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Abstract: The performance of hedge funds is of interest to investors looking for ways of generating
value over passive strategies, particularly in bad times. This study used the Hedge Index database
with over 9500 hedge funds to analyse, in depth, the performance of ten major strategies, during and
after the financial crisis (June 2007–January 2017). To the best of our knowledge, such a study covering
the last ten years has not been published. Performance of the various strategies was analysed, using
correlations, the Carhart’s four factor model, persistence of performance, and reward-risk ratios.
The findings are that some hedge fund strategies which have persistent performances are also able to
outperform the benchmark in some periods. In the crisis period, value-wise, all strategies did better
than the S&P500, thereby, conserving value for investors, better than passive investment in the S&P500.
Over the entire period of the research (June 2007–January 2017), seven strategies performed better
than the S&P500: Global Macro, Multi Strategy, Emerging Markets, Long/Short Equity, Event Driven,
Convertible Arbitrage, and Fixed Income Arbitrage. As hedge funds typically have skewed return
distributions, performance was analysed in different periods, within conventional and downside risk
frameworks. This research contributes to the advancement of knowledge on the outcomes of hedge
fund strategies in different market conditions and the reliability of alternative risk frameworks in
their evaluation. Apart from the theoretical implications, this research provides practical knowledge
to managers and investors on which strategies hold better value and in what circumstances.

Keywords: hedge funds; reward risk ratios; performance persistence

JEL Classification: G10; G19; G23

1. Introduction

According to Capital Market Theory, the Market Portfolio—made up of all the assets in the
market—is the most mean-variance-efficient portfolio and investors make up their own portfolios,
according to their appetite for risk, through investing more or less amounts in the Market Portfolio,
with borrowing or lending. Such investment styles are known as passive. Real markets are not efficient,
many imperfections exist, such as taxes, dealing charges; information is not simultaneously available
to all participants, investors do not have homogeneous expectations and all assets are not equally
scrutinised. Investment styles which exploit market imperfections and the opportunities therefrom,
via mispriced assets, are classified as active, in contrast to the passive style.

Hedge funds have rapidly evolved as investment vehicles for active strategies, and are much
sought after by investors, either for investment in themselves or as part of a portfolio. They were
first created in 1949 and represent an alternative asset class that is closely related to mutual funds
but exhibit some major differences. Hedge funds are not regulated as strictly as mutual funds which
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gives them the possibility to invest in traditional, as well as, alternative and more risky securities and
derivatives. Furthermore, hedge funds are eligible for short-selling and leverage.

Another important characteristic of a hedge fund is that they generally invest in less liquid
assets, compared to mutual funds. This can be done by generating “lockup periods” for investors.
During these specified periods investors cannot redeem their investment. As a result of the specific
characteristics and a high minimum investment (usually between US$500,000 and US$1million),
access to hedge funds is limited to sophisticated investors, such as institutions or wealthy individual
investors (Barclay Hedge 2018b). Nowadays, hedge fund assets can vary from traditional products,
such as equities, bonds, real estate to alternative assets, such as paintings, artefacts, antiques, and
other exoticities.

The hedge fund industry has been growing rapidly—from only US$118 billion in 1997 to over
US$3 trillion in 2016 (Barclay Hedge 2018a). Many economies faced a crisis in 2007–2009, in the
aftermath of the sub-prime mortgage market crash. Between 2007 and 2008, the beginning of the
financial crisis, assets under management by hedge funds, worldwide, dropped by 25%, when many
funds had to close (Barclay Hedge 2018a). As hedging has the meaning of adopting a strategy to reduce
risk, it becomes meaningful to analyse the performances of hedge funds, during and after the crisis.

The aim of this research is, thus, to gain a deeper understanding of the risk-adjusted performance
of major hedge fund strategies in different market conditions and then to ascertain which risk
frameworks are most reliable for evaluating performance. To the best of our knowledge, such a
study covering the last ten years has not been published.

To achieve the aim of this research, a literature review is first conducted in Section 2. The literature
review covers a broad overview of hedge funds and their major strategies; this is followed by a
summary of empirical research on hedge funds, a critical discussion of performance measurement
models, persistence in performance, and alternative reward risk ratios. In Section 3, the methodology,
data accessed and other relevant issues to this research are described. In Section 4, the, monthly
performance data of ten major hedge fund strategies from 2007 to 2017 is analysed from various
perspectives, with the S and P 500 as the market benchmark. Correlations of the different strategies with
the entire market, and the results of Carhart’s four factor model are studied. Persistence in performance
is tested statistically and the reward-risk characteristics of the various hedge fund strategies are
analysed in different periods, within traditional and downside risk frameworks. The findings are
also discussed in this section. Finally, Section 5 concludes the paper and gives some ideas for further
research on this topic.

2. Literature Review

2.1. Characteristics of Major Hedge Fund Strategies

A short definition of hedge funds and the main characteristics have been given in the introduction.
Travers (2012) defines hedge funds as “an investment pool that can invest in physical securities and
derivatives markets”. The most important and unique characteristic of hedge funds is the possibility to
employ leverage and short selling, and their aim to generate absolute returns (Travers 2012). Different
hedge fund strategies use a different approach to reach the aim. The major strategies, as indicated by
Credit Suisse’s Hedge Index database, will briefly be explained in the following.

2.1.1. Convertible Arbitrage

Convertible arbitrage strategies aim to generate profit on price discrepancies of convertible
securities, such as callable bonds. A common way to do so is to build a long position on the
convertible security and short the stock or option of the underlying company. The goal, usually,
is to hold the number of shares that makes the combined position market neutral. This way it will not
fluctuate with the price of the underlying stock and profits are solely based on the price discrepancy
(Credit Suisse 2018).
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2.1.2. Emerging Markets

Emerging Markets strategies typically invest in the securities of emerging or developing countries,
such as China, India, Latin America, Southeast Asia, parts of Eastern Europe, and parts of Africa. These
countries are not yet developed, and managers believe they are able to find arbitrage opportunities in
these markets (Credit Suisse 2018).

2.1.3. Equity Market Neutral

Equity market neutral strategies invest long and short in equities and try to keep their exposure
risk neutral (matching long and short for 0 beta). Other methods include keeping the portfolio dollar
neutral or factor neutral. This way managers can exploit opportunities in a specific group of stocks,
without risk exposure to the broad stock market (Credit Suisse 2018).

2.1.4. Event Driven

Event driven strategies focus on special events, like mergers and acquisitions, liquidation,
bankruptcy or spin-outs. The strategy can be divided into three sub-strategies: Distressed, Multi
Strategy, and Risk-Arbitrage.

Distressed managers trade credit securities of below-investment-grade companies. They profit
from the high yields of these securities, as they usually trade at discounts. For this strategy it is
crucial to investigate all available securities, across a company’s capital structure, to identify the best
risk/reward potential.

Multi Strategy event driven presents a mixture of event driven equity and credit strategies.
Managers aim to take advantage of shifts in economic cycles by investing in different asset classes.

The event driven risk arbitrage strategies want to profit from the changing company value and
spreads, related to mergers and acquisitions. The manager will typically buy shares of the company
that is announced to be merged, and short sell shares of the corresponding acquirer in order to isolate
the spread, while being market neutral (Credit Suisse 2018).

2.1.5. Fixed Income Arbitrage

Fixed Income Arbitrage Managers aim to generate positive returns by identifying price anomalies
in fixed income securities. They build up a long position in an undervalued security, while shorting a
related overvalued one. A market neutral or interest rate neutral position could be created to reduce
total volatility (Credit Suisse 2018).

2.1.6. Global Macro

Global Macro strategies attempt to quickly react to changing market dynamics, to profit from
the market movements. Managers employ top-down market analysis to exploit global market
opportunities, by forecasting effects of political and macroeconomic trends. They go long if they
expect bullish markets and short in bearish market conditions. Leverage is often applied to enhance
the effect (Credit Suisse 2018).

2.1.7. Long/Short Equity

In long/short equity strategies, managers try to exploit pricing inefficiencies, by investing long in
undervalued equities and short in overvalued equities. The short portfolio can, therefore, be seen as a
way to generate more returns or to hedge the long portfolio (Travers 2012).

2.1.8. Managed Futures

Managed futures are often referred to as commodity trading advisors (CTAs). Investment
decisions are made on global trends and historical price data. Managers can make use of many
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financial securities, such as equity, commodity futures or currency markets. A high degree of leverage
can be applied (Credit Suisse 2018).

2.1.9. Multi Strategy

Multi Strategy funds have the ability to diversify their capital, over several strategies. This leads
to reduced volatility and smoothed returns. Managers aim to generate positive return, independent of
directional movements in the markets (Credit Suisse 2018).

2.2. Empirical Studies on Hedge Fund Performance

When public interest in hedge funds started to increase in the 1990s, more studies on hedge fund
risk and return characteristics were published. Fung and Hsieh (1997), as well as Schneeweis and
Spurgin (1997), focused on the correlation between hedge funds and standard asset classes. They
observed a low correlation profile and concluded that alternative investments provide diversification
and improve risk adjusted returns. Similar results are shown by Brown et al. (1999), Liang (1999),
and Do et al. (2005), and more recently by Jordao and De Moura (2011), who analysed Brazilian
hedge funds. Amenc et al. (2003) attribute the positive diversification effect to the various risk factors
that hedge funds are exposed to. Brown et al. (1999) found that offshore hedge funds show a low
correlation to U.S stock markets and show positive risk-adjusted returns. However, they attributed
the positive returns to style effect rather than manager skills. Ackermann et al. (1999) compared risk
adjusted performance of hedge funds and mutual funds and showed that hedge funds are able to
consistently outperform mutual funds, but not the market indices. They also show that hedge funds
are more risky than mutual funds and market indices. In contrast to that, Liang and Kat (2001), looking
at data from 1990 to 1999, finds higher volatility in the market benchmark (S&P500) than in hedge
funds. He attributes the lower volatility of hedge funds to the cross-style diversification. Consistent
with other research, Liang and Kat (2001) concluded that hedge funds provide better risk-adjusted
returns. However, this finding is challenged by later research conducted by Amin and Kat (2003).
The authors’ results show that hedge funds improve the portfolios risk return profile, when mixed
with the S and P 500, but fail to do so as a standalone investment. Brown et al. (2001) observed that
hedge funds tend to decrease volatility, following good performance in the first half of the year and
increase volatility, following bad performance.

Liang and Kat (2001), Capocci and Hübner (2004), Strömqvist (2009), Schaub and Schmid (2013),
had a closer look at hedge funds, during crises periods and financial distress. Liang and Kat (2001)
showed that hedge funds were strongly affected by the economic crises in 1998 but concluded that this
does not necessarily mean that hedge funds did not contribute as a trigger to the crisis. In case of the
financial crisis in 2008, Strömqvist (2009) was unable to find any evidence of hedge funds having a
greater impact on the crisis than other investors. Schaub and Schmid (2013) indicated that liquidity
plays a crucial role in hedge fund performance, during crises periods. Their study showed that hedge
funds with illiquid portfolios had lower returns and alphas, compared to hedge funds with more liquid
portfolios, during crisis periods. Capocci and Hübner (2004) and Stoforos et al. (2016) analysed hedge
fund performance during crises. Both concluded that hedge funds suffered from losses and could not
reach their goal of higher absolute returns. Capocci (2002) identified Relative Value Arbitrage and
Foreign Exchange as the only sub-strategies that benefited from the Asian crisis.

Do et al. (2005) studied data on the Australian hedge fund market (2001–2003) and advised that
hedge funds included as a part of a portfolio, improved returns, irrespective of strategy. A study by
Jordao and De Moura (2011) on the Brazilian hedge fund industry found that hedge funds were not
able to generate significant alphas, under conditions of high volatility and financial stress. Data on
the research by Boasson and Boasson (2011) on US hedge funds (1972–2005) showed that hedge funds
have significant correlations with the market (high for all strategies, except Global Macro and Fixed
Income), although they concluded that investments in hedge funds offer the benefits of diversification.
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Stoforos et al. (2016) studied US hedge fund data on thirteen hedge fund strategies, for a period
of 19 years (1995–2014), and found that the average dynamic correlations increased for hedge funds in
crisis periods, a finding confirmed by Forbes and Rigobon (2002) and Guesmi et al. (2014). Their data
also showed that dynamic correlation coefficients decreased significantly in the non-crisis period, only
for Global Macro and Short Selling strategies. They concluded that most hedge fund strategies (with
the exception of Global Macro and Short selling) were not able to outperform the S and P 500, during
crisis periods and could, therefore, not protect their investors, like the S and P 500.

2.3. Performance Measurement Models

Measuring the performance of an investment is essential in evaluation. The Sharpe ratio (Sharpe
1966), which measures the excess return over the risk-free rate in relation to total risk, is the most widely
known performance measure (Eling and Schuhmacher 2007). It is used by Ackermann et al. (1999),
Liang and Kat (2001) and others, to measure hedge fund performance. However, since it assumes
normally distributed returns and does not account for hedge funds’ special characteristics, it is criticised
as an inadequate measurement for hedge fund performance (Eling and Schuhmacher 2007; Capocci
2002). This is also stated by Brooks and Kat (2002), Amin and Kat (2003), Mahdavi (2004) and Murguia
and Umemoto (2004), on the basis that Hedge fund returns typically have asymmetric distributions.

To solve this issue, Sortino and Price (1994) developed the Sortino ratio, which divides the excess
return on a portfolio, with respect to a minimum acceptable return (MAR), by a term called the
downside deviation (deviation of returns below the MAR). Later on, Sortino, Sortino et al. (1999)
developed the Upside Potential ratio, which divides the positive excess returns of the portfolio by
the downside deviation. Sortino et al. (2001) claimed that the downside risk framework was able to
overcome the problems in ranking skewed return distributions, and found that the Upside Potential
ratio was a more accurate evaluator than the Sharpe ratio, particularly when the strategies included
the use of options. Studies by Rosenberg et al. (2004), and Scherer (2004), found the Sortino ratio to
be a superior performance ratio compared to the Sharpe ratio. Chaudhary and Johnson (2008) in a
simulation study of skewed distributions, also found that the Sortino ratio is a superior performance
measure to the Sharpe ratio.

To analyse fund performance, in terms of various attributes, factor models were created over time.
The models can broadly be divided into two categories—linear multi factor models and non-linear
multi factor models.

Linear multi factor models were created by Sharpe (1992), Fama and French (1993) and Carhart
(1997). They identified several factors to explain performance and returns (Capocci 2002). Sharpe
(1992) implemented the asset class factor model that allows for style analysis. The model includes
twelve asset classes and the degree of exposure to each asset class is used to explain the variation of
returns in the specific period. Unfortunately, Sharpe’s model can only be applied to funds pursuing a
long-only strategy, while many hedge fund strategies use short selling and leverage. In 1993, Fama
and French built their three-factor model. It expanded the Capital Asset Pricing Model (CAPM) by
considering size (small and large cap) and value (book to market ratio) factors. Kothari and Warner
(2001) consented to the improvement of the CAPM, by including the new factors, however, they
criticised the Fama and French model by pointing out that it detects abnormal results that do not exist.
Building up on this, Carhart (1997) came up with a four-factor model. He included momentum, which
made his model superior to the CAPM, as well as the Fama and French. Linear multi factor models
are used to measure hedge fund performance in several studies, like Schneeweis and Spurgin (1999),
Capocci (2002) or Jordao and De Moura (2011). Despite the application to hedge fund performance, the
linear models are more suitable to evaluate traditional funds because they fail to capture hedge fund
characteristics like time variation (Stafylas et al. 2017). Furthermore, Slavutskaya (2013) concluded that
linear factor models are not suitable for hedge funds as they lead to over-parameterisation, because
many hedge funds have a life of three years.
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Non-linear multi factor models include the asset factor model by Fung and Hsieh (1997, 2001)
and models by Agarwal and Naik (2000) or Huber and Kaiser (2004). Fung and Hsieh (1997) extend
the asset class factor model by Sharpe (1992) to make up for major hedge fund investment styles
and consider hedge funds as option portfolios. In 2001, they used the trend-following strategy, to
model hedge fund returns and demonstrated that the returns resemble lookback straddle returns.
Huber and Kaiser (2004) arrived at the same conclusion. Agarwal and Naik (2000) introduced a
general asset class factor model that is optimised for passive option-based strategies and buy-and-hold
strategies. Agarwal and Naik (2004) later focussed on hedge funds that use these strategies and their
risk exposure. Their findings suggest that hedge funds have a significant exposure to the Fama and
French three-factor model and Carhart’s four-factor model. More recently, Gregoriou et al. (2016)
analysed hedge funds’ returns and cross-sectional dispersion, using the Fama and French (1993) model,
as well as Fung and Hsieh (1997, 2001) factors.

Although non-linear multifactor models can explain hedge fund returns in a more detailed
way and account for special characteristics of hedge funds, they might not be best for investors’
performance evaluation. This is mainly due to the fact that exposures are not static and, therefore,
need to be adjusted and that the models and factors are complicated to replicate (Stafylas et al. 2017).

In another study, Fung and Hsieh (2004) attempted to model hedge fund returns in terms
of seven asset-based style (ABS) factors—two equity ABS factors (market risk and the spread
between small-cap stock returns and large-cap stock returns), two fixed income ABS factors (10-year
treasury yields, change in the yield spread between 10-year T-bonds and Moody’s Baa bonds), and
three trend-following ABS factors (portfolios of lookback straddles on bonds, on currencies and on
commodities), as an alternative to other models. Although they report success with high R-squares,
it could be argued that introduction of too many factors introduces an arbitrariness in the analysis,
which might not be robust when market conditions change. Moreover, there may be other factors
which have a higher explanatory power over short horizons and such factors can change with time,
making it burdensome to identify them.

2.4. Persistence in Performance

Persistence in performance is a sought-after metric by Fund Managers and investors. Brown
et al. (1999), using annual returns of offshore hedge funds, found virtually no persistence in their
sample. Agarwal and Naik (2000) used a multi-period framework for evaluating persistence as
a measure of evaluating manager skills, since fund managers might exhibit a different degree of
persistence at different return horizons. They found maximum persistence at a quarterly horizon,
indicating that persistence among hedge fund managers is short-term in nature. They also find that
persistence, whenever present, is unrelated to the type of strategy (directional or non-directional)
followed by the fund. Boyson (2003) finds that a portfolio of funds selected on past performance,
alone, shows no persistence, but a portfolio that is long low-tenure/past good performers and short
high-tenure/past poor performers, displays a quarterly persistence. Consistently poor performance
among high-tenure/past poor performers drives this finding. Capocci (2002), on the other hand,
concluded that there is no evidence of persistence in low performing and high performing hedge
funds, but limited evidence of persistence for medium performing funds. Baquero et al. (2005) find
positive persistence in hedge fund returns at the quarterly level, after correcting for investment style,
however, with weak statistical significance. Manser and Schmid (2009) studying the performance
persistence of equity long/short hedge funds find that funds with the highest raw returns in the
previous year, continue to outperform over the subsequent year, although not significantly, and there
is no persistence in returns, beyond one year. In contrast, they find performance to be persistent,
based on risk-adjusted return measures, such as the Sharpe Ratio, and in particular, also with an alpha
from a multifactor model. Funds with the highest risk-adjusted performance, continue to significantly
outperform in the following year. The persistence does not last longer than a year, except for the
worst performers. Sun et al. (2016) constructed two performance measures: Downside Returns and
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Upside Returns. After controlling for the overall hedge fund market return and risk, and other fund
characteristics, they find that hedge funds in the highest Downside Returns quintile, outperform funds
in the lowest quintile, by 5%, in the subsequent year, whereas funds with better Upside Returns do not
outperform subsequently.

2.5. Performance Rating Measures

Fund performance has been earlier evaluated by the measures developed by Sharpe (1966),
Treynor (1965) and Jensen (1968). The Sharpe ratio of a portfolio (Sp) measures the excess return of
portfolio, relative to the risk-free rate divided by its standard deviation, and is defined as

Sp =
E(Rpi − rfi)

σp
(1)

The Sharpe measure takes into account the total risk of returns, whilst the Treynor and Jensen
measures rate a fund, just on its market risk. More recently, to account for asymmetricities in returns
and not only the market risk, alternative reward-risk evaluation measures, such as the Sortino ratio
(Sortino and Price (1994)), and Upside Potential ratio (Sortino et al. (1999)) were proposed.

The Sortino ratio of a portfolio is defined as

SORp =
E(Rpi − MAR)√

E(Min(Rpi − MAR), 0)2)
(2)

where Rpi is the return of the portfolio at time i, MAR is the minimum acceptable return, and√
E(Min(Rpi − MAR), 0)2) is the Downside risk (DR).

The Upside Potential ratio of a portfolio is defined as

UPRp =
E(Max(Rpi − MAR), 0)√
E(Min(Rpi − MAR), 0)2)

(3)

The upside potential ratio divides the average of the excess positive returns, compared to the
minimum acceptable return (MAR), by the downside risk (DR).

3. Methodology

3.1. General

In this research, a deductive approach was used. Quantitative data on hedge fund performance
was collected in the form of monthly returns of the major hedge fund strategies, between June 2007
to January 2017. The performance of each strategy, value-wise, was first visually inspected and then
return data were analysed. The correlations of hedge fund strategies with the benchmark S and P 500
was also studied.

To ascertain explanatory factors for the performance of the various hedge fund strategies and
the extent to which the strategies incorporate market risk, the strategies were tested via Carhart’s
four-factor model (1997). The four-factor model was chosen as it can provide additional explanations
for performance over the traditional CAPM and Fama and French (1993) three-factor model, explained
earlier. The four-factor model was an extension of the Fama and French (1993) model and included
four risk factors to explain returns (excess market return, excess return of small cap over big cap stocks
(SMB), excess return of value stocks over growth stocks (HML), and the excess return of the stocks that
went up minus the stocks that went down (UMD) (Fama and French 1993; Carhart 1997).

Regressions were estimated as follows:

E(R) = R f + β1

(
Rm − R f

)
+ β2 ∗ SMB + β3 ∗ HML + β4 ∗ UMD (4)
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To obtain further insights into the strategies which hold value for investors, tests for persistence
and risk-reward rankings were also conducted. The traditional Sharpe ratio had been a useful metric
to rank fund strategies, on the basis of reward and risk. Given asymmetricities in the returns of hedge
funds, evaluation of performance was also made in a downside-risk framework, with reward-risk
ratios, such as the Upper Potential Ratio and the Sortino Ratio.

Investors look at persistence in performance at two levels—consistent positive performance and
consistent performance better than the market. While a lot of work has been done by various authors
on the subject of persistence in performance of Hedge Funds, this research relied on the work of
Agarwal and Naik (2000), who after extensive analysis of quarterly, half yearly and yearly returns,
found maximum persistence at the quarterly horizon.

Taking these considerations into account, persistence tests were devised as follows:

(i) To test for persistence, t-tests were conducted, over a three-month rolling window.
(ii) The total number of statistically significant negative performance windows were subtracted from

the total number of statistically significant positive performance windows, and the different
strategies were ranked for persistent positive performance on this basis, then tested against the
ranked total performance of the various strategies, to test for any relationship between persistence
in positive returns and actual performance. A non-parametric test was used for this test.

(iii) The procedures in (i) and (ii) were repeated for excess performance, over the return of the S and
P 500, for the whole period, during and after the crisis.

(iv) To test for any relationship between total performance and alternative reward-risk ratios, the
Sharpe ratio, Upside Potential ratio (UPR), and Sortino ratios were computed for the different
strategies, then ranked and tested in comparison with actual performance. The t-bill rate was
taken as the minimum acceptable return (MAR) in these calculations. A non-parametric test was
used for this test.

3.2. Data

To begin with, it is very important to mention that hedge fund performance data was provided on
a voluntary basis and available to persons depending on the country only. Many hedge funds, however,
do publish their monthly performance to inform existing clients and attract new investors. According
to D’Alessio (2015), the top five online hedge fund databases are Barclay hedge, Eurekahedge, Hedge
Fund Research and Hedge Index. Hedge Index is sponsored by Credit Suisse, and with over 9500
funds, it offers a reliable, large database of reporting funds.

For the purpose of this study, qualitative hedge fund performance data accessed from the Hedge
index was used. Reasons for this were the large database, as mentioned above, as well as the easy
accessibility. Hedge index defines ten major strategies, namely Convertible Arbitrage, Emerging
Markets, Equity Market Neutral, Event Driven, Fixed Income Arbitrage, Global Macro, Long/Short
Equity, Managed Futures, Multi Strategy and Short Biased. The indices are asset-weighted and
created by Credit Suisse Hedge Index LLC. Hedge funds are chosen from the Credit Suisse Hedge
Fund Database, which includes around 9500 funds. All funds feature a minimum twelve-month
track record, a minimum of US$50 million, under management, and are able to provide an audited
financial statement. The indices reflect net performance and are rebalanced and calculated on a
monthly basis. Survivorship bias is limited, by including all funds in the index, until they are fully
liquidated or unable to meet the financial reporting requirements. Fees including (but not limited to)
management and incentive fees, as well as transaction costs, are considered in the return calculations
(Credit Suisse 2018).

Data for the Carhart four-factor model was obtained from the website of French (2018). The four
factors Mkt-Rf (market risk), SMB (Size), HML (Value) and UMD (Momentum) were created from
six size/book-to-market benchmark portfolios. These portfolios neither include hold ranges nor
transaction costs. The market return was represented by the value-weighted return on all NYSE,
NASDAQ and AMEX stocks, obtained from CRSP. To calculate the excess return of small cap stocks
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over large cap stocks (SMB) the average return on three big portfolios was subtracted from the
average return on three small portfolios (value, neutral and growth). The variable HML (high minus
low) measured the excess return of the value stocks, over the growth stocks and was calculated by
subtracting the average return on the two growth portfolios, from the average return on the two value
portfolios (small and big). To calculate the momentum factor (UMD), French used “six value-weighted
portfolios formed on size and prior (2–12) returns” (French 2018). UMD equalled the average return on
the two high prior return portfolios, minus the average return on the two low prior return portfolios.
Portfolios were updated monthly and rebalanced quarterly.

3.3. Market Performance and Risk-Free Return

To evaluate the performance of the different hedge fund indices, a benchmark is needed. From
an investor’s perspective, in Capital Market Theory, the Market portfolio offered the best reward-risk
performance in an efficient market. The S and P 500 has been used as a proxy for the Market Portfolio
in many hedge fund studies. Examples are the studies performed by Liang and Kat (2001), Amin and
Kat (2003) or Stoforos et al. (2016). Capocci (2002) used a value-weighted portfolio of all stocks on the
NYSE, Amex and Nasdaq, instead of only using the largest 500. The risk-free rate (rf) is represented
by the one-month Treasury-bill rate from Ibbotson Associates. The Standard and Poor’s index is a
value-weighted index and consist of stocks issued by 500 large cap companies listed on the NYSE or
NASDAQ. Due to its large proportion of total market value, it widely reflects the entire U.S. equity
market and the economic health of the United States (Nasdaq 2018). As a result of globalisation
in the financial markets the S and P, furthermore, reflects international events, to a large extent
(Stoforos et al. 2016).

4. Data Analysis, Findings and Discussions

In this section, data was analysed with various methods and the results of the tests are interpreted
and discussed. The data consists of monthly returns of each of the 10 strategies mentioned, the risk-free
rate and the market benchmark. It ranged from June 2007 to January 2017.

4.1. Descriptive Statistics, Visual Inspection, Other Diagnostics and Correlations

(a) Tests for stationarity and distribution of the returns

As regressions were to be performed later, the data was first tested for stationarity. Results of the
test for the presence of a unit root are summarised in Table 1 (details Appendix A). The null hypothesis
of a unit root being present in the return series was rejected at the 1% level.

Table 1. Tests for the presence of a unit root (details presented in Appendix A).

Strategy t-Statistic Probability

Convertible Arbitrage −7.9293 <0.01
Short Bias −10.9196 <0.01
Emerging Markets −9.596 <0.01
Equity Market Neutral −17.7315 <0.01
Event Driven −7.6882 <0.01
Fixed Income Arbitrage −10.4436 <0.01
Global Macro −10.4389 <0.01
Long/Short Equity −9.5381 <0.01
Managed Futures −11.5436 <0.01
Multi Strategy −7.5482 <0.01

Test critical values 1% level −4.9491 1%
5% level −4.4436 5%
10% level −4.1936 10%

Source: Authors’ work.

Table 2 below summarises the descriptive statistics on the various hedge fund strategies (10) and
the benchmark of S and P 500.
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Table 2. Descriptive statistics for all 10 strategies and S&P 500 6/2007–1/2017.

Strategy Mean Median Maximum Minimum Std Dev Skewness Kurtosis Jarque Bera Prob

Convertible Arbitrage 0.0031 0.0031 0.0581 −0.1259 0.0024 −2.4518 16.2970 970.817 0.0000

Short bias −0.0079 −0.0139 0.1031 −0.1128 0.0447 0.4462 2.9290 3.873 0.1442

Emerging Markets 0.0031 0.0042 0.0696 −0.1363 0.0275 −1.4139 8.6909 190.185 0.0000

Equity Markets Neutral −0.0017 0.0029 0.0366 −0.4045 0.0402 −8.1180 88.9230 37,184.510 0.0000

Event Driven 0.0026 0.0049 0.0422 −0.0575 0.0190 −0.8694 3.9609 19.075 0.0000

Fixed Income Arbitrage 0.0029 0.0049 0.0433 −0.1404 0.0196 −4.2558 29.0433 3628.401 0.0000

Global Macro 0.0044 0.0054 0.0444 −0.0663 0.0161 −0.8460 6.3701 68.731 0.0000

Long Short Equity 0.0030 0.0039 0.0523 −0.0781 0.0225 −0.7765 4.5441 23.183 0.0000

Managed Futures 0.0023 0.0023 0.0750 −0.0581 0.0318 0.0789 2.0548 4.439 0.1087

Multi Strategy 0.0039 0.0060 0.0428 −0.0735 0.0163 −1.8300 9.9337 297.117 0.0000

SP500 0.0034 0.0095 0.1023 −0.1856 0.0453 −0.8928 5.0006 34.755 0.0000

Source: Authors’ work.
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The mean return, standard deviation, median, minimum return and maximum return of each of
the ten strategies, is stated in the table above, and can be contrasted with that of the benchmark SP
500 over the whole data period (June 2007–January 2017). The null hypothesis of normality of returns
distribution was rejected at the 5% level, for all but two of the strategies (Short Bias and Managed
Futures). There was evidence of negative skewness and leptokurtosis (kurtosis > 3), for nine of the
eleven series tested.

(b) To visualise the performance of the different strategies in the period of the study (June 2007–January
2017), the value of all series on the various strategies, indexed at 100 at the beginning of the series, is
plotted below in Figure 1:
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Visual inspection of the performance of the various strategies over the period of 2007–2017, shows
that there was a downturn in 2008 and that there were clearly two different periods to analyse—a
period of downturn from the middle of 2007, up till the end of the first quarter of 2009, and then on an
upturn, up till the first month of 2017. Therefore, it was decided to study the entire period of June 2007
to January 2017, in two split periods (a) crisis period—June 2007–March 2009 (b) after crisis—April
2009–January 2017, and also the whole period.

The gross performance of the various strategies in each period, i.e., a value of $100 invested in
a particular strategy, at the beginning of the period (whole period, during crisis and after crisis) are
summarised in Table 3 below:
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Table 3. Performance of strategies and (S&P 500) in the whole period, during crisis and after crisis.

Period Whole Period During Crisis After Crisis

Strategy/Rank * Value Rank Value Rank Value Rank

Risk free rate 104.70 3 104.16 9 100.52 2
Convertible Arbitrage 138.88 10 73.92 4 187.87 10

Short Bias 35.42 1 127.46 12 27.79 1
Emerging Markets 136.56 8 77.94 5 175.21 8

Equity Market Neutral 72.45 2 60.17 2 120.41 4
Event Driven 132.08 6 84.50 8 156.31 6

Fixed Income Arbitrage 136.44 7 73.71 3 185.11 9
Global Macro 164.47 12 107.66 10 152.77 5

Long/Short Equity 137.35 9 83.77 7 163.97 7
Managed Futures 123.10 4 116.89 11 105.31 3

Multi-Strategy 154.84 11 80.72 6 191.82 11
SPX 131.86 5 49.42 1 266.85 12

Source: Authors’ work. * start value at beginning of period = 100; ranked in ascending order.

Table 3 shows that:

(i) Over the entire period, seven strategies performed better than the S and P 500: The Global Macro,
Multi Strategy, Emerging Markets, Long/Short Equity, Event Driven, Convertible Arbitrage, and
the Fixed Income Arbitrage; with Short Bias and Equity Market Neutral and Managed Futures
doing much worse than the benchmark S and P 500.

(ii) In the crisis period (June 2007–March 2009), the S and P 500 was the worst performer, with
an investment of $100 falling down to $49.42; while all the other strategies did better; the best
performers being Managed Futures, Global Macro and Short Bias, with values above investment
in the risk-free rate.

(iii) After the crisis: April 2009–January 2017; the worst performer was Short Bias while the S and
P 500 was the best performer with the value of an investment of $100 at the beginning of the
after-crisis period rising to $266.85; the next best being Multi Strategy, Convertible Arbitrage and
Fixed Income Arbitrage.

To get a detailed overview of the strategies’ performance, in the various periods, Table 4 contains
the mean return and standard deviation in each period.

Table 4 shows that over the whole period, the highest mean return was achieved by Global Macro
(0.44%) and Multi Strategy (0.39%), with the S and P 500’s return being the third highest (0.34%). The
lowest mean return was generated by the Short Bias strategy (−0.79%). The benchmark and Short Bias
strategies exhibited a much higher standard deviation, compared to the other strategies in the sample.
The table above gives further insights into the return risk profile of the strategies, during and after
the crisis. Again, during the crisis, the benchmark S and P 500 had the lowest mean return and next
highest standard deviation, with Short Bias having the highest mean return and third highest standard
deviation. In the after-crisis period, Short Bias had the lowest return and highest standard deviation,
while the benchmark S and P 500 had the highest return and next highest standard deviation.

Ackermann et al. (1999) found that hedge funds were riskier than the market indices. These
results could not be confirmed by the findings of this study. Over the ten-year period of 2007–2017, the
benchmark (and inversely, the Short Bias strategy) had the highest standard deviation and therefore,
the highest risk. This was consistent with a study by Liang and Kat (2001) who found higher volatility
in the market benchmark (S and P 500). He attributed the lower risk of hedge funds to the cross-style
diversification. A major area of interest was the correlation of hedge fund strategies with the benchmark
S and P 500.
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Table 4. Mean and standard deviation of the strategies in the whole period, during the crisis and after.

Period Whole Period During Crisis After Crisis

Strategy Mean Rank+ Stdev Rank+ Mean Rank+ Stdev Rank+ Mean Rank+ Stdev Rank+

Convertible Arbitrage 0.31% 8 2.36% 6 −1.27% 4 4.21% 7 0.68% 9 1.48% 5
Short Bias −0.79% 1 4.47% 10 1.24% 11 5.23% 9 −1.27% 1 4.16% 11

Emerging Markets 0.31% 7 2.75% 7 −1.04% 5 4.26% 8 0.62% 7 2.18% 8
Equity Market Neutral −0.17% 2 4.02% 9 −1.78% 2 8.77% 11 0.21% 3 1.35% 4

Event Driven 0.26% 4 1.90% 3 −0.74% 8 2.18% 1 0.49% 5 1.76% 6
Fixed Income Arbitrage 0.29% 5 1.96% 4 −1.30% 3 3.78% 6 0.66% 8 0.87% 1

Global Macro 0.44% 11 1.61% 1 0.37% 9 2.79% 3 0.46% 4 1.20% 3
Long/Short Equity 0.30% 6 2.25% 5 −0.76% 7 3.04% 4 0.55% 6 1.96% 7
Managed Futures 0.23% 3 3.18% 8 0.77% 10 3.41% 5 0.10% 2 3.13% 9

Multi-Strategy 0.39% 10 1.63% 2 −0.93% 6 2.68% 2 0.70% 10 1.07% 2
SP500 0.34% 9 4.53% 11 −2.96% 1 6.16% 10 1.12% 11 3.68% 10
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Table 5 sets out the correlation of returns between the various strategies, in the whole period and
during and after the crisis.

Table 5. Correlations of returns of various strategies with S&P 500 returns in the whole period and
during and after crisis.

Strategy/Period Whole Period During Crisis After Crisis

Convertible Arbitrage 0.56 0.55 0.54
Short Bias −0.77 −0.64 −0.85

Emerging Markets 0.71 0.71 0.73
Equity Market Neutral 0.34 0.30 0.58

Event Driven 0.71 0.65 0.76
Fixed Income Arbitrage 0.56 0.66 0.41

Global Macro 0.30 0.29 0.35
Long/Short Equity 0.80 0.73 0.87
Managed Futures −0.01 −0.17 0.12

Multi-Strategy 0.66 0.60 0.71

Source: Authors’ work

Three strategies showed a positive correlation above 0.7, over the whole period. During the
crisis, two strategies showed a high correlation (>0.7) with the S and P 500 (Emerging Markets and
Long/Short Equity). After the crisis, Emerging Markets, Event Driven and Long Short Equity, showed
a high positive correlation with the benchmark, while Short Bias showed a high negative correlation.
The lowest positive correlations, over the whole period and the benchmark, were Global Macro and
Equity Market Neutral; while Short Bias and Managed Futures showed a negative correlation.

Although Fung and Hsieh (1997) or Schneeweis and Spurgin (1997) found that hedge funds exhibit
a low correlation to the benchmark, the findings of this study were different. A test for difference
of means in the correlation values, during and after the crisis showed that there was no significant
difference (Appendix B). This meant that some strategies had increased their correlation with the S
and P 500 after the crisis, whilst others had decreased, but overall, there was no significant difference.
In sum, the results implied that some alternative investments provide diversification and can improve
risk-adjusted returns, as stated in the literature.

4.2. Estimating Performance Using Carhart’s Four-Factor Model

The Carhart Four Factor Model was used to analyse performance over all three periods.
Over the entire period (Table 6), all models estimated were statistically valid with a p-value of

the F statistic < 0.05. Looking at the performance over the whole data set (June 2007–January 2017)
in Table 6, it is obvious that first almost all strategies had a significant positive degree of market risk,
the highest being the Emerging Markets (0.47) and the Long/Short Equity (0.46); while Short Bias
had a significant negative amount of market risk (−0.69) and Managed Futures were the exception.
Only two strategies were able to generate a significant alpha over the whole period. These strategies
were Global Macro and Multi Strategy. Both of them have a low significant positive correlation to the
market and low significant negative correlation with the HML factor, which measures the return of
value stocks, minus that of growth stocks. The negative sign of the HML coefficient shows that the
portfolios were short in value stocks and long in growth stocks.
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Table 6. Carhart’s Four factor model estimations whole period: (6/2007–1/2017).

Strategy Alpha Mkt Risk SMB HML UMD Adj R2 p val F Sigma

Convertible Arbitrage 0.0022 0.2813 *** −0.0168 −0.2330 *** −0.1251 *** 0.3709 0.0000 2.31%

Emerging Markets 0.0003 0.4740 *** −0.0853 −0.2587 *** −0.0641 * 0.568 0.0000 2.70%

Equity Market Neutral −0.0028 0.2546 *** 0.0476 0.1344 −0.0193 0.0981 0.0030 3.92%

Event Driven 0.0011 0.3234 *** 0.0333 −0.0809 0.0214 0.5318 0.0000 1.89%

Fixed Income Arbitrage 0.0015 0.2380 *** −0.0698 −0.0845 −0.0656 0.3163 0.0000 1.91%

Global Macro 0.0038 *** 0.1517 *** −0.0907 −0.1383 ** 0.0094 0.1342 0.0003 1.58%

Long/Short Equity 0.0004 0.4621 *** −0.0141 −0.2106 *** 0.0331 0.7412 0.0000 2.22%

Managed Futures 0.0021 0.1131 −0.2486 * −0.08 0.1672 ** 0.0748 0.0110 3.22%

Multi-Strategy 0.0025 ** 0.2688 *** −0.0265 −0.1838 *** −0.0197 0.497 0.0000 1.61%

Short Bias −0.0027 −0.6945 *** −0.4783 *** 0.0577 0.0478 0.7054 0.0000 4.37%

SP500 4.40%

Source: Authors’ work. * significant at the 10% level, ** significant at the 5% level, *** significant at the 1% level.
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In the crisis period (Table 7), seven models estimated were found to be statistically valid (p-value
< 0.05), while three were not (Equity Market Neutral, Global Macro and Managed Futures). These
strategies show a lack of relationship with the entire market, in this time. During the financial
crisis (June 2007–March 2009) period, six strategies (Convertible Arbitrage, Emerging Markets, Event
Driven, Fixed Income Arbitrage, Global Macro, Long/Short Equity and Multi Strategy) continued
to bear a significant positive amount of market risk, whilst Short Bias had a significant negative
amount of market risk (−0.55), and Equity Market Neutral and Managed Futures continued to have
an insignificant amount of market risk. None of the ten strategies analysed were able to produce a
significant alpha. Moreover, the relationship with the HML factor was significantly negative for many
of the strategies (Convertible Arbitrage, Emerging Markets, Event Driven, Fixed Income Arbitrage,
Global Macro and Long/Short Equity) showing the negative relationship to the return from Value
stocks, compared to the Growth stocks.

In the after-crisis period (Table 8), all models estimated were statistically valid (p-value of F
statistic < 0.05). The period after the financial crisis (April 2009–January 2017) was characterised by
rising market prices. At this stage, almost all strategies had a significant positive amount of market
risk (highest being the Long/Short (0.47), followed by the Emerging Markets (0.41)), with Short Bias
continuing to have a significant negative amount of market risk (−0.81). Four out of ten strategies were
able to generate a significant alpha, during this period (Convertible Arbitrage, Fixed Income Arbitrage,
Global Macro and Multi Strategy) with Fixed Income Arbitrage being the highest (0.54%). Two of
the strategies with significant positive alphas (Convertible Arbitrage and Fixed Income Arbitrage)
had a significant negative UMD coefficient, showing that these strategies had a negative momentum
factor—short in winners and long in losers.

Analysis with the Carhart model, yielded several insights. Only two strategies were able to
generate significant alphas, over the whole period. These strategies were the Global Macro and Multi
Strategy. During the crisis, none of the strategies yielded positive alphas. After the crisis, Global Macro
and Multi Strategy continued to show positive alphas. The strategies which were the most successful
had low but significant betas. Over the whole period, almost all strategies showed significant amounts
of market risk to different degrees (except Short Bias which was significantly negative). The HML
factor showed significant negative correlation to the strategies that were able to generate positive
alphas, over the whole period, and also during the crisis, implying the underlying portfolio of these
strategies were short in value stocks and long in growth stocks. The relationship with the HML factor
was significantly negative for many of the other strategies, as well at different times. Although the
SMB and UMD factors did not have an explanatory value for the better performing strategies, the
SMB factor had a significant negative correlation with Short Bias, over the whole period and after
the financial crisis, suggesting this portfolio was short on small stocks and long in large stocks; the
UMD factor had a significant positive value for Managed Futures, over the whole period and after the
financial crisis, suggesting that these portfolios invest in momentum stocks.

Consistent with the findings of Capocci (2002) and Stoforos et al. (2016), the study showed no
fund manager was able to generate a significant alpha over the crisis period. However, market beta
was significant for all strategies, except Equity Market Neutral and Managed Futures, in this period. It
meant that the other strategies were not able to completely hedge against the market risk in the crisis
period. In the after-crisis period, all strategies had a significant positive market risk, except Short Bias;
although the ones with significant alphas also had the lowest market risk.
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Table 7. Carhart’s Four Factor Model estimations during the Financial Crisis (06/2007–03/2009).

Strategy Alpha Mkt Risk SMB HML UMD Adj R2 p val F Sigma

Convertible Arbitrage −0.0079 0.4355 *** 0.2507 −0.7883 *** −0.1632 0.6158 0.0003 3.88%

Emerging Markets 0.0004 0.6480 *** −0.1387 −0.4291 ** 0.1192 0.5965 0.0005 3.96%

Equity Market Neutral −0.0101 0.1987 0.963 0.4371 0.1087 −0.025 0.5031 7.95%

Event Driven −0.0037 0.3025 *** 0.1457 −0.2767 *** 0.0939 0.622 0.0003 2.25%

Fixed Income Arbitrage −0.0041 0.4202 *** 0.1943 −0.3279 * −0.1015 0.4089 0.0103 3.49%

Global Macro 0.0051 0.2118 * −0.0051 −0.3356 * 0.0318 0.129 0.1799 2.54%

Long/Short Equity −0.0004 0.5009 *** 0.0289 −0.3848 *** 0.1337 ** 0.8099 0.0000 2.93%

Managed Futures 0.0027 −0.0782 0.0673 0.0693 0.2679 0.0464 0.3256 3.47%

Multi-Strategy −0.0059 0.3153 *** 0.1848 −0.4469 *** −0.0034 0.5884 0.0006 2.61%

Short Bias −0.0044 −0.5500 *** 0.1196 −0.1495 0.0247 0.3199 0.0302 4.81%

SP500 5.64%

Source: Authors’ work. * significant at the 10% level, ** significant at the 5% level, *** significant at the 1% level.
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Table 8. Carhart’s Four Factor Model estimations after the Financial Crisis (04/2009–01/2017).

Strategy Alpha Mkt Risk SMB HML UMD Adj R2 p val F Sigma

Convertible Arbitrage 0.0042 *** 0.1671 *** −0.024 0.0115 −0.1027 *** 0.3736 0.0000 1.48%

Emerging Markets 0.0005 0.4113 *** −0.0623 −0.1393 ** −0.1001 *** 0.5677 0.0000 2.18%

Equity Market Neutral −0.0008 0.2216 *** −0.0654 −0.0739 −0.0137 0.3204 0.0000 1.35%

Event Driven 0 0.3471 *** −0.0023 0.0523 0.0151 0.5751 0.0000 1.76%

Fixed Income Arbitrage 0.0054 *** 0.0812 *** −0.0461 0.0099 −0.0486 *** 0.2168 0.0000 0.87%

Global Macro 0.0029 ** 0.1418 *** −0.1093 ** −0.0082 0.0149 0.1238 0.0032 1.20%

Long/Short Equity −0.0008 0.4715 *** −0.0326 −0.0818 * 0.019 0.7673 0.0000 1.96%

Managed Futures −0.0009 0.2299 ** −0.3180 ** −0.1339 0.1420 ** 0.0877 0.0158 3.13%

Multi-Strategy 0.0042 *** 0.2070 *** −0.0345 −0.0452 −0.0126 0.4875 0.0000 1.07%

Short Bias −0.0006 −0.8058 *** −0.5272 *** 0.1393 * 0.0649 0.8378 0.0000 4.16%

SP500 3.73%

Source: Authors’ work. * significant at the 10% level, ** significant at the 5% level, *** significant at the 1% level.
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While the estimations using Carhart’s model afford several insights, they do not provide an
overall evaluation of the return versus the risk on the various strategies. Due to this, it is relevant to
compare the strategies’ performances using alternative measures, such as persistence in performance
and reward-risk payoffs.

4.3. Analysing Performance for Persistence and Its Relationship with Total Performance

(i) Persistent Positive Returns

As stated in previous sections, persistence in performance is an attribute sought after by investors.
Here, all eleven strategies were analysed for persistence in positive performance, and the results are
presented in Table 9. The strategies are ranked in ascending order, in the column titled NETPP (Net
persistent positive performance), following the procedure explained in the section on methodology.

Fixed Income Arbitrage had the highest rank for persistent performance rate with Multi Strategy
being the next, over the whole period; in the crisis period, Global Macro and Equity Market Neutral
Managed Futures had the highest rank; in the after-crisis period, Fixed Income Arbitrage had the
highest rank, with Multi Strategy being the next. In the columns titled Performance, the strategies
were ranked in ascending order, based on the end value of $100 invested at the beginning of the
period. In the last row, the rank correlation coefficient was computed and showed a significant
positive correlation between persistence in performance and total performance, only in the after-crisis
period. Moreover, over the whole period, Global Macro, Multi Strategy, Fixed Income Arbitrage and
Convertible Arbitrage had the highest net persistent positive performance (NETPP) and were well
above the S and P 500, on this measure.

(ii) Persistent Returns above S&P500

In Table 10, the net persistent positive performance over the S&P500 is presented. Over a quarterly
horizon, none of the strategies had a positive figure for net persistent performance (NETPOS), over
the S&P500, either over the whole period or in the after-crisis period; though all strategies had a net
persistent performance over the S&P500, during the crisis period.

The analysis showed that rankings on persistence in performance for performance over the
benchmark S&P500, had a significant correlation with overall performance of that strategy in the
after-crisis period (0.885), near significant correlation (0.721) over the whole period, but not in the crisis
period (0.212).

4.4. Analysis of the Risk-Adjusted Performances (Sharpe Ratio) and Actual Performances

At first, the performance of all strategies on the Sharpe ratio, were ranked in ascending order, in
the different periods (Table 11).

Over the whole period, seven strategies had done better than the benchmark S and P 500
(Convertible Arbitrage, Emerging Markets, Event Driven, Fixed Income Arbitrage, Global Macro,
Long/Short Equity and Multi Strategy); in the crisis period, all ten strategies did better than the
benchmark; finally, after the crisis period, four strategies had done better than the benchmark S and
P 500 (Convertible Arbitrage, Fixed Income Arbitrage, Global Macro and Multi Strategy). Of these
strategies, the Global Macro and the Multi Strategy were able to outperform the S and P 500, over the
whole period.

Unlike Stoforos et al. (2016), the findings of the study showed that the mean risk-adjusted return
of each strategy was above the mean risk-adjusted return of the benchmark, during the financial crisis.
Every strategy was able to outperform the market. This meant that investing in hedge funds rather
than the broad equity market (S and P 500) could have saved investors from higher losses.
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Table 9. Net persistent positive performance.

Period Whole Period During Crisis After Crisis

Strategy/Ranks NETPP Pers Rank Perf Rank NETPP Pers Rank Perf Rank NETPP Pers Rank Perf Rank

Convertible Arbitrage 23 9 9 0 6 4 23 9 9
Short Bias −6 1 1 0 6 11 −6 1 1
Emerging Markets 8 4 7 0 6 5 8 4 7
Equity Market Neutral 12 7 2 4 10 2 8 4 3
Event Driven 9 5 5 −1 2 8 10 6 5
Fixed Income Arbitrage 47 11 6 −1 2 3 48 11 8
Global Macro 14 8 11 4 10 9 10 6 4
Long/Short Equity 3 3 8 −2 1 7 5 3 6
Managed Futures 2 2 3 2 9 10 0 2 2
Multi-Strategy 28 10 10 −1 2 6 29 10 10
S&P 500 9 5 4 −1 2 1 10 6 11

Rank Correlation 0.5682 0.1545 0.7364 *

Source: Authors’ work. NPP: net persistent positive performance; Pers Rank is the Persistence Rank; Perf Rank is the Performance Rank; +Ranked in ascending order; * Significantly
different from zero at 5% level, respectively.
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Table 10. Net persistent positive performance over the S&P 500.

Period Whole Period During Crisis After Crisis

Strategy/Ranks NETPOS Pers Rank Perf Rank NETPOS Pers Rank Perf rank NETPOS Pers Rank Perf Rank

Convertible Arbitrage −2 6 8 0 1 3 −2 8 9

Short Bias −6 2 1 0 1 10 −6 3 1

Emerging Markets −1 8 6 3 9 4 −4 7 7

Equity Market Neutral −7 1 2 1 3 1 −8 1 3

Event Driven −3 4 4 2 6 7 −5 4 5

Fixed Income Arbitrage −1 8 5 1 3 2 −2 8 8

Global Macro −2 6 10 3 9 8 −5 4 4

Long/Short Equity −3 4 7 2 6 6 −5 4 6

Managed Futures −6 2 3 2 6 9 −8 1 2

Multi-Strategy −1 8 9 1 3 5 −2 8 10

Rank Correlation 0.721 0.212 0.8848

Source: Authors’ work. NPPOSP: net persistent performance over SP500; +Ranked in ascending order; *, ** Significantly different from zero at 5% and 1% levels, respectively.
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Table 11. Sharpe ratio for the various strategies and benchmark S&P 500 in the different periods.

Period Whole Period During Crisis After Crisis

Strategy/Rank+ SR Rank SR Rank SR Rank

Convertible Arbitrage 0.131225 7 −0.34792 5 0.459399 9
Short Bias −0.18672 1 0.201479 11 −0.30595 1
Emerging Markets 0.113375 5 −0.28964 7 0.283405 6
Equity Market Neutral −0.04096 2 −0.22519 8 0.149315 3
Event Driven 0.158962 9 −0.4317 2 0.276549 5
Fixed Income Arbitrage 0.128655 6 −0.39652 4 0.751279 11
Global Macro 0.262124 11 0.067842 9 0.378203 8
Long/Short Equity 0.134646 8 −0.31168 6 0.276392 4
Managed Futures 0.054348 3 0.169392 10 0.031262 2
Multi-Strategy 0.242318 10 −0.42212 3 0.647783 10
SP500 0.08658 4 −0.51418 1 0.301515 7

Source: Authors’ work. +ranked in ascending order.

Although many previous studies have used the Sharpe ratio to evaluate performance (Ackermann
et al. (1999); Liang and Kat (2001)), Eling and Schuhmacher (2007), criticised the Sharpe ratio as
being inadequate to explain hedge fund performance, as it does not account for hedge funds’ special
characteristics. This was also stated by Brooks and Kat (2002), Amin and Kat (2003), Mahdavi
(2004) and Murguia and Umemoto (2004), on the basis that Hedge fund returns typically have
asymmetric distributions.

4.5. Assessment of the Reliability of Alternative Reward-Risk Ratios in Risk-Adjusted Performance Evaluation

Keeping in mind the asymmetry of returns in hedge funds, in the next part of this section, the
Sharpe ratio, Upside Potential ratio and the Sortino ratio were compared for all strategies, for the
whole period; the crisis period and the after-crisis period, ranked in each period and compared with
the overall strategy performance in that period, as a test of reliability of these ratios.

Over the whole period, the Global Macro had the highest Sharpe ratio with Multi Strategy being
ranked the next highest. The Sortino ratio ranking was similar and different from the Upside Potential
ratio. The rank correlation coefficient showed a significant relationship at the 1% level, with both the
Sharpe ratio rankings and the Sortino ratio rankings (Table 12).

Table 12. Overall performance rankings compared to reward risk ratio rankings in whole period.

Strategy/Rank+ Performance Sharpe Upside Potential Sortino

Convertible Arbitrage 5 7 3 7

Short Bias 1 1 4 1

Emerging Markets 9 5 5 6

Equity Market Neutral 2 2 1 2

Event Driven 6 9 9 9

Fixed Income Arbitrage 4 6 2 5

Global Macro 11 11 11 11

Long/Short Equity 8 8 8 8

Managed Futures 3 3 10 3

Multi-Strategy 10 10 7 10

SPX 7 4 6 4

Rank correlation coefficient 0.8091 ** 0.5364 0.8545 **

Source: Authors’ work. +Ranked in ascending order; *, ** Significantly different from zero at 5% and 1%
levels, respectively.
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During the crisis period, Short Bias and Managed Futures had, the highest Sharpe and Sortino
ratios and, overall, there was a high degree of correlation for all three measures, with the Sortino ratio
having the most significant relationship with the overall strategy performances (Table 13).

Table 13. Overall performance rankings compared to reward risk ratio rankings during crisis.

Strategy/Rank+ Performance Sharpe Upside Potential Sortino

Convertible Arbitrage 4 5 3 5

Short Bias 9 11 8 10

Emerging Markets 6 7 7 8

Equity Market Neutral 2 8 10 6

Event Driven 8 2 5 3

Fixed Income Arbitrage 3 4 1 2

Global Macro 10 9 9 9

Long/Short Equity 7 6 6 7

Managed Futures 11 10 11 11

Multi-Strategy 5 3 4 4

SPX 1 1 2 1

Rank correlation coefficient 0.6091 0.6182 * 0.7727 **

Source: Authors’ work. +Ranked in ascending order; *, ** Significantly different from zero at 5% and 1%
levels, respectively.

In the after-crisis period, Fixed Income Arbitrage had the highest Sharpe ratio, while Convertible
Arbitrage had the highest Upside Potential and Sortino ratios. Only the Sharpe and Sortino ratios had
a significant correlation with the overall strategy performance, for all periods (Table 14).

Table 14. Overall performance rankings compared to reward risk ratio rankings in after crisis period.

Strategy/Rank+ Performance Sharpe Upside Potential Sortino

Convertible Arbitrage 9 9 11 11

Short Bias 1 1 1 1

Emerging Markets 7 6 5 6

Equity Market Neutral 3 3 2 2

Event Driven 5 5 6 4

Fixed Income Arbitrage 8 11 7 7

Global Macro 4 8 9 9

Long/Short Equity 6 4 8 8

Managed Futures 2 2 4 3

Multi-Strategy 10 10 10 10

SPX 11 7 3 5

Rank correlation coefficient 0.7909 ** 0.5091 0.6636 *

+Ranked in ascending order; *, ** Significantly different from zero at 5% and 1% levels, respectively.

In summary, in all periods, only the Sortino ratio ranking had a significant relationship with
the ranking in performances, making it the most reliable ratio. Such results were also confirmed by
other researchers (Sortino et al. (2001); Rosenberg et al. (2004) and Scherer (2004); Chaudhary and
Johnson (2008)). This emphasised the superiority of the downside risk framework in analysing hedge
fund returns.
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5. Conclusions

Using a large database of over 9500 hedge funds available from the Hedge Index, performances of
ten major strategies, during and after the financial crisis, were investigated in this study. After visual
inspection, the ten-year data-sample was divided into two sub-periods (June 2007–March 2009 and
April 2009–January 2017) and was analysed for correlations, risk and return, persistence in performance,
return attribution using Carhart’s four-factor model (Carhart 1997) and reward-risk ratios.

Analysis with Carhart’s model, showed that no strategy was able to produce a significant alpha
during the financial crisis. It became obvious that the market was not the most efficient during the
financial crisis, though it might well have been so, in the after-crisis period when the S and P 500
was the best performer. During the financial crisis, each hedge fund strategy offered risk-adjusted
performance that was superior to the S and P 500’s risk-adjusted performance. After the financial crisis,
although four strategies (Convertible Arbitrage, Fixed Income Arbitrage, Multi Strategy and Global
Macro) were able to outperform the S and P 500, in risk-adjusted terms, in absolute terms, the S and P
500 was the best value performer.

All strategies did better than the benchmark S and P 500, during the crisis, and over the
whole period, seven strategies did better than the benchmark S and P 500 (Convertible Arbitrage,
Emerging Markets, Event Driven, Fixed Income Arbitrage, Global Macro, Long/Short Equity, Multi
Strategy). This meant that, for an investor, it is important to forecast downturns for a continued better
performance than the benchmark S and P 500.

All this brings up an evaluation of whether hedge funds deliver better value for investors, which
was one of the main aims of the current research. Correlations of various hedge fund strategies
with the benchmark S and P 500, showed different behaviour in the during -crisis period versus
the after-crisis period; the correlations of Emerging Markets, Equity Market Neutral, Global Macro,
Long/Short/Equity and Multi Strategy and Managed Futures, increased in the after-crisis period; the
strategies which showed a fall in correlation with benchmark S and P 500 in the after-crisis period, were
the Convertible Arbitrage, Fixed Income Arbitrage and the Shortbias. The Carhart Model provided
tremendous insights on which strategies generated positive alphas, the extent of market risk, strategies
have, or had advantageous attributions to the SML, HML and UMD factors. Strategies which generated
significant positive returns were related to a better overall performance, though none of the strategies
were able to persistently perform better than the S and P 500, in a rising market. Of the reward-risk
ratios, the Sortino ratio appeared to be the most reliable, as strategies ranked in this way, within
a downside risk framework were significantly correlated with the ranking of performances of the
strategies, either over the whole period, or during or after crisis. In falling markets, Short Selling
and Managed Futures had a clear advantage for opportunities of better returns, just as in rising
markets, Convertible Arbitrage and Fixed Income Arbitrage do. In rising markets, Managers of these
strategies see ‘arbitrage opportunities’ through shorting shares for the related convertible, or locating
underpriced bonds, as the yield curve changes are brought on by Central Bank interventions; though,
of course, these are still speculative, under the strict definitions of ‘arbitrage’, as they bet on a rising
market or increasing interest rates. By definition, Short Selling and Managed Futures result in a better
predictable outcome than the benchmark, only in falling markets.

If hedging is about hedging against market risk (i.e., the risk of the S and P 500), all strategies
did better than the S and P 500, in the crisis period; thereby, better conserving value for investors over
passive investment in the S and P500. Global Macro with its top-down approach, and Multi Strategy,
Long/Short Equity and Event Driven, with their active strategies, appeared to be the best performers.
Emerging Markets was the fourth best performer over the whole period and also did better than the
S and P 500 by offering diversification and risk reduction (higher Sharpe and Sortino ratios in the
crisis and whole periods). However, over the whole period, only Global Macro and Multi Strategy
had superior performances with positives alphas, and lowest positive correlations with the S and P
500, through active exploitation of opportunities, either in the same or alternative markets than the
universe of the S and P 500.
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Unlike previous studies, the conclusions of this research are that hedge fund strategies can
generate superior returns over passive investments in the Market Portfolio (proxied by the S and P
500), particularly in crisis times, and depend on Investors’ ability to forecast and select the appropriate
strategy for that time. Furthermore, the downside risk framework is superior to the conventional one
for evaluating reward-risk characteristics of Hedge Fund strategies.

6. Limitations and Further Research

The current research was done using the Hedge Index data base of over 9500 funds. These
data agglomerated the performances of many individual hedge funds within the 9500 fund base
and classified them by strategy. This raised the issue of caution in generalising results. Within
each strategy, there are Managers who are better-performing or worse-performing than the average
performer in that strategy. Again, with globalisation on the increase every year, it can be expected that
correlations between markets will increase. So, it would be useful to micro-analyse individual hedge
fund performances for more insights into what contributed to their particular performance. Analysis
of hedge fund performance in different crisis scenarios, like the crisis in 1929 or the Asian crisis in 1997,
also helps. By comparing the results in each crisis, it would be possible to find patterns and filter out
strategies that can offer superior performance, in each crisis scenario. Furthermore, simulations for
possible future crisis scenarios could be made to investigate how the strategies would perform. This is
important, since past performance might not be a good indicator for future performance, especially in
turbulent crisis scenarios.
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Appendix B

Table A1. Correlations of returns of various strategies with S&P500 returns during and after crisis.

Strategy/Period During Crisis After Crisis

Convertible Arbitrage 0.55 0.54
Short Bias −0.64 −0.85
Emerging Markets 0.71 0.73
Equity Market Neutral 0.30 0.58
Event Driven 0.65 0.76
Fixed Income Arbitrage 0.66 0.41
Global Macro 0.29 0.35
Long/Short Equity 0.73 0.87
Managed Futures −0.17 0.12
Multi-Strategy 0.60 0.71

t-Test: Paired Two Sample for Means

Strategy/Period During Crisis After Crisis

Mean 0.3688 0.42141
Variance 0.2017 0.24815
Observations 10 10
Pearson Correlation 0.9357
Hypothesized Mean Difference 0.0000
df 9.0000
t Stat −0.9414
P(T<=t) one-tail 0.1855
t Critical one-tail 1.8331
P(T<=t) two-tail 0.3711
t Critical two-tail 2.2622

References

Ackermann, Carl, Richard McEnally, and David Ravenscraft. 1999. The performance of hedge funds: Risk, return,
and incentives. The Journal of Finance 54: 833–74. [CrossRef]

Agarwal, Vikas, and Narayan Naik. 2000. Multi-period performance persistence analysis of hedge funds. Journal
of Financial and Quantitative Analysis 35: 327–42. [CrossRef]

Agarwal, Vikas, and Narayan Naik. 2004. Risks and Portfolio Decisions Involving Hedge Funds. Review of
Financial Studies 17: 63–98. [CrossRef]

Amenc, Noel, Lionel Martellini, and Mathhieu Vaissié. 2003. Benefits and risks of alternative investment strategies.
Journal of Asset Management 4: 96–118. [CrossRef]

Amin, Gaurav S., and Harry M. Kat. 2003. Hedge fund performance 1990–2000: Do the “money machines” really
add value? Journal of Financial and Quantitative Analysis 38: 251–74. [CrossRef]

Baquero, Guillermo, Jenke ter Horst, and Marno Verbeek. 2005. Survival, Look-Ahead Bias, and Persistence in
Hedge Fund Performance. Journal of Financial and Quantitative Analysis 40: 493–517. [CrossRef]

Barclay Hedge. 2018a. Value of Assets Managed by Hedge Funds Worldwide from 1997 to 2016 (in Billion U.S.
Dollars). Statista. Available online: https://www.statista.com/statistics/271771/assets-of-the-hedge-funds-
worldwide/ (accessed on 5 February 2018).

Barclay Hedge. 2018b. What Is a Hedge Fund? Available online: https://www.barclayhedge.com/
research/educational-articles/hedge-fund-strategy-definition/what-is-a-hedge-fund.html (accessed on 29
January 2018).

Boasson, Vigdis, and Emil Boasson. 2011. Risk and returns of hedge funds investment strategies. Investment
Management and Financial Innovations 8: 110–21.

Boyson, Nicole. 2003. Do Hedge Funds Exhibit Performance Persistence? A New Approach. Working Paper. West
Lafayette: Purdue University, Krannert Graduate School of Management.

Brown, Stephen J., William N. Goetzmann, and Roger G. Ibbotson. 1999. Offshore Hedge Funds: Survival [and] &
Performance 1989–1995. Charlottesville: CFA Institute.

http://dx.doi.org/10.1111/0022-1082.00129
http://dx.doi.org/10.2307/2676207
http://dx.doi.org/10.1093/rfs/hhg044
http://dx.doi.org/10.1057/palgrave.jam.2240097
http://dx.doi.org/10.2307/4126750
http://dx.doi.org/10.1017/S0022109000001848
https://www.statista.com/statistics/271771/assets-of-the-hedge-funds-worldwide/
https://www.statista.com/statistics/271771/assets-of-the-hedge-funds-worldwide/
https://www.barclayhedge.com/research/educational-articles/hedge-fund-strategy-definition/what-is-a-hedge-fund.html
https://www.barclayhedge.com/research/educational-articles/hedge-fund-strategy-definition/what-is-a-hedge-fund.html


Int. J. Financial Stud. 2019, 7, 15 30 of 31

Brown, Stephen J., William N. Goetzmann, and James Park. 2001. Careers and survival: Competition and risk in
the hedge fund and CTA industry. The Journal of Finance 56: 1869–86. [CrossRef]

Capocci, Daniel. 2002. Analysis of Hedge Fund Performance. Munich: University Library of Munich.
Capocci, Daniel, and Georges Hübner. 2004. Analysis of hedge fund performance. Journal of Empirical Finance 11:

55–89. [CrossRef]
Carhart, Mark M. 1997. On persistence in mutual fund performance. The Journal of Finance 52: 57–82. [CrossRef]
Chaudhary, Ashraf, and Helen L Johnson. 2008. The Efficacy of the Sortino Ratio and Other Benchmarked

Performance Measures under Skewed Return Distributions. Australian Journal of Management 32: 485–502.
[CrossRef]

Credit Suisse. 2018. Broad Hedge Fund Index. Credit Suisse Hedge Index LLC. Available online: https://lab.
credit-suisse.com/#/en/index/HEDG/HEDG_GLMAC/overview (accessed on 24 February 2018).

D’Alessio, G. 2015. Review: Online Hedge Fund Database Providers in 2015. Available online: Sophisticatedinvestor.
com (accessed on 12 February 2018).

Do, Viet, Robert Faff, and J. Wickramanayake. 2005. An empirical analysis of hedge fund performance: The case
of Australian hedge funds industry. Journal of Multinational Financial Management 15: 377–93. [CrossRef]

Eling, Martin, and Frank Schuhmacher. 2007. Does the choice of performance measure influence the evaluation of
hedge funds? Journal of Banking & Finance 31: 2632–47.

Fama, Eugene F., and Kenneth R. French. 1993. Common risk factors in the returns on stocks and bonds. Journal of
Financial Economics 33: 3–56. [CrossRef]

French, Kenneth R. 2018. Dara Library. Available online: http://mba.tuck.dartmouth.edu/pages/faculty/ken.
french/data_library.html (accessed on 15 July 2018).

Fung, William, and David Hsieh. 1997. Empirical characteristics of dynamic trading strategies: The case of hedge
funds. The Review of Financial Studies 10: 275–302. [CrossRef]

Fung, William, and David Hsieh. 2001. The risk in hedge fund strategies: Theory and evidence from trend
followers. The Review of Financial Studies 14: 313–41. [CrossRef]

Fung, William, and David Hsieh. 2004. Hedge Fund Benchmarks: A Risk-Based Approach. Financial Analysts
Journal 60: 65–80. [CrossRef]

Gregoriou, Greg, Francois-Eric Racicot, and Raymond Théoret. 2016. The q-factor and the Fama and French asset
pricing models: Hedge fund evidence. Managerial Finance 42: 1180–1207. [CrossRef]

Huber, Claus, and Helmut Kaiser. 2004. Hedge Fund Risk Factors with Option-like Structures: Examples and
Explanations. The Journal of Wealth Management 7: 49–60. [CrossRef]

Jordao, Gustavo, and Marcelo L. De Moura. 2011. Performance analysis of Brazilian hedge funds. Journal of
Multinational Financial Management 21: 165–76. [CrossRef]

Kothari, S.P., and Jerold B. Warner. 2001. Evaluating mutual fund performance. The Journal of Finance 56: 1985–2010.
[CrossRef]

Liang, Bing. 1999. On the performance of hedge funds. Financial Analysts Journal 55: 72–85. [CrossRef]
Liang, Bing, and Harry M. Kat. 2001. Hedge fund performance: 1990–1999. Financial Analysts Journal 57: 11–18.

[CrossRef]
Manser, Samuel, and Markus M. Schmid. 2009. The Performance Persistence of Equity Long/Short Hedge Funds.

Journal of Derivatives & Hedge Funds 15: 51–69. [CrossRef]
Nasdaq. 2018. Other Index Descriptions. Available online: http://www.nasdaq.com/reference/index-

descriptions.aspx (accessed on 19 February 2018).
Rosenberg, Mark, James F. Tomeo, and Sam Y Chuang. 2004. Hedge Fund of Fund Allocations Using a Convergent

and Divergent Strategy Approach. The Journal of Alternative Investments Summer 7: 44–53.
Schaub, Nic, and Markus Schmid. 2013. Hedge fund liquidity and performance: Evidence from the financial crisis.

Journal of Banking & Finance 37: 671–92.
Scherer, Bernd. 2004. An alternative route to performance hypothesis testing. Journal of Asset Management 5: 5–12.

[CrossRef]
Schneeweis, Thomas, and Richard Spurgin. 1997. Managed Futures, and Hedge Fund and Mutual Fund Return

Estimation: A MultiFactor Approach. Available online: https://www.researchgate.net/publication/
251901666_Managed_Futures_Hedge_Fund_and_Mutual_Fund_Return_Estimation_A_MultiFactor_
Approach (accessed on 15 July 2018).

http://dx.doi.org/10.1111/0022-1082.00392
http://dx.doi.org/10.1016/j.jempfin.2002.12.002
http://dx.doi.org/10.1111/j.1540-6261.1997.tb03808.x
http://dx.doi.org/10.1177/031289620803200306
https://lab.credit-suisse.com/#/en/index/HEDG/HEDG_GLMAC/overview
https://lab.credit-suisse.com/#/en/index/HEDG/HEDG_GLMAC/overview
Sophisticatedinvestor.com
Sophisticatedinvestor.com
http://dx.doi.org/10.1016/j.mulfin.2005.04.006
http://dx.doi.org/10.1016/0304-405X(93)90023-5
http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
http://dx.doi.org/10.1093/rfs/10.2.275
http://dx.doi.org/10.1093/rfs/14.2.313
http://dx.doi.org/10.2469/faj.v60.n5.2657
http://dx.doi.org/10.1108/MF-01-2016-0034
http://dx.doi.org/10.3905/jwm.2004.450960
http://dx.doi.org/10.1016/j.mulfin.2011.02.002
http://dx.doi.org/10.1111/0022-1082.00397
http://dx.doi.org/10.2469/faj.v55.n4.2287
http://dx.doi.org/10.2469/faj.v57.n1.2415
http://dx.doi.org/10.1057/jdhf.2008.28
http://www.nasdaq.com/reference/index-descriptions.aspx
http://www.nasdaq.com/reference/index-descriptions.aspx
http://dx.doi.org/10.1057/palgrave.jam.2240123
https://www.researchgate.net/publication/251901666_Managed_Futures_Hedge_Fund_and_Mutual_Fund_Return_Estimation_A_MultiFactor_Approach
https://www.researchgate.net/publication/251901666_Managed_Futures_Hedge_Fund_and_Mutual_Fund_Return_Estimation_A_MultiFactor_Approach
https://www.researchgate.net/publication/251901666_Managed_Futures_Hedge_Fund_and_Mutual_Fund_Return_Estimation_A_MultiFactor_Approach


Int. J. Financial Stud. 2019, 7, 15 31 of 31

Schneeweis, Thomas, and Richard Spurgin. 1999. Quantitative Analysis of Hedge Fund and Managed
Futures Return and Risk Characteristics. Available online: https://pdfs.semanticscholar.org/ee20/
b8a6323c7d1c7625e37570d61ab18e0f23db.pdf (accessed on 15 July 2018).

Sharpe, William F. 1966. Mutual fund performance. The Journal of Business 39: 119–38. [CrossRef]
Sharpe, William F. 1992. Asset allocation: Management style and performance measurement. Journal of Portfolio

Management 18: 7–19. [CrossRef]
Slavutskaya, A. 2013. Short-Term Hedge Fund Performance. Journal of Banking and Finance 37: 4404–31. [CrossRef]
Sortino, Frank A., and Lee N. Price. 1994. Performance measurement in a downside risk framework. Journal of

Investing 3: 59–64. [CrossRef]
Sortino, Frank, Robert van der Meer, and Auke Plantinga. 1999. The Dutch Triangle: A Framework to Measure

Upside Potential relative to Downside Risk. Journal of Portfolio Management 26: 50–58. [CrossRef]
Stafylas, Dimitrios, Keith Philip Anderson, and Moshafique Uddin. 2017. Recent Advances in Explaining Hedge

Fund Returns: Implicit Factors and Exposures. International Review of Financial Analysis 43: 48–61. [CrossRef]
Stoforos, Chrysostomos E., Stavros Degiannakis, and Theodosios Palaskas. 2016. Hedge Fund Returns under Crisis

Scenarios: A Holistic Approach. MPRA Paper 80161. Munich: University Library of Munich.
Strömqvist, Maria. 2009. Hedge Funds and Financial Crises. Sveriges Riksbank Economic Review. Available online:

https://papers.ssrn.com/sol3/papers.cfm?abstract_id=1631893 (accessed on 19 February 2018).
Sun, Zheng, Ashley W. Wang, and Lu Zheng. 2016. Only Winners in Tough Times Repeat: Hedge Fund

Performance Persistence over Different Market Conditions. Journal of Financial and Quantitative Analysis 53:
2199–225. [CrossRef]

Travers, Frank J. 2012. Hedge Fund Analysis an In-Depth Guide to Evaluating Return Potential and Assessing Risks.
New York: Wiley.

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

https://pdfs.semanticscholar.org/ee20/b8a6323c7d1c7625e37570d61ab18e0f23db.pdf
https://pdfs.semanticscholar.org/ee20/b8a6323c7d1c7625e37570d61ab18e0f23db.pdf
http://dx.doi.org/10.1086/294846
http://dx.doi.org/10.3905/jpm.1992.409394
http://dx.doi.org/10.1016/j.jbankfin.2013.07.034
http://dx.doi.org/10.3905/joi.3.3.59
http://dx.doi.org/10.3905/jpm.1999.319775
http://dx.doi.org/10.1016/j.irfa.2015.11.001
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=1631893
http://dx.doi.org/10.1017/S0022109018000200
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Literature Review 
	Characteristics of Major Hedge Fund Strategies 
	Convertible Arbitrage 
	Emerging Markets 
	Equity Market Neutral 
	Event Driven 
	Fixed Income Arbitrage 
	Global Macro 
	Long/Short Equity 
	Managed Futures 
	Multi Strategy 

	Empirical Studies on Hedge Fund Performance 
	Performance Measurement Models 
	Persistence in Performance 
	Performance Rating Measures 

	Methodology 
	General 
	Data 
	Market Performance and Risk-Free Return 

	Data Analysis, Findings and Discussions 
	Descriptive Statistics, Visual Inspection, Other Diagnostics and Correlations 
	Estimating Performance Using Carhart’s Four-Factor Model 
	Analysing Performance for Persistence and Its Relationship with Total Performance 
	Analysis of the Risk-Adjusted Performances (Sharpe Ratio) and Actual Performances 
	Assessment of the Reliability of Alternative Reward-Risk Ratios in Risk-Adjusted Performance Evaluation 

	Conclusions 
	Limitations and Further Research 
	
	
	References

