Again, this was predictable as the Solver tilted 100% of
the allocation to the Active ETF (TTFS), which is the best performing assets under all the risk
performance measures except the Calmar Ratio.
Finally, the last option as shown in Table 23 was to maximize the Sharpe ratio. The highest
portfolio Sharpe ratio was 0.08 (Table 25). Although by not much, yet we beat this Sharpe ratio as
we achieve a better one which is 0.09 under the Solver function. Again, the allocation was
predictable, with 65.16% allocation to the Active ETF (TTFS) and in the second place is the factor
index, MSCI World Momentum (34.84%). The equity ‘momentum’ strategy is one among the best
performing asset class after the Active ETFs.
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•

With short selling:

Under short-selling, in Table 24, we consider only two options, that is, maximizing the return and
minimizing the standard deviation. We could not maximize the Sharpe ratio because the solver
gives us an unpractical solution when inputting only one constraint, that is, the weight of the
portfolio is equal to 100%.
For the first option, we tried to maximize the return with a portfolio constraint of less or equal to
0.160%, which is the lowest standard deviation among the portfolio assets (Table 25). Even under
short selling, solver could not maximize the return. This is because most of the assets which exhibit
low volatilities have negative returns and those with higher volatilities have positive returns which
is quite normal. The result was that we end up with a portfolio expected loss of 0.6250%.
In the second and last option, we tried to minimize the portfolio standard deviation while adding a
constraint for the portfolio expected return to be greater or equal to 0.275% (the highest return
among the portfolio assets, Table 25). This is the most interesting result we obtain so far, because
whilst we achieve the highest return of 0.275%, we also blow all the individual asset Sharpe ratio
out of the water as we reach a Sharpe ratio of 0.58, a net increase of 625% compared to the highest
Sharpe ratio of an individual asset 0.08 (Table 25). This demonstrate the power of portfolio
diversification and optimization. The only concern is how far can the short selling be implemented
in practice. Since the purpose of this thesis was to analyze the performance of hedge funds
compared to other assets, hence, by carefully considering the allocation of the solver in achieving
a Sharpe ratio of 0.58, we will understand whether each hedge funds strategy provide any value
and contribute to a better portfolio optimization.
The most thought-provoking thing we noted in the last option is how the allocation to the active
ETF (TTFS) decrease from 100% under no short selling, to a mere 9.14% under short selling. In
contrast, we noticed the increase in allocation to different hedge funds strategies. An important
result from our finding is that if an asset has negative return, this does not mean that it should be
neglected. Since investment is about risks and returns, an asset with negative return but low
volatility can still benefit and add to a portfolio of assets with high returns and high volatilities.
One of such typical asset, or in case of hedge funds strategies, is the Multi-Strategy. Despite having
a mean return less than the risk-free rate, yet it is a strategy among the least volatile. This result in
the Solver allocating 129.19% to this asset class and also justify why this asset is the best performer
when assessed under the Calmar Ratio, which take into account the maximum drawdown.
Likewise, the Solver allocate 103.06% to the passive ETF (AGG) which track the fixed income
U.S. broad market. We also noted massive short selling for the “All hedge fund index” by
129.37%, meaning that rather than considering all the hedge funds industry, investors should rather
choose and focus on the most appropriate strategy. The Solver does guide us to load on Global
Macro strategy by 63.34% after the Multi-Strategy by 129.19%. Unless there is any research that
prove otherwise, we safely conclude that hedge funds strategies can still help the optimization of
a portfolio even if they generate a mean return less than the risk-free rate. The main reason behind
this is because of their low volatilities as further substantiated in Table 3.

58 | P a g e

5. CONCLUSION
Hedge funds performance
Our analysis of each of the hedge funds strategy under various metrics have enabled us to gauge
their merits vis-à-vis other asset classes. Due to the different metrics used in this thesis, we have
been able to look at all the asset classes from various angles. And under all metrics except the
Calmar ratio, the hedge funds industries have underperformed compared to the other asset classes
namely the active equity ETFs. This in turn justify our research hypothesis as it was an expected
result.
On a global basis, the hedge funds strategy which we found has any merit is that of the MultiStrategy. Being one among the best performing hedge funds strategy under MVaR, it also has the
highest Calmar ratio which means that it would prevent an investor from incurring losses if the
stock market swing downwards. Apart from this, we did not find any other outperformance from
the hedge funds on a global basis. In contrast, the asset classes which have showed significant and
consistence outperformance under most metrics are in fact the active ETFs.
After the active ETFs, we found that a strategy which has done well under the Jensen’s Alpha,
Sortino and Omega ratio is that of ‘Momentum’ (MSCI World Momentum). With an Omega ratio
of more than one, this strategy can help delivering significant returns for an investor as it can meet
the target return unlike hedge funds which is less than one. Besides the active ETFs, the
‘momentum’ strategy can be of appeal to any investor going forward.
ETFs performance (Active vs Passive investing)
Unlike hedge funds, we obtained a counter-intuitive results when assessing active and passive
ETFs. To our bewilderment, all the metrics used to assess the performance prove active ETFs to
outperformed the passive ones. Although the reason for the shift towards passive investing was
driven by the low costs passive ETFs, our results revealed that even when fees are taken into
account and deducted from the annualized return, the active ETFs still have the upper hand. The
annualized returns are shown in table 26 and the annual expense ratio are shown in section 3.3.
Besides the outperformance of the active ETFs, we also noted that they deliver alpha multiple
times more than their corresponding passive ETF and some having significant p-values when
assessed under the Fama-French factors. To the noteworthy of the fund managers, the active ETFs
remain by far the most attractive as per our findings and those managers eventually deserve to be
paid.
Hedge funds as a diversifier
As stated in the introduction section of this thesis, investors wanted hedge funds that are less
correlated with the market and offers protection against volatility. We explained above how the
Multi-Strategy could be one because of its low volatility and through our multiple regression and
correlation matrix, we shed more light on this issue going forward.
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We prove that the dedicated short funds strategy remains a crisis period strategy. Being the worst
performer under most metrics, it can insulate investors when the stock market crash. However,
when the stock market is up as it has been the case in the last five years, the strategy that can offer
investors diversification is that of Equity Market Neutral. It is a strategy that exhibits very low
correlation to other hedge funds strategies and the MSCI world (equities). It exhibits negative
correlation with most of the ETFs, bond and some factor indices (carry and momentum). Investors
should seriously consider this strategy because of its negative correlation with all the Equity ETFs
and bonds. Whilst other hedge funds strategies exhibit negative correlation with ETFs, bonds and
factor indices as well, they have an R2 above 50% whereas the equity market Neutral strategy has
the lowest R2. This could prove beneficial for any investor in the years ahead.
Portfolio Optimization
The most interesting part about hedge funds returns are that they can still help optimizing a
portfolio even if the returns is below the risk-free rate or negative. The main reason behind this is
because of the lower volatilities which they exhibit significantly outweigh their low returns. As
such, hedge funds strategies, namely the Multi-Strategy can help optimizing a portfolio by
improving the return per unit of risk. While loading up on particularly the Multi-Strategy, we were
able to maximize the Sharpe ratio multiple times more than on an individual asset basis by using
the solver function.

5.1 Points for future research
Hedge funds
Whilst this thesis clearly demonstrated the superiority of the active ETFs over the hedge funds on
a global basis, it would be interesting to see how hedge funds on an individual basis performed
versus these active ETFs. We recommend that hedge funds or funds of hedge funds (FOFs) which
match the same profile of these active ETFs are chosen. For e.g. hedge funds that invest exclusively
in the U.S. Equity Total Market could be chosen, analyzed and its performance compared with the
active ETF (TTFS). The possibility that a turnaround is observed in performance is not too far
when considering the limitations set out in section 3.6. This is so because the database used
significantly impact the results obtained and this is also the reason why Fung and Hsieh (2002),
propose to observe the performance of the FOFs only so as to obtain a more accurate picture of
their performance than the broad-based database.
In addition to the above, we believe that our research has paved the way for further FOFs analysis.
For example, if FOFs analysis are conducted by the hedge funds strategies mentioned below,
investment decision could very much be facilitated as to where investors could pour their money
in:
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Volatility - With returns that follow a platykurtic distribution (negative excess kurtosis), we find
that the Multi-Strategy could be a means of insulation against volatility due to its low drawdown
and highest annualized return among all the hedge funds strategies. Whilst our research is broadbased, a FOFs analysis will reveal more as to which funds investors could direct their investments
to.
Predictability - Our findings also confirm the presence of autocorrelation for various strategies.
Except for Equity Market Neutral, Global Macro and Managed Futures which have negative first
order autocorrelation, the other strategies have positive first order autocorrelation, that is, an
increase seen in one-time series will result in a proportionate increase in the other time series. This
means that the performance of those strategies will reoccur especially those which are statistically
significant and a FOFs analysis could certainly help investors capitalize on the advanced behavior
regarding the performance of those funds.
Opportunities for risk averse investors - Our finding revealed that the Dedicated Short Bias,
Managed futures and Convertible Arbitrage are positively skewed strategies. Knowing the
underperformance of the Dedicated Short Bias strategy, investors could still benefit from the other
two strategies which besides having mean returns which are greater than the median which in turn
are greater than the mode, they also exhibit positive annualized returns (after fees). Further FOFs
analysis could be performed on the two profitable strategies, thus allowing risk averse investors
which funds to choose.
ETFs
As we previously explained in section 4.2.2, the fixed income ETFs (both active and passive) have
been severely affected and in February 2017, bond market experts had reviewed the fixed-income
market to provide insights into potential alternative fixed-income strategies for diversification and
yield generation. Our findings which relate to the data span from February 2012 to January 2017,
do not justify any further investment in the fixed income ETFs. Because the Federal Reserve had
raised interest rates in December 2016, this can cause a fundamental change in the returns on fixed
income ETFs (both active and passive). Therefore, we recommend that further research be done
in the nearest future because if the fixed income ETFs show gain and robust recovery because of
the rise in interest rates, then investors could still benefit from it. The sooner the research is carried
out, the sooner might investors take advantage from it.
Risk performance measures
Various risk performance measures have been introduced and used in this thesis. Nevertheless, the
application of the Kappa measure was not to its fullest. For this thesis to be possible, it was
imperative to make assumptions and apply some of the measures in a simplified way, namely the
Kappa parameter. Although we do not think that it would have had a significant impact on our
results, yet we recommend that for future analysis of hedge funds and ETFs, it would be interesting
to take into account larger values of the Kappa parameter ‘n’ which penalizes large deviations
more than low values. The results obtained could have differ based on the choice of Kappa’s n
parameter.
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Another risk performance measure used in this thesis is MVaR. According to the authors Cavenaile
and Lejeune (2010), if investors have preferences for kurtosis, then confidence level below 95.84%
should never be used for the Modified Value-at-Risk. Else, the results obtained will not be an
accurate assessment of the assets' risk and leading to the overweighting of assets which exhibit
undesirable properties in terms of higher moments. Although we pointed out that higher
confidence level (e.g. 99%) would cause the results to go further in the left tail (section 2.2c) and
become inaccurate, we have not used a confidence level of 95.84% but 95% as that used in
(Malhotra, 2014) when assessing the performance of hedge funds. To our knowledge, we have not
come across performance assessment of hedge funds where a confidence level of 95.84% were
used. Therefore, we recommend that researcher could incorporate this limit in their future research
and see whether it materially affect the results of the hedge funds strategies like with the Kappa
parameter.
Coming to our last risk performance measure, the Sharpe ratio, which is extensively use by
academic in their assessment of different assets. This ratio has several drawbacks especially when
the result is negative because it becomes dimensionless and hard to interpret. We have introduced
the M2 measure in this thesis to counter this weakness while assessing ETFs. When hedge funds
were assessed, all the strategies as well as many other assets exhibit negative excess returns, hence
have a negative Sharpe ratio. We believe that researchers can address this drawback and we find a
solution after considering other alternatives. Researchers in the future could incorporate in their
analysis the work of Craig L. Israelsen summarized by Magiera (2010). To further illustrate this,
consider two funds (A and B) which both have negative excess returns. Fund B have lower return
and higher volatility resulting in a larger Sharpe ratio (less negative). The ranking will be Fund B
above Fund A which is counter-intuitive. The author added an exponent to the denominator of the
Sharpe ratio (standard deviation of excess return). The exponent is excess return divided by the
absolute value of excess return. After this adjustment, the Fund B have a smaller (more negative)
Sharpe ratio and thus ranked after Fund A. To our knowledge, we have not come across any piece
of research which have used this metric. Thus, we highly recommend this approach going forward.
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6. REFLECTIONS ON LEARNING

The Dissertation
It has been a journey. Having an accounting/auditing background and exposure to funds and
investment companies, I developed a keen interest in them and always have an idea as to what I
am going to write my thesis about.

Choosing a topic was not so difficult because of the constant changes that happened in the financial
world. The only concern is about picking the right topic that will add value to both my career and
to whom the thesis is designed to address. Choosing a few articles and doing some reading
eventually lead me to come across the right articles which was published in the Financial Times
and Bloomberg. These two articles were the very cornerstone of this thesis. The first being a
growing dissatisfaction of investors with hedge funds and the second being a shift towards more
passive investing. After the discussion with my supervisor and with his approval, we decided to
go and investigate more about this new trend. Our results were meant to answer the questions of
the investors, that is, whether hedge funds can be a diversifier and an insulation against volatility
and the second being that whether passive investing has any merit over the active one.
After choosing the right topic, the next thing was to get the right data. This was the most crucial
and difficult part of this thesis as far as the ETFs was concerned. Getting the right data for the
hedge funds returns was straightforward. For the factor indices, I had to do intensive search and
even contact some database providers before I landed on the Barclays factor indices. As for the
ETFs, I have spent more time scrutinizing the database than conducting the analysis. What I
learned was to get the right data and when it comes to the analysis, the results will automatically
make sense and there will not be any incongruity.
Another challenging part of this thesis was about how to analyze the data. There are various risk
performance measures used in the previous literature and none of them was without any
drawbacks. I had to read several research papers, read a lot in order to extract very little information
and identified which metric will help me in answering my research questions. I learned that the
appropriate metrics need to be used to cater for the different nature of the asset classes selected
and that a particular metric on its own cannot assess all the asset classes. The exposure which I
was given through the use of so many different metrics, how to twist and turn them, apply them in
different ways has shaped me in becoming a prospective financial analyst.
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Whilst analyzing the data, another spin-off was how my Microsoft Excel skills vastly improve.
Whilst learning can occur by different means, I have learned by actually doing the work which I
need to (learn by doing). This is in contrast to a person who is doing a work he routinely does. By
combining a lot of data and in some sort, ‘playing’ with numbers, I needed to make sure that my
data is not corrupted. Thus, I have developed the principle of working methodically and
meticulously with great attention to details.
Besides analyzing the data, there was another last and big challenge which was about the writing
of my findings. By so doing, I have improved my ability of assimilating vast amount of information
in numbers, interpreting and summarizing them in like a report format for the benefit of the reader.
Due to the number of metrics and asset classes used, I had to plan strategically and think carefully
of how to properly do the writings in an organized way so that my research questions are clearly
answered and the reader is not lost or confused while reading it.

Reflection on how far my dissertation/learning can be applied to help investors
Through this quantitative piece of work, I have learnt which asset class is providing value and
which is not. This can seriously be used for investment decision making and increase the awareness
of investors and in particular, hedge funds investors. Knowing the fees that hedge funds charged
(management fees plus 20% of profit generated), it is not worth investing unless a hedge fund
manager can prove that his returns (net of fees) continuously beat the market. In contrast to the
active ETFs, the fees which the latter charged is much lower and represent a much more logical
and reasonable investment opportunity.
Sometimes, deviating from the herd bring rewards as well. Another learning outcome from my
analysis also prove that by being a maverick, investors can still benefit. While passive investing
was the general trend, my thesis proved that even Active ETFs were more attractive after the
expense ratio was accounted for. It simply helped investors to break from the pack while generating
higher risk-adjusted returns.
However, although my work is empirical, the consequence of adopting this epistemology does not
mean that investors should choose any other active ETFs out of sample, over passive ones or hedge
funds. I would like to quote Dr. Taleb when he addressed the U.S. congress by saying that we are
moving to a world that deliver large scale random variables and that our financial system is
complex. One of the characteristic of a complex system is a low level of predictability. ETFs and
hedge funds occupy prominent roles in the financial system, therefore, I cannot say that over the
next five years, the outcome from my thesis will still hold true.
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Conclusion
The learning process is a never-ending process or like a horizon which never recede. The more I
have learned, the more I have realized how little I know. Through the scientific approach adopted
in this thesis, the experiment carried out, and the conclusion derived, I can say for sure which is
the best performing asset, which strategy can insulate investor (lowest drawdown) and which one
provide diversification or low correlation.
Nevertheless, there is a flaw in this epistemology. This is so because it leads to the belief that there
is no reality beyond material reality or if something cannot be scientifically proven, then it should
be rejected or it does not exist. To further illustrate this point, I will use the example of James
Rickards who was the general counsel for the LTCM and with over 35 years of Wall Street
experience. His book, The Road to Ruin (The New York Times bestseller), which anticipate the
next crisis, could not have been written unless Rickards has used his intuitive insights or his own
perception of reality which is a different epistemology from the scientific one. What he forecasted
cannot be scientifically proven yet, but still can be accepted or rejected based on an investor own
perception of reality.
I believe that through the empirical approach adopted in this thesis, it is not enough for any investor
to prepare, survive and prevail. For example, if the Dedicated Short Bias strategy was empirically
proven to do well during crisis, there is no guarantee that it will do well in the next crisis. Rather,
investors should adopt a different perception of the reality of the financial world in order to better
prepare. For example, they need to be able to have some of their assets out of the digital system in
a time of crisis because the magnitude of the next crisis is not known.
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APPENDIX A: Figures

Figure 1: Investors dissatisfaction with hedge funds
Source: https://www.ft.com/content/4b727f0a-f2dd-11e6-95ee-f14e55513608

Figure 2: Investors preference for passive ETFs
Source: https://www.bloomberg.com/news/articles/2016-04-07/the-financial-industry-is-having-its-napster-moment
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APPENDIX A: Figures (continued)

Figure 3: Wheel of Science
Source: http://www.gpmfirst.com/books/designs-methods-and-practices-research-project-management/applying-mixed-methodsresearching
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Figure 6: ACF Dedicated Short Bias

ACF at 5% Signicant level - Emerging Market
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Figure 7: ACF Emerging Markets

ACF at 5% significant level - Equity Market Neutral
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Figure 8: ACF Equity Market Neutral

ACF at 5% significant level - Event Driven
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Figure 9: ACF Event Driven
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APPENDIX A: Figures (continued)
ACF at 5% Significance level - Event Driven Distressed
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Figure 10: ACF Event Driven Distressed

ACF - Event Driven Multi-Strategy
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Figure 11: ACF Event Driven Multi-strategy

ACF at 5% significant level - Event Driven Risk Arbitrage
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Figure 12: ACF Event Driven Risk Arbitrage

ACF at 5% significance level - Fixed Income Arbitrage
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Figure 13: ACF Fixed Income Arbitrage
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APPENDIX A: Figures (continued)
ACF at 5% significance level - Global Macro
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Figure 14: ACF Global Macro

ACF at 5% significance level - Long/short Equity
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Figure 15: ACF Long/short Equity

ACF at 5% significance level - Managed Futures
40%
20%

ACF

0%

UL

-20%

1

2

3

4

5

6

7

8

9

10

11

LL

-40%
Figure 16: ACF Managed Futures

ACF at 5% significance level - Multi-Strategy
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Figure 17: ACF Multi-Strategy
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APPENDIX A: Figures (continued)
All Hedge fund index
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Figure 18: Histogram All Hedge fund index

Convertible Arbitrage
40%
35%
30%
25%
20%
15%
10%
5%
0%

Frequency
Normal

Figure 19: Histogram Converible Arbitrage

Dedicated Short Bias
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Figure 20: Histogram Dedicated Short Bias
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APPENDIX A: Figures (continued)
Emerging Markets
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Figure 21: Histogram Emerging Markets

Equity Market Neutral
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Figure 22: Histogram Equity Market Neutral

Event Driven
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Figure 23: Histogram Event Driven
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APPENDIX A: Figures (continued)
Event Driven: Distressed
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Figure 24: Histogram Event Driven Distressed

Event Driven: Multi-Strategy
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Figure 25: Histogram Event Driven Multi-Strategy

Event Driven: Risk Arbitrage
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Figure 26: Histogram Event Driven Risk Arbitrage
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APPENDIX A: Figures (continued)
Fixed Income Arbitrage
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Figure 27: Histogram Fixed Income Arbitrage

Global Macro
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Figure 28: Histogram Global Macro

Long/Short Equity
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Figure 29: Histogram Long/Short Equity
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APPENDIX A: Figures (continued)
Managed Futures
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Figure 30: Histogram Managed Futures
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Figure 31: Histogram Multi-Strategy
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APPENDIX A: Figures (continued)

Figure 32: Q-Q plot Active ETF (TTFS)

Figure 33: Q-Q plot Active ETF (FWDD)
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APPENDIX A: Figures (continued)

Figure 34: Q-Q plot MSCI World (Momentum)

Figure 35: Q-Q plot Passive ETF (VTI)
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APPENDIX A: Figures (continued)

Figure 36: Q-Q plot Passive ETF (SPY)
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Figure 37: Alphas for each ETF estimated using LSM
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APPENDIX A: Figures (continued)

Figure 38: Sharpe and Sortino ratios

Figure 39: Omega ratio

93 | P a g e

APPENDIX A: Figures (continued)

Figure 40: Calmar ratio

Figure 41: ETFs vs Fama and French factors
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APPENDIX A: Figures (continued)

Figure 42: R-Square of Hedge Funds Returns vs other assets

Figure 43: The efficient frontier.
The X-axis represents the standard deviation (σ), while the Y-axis represents the expected
return (E(r)). Source: http://leedscourses.colorado.edu/FNCE4030/MISC/slides/FNCE4030-Fall-2014-ch07handout.pdf
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APPENDIX A: Figures (continued)

Figure 44: The capital Allocation line (CAL), and the market portfolio (P)
The X-axis represents the standard deviation (σ), while the Y-axis represent the expected
return (E(r)). Source: http://leeds-courses.colorado.edu/FNCE4030/MISC/slides/FNCE4030-Fall-2014-ch07handout.pdf

Figure 45: Alternative Ways of Capturing Factors through Indexation.
Source: https://www.msci.com/documents/10199/402635a5-fd5d-498e-985a-1bec8ff8d8b1
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APPENDIX A: Figures (continued)

Figure 46: Mean return of each asset over last 5 years

Figure 47: Annualized return by asset
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APPENDIX B: Tables
Table 1: Autocorrelation Function(ACF) until lag 5 and P-Value at 5% significance level
Period 2012-2017
All Hedge fund index
Convertible Arbitrage
Dedicated Short Bias
Emerging Markets
Equity Market Neutral
Event Driven
Distressed
Multi-Strategy
Risk Arbitrage
Fixed Income Arbitrage
Global Macro
Long/Short Equity
Managed Futures
Multi-Strategy

ACF-Lag 1

16.14%
31.69%
9.55%
22.65%
-3.11%
36.41%
47.31%
31.93%
7.63%
37.52%
-3.98%
6.21%
-3.13%
13.99%

ACF-Lag 2

7.85%
5.54%
-10.12%
-9.99%
1.56%
26.79%
39.68%
21.49%
8.40%
12.25%
9.01%
6.36%
21.80%
8.79%

ACF-Lag 3

2.76%
-8.77%
-26.17%
-21.14%
-14.70%
20.71%
24.31%
18.48%
13.27%
21.76%
-13.36%
-5.12%
-14.74%
-4.23%

ACF-Lag 4

-3.02%
-6.36%
14.43%
-21.96%
-3.07%
11.84%
12.02%
11.59%
-21.06%
26.40%
8.41%
-11.90%
6.39%
-0.64%

ACF-Lag 5

3.52%
16.82%
18.23%
6.71%
6.48%
16.29%
22.77%
13.53%
-8.87%
23.49%
-11.03%
18.12%
-17.38%
5.30%

White-Noise P- ARCH effect PValue
Value

80.88%
9.41%
9.24%
6.31%
86.67%
0.20%
0.00%
1.53%
35.33%
0.05%
68.01%
56.19%
22.27%
83.60%

88.90%
87.23%
65.71%
74.58%
76.26%
23.63%
78.69%
12.64%
10.32%
8.42%
64.50%
18.45%
19.50%
85.25%

Table 1: Autocorrelation Function (ACF) until lag 5 and P-Value at 5% significance level
Table 2: Autocorrelation Function(ACF) until lag 5 and P-Value at 10% significance level
Period 2012-2017
All Hedge fund index
Convertible Arbitrage
Dedicated Short Bias
Emerging Markets
Equity Market Neutral
Event Driven
Distressed
Multi-Strategy
Risk Arbitrage
Fixed Income Arbitrage
Global Macro
Long/Short Equity
Managed Futures
Multi-Strategy

ACF-Lag 1

16.14%
31.69%
9.93%
22.65%
-3.11%
36.41%
47.31%
31.93%
7.63%
37.52%
-3.98%
6.21%
-3.13%
13.99%

ACF-Lag 2

7.85%
5.54%
-10.46%
-9.99%
1.56%
26.79%
39.68%
21.49%
8.40%
12.25%
9.01%
6.36%
21.80%
8.79%

ACF-Lag 3

2.76%
-8.77%
-25.03%
-21.14%
-14.70%
20.71%
24.31%
18.48%
13.27%
21.76%
-13.36%
-5.12%
-14.74%
-4.23%

ACF-Lag 4

-3.02%
-6.36%
14.53%
-21.96%
-3.07%
11.84%
12.02%
11.59%
-21.06%
26.40%
8.41%
-11.90%
6.39%
-0.64%

ACF-Lag 5

3.52%
16.82%
17.84%
6.71%
6.48%
16.29%
22.77%
13.53%
-8.87%
23.49%
-11.03%
18.12%
-17.38%
5.30%

White-Noise P- ARCH effect PValue
Value

80.88%
9.41%
9.24%
6.31%
86.67%
0.20%
0.00%
1.53%
35.33%
0.05%
68.01%
56.19%
22.27%
83.60%

Table 2: Autocorrelation Function (ACF) until Lag 5 and P-Value at 10% significance level
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88.90%
87.23%
65.71%
74.58%
76.26%
23.63%
78.69%
12.64%
10.32%
8.42%
64.50%
18.45%
19.50%
85.25%

APPENDIX B: Tables (continued)
Table 3: Hedge funds vs ETFs, Risk factors and Traditional Equities and Bonds
Observed STD Unsmoothed
% changed
2012-2017
Deviation
STD Deviation
Interest rate futures: Barclays US Treasury ER (Beta)
0.1617
0.1617
Dedicated Short Bias

0.0372

0.0403

8.17%

Passive: DBEF (Equity: Developed Markets Ex-U.S. - Total Market)

0.0377

0.0377

-

Active: FWDD (Equity: U.S. - Large Cap)

0.0366

0.0366

-

Active: AADR (Equity: Developed Markets Ex-U.S. - Total Market)

0.0366

0.0366

-

Commodities: Barclays Pure Beta Bloomberg CI ER (Beta)

0.0353

0.0353

-

Active: TTFS (Equity: U.S. - Total Market)

0.0331

0.0331

-

MSCI WORLD (value)

0.0324

0.0324

-

Equity: MSCI World

0.0317

0.0317

-

Passive: VTI (Equity: U.S. - Total Market)

0.0304

0.0304

-

Managed Futures

0.0304

0.0296

-2.38%

Passive: SPY (Equity: U.S. - Large Cap)

0.0296

0.0296

-

MSCI WORLD (momentum)

0.0290

0.0290

-

Passive: EMAG (Fixed Income: Emerging Markets - Broad Market)

0.0261

0.0261

-

MSCI WORLD (minimum volatility)

0.0251

0.0251

-

Active: MATH (Alternatives: Absolute Returns)

0.0247

0.0247

-

0.0156

0.0212

36.39%

Event Driven

Multi-Strategy (Event Driven)

0.0139

0.0200

43.31%

Emerging Markets

0.0163

0.0200

22.27%

Currencies: Barclays CPCI - 6 VA ER (Beta)

0.0188

0.0188

-

0.0111

0.0182

63.09%

Distressed (Event Driven)
Currencies: Barclays Investable World ER (Carry)

0.0178

0.0178

-

Currencies: Barclays Benchmark World FX ER (Momentum)

0.0162

0.0162

-

Long/Short Equity

0.0151

0.0155

2.69%

Commodities: Barclays ComBATS 12 ER (Carry)

0.0155

0.0155

-

Convertible Arbitrage

0.0094

0.0125

33.65%

Passive: QAI (Alternatives: Absolute Returns)

0.0123

0.0123

-

Bond: BofA Merrill Lynch US Corp Master Total Return

0.0116

0.0116

-

Equity Market Neutral

0.0112

0.0109

-2.26%

All Hedge fund index

0.0095

0.0109

14.22%

Global Macro

0.0110

0.0106

-3.73%

Passive: VNQ (Equity: U.S. Real Estate)

0.0102

0.0102

-

Active: PSR (Equity: U.S. Real Estate)

0.0087

0.0087

-

0.0080

0.0087

8.01%

Interest rates: Barclays Global SABER ER (Momentum)

0.0084

0.0084

-

Multi-Strategy

0.0075

0.0082

9.70%

Fixed Income Arbitrage

0.0056

0.0081

46.54%

Active: ELD (Fixed Income: Emerging Markets - Broad Market)

0.0055

0.0055

-

Active: FWDB (Fixed Income: U.S. - Broad Market)

0.0033

0.0033

-

Passive: AGG ((Fixed Income: U.S. - Broad Market))

0.0016

0.0016

-

Risk Arbitrage (Event Driven)

Table 3: Volatilities by assets
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APPENDIX B: Tables (continued)
Table 4: Normality Test, Skewness & Excess Kurtosis by Hedge Funds Strategies
Jarque-Bera at 10% significant level

Period 2012-2017
All Hedge fund index
Convertible Arbitrage
Dedicated Short Bias
Emerging Markets
Equity Market Neutral
Event Driven
Distressed
Multi-Strategy
Risk Arbitrage
Fixed Income Arbitrage
Global Macro
Long/Short Equity
Managed Futures
Multi-Strategy

Score

Critical Value

2.82
1.46
7.18
1.90
1.98
2.10
1.92
2.71
6.05
1.00
2.88
5.63
1.39
1.82

4.61
4.61
4.61
4.61
4.61
4.61
4.61
4.61
4.61
4.61
4.61
4.61
4.61
4.61

Skewness

Excess Kurtosis

-0.5042
0.3375
0.8179
-0.4337
-0.4131
-0.4214
-0.1679
-0.5320
-0.7807
-0.2918
-0.5476
-0.6366
0.1322
-0.2858

-0.3321
0.5326
0.7320
0.3428
0.5178
-0.3371
-0.7788
0.0152
0.4590
0.4069
0.2258
1.0249
-0.6551
-0.5980

Table 4: Normality Test, Skewness & Excess Kurtosis by Hedge Funds Strategies

Ticker (Active vs
Passive)

Annualized
return(CAGR)
Active

Passive

Table 5: Active vs Passive ETFs
Annualized
Sharpe
Treynor
volatility
Active

M square

Leverage factor

Passive Active Passive Active Passive Active Passive Active Passive

EQUITY:
1.FWDD vs SPY
2.T T FS vs VTI
3.AADR vs DBEF

11.80% 10.92%
14.38% 11.01%
7.73% 3.28%

12.80% 10.35%
11.57% 10.62%
12.79% 13.15%

0.03 0.01
0.08 0.01
-0.06 -0.15

-0.01 -0.001
-0.01 -0.001
0.05 0.17

1.03% 0.96%
1.19% 0.96%
0.74% 0.44%

0.80 0.99
0.91 0.99
0.89 0.86

BOND:
4.FWDB vs AGG
5.ELD vs EMAG

-0.23% -0.68%
-9.33% -5.17%

7.08% 3.99%
11.10% 14.52%

-2.53 -4.50
-1.66 -1.25

-0.11 -0.17
-0.02 -0.03

0.48% 0.13%
0.38% 0.52%

0.49 0.86
0.58 0.44

8.61% 4.31%

-0.28 -0.69

0.16 0.02

0.70% 0.35%

0.34 0.68

17.74% 19.52%

-0.95 -0.84

-0.03 0.19

0.04% 0.15%

1.03 0.92

ALTERNATIVE:
ABSOLUTE RETURN:
6.MAT H vs QAI
2.26% 0.96%
SECTOR:
US Real Estate:
7.PSR vs VNQ

10.38% 8.43%

Table 5: Active ETFs vs Passive ETFs
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APPENDIX B: Tables (continued)
Table 6: Active vs Passive ETFs
Ticker (Active vs
Passive)

Downside dev

Sortino

Active Passive Active Passive

Relative Return
Active

Tracking error:

Information
ratio:

Passive Active Passive Active Passive

Tracking error
VaR:
Active Passive

EQUITY:
1.FWDD vs SPY
2.TTFS vs VTI
3.AADR vs DBEF

2.57% 1.89%
2.03% 2.06%
2.05% 2.53%

4.23 5.30
6.63 4.89
3.31 0.92

-1.28% -2.15%
2.05% -1.33%
-2.15% -6.61%

5.12% 4.57%
4.91% 4.70%
5.03% 5.09%

-0.25 -0.47
0.42 -0.28
-0.43 -1.30

8.42% 7.52%
8.08% 7.73%
8.27% 8.37%

BOND:
4.FWDB vs AGG
5.ELD vs EMAG

0.29% 0.15%
0.40% 0.65%

-4.06 -10.64
-25.79 -9.41

-3.34% -3.79%
-12.02% -7.86%

0.41% 0.27%
0.56% 0.85%

-8.23 -14.07
-21.40 -9.22

0.67% 0.44%
0.92% 1.40%

0.80 0.03

0.05% -1.25%

2.64% 2.21%

0.02 -0.57

4.34% 3.63%

13.23 10.79

-4.11% -6.07%

1.34% 1.36%

-3.07 -4.46

2.21% 2.24%

ALTERNATIVE:
ABSOLUTE RETURN:
6.MATH vs QAI
1.66% 0.74%
SECTOR:
US Real Estate:
7.PSR vs VNQ

0.71% 0.69%

Table 6: Active ETFs vs Passive ETFs
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APPENDIX B: Tables (continued)

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40

Table 7: Sharpe Ratio
Active: TTFS (Equity: U.S. - Total Market)
Active: FWDD (Equity: U.S. - Large Cap)
MSCI WORLD (momentum)
Passive: VTI (Equity: U.S. - Total Market)
Passive: SPY (Equity: U.S. - Large Cap)
MSCI WORLD (minimum volatility)
Equity: MSCI World
MSCI WORLD (value)
Interest rate futures: Barclays US Treasury ER (Beta)
Active: AADR (Equity: Developed Markets Ex-U.S. - Total Market)
Passive: DBEF (Equity: Developed Markets Ex-U.S. - Total Market)
Distressed
Emerging Markets
Active: MATH (Alternatives: Absolute Returns)
Managed Futures
Event Driven
Multi-Strategy
Long/Short Equity
Commodities: Barclays Pure Beta Bloomberg CI ER (Beta)
Multi-Strategy
Passive: EMAG (Fixed Income: Emerging Markets - Broad Market)
Dedicated Short Bias
Convertible Arbitrage
Bond: BofA Merrill Lynch US Corp Master Total Return
All Hedge fund index
Currencies: Barclays Investable World ER (Carry)
Currencies: Barclays Benchmark World FX ER (Momentum)
Commodities: Barclays ComBATS 12 ER (Carry)
Global Macro
Fixed Income Arbitrage
Currencies: Barclays CPCI - 6 VA ER (Beta)
Passive: QAI (Alternatives: Absolute Returns)
Equity Market Neutral
Risk Arbitrage
Interest rates: Barclays Global SABER ER (Momentum)
Passive: VNQ (Equity: U.S. Real Estate)
Active: PSR (Equity: U.S. Real Estate)
Active: ELD (Fixed Income: Emerging Markets - Broad Market)
Active: FWDB (Fixed Income: U.S. - Broad Market)
Passive: AGG (Fixed Income: U.S. - Broad Market)

Table 7: Sharpe Ratio (SR)

102 | P a g e

SR
0.0822
0.0317
0.0270
0.0084
0.0064
-0.0143
-0.0167
-0.0185
-0.0503
-0.0602
-0.1511
-0.2618
-0.2782
-0.2827
-0.2940
-0.2952
-0.2999
-0.3071
-0.3807
-0.4579
-0.4580
-0.4922
-0.5103
-0.5200
-0.5560
-0.5758
-0.5951
-0.6012
-0.6517
-0.6745
-0.6871
-0.6922
-0.7346
-0.8556
-0.9345
-0.9476
-1.1187
-1.6013
-2.7717
-5.4230

APPENDIX B: Tables (continued)
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40

Table 8: Modified Sharpe Ratio
Active: TTFS (Equity: U.S. - Total Market)
Active: FWDD (Equity: U.S. - Large Cap)
MSCI WORLD (momentum)
Passive: VTI (Equity: U.S. - Total Market)
Passive: SPY (Equity: U.S. - Large Cap)
MSCI WORLD (minimum volatility)
Equity: MSCI World
MSCI WORLD (value)
Active: AADR (Equity: Developed Markets Ex-U.S. - Total Market)
Interest rate futures: Barclays US Treasury ER (Beta)
Passive: DBEF (Equity: Developed Markets Ex-U.S. - Total Market)
Distressed
Emerging Markets
Long/Short Equity
Event Driven
Multi-Strategy
Active: MATH (Alternatives: Absolute Returns)
Managed Futures
Multi-Strategy
Commodities: Barclays Pure Beta Bloomberg CI ER (Beta)
Bond: BofA Merrill Lynch US Corp Master Total Return
All Hedge fund index
Passive: EMAG (Fixed Income: Emerging Markets - Broad Market)
Convertible Arbitrage
Fixed Income Arbitrage
Global Macro
Currencies: Barclays Investable World ER (Carry)
Currencies: Barclays Benchmark World FX ER (Momentum)
Commodities: Barclays ComBATS 12 ER (Carry)
Equity Market Neutral
Passive: QAI (Alternatives: Absolute Returns)
Risk Arbitrage
Currencies: Barclays CPCI - 6 VA ER (Beta)
Dedicated Short Bias
Interest rates: Barclays Global SABER ER (Momentum)
Passive: VNQ (Equity: U.S. Real Estate)
Active: PSR (Equity: U.S. Real Estate)
Active: ELD (Fixed Income: Emerging Markets - Broad Market)
Active: FWDB (Fixed Income: U.S. - Broad Market)
Passive: AGG (Fixed Income: U.S. - Broad Market)

Table 8: Modified Sharpe Ratio (MSR)
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MSR
0.0408
0.0155
0.0130
0.0041
0.0032
-0.0069
-0.0083
-0.0092
-0.0344
-0.0441
-0.0829
-0.1337
-0.1430
-0.1470
-0.1523
-0.1555
-0.1678
-0.1793
-0.1899
-0.2499
-0.2590
-0.2663
-0.2755
-0.2884
-0.3084
-0.3236
-0.3472
-0.3553
-0.3630
-0.3940
-0.4128
-0.4142
-0.4189
-0.4380
-0.5028
-0.5924
-0.9280
-1.0102
-1.7142
-2.6837

APPENDIX B: Tables (continued)

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40

Table 9: Modified Value At Risk (MVaR)
Passive: AGG (Fixed Income: U.S. - Broad Market)
Active: FWDB (Fixed Income: U.S. - Broad Market)
Active: ELD (Fixed Income: Emerging Markets - Broad Market)
Active: PSR (Equity: U.S. Real Estate)
Interest rates: Barclays Global SABER ER (Momentum)
Passive: VNQ (Equity: U.S. Real Estate)
Fixed Income Arbitrage
Risk Arbitrage (Event Driven)
Multi-Strategy
Equity Market Neutral
Passive: QAI (Alternatives: Absolute Returns)
Global Macro
Convertible Arbitrage
All Hedge fund index
Bond: BofA Merrill Lynch US Corp Master Total Return
Commodities: Barclays ComBATS 12 ER (Carry)
Currencies: Barclays Benchmark World FX ER (Momentum)
Currencies: Barclays Investable World ER (Carry)
Currencies: Barclays CPCI - 6 VA ER (Beta)
Long/Short Equity
Distressed (Event Driven)
Event Driven
Emerging Markets
Multi-Strategy (Event Driven)
Active: MATH (Alternatives: Absolute Returns)
Passive: EMAG (Fixed Income: Emerging Markets - Broad Market)
Dedicated Short Bias
Managed Futures
MSCI WORLD (minimum volatility)
Commodities: Barclays Pure Beta Bloomberg CI ER (Beta)
Passive: SPY (Equity: U.S. - Large Cap)
MSCI WORLD (momentum)
Passive: VTI (Equity: U.S. - Total Market)
Equity: MSCI World
Active: AADR (Equity: Developed Markets Ex-U.S. - Total Market)
MSCI WORLD (value)
Active: TTFS (Equity: U.S. - Total Market)
Passive: DBEF (Equity: Developed Markets Ex-U.S. - Total Market)
Active: FWDD (Equity: U.S. - Large Cap)
Interest rate futures: Barclays US Treasury ER (Beta)

Table 9: Modified Value At Risk (MVaR)
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MVaR
0.00327
0.00546
0.00882
0.01063
0.01577
0.01650
0.01794
0.01802
0.01996
0.02056
0.02085
0.02158
0.02232
0.02294
0.02349
0.02593
0.02734
0.02983
0.03114
0.03274
0.03585
0.03907
0.03920
0.04126
0.04188
0.04372
0.04566
0.04902
0.05253
0.05423
0.05955
0.06078
0.06224
0.06459
0.06466
0.06538
0.06736
0.06917
0.07571
0.18627

APPENDIX B: Tables (continued)

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
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23
24
25
26
27
28
29
30
31
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33
34
35
36
37
38
39
40

Table 10: Jensen's Alpha
Active: TTFS (Equity: U.S. - Total Market)
Active: FWDD (Equity: U.S. - Large Cap)
MSCI WORLD (momentum)
Passive: VTI (Equity: U.S. - Total Market)
Passive: SPY (Equity: U.S. - Large Cap)
MSCI WORLD (minimum volatility)
Equity: MSCI World
MSCI WORLD (value)
Active: AADR (Equity: Developed Markets Ex-U.S. - Total Market)
Multi-Strategy
Distressed (Event Driven)
Long/Short Equity
Fixed Income Arbitrage
Emerging Markets
Event Driven
Passive: DBEF (Equity: Developed Markets Ex-U.S. - Total Market)
Bond: BofA Merrill Lynch US Corp Master Total Return
All Hedge fund index
Multi-Strategy (Event Driven)
Convertible Arbitrage
Global Macro
Active: MATH (Alternatives: Absolute Returns)
Risk Arbitrage (Event Driven)
Interest rates: Barclays Global SABER ER (Momentum)
Equity Market Neutral
Interest rate futures: Barclays US Treasury ER (Beta)
Passive: QAI (Alternatives: Absolute Returns)
Passive: AGG (Fixed Income: U.S. - Broad Market)
Managed Futures
Active: ELD (Fixed Income: Emerging Markets - Broad Market)
Active: FWDB (Fixed Income: U.S. - Broad Market)
Commodities: Barclays ComBATS 12 ER (Carry)
Currencies: Barclays Benchmark World FX ER (Momentum)
Passive: VNQ (Equity: U.S. Real Estate)
Active: PSR (Equity: U.S. Real Estate)
Currencies: Barclays Investable World ER (Carry)
Passive: EMAG (Fixed Income: Emerging Markets - Broad Market)
Currencies: Barclays CPCI - 6 VA ER (Beta)
Commodities: Barclays Pure Beta Bloomberg CI ER (Beta)
Dedicated Short Bias

Table 10: Jensen’s Alpha
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Jensen's A
0.00251
0.00090
0.00083
0.00002
-0.00004
-0.00035
-0.00050
-0.00057
-0.00245
-0.00378
-0.00477
-0.00479
-0.00552
-0.00561
-0.00592
-0.00593
-0.00610
-0.00610
-0.00638
-0.00645
-0.00698
-0.00718
-0.00745
-0.00795
-0.00809
-0.00813
-0.00868
-0.00877
-0.00880
-0.00891
-0.00936
-0.00941
-0.00971
-0.00979
-0.00988
-0.01037
-0.01206
-0.01305
-0.01357
-0.02001

APPENDIX B: Tables (continued)

1
2
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4
5
6
7
8
9
10
11
12
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Table 11: Sortino ratio
Active: TTFS (Equity: U.S. - Total Market)
Active: FWDD (Equity: U.S. - Large Cap)
MSCI WORLD (momentum)
Passive: VTI (Equity: U.S. - Total Market)
Passive: SPY (Equity: U.S. - Large Cap)
MSCI WORLD (minimum volatility)
Equity: MSCI World
MSCI WORLD (value)
Interest rate futures: Barclays US Treasury ER (Beta)
Active: AADR (Equity: Developed Markets Ex-U.S. - Total Market)
Passive: DBEF (Equity: Developed Markets Ex-U.S. - Total Market)
Distressed (Event Driven)
Emerging Markets
Event Driven
Multi-Strategy (Event Driven)
Active: MATH (Alternatives: Absolute Returns)
Long/Short Equity
Managed Futures
Commodities: Barclays Pure Beta Bloomberg CI ER (Beta)
Passive: EMAG (Fixed Income: Emerging Markets - Broad Market)
Multi-Strategy
Bond: BofA Merrill Lynch US Corp Master Total Return
Convertible Arbitrage
All Hedge fund index
Dedicated Short Bias
Currencies: Barclays Investable World ER (Carry)
Currencies: Barclays Benchmark World FX ER (Momentum)
Commodities: Barclays ComBATS 12 ER (Carry)
Global Macro
Currencies: Barclays CPCI - 6 VA ER (Beta)
Fixed Income Arbitrage
Passive: QAI (Alternatives: Absolute Returns)
Equity Market Neutral
Risk Arbitrage (Event Driven)
Interest rates: Barclays Global SABER ER (Momentum)
Passive: VNQ (Equity: U.S. Real Estate)
Active: PSR (Equity: U.S. Real Estate)
Active: ELD (Fixed Income: Emerging Markets - Broad Market)
Active: FWDB (Fixed Income: U.S. - Broad Market)
Passive: AGG (Fixed Income: U.S. - Broad Market)

Table 11: Sortino Ratio
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Sortino
0.12521
0.04383
0.03768
0.01153
0.00899
-0.01943
-0.02248
-0.02501
-0.08200
-0.08551
-0.18229
-0.29842
-0.31157
-0.32140
-0.32373
-0.33118
-0.33225
-0.33523
-0.40886
-0.45228
-0.45262
-0.50087
-0.50935
-0.51079
-0.51699
-0.52973
-0.54958
-0.55354
-0.56910
-0.58533
-0.59046
-0.60457
-0.61523
-0.66054
-0.70025
-0.70489
-0.77887
-0.85754
-0.94155
-0.98369

APPENDIX B: Tables (continued)

1
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4
5
6
7
8
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Table 12: Omega ratio
Active: TTFS (Equity: U.S. - Total Market)
Active: FWDD (Equity: U.S. - Large Cap)
MSCI WORLD (momentum)
Passive: VTI (Equity: U.S. - Total Market)
Passive: SPY (Equity: U.S. - Large Cap)
MSCI WORLD (minimum volatility)
Equity: MSCI World
MSCI WORLD (value)
Interest rate futures: Barclays US Treasury ER (Beta)
Active: AADR (Equity: Developed Markets Ex-U.S. - Total Market)
Passive: DBEF (Equity: Developed Markets Ex-U.S. - Total Market)
Distressed (Event Driven)
Managed Futures
Emerging Markets
Event Driven
Active: MATH (Alternatives: Absolute Returns)
Multi-Strategy (Event Driven)
Long/Short Equity
Commodities: Barclays Pure Beta Bloomberg CI ER (Beta)
Multi-Strategy
Passive: EMAG (Fixed Income: Emerging Markets - Broad Market)
Dedicated Short Bias
Convertible Arbitrage
Bond: BofA Merrill Lynch US Corp Master Total Return
All Hedge fund index
Commodities: Barclays ComBATS 12 ER (Carry)
Currencies: Barclays Investable World ER (Carry)
Currencies: Barclays Benchmark World FX ER (Momentum)
Fixed Income Arbitrage
Passive: QAI (Alternatives: Absolute Returns)
Global Macro
Equity Market Neutral
Currencies: Barclays CPCI - 6 VA ER (Beta)
Interest rates: Barclays Global SABER ER (Momentum)
Passive: VNQ (Equity: U.S. Real Estate)
Risk Arbitrage (Event Driven)
Active: PSR (Equity: U.S. Real Estate)
Active: ELD (Fixed Income: Emerging Markets - Broad Market)
Active: FWDB (Fixed Income: U.S. - Broad Market)
Passive: AGG (Fixed Income: U.S. - Broad Market)

Table 12: Omega Ratio
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Omega
1.23022
1.08323
1.06817
1.02143
1.01644
0.96507
0.95729
0.95316
0.87088
0.85316
0.66474
0.52693
0.49508
0.47584
0.46830
0.45724
0.45493
0.45289
0.37260
0.31175
0.31034
0.30159
0.27855
0.24994
0.22677
0.21840
0.21643
0.20846
0.17181
0.16661
0.15526
0.13670
0.12923
0.07738
0.07690
0.07186
0.06044
0.03046
0.00005
0.00000

APPENDIX B: Tables (continued)
Table 13: Calmar Ratio
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40

Multi-Strategy
Fixed Income Arbitrage
MSCI WORLD (minimum volatility)
Active: TTFS (Equity: U.S. - Total Market)
Passive: AGG (Fixed Income: U.S. - Broad Market)
MSCI WORLD (momentum)
All Hedge fund index
Passive: VTI (Equity: U.S. - Total Market)
Passive: SPY (Equity: U.S. - Large Cap)
Distressed (Event Driven)
Bond: BofA Merrill Lynch US Corp Master Total Return
Active: FWDD (Equity: U.S. - Large Cap)
Long/Short Equity
MSCI WORLD (value)
Equity: MSCI World
Global Macro
Risk Arbitrage (Event Driven)
Convertible Arbitrage
Emerging Markets
Active: AADR (Equity: Developed Markets Ex-U.S. - Total Market)
Event Driven
Interest rates: Barclays Global SABER ER (Momentum)
Multi-Strategy (Event Driven)
Equity Market Neutral
Passive: DBEF (Equity: Developed Markets Ex-U.S. - Total Market)
Active: MATH (Alternatives: Absolute Returns)
Active: ELD (Fixed Income: Emerging Markets - Broad Market)
Passive: QAI (Alternatives: Absolute Returns)
Managed Futures
Active: FWDB (Fixed Income: U.S. - Broad Market)
Commodities: Barclays ComBATS 12 ER (Carry)
Currencies: Barclays Benchmark World FX ER (Momentum)
Active: PSR (Equity: U.S. Real Estate)
Passive: VNQ (Equity: U.S. Real Estate)
Interest rates: Barclays US Treasury ER (Beta)
Currencies: Barclays Investable World ER (Carry)
Passive: EMAG (Fixed Income: Emerging Markets - Broad Market)
Commodities: Barclays Pure Beta Bloomberg CI ER (Beta)
Currencies: Barclays CPCI - 6 VA ER (Beta)
Dedicated Short Bias

Table 13: Calmar Ratio
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Calmar
1.88952
1.17839
1.02421
0.98399
0.92105
0.91307
0.83034
0.81943
0.76814
0.74673
0.70808
0.69923
0.64539
0.63827
0.63576
0.56221
0.55307
0.52589
0.46910
0.45838
0.45450
0.40272
0.34972
0.26062
0.19884
0.17564
0.17493
0.13553
0.01416
0.01139
-0.02655
-0.06616
-0.10825
-0.11111
-0.13903
-0.17309
-0.28804
-0.29686
-0.47431
-0.67754

APPENDIX B: Tables (continued)
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8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40

Table 14: Kappa
Active: TTFS (Equity: U.S. - Total Market)
Active: FWDD (Equity: U.S. - Large Cap)
MSCI WORLD (momentum)
Passive: VTI (Equity: U.S. - Total Market)
Passive: SPY (Equity: U.S. - Large Cap)
MSCI WORLD (minimum volatility)
Equity: MSCI World
MSCI WORLD (value)
Interest rate futures: Barclays US Treasury ER (Beta)
Active: AADR (Equity: Developed Markets Ex-U.S. - Total Market)
Passive: DBEF (Equity: Developed Markets Ex-U.S. - Total Market)
Distressed (Event Driven)
Managed Futures
Emerging Markets
Event Driven
Active: MATH (Alternatives: Absolute Returns)
Multi-Strategy (Event Driven)
Long/Short Equity
Commodities: Barclays Pure Beta Bloomberg CI ER (Beta)
Multi-Strategy
Passive: EMAG (Fixed Income: Emerging Markets - Broad Market)
Dedicated Short Bias
Convertible Arbitrage
Bond: BofA Merrill Lynch US Corp Master Total Return
All Hedge fund index
Commodities: Barclays ComBATS 12 ER (Carry)
Currencies: Barclays Investable World ER (Carry)
Currencies: Barclays Benchmark World FX ER (Momentum)
Fixed Income Arbitrage
Passive: QAI (Alternatives: Absolute Returns)
Global Macro
Equity Market Neutral
Currencies: Barclays CPCI - 6 VA ER (Beta)
Interest rates: Barclays Global SABER ER (Momentum)
Passive: VNQ (Equity: U.S. Real Estate)
Risk Arbitrage (Event Driven)
Active: PSR (Equity: U.S. Real Estate)
Active: ELD (Fixed Income: Emerging Markets - Broad Market)
Active: FWDB (Fixed Income: U.S. - Broad Market)
Passive: AGG (Fixed Income: U.S. - Broad Market)

Table 14: Kappa
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Kappa
0.23022
0.08323
0.06817
0.02143
0.01644
-0.03493
-0.04271
-0.04684
-0.12912
-0.14684
-0.33526
-0.47307
-0.50492
-0.52416
-0.53170
-0.54276
-0.54507
-0.54711
-0.62740
-0.68825
-0.68966
-0.69841
-0.72145
-0.75006
-0.77323
-0.78160
-0.78357
-0.79154
-0.82819
-0.83339
-0.84474
-0.86330
-0.87077
-0.92262
-0.92310
-0.92814
-0.93956
-0.96954
-0.99995
-1.00000

APPENDIX B: Tables (continued)
Table 15: Significant testing of Alpha at 95% confidence level
Active
Active TTFS
Passive VTI
FWDD vs
vs S&P 500
vs S&P 500
S&P 500
Dummy value used as Alpha
Alpha estimated using LSM
T-statisitic

0.50%
0.251%
0.589

0.50%
0.090%
0.224

0.50%
0.002%
0.015

Table 15: Significant testing of Alpha vs S&P 500

Table 16: Significant testing of Alpha at 95% confidence level
Active FWDD vs
Active TTFS
Passive VTI
USA LARGE
vs USA IMI
vs USA IMI
CAP
Dummy value used as Alpha
Alpha estimated using LSM
T-statisitic

0.50%
0.305%
0.328

0.50%
0.163%
0.157

0.50%
0.054%
0.062

Table 16: Significant testing of Alpha vs Benhmark index of each ETF
Table 17: Active and Passive ETFs vs Fama French
Ticker (Active vs Passive)

Beta wrt
Beta wrt
Beta wrt
Beta wrt
Beta wrt
Alpha Mkt-RF P-Value SMB
P-Value HML
P-Value RMW P-Value CMA P-Value

EQUITY:
Active: FWDD (U.S.Large Cap)
Passive: SPY (U.S.Large Cap)

0.013
0.012

-0.1633 0.3212
-0.1554 0.2429

0.0784
0.1432

0.7505
0.4723

0.1348
0.1281

0.6372
0.5787

0.7286 0.0636 -0.1278
0.6328 0.0464 -0.2040

0.7951
0.6077

Active: TTFS (U.S. Total M kt)
Passive: VTI (U.S. Total M kt)

0.014
0.012

-0.1569 0.2969
-0.1575 0.2483

-0.0857
0.1248

0.7036
0.5413

0.2289
0.1378

0.3819
0.5604

0.4288 0.2277 -0.2287
0.6299 0.0530 -0.1760

0.6113
0.6660

Active: AADR (Global Ex-U.S.)
Passive: DBEF (Global Ex-U.S.)

0.011
0.004

-0.2727 0.0961
-0.0370 0.8284

0.4939
0.4536

0.0463
0.0815

0.1078
0.2173

0.7023
0.4663

0.6830 0.0778 -0.5560
0.5647 0.1648 -0.2195

0.2554
0.6689

BOND:
Active: FWDB (U.S. Broad M kt) 0.000
Passive: AGG (U.S. Broad M kt) 0.001

-0.0005 0.9762
0.0013 0.8407

-0.0176
-0.0159

0.4466 -0.0333
0.1115 -0.0278

0.2166 -0.0088 0.8088
0.0178 0.0147 0.3433

0.0642
0.0100

0.1679
0.6132

0.0183 0.4756 -0.0172
0.4448 < 0.0001 -0.2592

0.6560 0.0329
0.0992 -0.1863

0.4627
0.3028

0.0083 0.8913
0.2316 0.3436

0.0186
0.0425

0.8095
0.8909

Active: ELD (Emerging M kt)
0.000
Passive: EM AG (Emerging M kt) -0.007
ALTERNATIVE:
Active: M ATH (Absolute Ret.)
Passive: QAI (Absolute Ret.)
US Real Estate:
Active: PSR (U.S. Real Est.)
Passive: VNQ (U.S. Real Est.)

0.002
0.002

-0.0207 0.8509
-0.0775 0.1588

0.1121
0.0961

0.4995 0.1178
0.2434 -0.0543

0.5403
0.5679

0.5173 0.0505 0.0705
0.2585 0.0483 -0.0188

0.8312
0.9085

-0.001
-0.001

0.0405 0.3189
0.0410 0.3847

-0.0478
-0.0846

0.4334 -0.0096
0.2344 0.0142

0.8922
0.8624

0.0535 0.5755 -0.0321
0.0501 0.6515 0.0469

0.7913
0.7396

Table 17: ETFs vs Fama and French Risk factors
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APPENDIX B: Tables (continued)
Table 18: R-S quare of Hedge funds Returns vs ETFs, Factor indices and Traditional Equities and Bonds
Event
All Hedge
Convertible Dedicated Emerging
Equity Market Event
Driven fund index
Arbitrage
S hort Bias Markets
Neutral
Driven
Distressed
58.90%
78.59%
78.53%
R-S quare 84.33%
Table 18: R-Square of Hedge Funds Returns vs other assets

49.35%

83.08%

74.58%

Table 19: R-S quare of Hedge funds Returns vs ETFs, Factor indices and Traditional Equities and Bonds
Event Driven - Event Driven Fixed Income
Long/S hort Managed
MultiMultiRisk
Global Macro
Arbitrage
Equity
Futures
S trategy
S trategy
Arbitrage
82.42%
61.82%
61.15%
71.06%
R-S quare
Table 19: R-Square of Hedge Funds Returns vs other assets

88.01%

73.65%

79.24%

Table 20: OLS Regression of Hedge Funds Returns vs other assets at 95% confidence level
All he dge funds index
Be ta

Active:FWDD
Passive: S PY
Active: TTFS
Passive: VTI
Active: AADR
Passive: DBEF
Active: FWDB
Passive: AGG
Active: ELD
Passive: EMAG
Active: MATH
Passive: QAI
Active: PS R
Passive: VNQ
M SCI World Value
M SCI World M omentum
M SCI World M in.Volatility
Interest rates M omentum
Interest rate futures Beta
Currencies M omentum
Currencies Carry
Currencies beta
Commodities Carry
Commodities Beta
Equity:MS CI World
Bond:BofA

0.0834
0.3932
-0.0376
-0.4998
-0.028
-0.0073
-0.3012
0.1828
0.1475
-0.0247
0.1053
0.1363
-0.0796
0.0493
0.4872
0.322
-0.285
0.134
-0.027
0.161
-0.009
-0.165
-0.048
0.002
-0.198
-0.139

C ove rtible Arbitrage

De dicate d Short Bias

Eme rging Marke t

T-Stat P-Value

0.7616
1.2791
-0.4223
-1.3756
-0.5843
-0.2017
-0.9143
0.2718
0.6888
-0.3359
1.4698
0.8943
-0.4976
0.3167
1.726
2.941
-2.6861
0.8239
-3.0764
2.2724
-0.126
-1.6438
-0.6411
0.0625
-0.5904
-1.1408

-0.435
1.520
1.917
-1.190
-0.207
-1.027
-0.294
1.300
-0.683
0.845
-1.031
-1.172
-0.504
-0.726
-0.240
0.342
-1.279
-0.445
-0.407
1.290
-1.701
1.087
-0.795
-0.559
0.543
1.155

0.452
0.210
0.676
0.178
0.563
0.841
0.367
0.787
0.496
0.739
0.151
0.378
0.622
0.753
0.094
0.006
0.011
0.416
0.004
0.030
0.900
0.110
0.526
0.951
0.559
0.262

-0.259
-0.423
0.083
0.778
0.080
-0.042
0.367
2.363
-0.705
0.016
-0.061
-0.207
0.362
-0.411
0.208
-0.147
-0.070
-0.121
-0.004
0.101
-0.202
0.267
-0.093
0.106
0.074
-0.052

-1.271
-0.740
0.499
1.152
0.901
-0.624
0.600
1.890
-1.772
0.116
-0.460
-0.729
1.218
-1.419
0.395
-0.721
-0.354
-0.401
-0.254
0.771
-1.483
1.435
-0.670
1.631
0.118
-0.231

0.213
0.465
0.621
0.258
0.374
0.537
0.553
0.068
0.086
0.909
0.649
0.471
0.232
0.165
0.695
0.476
0.725
0.691
0.801
0.446
0.148
0.161
0.507
0.112
0.906
0.819

0.232
1.063
-0.105
-1.053
-0.181
-0.159
0.477
4.138
0.610
0.427
-0.005
-0.013
0.542
-0.711
0.705
-0.202
0.257
0.622
0.054
-0.189
0.021
-0.792
-0.265
-0.023
-1.677
0.006

0.489
0.800
-0.272
-0.670
-0.873
-1.014
0.335
1.424
0.659
1.347
-0.015
-0.019
0.784
-1.056
0.578
-0.428
0.562
0.884
1.455
-0.617
0.067
-1.829
-0.825
-0.154
-1.156
0.012

0.628
0.430
0.787
0.508
0.389
0.318
0.740
0.164
0.514
0.187
0.988
0.985
0.439
0.299
0.567
0.672
0.578
0.383
0.155
0.541
0.947
0.076
0.415
0.878
0.256
0.991

-0.140
-0.099
-0.150
0.678
-0.157
0.036
-0.625
0.708
0.247
0.280
0.050
-0.345
0.319
-0.570
0.035
0.005
-0.219
-0.083
-0.023
0.290
0.073
-0.014
-0.164
0.011
0.471
-0.039

-0.594
-0.151
-0.783
0.869
-1.528
0.468
-0.884
0.490
0.537
1.776
0.322
-1.053
0.927
-1.705
0.058
0.023
-0.964
-0.237
-1.238
1.909
0.464
-0.063
-1.025
0.147
0.654
-0.148
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Equity Market Ne utral

T-Stat P-Value Be ta T-Stat P-Value Be ta T-Stat P-Value Beta T-Stat P-Value Be ta

0.556
0.881
0.439
0.391
0.136
0.643
0.383
0.627
0.595
0.085
0.750
0.300
0.360
0.098
0.954
0.982
0.342
0.814
0.224
0.065
0.645
0.950
0.313
0.884
0.518
0.884

-0.086
0.843
0.308
-0.780
-0.018
-0.067
-0.175
1.578
-0.264
0.112
-0.133
-0.322
-0.145
-0.204
-0.122
0.068
-0.245
-0.131
-0.006
0.165
-0.224
0.196
-0.107
-0.035
0.329
0.254

0.666
0.138
0.064
0.243
0.837
0.312
0.771
0.202
0.500
0.404
0.310
0.250
0.618
0.473
0.812
0.734
0.210
0.660
0.686
0.206
0.098
0.285
0.432
0.580
0.591
0.256

APPENDIX B: Tables (continued)
Table 20: OLS Regression of Hedge Funds Returns vs other assets at 95% confidence level
Event Driven

Active:FWDD
Passive: S PY
Active: TTFS
Passive: VTI
Active: AADR
Passive: DBEF
Active: FWDB
Passive: AGG
Active: ELD
Passive: EMAG
Active: MATH
Passive: QAI
Active: PSR
Passive: VNQ
M SCI World Value
M SCI World M omentum
M SCI World M in.Volatility
Interest rates M omentum
Interest rate futures Beta
Currencies M omentum
Currencies Carry
Currencies beta
Commodities Carry
Commodities Beta
Equity:MSCI World
Bond:BofA

Event Driven Distresse d Eve nt Drive n M.Strategy

Beta

T-Stat P-Value

Beta

T-Stat P-Value Beta

-0.182
0.327
0.010
-0.343
0.037
0.009
-0.020
2.024
-0.341
-0.007
0.253
0.014
-0.302
0.337
1.061
0.507
-0.535
0.116
-0.024
0.086
-0.266
-0.123
-0.002
0.112
-0.567
-0.178

-0.871
0.557
0.059
-0.494
0.400
0.125
-0.031
1.579
-0.834
-0.052
1.852
0.050
-0.991
1.136
1.971
2.428
-2.646
0.374
-1.462
0.638
-1.911
-0.645
-0.012
1.681
-0.886
-0.767

-0.136
0.727
0.002
-0.620
-0.097
0.003
-0.026
1.906
0.008
0.111
0.276
-0.155
-0.477
0.348
1.015
0.406
-0.637
0.196
-0.015
0.202
-0.209
-0.109
-0.090
0.067
-0.514
0.083

-0.583
1.115
0.010
-0.804
-0.956
0.041
-0.037
1.336
0.018
0.711
1.817
-0.478
-1.405
1.054
1.695
1.746
-2.833
0.567
-0.818
1.347
-1.349
-0.513
-0.568
0.904
-0.722
0.320

0.390
0.581
0.953
0.624
0.692
0.901
0.975
0.124
0.410
0.959
0.073
0.961
0.329
0.264
0.057
0.021
0.012
0.711
0.153
0.528
0.065
0.524
0.990
0.102
0.382
0.449

0.564
0.273
0.992
0.427
0.346
0.967
0.971
0.191
0.986
0.482
0.078
0.636
0.169
0.300
0.099
0.090
0.008
0.575
0.419
0.187
0.187
0.612
0.574
0.373
0.476
0.751

-0.199
0.249
0.015
-0.314
0.083
0.008
-0.003
2.086
-0.460
-0.054
0.255
0.080
-0.236
0.318
1.064
0.546
-0.524
0.072
-0.028
0.064
-0.287
-0.113
0.009
0.126
-0.565
-0.261

M.S. Risk Arbitrage

F. Income Arbitrage

T-Stat P-Value Beta T-Stat P-Value Beta T-Stat P-Value

-0.879
0.393
0.083
-0.419
0.836
0.111
-0.004
1.505
-1.041
-0.356
1.725
0.256
-0.717
0.991
1.828
2.418
-2.396
0.213
-1.597
0.441
-1.906
-0.546
0.057
1.743
-0.817
-1.038

0.386
0.697
0.934
0.678
0.409
0.912
0.997
0.142
0.305
0.724
0.094
0.800
0.479
0.329
0.077
0.021
0.022
0.833
0.120
0.662
0.065
0.589
0.955
0.091
0.420
0.307

-0.071
-0.151
0.130
0.015
0.067
-0.062
-0.452
1.121
0.176
-0.068
0.029
-0.086
0.244
-0.198
0.692
0.334
-0.286
0.423
-0.001
0.149
-0.122
0.256
0.002
0.019
-0.646
0.067

-0.519
-0.395
1.180
0.032
1.119
-1.383
-1.107
1.345
0.662
-0.750
0.322
-0.457
1.230
-1.026
1.976
2.464
-2.174
2.098
-0.077
1.701
-1.350
2.062
0.026
0.442
-1.554
0.442

0.607
0.695
0.247
0.974
0.271
0.176
0.276
0.188
0.513
0.459
0.749
0.650
0.228
0.312
0.057
0.019
0.037
0.044
0.939
0.098
0.186
0.047
0.979
0.661
0.130
0.661

-0.122
-0.187
-0.037
0.355
-0.062
0.051
0.436
0.693
-0.180
-0.047
-0.036
0.047
-0.153
0.284
0.066
-0.064
-0.164
-0.011
-0.016
0.055
-0.086
0.054
-0.109
0.035
0.253
-0.077

-0.949
-0.518
-0.357
0.832
-1.097
1.197
1.125
0.876
-0.713
-0.545
-0.427
0.261
-0.813
1.552
0.199
-0.501
-1.314
-0.060
-1.584
0.658
-1.001
0.461
-1.245
0.859
0.643
-0.539

0.350
0.608
0.723
0.412
0.281
0.240
0.269
0.387
0.481
0.589
0.672
0.796
0.422
0.130
0.843
0.620
0.198
0.953
0.123
0.515
0.324
0.648
0.222
0.397
0.525
0.594
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Table 20: OLS Regression of Hedge Funds Returns vs other assets at 95% confidence level
Gl obal Macro

Active:FWDD
Passive: S PY
Active: TTFS
Passive: VTI
Active: AADR
Passive: DBEF
Active: FWDB
Passive: AGG
Active: ELD
Passive: EMAG
Active: MATH
Passive: QAI
Active: PS R
Passive: VNQ
M SCI World Value
M SCI World M omentum
M SCI World M in.Volatility
Interest rates M omentum
Interest rate futures Beta
Currencies M omentum
Currencies Carry
Currencies beta
Commodities Carry
Commodities Beta
Equity:MS CI World
Bond:BofA

Be ta

T-Stat P-Val u e

0.218
0.248
-0.253
-0.424
-0.063
0.043
-0.013
-0.573
0.512
-0.084
0.197
0.402
-0.021
0.039
0.595
0.298
-0.240
0.285
-0.017
0.048
0.236
-0.353
0.051
-0.013
-0.421
-0.427

1.501
0.609
-2.138
-0.880
-0.992
0.896
-0.031
-0.643
1.803
-0.866
2.074
1.988
-0.101
0.190
1.591
2.057
-1.711
1.321
-1.510
0.515
2.433
-2.658
0.520
-0.277
-0.946
-2.642

0.143
0.547
0.040
0.385
0.328
0.377
0.976
0.525
0.081
0.393
0.046
0.055
0.920
0.851
0.121
0.048
0.096
0.195
0.141
0.610
0.021
0.012
0.607
0.784
0.351
0.013

Lon g/S hort
Be ta

-0.093
0.546
0.248
-0.686
0.040
-0.044
-0.174
0.326
-0.265
-0.038
0.031
0.016
-0.146
-0.034
0.023
0.360
-0.387
-0.114
-0.024
0.194
-0.105
-0.005
-0.099
-0.032
0.433
0.039

Manage d Future s

T-Stat P-Val u e

-0.678
1.424
2.232
-1.513
0.674
-0.963
-0.424
0.389
-0.991
-0.416
0.345
0.083
-0.731
-0.177
0.065
2.632
-2.929
-0.561
-2.205
2.203
-1.150
-0.036
-1.068
-0.740
1.034
0.254

0.503
0.164
0.033
0.140
0.505
0.343
0.674
0.700
0.329
0.680
0.733
0.934
0.470
0.861
0.949
0.013
0.006
0.579
0.034
0.035
0.258
0.971
0.293
0.465
0.309
0.801

Be ta

1.011
1.790
-0.313
-2.465
-0.263
0.042
-2.076
-1.377
1.178
0.077
0.200
-0.210
0.268
-0.077
1.404
0.369
0.375
1.076
-0.065
0.400
0.062
-0.955
0.285
-0.056
-1.553
0.114

T-Stat P-Val u e

2.614
1.650
-0.994
-1.923
-1.557
0.326
-1.786
-0.581
1.559
0.299
0.792
-0.391
0.474
-0.141
1.410
0.956
1.002
1.874
-2.144
1.602
0.240
-2.703
1.083
-0.454
-1.312
0.265

Table 20: OLS Regression of Hedge Funds Returns vs other assets at 95% confidence level
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0.013
0.108
0.327
0.063
0.129
0.747
0.083
0.565
0.129
0.767
0.434
0.699
0.639
0.889
0.168
0.346
0.323
0.070
0.040
0.119
0.812
0.011
0.286
0.653
0.199
0.793

Mul ti -S trate gy
Be ta

-0.038
0.247
0.086
-0.317
0.038
-0.063
-0.240
0.447
0.088
-0.018
0.022
0.171
-0.051
-0.016
0.173
0.222
-0.297
-0.080
-0.029
0.221
-0.019
-0.047
-0.147
-0.018
0.085
-0.035

T-Stat P-Val ue

-0.398
0.927
1.111
-1.006
0.925
-1.992
-0.839
0.766
0.473
-0.281
0.348
1.290
-0.365
-0.117
0.708
2.334
-3.234
-0.564
-3.817
3.598
-0.303
-0.543
-2.276
-0.598
0.291
-0.335

0.693
0.361
0.275
0.322
0.362
0.055
0.407
0.449
0.640
0.780
0.730
0.206
0.717
0.908
0.484
0.026
0.003
0.576
0.001
0.001
0.764
0.591
0.029
0.554
0.773
0.740

APPENDIX B: Tables (continued)
All Hedge fund index
Convertible Arbitrage
Dedicated Short Bias
Emerging Markets
Equity Market Neutral
Event Driven
Distressed
Multi-Strategy
Risk Arbitrage
Fixed Income Arbitrage
Global Macro
Long/Short Equity
Managed Futures
Multi-Strategy
Active:FWDD
Passive: SPY
Active: TTFS
Passive: VTI
Active: AADR
Passive: DBEF

Table 21: Correlation matrix
ALL CVARB DEDSH EMMKT EQNTR EVDRV DISTR MSEVD MRARB FIARB GLMAC LOSHO MGFUT MULTI
1.00
0.33 -0.56
0.72
0.30
0.84 0.77
0.84
0.43 0.53
0.78
0.84
0.40 0.85
1.00 -0.47
0.55
0.15
0.51 0.49
0.50
0.40 0.54
0.06
0.30
-0.25 0.31
0.33
-0.56 -0.47 1.00
-0.63 -0.27 -0.66 -0.53 -0.68 -0.43 -0.45 -0.23 -0.64
0.09 -0.41
0.72
0.55 -0.63
1.00
0.35
0.63 0.62
0.62
0.39 0.44
0.44
0.65
0.15 0.62
0.30
0.15 -0.27
0.35
1.00
0.23 0.29
0.21
0.25 0.19 -0.11
0.60
-0.10 0.48
1.00 0.91
0.99
0.59 0.64
0.52
0.76
-0.01 0.63
0.84
0.51 -0.66
0.63
0.23
0.77
0.49 -0.53
0.62
0.29
0.91 1.00
0.86
0.56 0.66
0.47
0.69
-0.02 0.62
0.84
0.50 -0.68
0.62
0.21
0.99 0.86
1.00
0.57 0.62
0.52
0.76
-0.01 0.62
0.43
0.40 -0.43
0.39
0.25
0.59 0.56
0.57
1.00 0.27
0.11
0.49
-0.14 0.38
0.53
0.54 -0.45
0.44
0.19
0.64 0.66
0.62
0.27 1.00
0.27
0.43
-0.11 0.50
0.78
0.06 -0.23
0.44 -0.11
0.52 0.47
0.52
0.11 0.27
1.00
0.43
0.53 0.57
1.00
0.10 0.81
0.84
0.30 -0.64
0.65
0.60
0.76 0.69
0.76
0.49 0.43
0.43
0.40 -0.25 0.09
0.15 -0.10 -0.01 -0.02 -0.01 -0.14 -0.11
0.53
0.10
1.00 0.29
0.85
0.31 -0.41
0.62
0.48
0.63 0.62
0.62
0.38 0.50
0.57
0.81
0.29 1.00
-0.04
0.13 0.00
0.07 -0.16 -0.14 -0.10 -0.15 -0.18 -0.20
0.10 -0.19
0.15 -0.10
-0.13
0.14 0.02
0.03 -0.13 -0.18 -0.14 -0.19 -0.26 -0.21 -0.01 -0.21
0.07 -0.17
-0.10
0.14 0.04
0.02 -0.10 -0.15 -0.09 -0.16 -0.21 -0.18
0.01 -0.16
0.04 -0.12
-0.12
0.16 0.02
0.04 -0.16 -0.17 -0.13 -0.18 -0.24 -0.20
0.00 -0.22
0.05 -0.16
-0.09
0.15 -0.03
0.00 -0.14 -0.15 -0.16 -0.14 -0.13 -0.20 -0.01 -0.17
0.05 -0.02
-0.04
0.22 -0.20
0.16 -0.13
0.00 0.01 -0.01 -0.12 0.03
0.02 -0.10
-0.04 -0.15

Table 21: Correlation Matrix
Table 22: Correlation matrix
ALL CVARB DEDSH EMMKT EQNTR EVDRV DISTR MSEVD MRARB FIARB GLMAC LOSHO MGFUT MULTI
Active: FWDB
-0.05 -0.06 0.13
-0.09
0.02 -0.10 -0.05 -0.11 -0.13 0.08 -0.11 -0.04
0.09 0.06
Passive: AGG
0.06 -0.02 0.15
0.01 -0.05 -0.01 -0.07
0.00 -0.05 0.01
0.10 -0.06
0.31 0.08
Active: ELD
-0.04
0.00 -0.09
0.04
0.04
0.03 0.09
0.01
0.20 0.13 -0.15 -0.05
-0.09 0.00
Passive: EMAG
0.42
0.27 -0.49
0.59
0.20
0.33 0.33
0.32
0.23 0.26
0.17
0.36
0.14 0.41
Active: MATH
0.04
0.17 -0.08
0.16 -0.24
0.01 0.05
0.00 -0.09 -0.14
0.21 -0.12
0.12 -0.10
Passive: QAI
-0.22
0.10 0.01
-0.08 -0.23 -0.23 -0.27 -0.22 -0.24 -0.17 -0.16 -0.27
-0.02 -0.18
Active: PSR
-0.03
0.01 0.01
-0.04 -0.09
0.03 0.01
0.03
0.07 0.07 -0.09 -0.03
0.00 -0.03
Passive: VNQ
0.01 -0.09 0.01
-0.08 -0.10
0.04 0.06
0.02
0.02 0.12 -0.02 -0.08
0.10 0.00
MSCI World Value
0.72
0.48 -0.79
0.73
0.35
0.79 0.73
0.78
0.52 0.57
0.37
0.77
-0.06 0.57
MSCI World Momentum
0.75
0.24 -0.70
0.63
0.31
0.70 0.58
0.70
0.45 0.38
0.42
0.79
0.17 0.60
MSCI World Min. Volatility 0.56
0.21 -0.59
0.56
0.20
0.47 0.38
0.47
0.26 0.29
0.28
0.55
0.31 0.42
Interest rates: Momentum -0.08 -0.26 0.28
-0.18 -0.21 -0.33 -0.33 -0.32 -0.17 -0.32
0.11 -0.29
0.53 -0.08
Interest rate futures: beta -0.03
0.22 -0.15
0.02
0.08
0.24 0.25
0.22
0.21 0.11 -0.05
0.14
-0.52 -0.14
Currencies: Momentum
0.05 -0.04 0.09
0.05
0.05 -0.17 -0.10 -0.17 -0.10 -0.15
0.10
0.01
0.33 0.15
Currencies: Carry
0.23
0.09 -0.23
0.38 -0.08
0.06 0.10
0.05
0.07 0.01
0.31
0.08
0.21 0.18
Currencies: beta
0.27
0.35 -0.57
0.51
0.15
0.32 0.34
0.30
0.38 0.32
0.06
0.24
-0.11 0.18
Commodities:Carry
0.09 -0.15 -0.21
0.04
0.01
0.01 -0.09
0.03 -0.11 -0.19
0.14
0.13
0.25 -0.04
Commodities:Beta
0.16
0.45 -0.37
0.34
0.06
0.34 0.36
0.32
0.33 0.35 -0.05
0.15
-0.27 0.10
Equity:MSCI World
0.76
0.45 -0.81
0.75
0.38
0.80 0.72
0.79
0.51 0.54
0.39
0.82
0.00 0.62
Bond:BofA
-0.26
0.00 0.01
-0.11 -0.13 -0.18 -0.18 -0.18 -0.08 -0.05 -0.41 -0.18
-0.05 -0.17

Table 22: Correlation Matrix
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APPENDIX B: Tables (continued)
Table 23: Portfolio (without short selling)
60/40 Maximize Minimize
Maximize
Weight
return
Std.
Shape Ratio
Constraining variable
None
at σ ≤
at µ ≥
None
Value of constraint
N/A
0.160%
0.275%
N/A
Portfolio Weights
All Hedge fund index
0.00%
0.00%
0.00%
0.00%
Convertible Arbitrage
0.00%
0.00%
0.00%
0.00%
Dedicated Short Bias
0.00%
0.35%
0.00%
0.00%
Emerging Markets
0.00%
0.00%
0.00%
0.00%
Equity Market Neutral
0.00%
0.00%
0.00%
0.00%
Event Driven
0.00%
0.00%
0.00%
0.00%
Distressed
0.00%
0.00%
0.00%
0.00%
Multi-Strategy
0.00%
0.00%
0.00%
0.00%
Risk Arbitrage
0.00%
0.00%
0.00%
0.00%
Fixed Income Arbitrage
0.00%
4.86%
0.00%
0.00%
Global Macro
0.00%
0.00%
0.00%
0.00%
Long/Short Equity
0.00%
0.00%
0.00%
0.00%
Managed Futures
0.00%
0.00%
0.00%
0.00%
Multi-Strategy
0.00%
12.95%
0.00%
0.00%
Active: FWDD (Equity: U.S. - Large Cap)
0.00%
0.00%
0.00%
0.00%
Passive: SPY (Equity: U.S. - Large Cap)
0.00%
0.00%
0.00%
0.00%
Active: TTFS (Equity: U.S. - Total Market)
0.00%
1.55%
100.00%
65.16%
Passive: VTI (Equity: U.S. - Total Market)
0.00%
0.00%
0.00%
0.00%
Active: AADR (Equity: Developed Markets Ex-U.S. - Total Market)
0.00%
0.00%
0.00%
0.00%
Passive: DBEF (Equity: Developed Markets Ex-U.S. - Total Market) 0.00%
0.00%
0.00%
0.00%
Active: FWDB (Fixed Income: U.S. - Broad Market)
0.00%
0.00%
0.00%
0.00%
Passive: AGG ((Fixed Income: U.S. - Broad Market))
0.00%
63.12%
0.00%
0.00%
Active: ELD (Fixed Income: Emerging Markets - Broad Market)
0.00%
0.15%
0.00%
0.00%
Passive: EMAG (Fixed Income: Emerging Markets - Broad Market) 0.00%
0.00%
0.00%
0.00%
Active: MATH (Alternatives: Absolute Returns)
0.00%
0.00%
0.00%
0.00%
Passive: QAI (Alternatives: Absolute Returns)
0.00%
0.00%
0.00%
0.00%
Active: PSR (Equity: U.S. Real Estate)
0.00%
0.00%
0.00%
0.00%
Passive: VNQ (Equity: U.S. Real Estate)
0.00%
0.00%
0.00%
0.00%
Equity:MSCI WORLD VALUE Large and Mid Cap
0.00%
0.00%
0.00%
0.00%
Equity:MSCI WORLD MOMENTUM Large and Mid Cap
0.00%
0.00%
0.00%
34.84%
Equity:MSCI WORLD MINIMUM VOLATILITY Large and Mid Cap
0.00%
0.00%
0.00%
0.00%
Interest rates: Barclays Global SABER ER (Momentum)
0.00%
9.02%
0.00%
0.00%
Interest rate futures: Barclays US Treasury ER (Beta)
0.00%
0.78%
0.00%
0.00%
Currencies: Barclays Benchmark World FX ER (Momentum)
0.00%
0.00%
0.00%
0.00%
Currencies: Barclays Investable World ER (Carry)
0.00%
0.00%
0.00%
0.00%
Currencies: Barclays CPCI - 6 VA ER (Beta)
0.00%
0.00%
0.00%
0.00%
Commodities: Barclays ComBATS 12 ER (Carry)
0.00%
0.94%
0.00%
0.00%
Commodities: Barclays Pure Beta Bloomberg CI ER (Beta)
0.00%
0.00%
0.00%
0.00%
Equity: MSCI World
60.00%
0.00%
0.00%
0.00%
Bond: BofA Merrill Lynch US Corp Master Total Return
40.00%
6.29%
0.00%
0.00%
Portfolio weight 100.00% 100.00%
100.00%
100.00%
Expected Return -0.2755% -0.7589%
0.2746%
0.2065%
Portfolio Standard Deviation 1.9371% 0.1604%
3.3116%
2.2264%
Sharpe Ratio
-0.14
-4.73
0.08
0.09

Table 23: Portfolio without short selling
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APPENDIX B: Tables (continued)
Table 24: Portfolios with short selling except for Sharpe ratio
Equal Maximum Minimum
Maximum
Weight
return
Std.
Shape Ratio
Constraining variable
None
at σ ≤
at µ ≥
None
Value of constraint
N/A
0.160%
0.275%
N/A
Portfolio Weights
All Hedge fund index
0.00%
18.91%
-129.37%
0.00%
Convertible Arbitrage
0.00%
-3.34%
-14.05%
0.00%
Dedicated Short Bias
0.00%
-4.46%
-11.13%
0.00%
Emerging Markets
0.00%
0.97%
8.35%
0.00%
Equity Market Neutral
0.00%
-6.10%
-23.61%
0.00%
Event Driven
0.00%
3.56%
14.27%
0.00%
Distressed
0.00%
1.41%
-2.02%
0.00%
Multi-Strategy
0.00% -16.37%
-6.51%
0.00%
Risk Arbitrage
0.00%
5.30%
28.44%
0.00%
Fixed Income Arbitrage
0.00%
8.66%
27.44%
0.00%
Global Macro
0.00%
11.04%
63.34%
0.00%
Long/Short Equity
0.00%
5.06%
18.81%
0.00%
Managed Futures
0.00%
-6.73%
-14.44%
0.00%
Multi-Strategy
0.00%
0.21%
129.19%
0.00%
Active: FWDD (Equity: U.S. - Large Cap)
0.00%
0.00%
29.71%
0.00%
Passive: SPY (Equity: U.S. - Large Cap)
0.00%
0.01%
55.09%
0.00%
Active: TTFS (Equity: U.S. - Total Market)
0.00%
6.46%
9.14%
65.16%
Passive: VTI (Equity: U.S. - Total Market)
0.00%
1.88%
-62.28%
0.00%
Active: AADR (Equity: Developed Markets Ex-U.S. - Total Market)
0.00%
0.29%
-8.37%
0.00%
Passive: DBEF (Equity: Developed Markets Ex-U.S. - Total Market) 0.00%
-2.04%
0.78%
0.00%
Active: FWDB (Fixed Income: U.S. - Broad Market)
0.00%
-7.87%
-48.87%
0.00%
Passive: AGG ((Fixed Income: U.S. - Broad Market))
0.00%
90.55%
103.06%
0.00%
Active: ELD (Fixed Income: Emerging Markets - Broad Market)
0.00%
-0.07%
-18.70%
0.00%
Passive: EMAG (Fixed Income: Emerging Markets - Broad Market) 0.00%
1.79%
11.42%
0.00%
Active: MATH (Alternatives: Absolute Returns)
0.00%
-4.09%
-12.07%
0.00%
Passive: QAI (Alternatives: Absolute Returns)
0.00% -16.10%
-61.63%
0.00%
Active: PSR (Equity: U.S. Real Estate)
0.00%
1.84%
0.87%
0.00%
Passive: VNQ (Equity: U.S. Real Estate)
0.00%
-6.38%
-17.11%
0.00%
Equity:MSCI WORLD VALUE Large and Mid Cap
0.00%
12.02%
13.64%
0.00%
Equity:MSCI WORLD MOMENTUM Large and Mid Cap
0.00%
-1.10%
-17.10%
34.84%
Equity:MSCI WORLD MINIMUM VOLATILITY Large and Mid Cap
0.00%
7.41%
44.51%
0.00%
Interest rates: Barclays Global SABER ER (Momentum)
0.00%
11.79%
25.66%
0.00%
Interest rate futures: Barclays US Treasury ER (Beta)
0.00%
0.50%
2.11%
0.00%
Currencies: Barclays Benchmark World FX ER (Momentum)
0.00%
0.00%
-14.84%
0.00%
Currencies: Barclays Investable World ER (Carry)
0.00%
-6.97%
-16.15%
0.00%
Currencies: Barclays CPCI - 6 VA ER (Beta)
0.00%
-0.88%
-13.04%
0.00%
Commodities: Barclays ComBATS 12 ER (Carry)
0.00%
1.95%
10.28%
0.00%
Commodities: Barclays Pure Beta Bloomberg CI ER (Beta)
0.00%
0.39%
-0.86%
0.00%
Equity: MSCI World
60.00% -21.44%
-47.99%
0.00%
Bond: BofA Merrill Lynch US Corp Master Total Return
40.00%
11.91%
44.04%
0.00%
Portfolio weight 100.00% 100.00%
100.00%
100.00%
Expected Return -0.2755% -0.6250%
0.2746%
0.2065%
Portfolio Standard Deviation 1.9371% 0.1604%
0.4739%
2.2264%
Sharpe Ratio
-0.14
-3.90
0.58
0.09

Table 24: Portfolio with short selling
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APPENDIX B: Tables (continued)
Table 25: Portfolio Assets
µ
All Hedge fund index
0.327%
Convertible Arbitrage
0.294%
Dedicated Short Bias
-1.062%
Emerging Markets
0.377%
Equity Market Neutral
0.128%
Event Driven
0.343%
Distressed
0.459%
Multi-Strategy
0.296%
Risk Arbitrage
0.191%
Fixed Income Arbitrage
0.385%
Global Macro
0.240%
Long/Short Equity
0.457%
Managed Futures
0.059%
Multi-Strategy
0.559%
Active: FWDD (Equity: U.S. - Large Cap)
1.055%
Passive: SPY (Equity: U.S. - Large Cap)
0.957%
Active: TTFS (Equity: U.S. - Total Market)
1.213%
Passive: VTI (Equity: U.S. - Total Market)
0.964%
Active: AADR (Equity: Developed Markets Ex-U.S. - Total Market) 0.716%
Passive: DBEF (Equity: Developed Markets Ex-U.S. - Total Market) 0.364%
Active: FWDB (Fixed Income: U.S. - Broad Market)
0.002%
Passive: AGG ((Fixed Income: U.S. - Broad Market))
0.061%
Active: ELD (Fixed Income: Emerging Markets - Broad Market)
0.047%
Passive: EMAG (Fixed Income: Emerging Markets - Broad Market)-0.267%
Active: MATH (Alternatives: Absolute Returns)
0.235%
Passive: QAI (Alternatives: Absolute Returns)
0.077%
Active: PSR (Equity: U.S. Real Estate)
-0.049%
Passive: VNQ (Equity: U.S. Real Estate)
-0.040%
Equity:MSCI WORLD VALUE Large and Mid Cap
0.878%
Equity:MSCI WORLD MOMENTUM Large and Mid Cap
1.017%
Equity:MSCI WORLD MINIMUM VOLATILITY Large and Mid Cap 0.902%
Interest rates: Barclays Global SABER ER (Momentum)
0.145%
Interest rate futures: Barclays US Treasury ER (Beta)
0.117%
Currencies: Barclays Benchmark World FX ER (Momentum)
-0.033%
Currencies: Barclays Investable World ER (Carry)
-0.098%
Currencies: Barclays CPCI - 6 VA ER (Beta)
-0.366%
Commodities: Barclays ComBATS 12 ER (Carry)
-0.003%
Commodities: Barclays Pure Beta Bloomberg CI ER (Beta)
-0.417%
Equity: MSCI World
0.885%
Bond: BofA Merrill Lynch US Corp Master Total Return
0.329%
Table 25: Portfolio of assets
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σ
µ-Rf
Sharpe
-0.611% 1.09% -0.56
-0.644% 1.25% -0.51
-2.000% 4.03% -0.50
-0.561% 2.00% -0.28
-0.810% 1.09% -0.74
-0.595% 2.00% -0.30
-0.479% 1.82% -0.26
-0.642% 2.12% -0.30
-0.747% 0.87% -0.86
-0.553% 0.81% -0.68
-0.698% 1.06% -0.66
-0.481% 1.55% -0.31
-0.879% 2.96% -0.30
-0.379% 0.82% -0.46
0.117% 3.66% 0.03
0.019% 2.96% 0.01
0.275% 3.31% 0.08
0.026% 3.04% 0.01
-0.222% 3.66% -0.06
-0.574% 3.77% -0.15
-0.936% 0.33% -2.80
-0.877% 0.16% -5.47
-0.891% 0.55% -1.61
-1.205% 2.61% -0.46
-0.703% 2.47% -0.29
-0.861% 1.23% -0.70
-0.987% 0.87% -1.13
-0.978% 1.02% -0.96
-0.060% 3.24% -0.02
0.079% 2.90% 0.03
-0.036% 2.51% -0.01
-0.793% 0.84% -0.94
-0.821% 16.17% -0.05
-0.971% 1.62% -0.60
-1.036% 1.78% -0.58
-1.304% 1.88% -0.69
-0.941% 1.55% -0.61
-1.355% 3.53% -0.38
-0.053% 3.17% -0.02
-0.609% 1.16% -0.52

APPENDIX B: Tables (continued)
Table 26: Annualized Return
Asset classes
Annualized Return
Active: TTFS (Equity: U.S.Total mkt)
14.82%
Active: FWDD (Equity:U.S.Large Cap)
12.52%
MSCI WORLD (momentum)
12.35%
Passive: VTI (Equity: U.S.Total mkt)
11.58%
Passive: SPY (Equity:U.S.Large Cap)
11.53%
MSCI WORLD (minimum volatility)
10.96%
Equity: MSCI World
10.48%
MSCI WORLD (value)
10.37%
Active: AADR (Equity:Dev.mkt Ex-US)
8.08%
Multi-Strategy
6.87%
Long/Short Equity
5.47%
Event Driven: Distressed
5.44%
Fixed Income Arbitrage
4.67%
Emerging Markets
4.37%
Event Driven
3.95%
Bond: BofA Merrill Lynch US Corp
3.94%
All Hedge fund index
3.92%
Passive: DBEF (Equity:Dev.mkt Ex-US)
3.57%
Convertible Arbitrage
3.49%
Event Driven: Multi-Strategy
3.34%
Global Macro
2.84%
Active: MATH (Alternatives:Ab. Ret)
2.49%
Event Driven: Risk Arbitrage
2.28%
Interest rates:Global SABER (MTM)
1.71%
Equity Market Neutral
1.47%
Passive: QAI (Alternatives:Ab. Ret)
0.84%
Passive: AGG (Fixed Income: U.S.)
0.73%
Active: ELD (Fixed Income: Emerg. mkt)
0.55%
Managed Futures
0.18%
Active: FWDB (Fixed Income: U.S.)
0.02%
Commodities:ComBATS 12 (Carry)
-0.18%
Passive: VNQ (Equity: U.S. Real Estate)
-0.54%
Currencies: World FX (Momentum)
-0.56%
Active: PSR (Equity: U.S. Real Estate)
-0.63%
Currencies: Investable World (Carry)
-1.35%
Passive: EMAG (Fixed Income: Emerg. mkt)
-3.55%
Currencies: CPCI - 6 VA (Beta)
-4.52%
Commodities:Pure Beta Bloomberg(Beta)
-5.61%
Interest rate futures: US Treasury (Beta)
-12.07%
Dedicated Short Bias
-12.88%
Table 26: Annualized return
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