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Abstract      

Risk parity portfolios are becoming more and more popular among investors due to its 

slogan of being a safe shield during the bad times, especially after the global financial 

crisis in 2008. As Qian (2006) stated, risk parity idea enables investors to quantify the 

loss contribution and ensures equal risk contribution from any assets in portfolio. 

Therefore, risk parity is well-balanced from risk perspective and possesses the unique 

diversification which investors so needed during the past global financial crisis. 

However, Lee (2011) expressed his doubt about risk parity portfolio effectiveness as he 

does not believe the underlying theory of risk parity where investors do not have to put 

an effort to forecast returns but are predicted to generate better results than those who 

actually estimate expected returns.  

The aim of this study is to test the effectiveness and benefit of risk parity portfolio if it 

had been adapted among hedge funds during the global financial crisis compared to the 

actual historical performances. Beside, alternative comparison portfolio methods include 

minimum variance portfolio and equally weighted portfolio due to its popularity and 

practical benefits in portfolio management industry.   

The data used in this research is aggregated hedge funds stock holdings database from 

Charle Cao, Jeremiah Green and Jiahan Li (2014). This database is based mainly on 

13_F fillings from SEC and equity returns snapshot from CRSP (Center Research in 

Security Prices). The observation period of hedge funds fillings is fourteen years and 6 

months from March 1999 to June 2013 with quarterly frequency. Meanwhile, US 

market stock returns were observed on monthly basic and with additional five years 

earlier starting from January 1994 to June 2013. The data consists of the 13_F section 

fillings and time series returns of the whole pool of stocks from CRSP with December 

2013.  

The study emphasized that there is no single portfolio construction method could 

persistently deliver the best returns over time. However, its confirmed (Qian 2005) as 

well as (Ruban & Meles 2011) findings. Risk parity portfolios might not always be the 

best perfomer but there is a high possibility that these portfolios can surpass the 

performance of other traditional portfolios such as minimum variance, equally weighted 

portfolio during the bad times. This study agrees with (Chaves et al 2011), equal risk 

contribution portfolio is the one with the lowest volatility overall and able to deliver 

good and stable Sharpe Ratio during the whole observation periods. Additionally, 



 

 

 

following (Demiguel et al 2009), the study proved equally weighted portfolio is 

frequently among top performers over the observed period whereas the concentration 

issue of minimum variance portfolio was undeniable as (Clarke et al 2006). 

Taken into account the drawbacks from the database and portfolio rebalancing 

frequency, the study suggested future researches could be conducted with yearly or even 

quarterly portfolio rebalancing if the database allows. Another aspect to explore 

regarding to risk parity concept is about risk parity portfolio properties and its relation 

with leverage.   
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1. INTRODUCTION 

Portfolio optimization has long been considered as a controversial topic in 

investment market as well as the whole financial industry. By definition, it is the 

process of choosing potential assets among a vast number of available assets on the 

market and assigning appropriate weights to form investor portfolio. Currently, there 

are many methods to construct portfolio advertised on investment markets. Those 

typical ones are minimum variance, equally weighted or risk parity portfolio…Of 

course, each one has its own pros and cons and was invented to meet various investor 

appetites. The matter of choosing between different portfolio optimization methods is 

therefore problematic for individual investors as well as portfolio managers who 

seeks high returns and outstanding performances over market benchmark. However, 

the purpose of this study is not about finding the best portfolio construction method 

but rather to direct the focus to the rising star “risk parity” and testing it with 

historical data taken into account previous global financial crisis event.  

Fundamentally speaking, investors regardless of being professionals or naïve, ones 

should know about Modern Portfolio Theory introduced by Nobel recipient 

Markowitz in 1950s. It is not exaggerating to say that this is one of the milestone 

theories in finance since the beginning days. The compelling feature of the theory 

comes from its creative way of presenting diversification concept in portfolio 

optimization and the discovery of trade-off relationship between risk and return. 

Nevertheless, mean-variance or Modern Portfolio Theory possesses in ifself several 

drawbacks including the famous estimation errors. Alternative portfolio optimization 

methods such as minimum variance portfolio, equally weighted portfolio or risk-

based portfolios were introduced with the aim to overcome these shortcomings. 

Those later solutions become less and less complicated in calculation process so that 

even naïve investors can understand intuitively and being able to apply it in practice. 

Arguably, notwithstanding the benefits of these alternative methods, Lee (2011) 

believed that as long as alternative asset allocation methods seem to be unclear 

concerning its purposes, modern theory portfolio remains its efficiency in both 

theory and practice.  
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To be specific, minimum variance portfolio was first introduced to tackle error 

maximization problem from mean-variance optimization approach. By eliminating 

expected return out of optimization calculation process, minimum variance portfolio 

succeeded in simplifying mathematical optimization problem as well as overcoming 

drawback of Modern Portfolio Theory in estimated expected return. Yet, it contains 

in itself shortcomings. One of the typical problems was discovered that such 

minimum variance portfolio due to consider only portfolio variance tends to be 

heavily concentrated on low volatility assets. Hence, those assets which are less 

volatile usually have lower expected return, leading to lower portfolio expected 

return than normal. This, of course does not make investors happy after all.  

Another problem of minimum portfolio which was stated in Lee (2011) that even 

though the purpose of minimum variance portfolio is to deliver portfolio with lowest 

volatility in the market, the real question is why investors would want such minimum 

variance portfolio? Is it because investors prefer lower volatility? In that sense, 

according to Modern Portfolio Theory, there is another alternative portfolio 

optimization method which offers even lower volatility and better risk-return. Such a 

portfolio is formed based on the combination of a risk free asset like cash and the 

tangent portfolio. The theory underlying this approach is known as Fund Separation 

Theorem published by Tobin (1958), Merton (1973).  

Emerging side by side with minimum variance portfolio, investors were exposed to 

the idea of equally weighted portfolio. First of all, it is frankly simple enough that 

everyone can immediately understand and apply this optimization method in his/her 

own portfolio without consulting with professional brokers or investment bankers. 

Secondly, the equally weighted portfolio literally presents the well-known 

diversification concept with its own name. Last but not least, this method was backed 

by a convincing proof of efficiency comes from US market with Clark et al (2010) 

research. Regardless of how naïve equally weighted portfolio is, its performance is in 

fact among top performers or even the most effective method when comparing with 

other approaches. Nevertheless, opponents of this naïve approach argued that equally 
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weighted portfolio optimization completely ignores asset characteristics and their 

cross correlations.   

Modernly speaking, the risk parity term emerged in the financial market right after 

the strike of global financial crisis stating itself as a safe shield during bad time. The 

fact that under other portfolio optimization methods, individuals, professional 

investors or even sophisticated investment funds were suffered badly during global 

crisis triggered the idea of risk parity. 

Risk parity was built based on the concept of diversification not in term of 

investment capital as typical approaches but in term of risk itself. Portfolios 

constructed according to risk parity approach will ensure equal risk contribution from 

every single component. The appealing feature of risk parity approach is the ability 

to quantify the loss contribution using the concept of risk contribution. As Qian 

(2006), the measurement is proved to provide approximately close enough estimate 

of loss contribution.  

Hence, even though the idea of risk parity is attractive and to be seen as a dynamic 

way to manage portfolios, doubts are inevitable. The most prominent argument 

concerning the efficiency of risk parity in practice is that in the future where bonds – 

the essential low volatility asset for risk parity method - might no longer be a better 

performer than stocks as in the past 30 year. Lee (2011) also stated his concerns 

about the existence of such a portfolio theory which could possibly be able to predict 

ex-ante the outperformance of those risk-based portfolios over mean-variance 

portfolio. Such an asset allocation theory if exits will suggest that investors who 

ignore returns are foreseen to outperform those who actually put effort in predicted 

returns. In that case, the issue of market information efficiency will definitely be a 

potential boiling topic for debate.  

Given all above information, the general picture of portfolio optimization in practice 

as well as theoretical field is mixed with both bright and gray colors. Each portfolio 

optimization approach has its own pros and cons. The decision to follow which asset 
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allocation method depends much more on investors’ personal opinions and 

preferences. For bigger and more sophisticated investment institutions, this fact 

continuously contributes to emphasize the role of fund managers in managing 

investment funds.  

Despite the uncertainty in future performance of portfolios following risk parity 

approach, more and more investment funds are adapting this optimization method in 

order to avoid downside risks during bad times. One of possible reasons why this 

idea has emerged in the financial market nowadays is perhaps due to the increase in 

risk aversion of investors. After experiencing a number of financial crises and 

witnessing the collapse of portfolios which were believed to be well-diversified and 

well-protected for different kind of market shocks, investors are now in desperate 

need for a more caution and efficient approach in managing their portfolios.  

As Qian (2011) stated in order to provide downside risk protection for the overall 

portfolio against significant losses of underlying assets, whether it is stock or bond, it 

is preferable to own a risk parity portfolio. The essential starting purpose of risk 

parity portfolio is not to compete in term of return with other well-known portfolios 

such as minimum variance portfolio or equal weighted portfolio. Risk parity is all 

about balance from risk perspective – the true balance and diversification that were 

so needed during the last financial crisis.  

Keeping all the above facts in mind, the purpose of this research is to test the 

effectiveness and benefits of possessing risk parity portfolio during financial crisis 

times in the past. The chosen alternative methods include minimum variance 

portfolio and equal weighted portfolio due to its popularity and practical benefits in 

portfolio management industry. By comparing the portfolio performance across 

different optimization approaches, the research expects to see to what extent each 

strategy can lift the entire portfolio performance during both good and bad times.  

Again, the aim of the study is to examine the benefits of adapting risk parity asset 

allocation during bad times. Therefore, the benchmark portfolio of each fund is equal 
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to its real historical portfolio. The comparison of performance between risk parity 

portfolio and the benchmark portfolio in the past will be the critical indicator 

throughout the whole study.   

The data used in this research is aggregated hedge funds stock holdings database 

from Charle Cao, Jeremiah Green and Jiahan Li (2014). This database is based 

mainly on 13_F fillings from SEC and equity returns snapshot from CRSP (Center 

Research in Security Prices). The observation period of hedge funds fillings is 

fourteen and a half years from March 1999 to June 2013 with quarterly frequency. 

Meanwhile, US market stock return is observed on monthly basic with additional 

five years of data starting from January 1994 to June 2013. The data consists of the 

13_F section fillings and time series returns of the whole pool of stocks from CRSP 

in December 2013. The above mentioned observation period allows this study to 

experiment the performance of simulated portfolios before and after the recent global 

financial crisis during 2006-2009. 

The rest of the thesis is constructed into seven parts consisting of literature review, 

data selection, portfolio construction methods, portfolio performance analysis, 

empirical results, conclusions and references. Part two presents the insight picture of 

existing portfolio optimization literature with each method presenting together with 

its pros and cons. Third section talks about the data which the thesis employs to 

assess the performance of risk parity portfolios as well as other alternative 

approaches. Section four gives a details mathematical view on how to construct 

portfolios following different asset allocation approaches in order to value them in 

later parts. Part five demonstrates a number of measurements are used in this thesis 

to compare the performance across various methods as well as between those 

methods and historical or benchmark portfolio. The sixth section provides the 

empirical results of this thesis given hedge funds data. Finally, the conclusion gives 

the whole comparative picture as well as short brief about portfolio performance 

according to each asset allocation approach including minimum variance portfolio, 

equal weighted portfolio and risk parity portfolios. It also mentions the limitation of 

this thesis research and suggests a way to extend the study in the future. 
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2. LITERATURE REVIEW 

This section will walk the reader through the history of portfolio optimizations topic. 

First, the background theories of asset allocations are presented. Then the focus shifts 

to dissect risk parity approach which is the main target of the research in detail. The 

study goes on with providing background about hedge funds industry since the 

beginning day until now and explaining the reasons why it is chosen to be the 

research objective.   

2.1 Traditional portfolio management approaches 

Portfolio management is no doubt an essential concept in the investment industry 

nowadays. The history of Modern Portfolio Theory can be dated back to the 

invention of Markowitz mean-variance optimization in 1952. In a nut shell, 

(Markowitz 1952) suggested a way to select portfolio components which take into 

account the relationship between assets expected returns and returns variances. By 

definition, using estimated mean and covariance matrix of individual assets as the 

inputs, the mean-variance optimization will find such portfolio weights that minimize 

portfolio risk for a given expected return or vice versa. In order to deliver the result, 

it should be noted that behind this framework lies a number of important 

assumptions. One stark example is that the investors’ utility function is concave and 

increasing or in other words investors are supposed to be risk averse and prefer to 

increase consumption.  

Despite the appealing theoretical aspect of mean-variance optimization, it has been 

shown that this method suffers a number of critical drawbacks in implementation. 

(Michaud 1989) pointed out that this optimization method somehow operates in the 

way that it magnifies the estimation errors related to returns and risk input values. 

The ultimate result is too sensitive to the input values so that even a small change in 

the input values can lead to a totally different conclusion.  
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Another well-known disadvantage coming along with Markowitz optimization is the 

non-invertible characteristic of a given covariance matrix. This issue actually can be 

solved using proposing techniques such as portfolio resampling (Michaud 1989), 

shrinkage (Chaves et al. 2011) or robust asset allocations (Tütüncü &Koenig 2004). 

However, (Scherer 2007) has pointed out that the out-of-sample portfolio 

performance actually does not outperform that of classical solutions. Not to mention 

the additional mathematical burden it brings into the calculation process. 

Facing the increasing demand from investors for a solution which needs to be simple 

enough to implement in practice yet should not rely on the estimated expected 

returns, couple of solutions were suggested. Among those, minimum variance and 

equal weighted portfolio have gained attraction due to its own interesting 

characteristics. It is worth to note that those portfolios do not belong to mean-

variance optimization approach but they could be mean-variance optimization 

portfolio if some special conditions are satisfied.  

The minimum variance portfolio as per its name offers the lowest possible portfolio 

variance. The focus of this portfolio is to get the lowest possible volatility regardless 

of expected return. It is the unique portfolio on the efficient frontier whose weights 

are calculated without expected return as an input. Therefore, this portfolio by nature 

possesses an advantage in reducing the level of estimation errors. Empirically 

speaking, (Clarke et al. 2006) confirmed the competent of minimum variance 

portfolio by testing this idea using U.S equity data from 1968 to 2005. The result 

suggested that minimum-variance portfolio contained only three-fourths the realized 

risk of the general market without sacrificing any expected returns. However, the 

truth that minimum portfolio concentrates on getting the lowest volatility and 

neglects expected return explains why this portfolio tends to put more weights on 

low volatility securities. It is shown in (Clarke et al. 2011) that due to this 

characteristic, minimum portfolio appears to be rather poorly diversified in practice. 

Moreover, investors who wish to apply this method still need to cope with a 

sophisticated computation process in order to get the right portfolio weights.  
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On the other hand, equal weighted portfolio has gained its popularity thanks to its 

irrefutable simplicity and adequate efficiency. To be specific, (Demiguel et al. 2009) 

incorporated equal weighted portfolio as a benchmark portfolio in order to find out 

under which conditions we could expect mean-variance optimal portfolio to 

outperform even when estimation errors are taken into account. As the matter of fact, 

it turned out that across different empirical datasets, the out-of-sample naïve 

diversification actually delivered consistently better performance regarding Sharpe 

ratio, certainty-equivalent return or turnover. The authors suggested that the benefit 

from obtaining optimal diversified portfolio seems to be offset by estimation errors. 

In comparison, (Kritzman et al. 2010) defensed optimization approach by pointing 

out the fallacy of 1/N method which was implemented in previous researches. The 

authors suggested the superior performance of equal weighted portfolio in preceding 

studies arises due to relying on small historical samples for estimating expected 

returns. Taking (Demiguel et al. 2009) study as a stark example, this paper has 

provided the comparison between different portfolio construction methods but only 

used 60-months returns for 1000 stocks in US market. This is what (Mark et al. 

2010) spotted as too short a realized return sample to be extrapolated into future. To 

make it clearer, when incorporating daily data for 500 stocks to accommodate the 

shorter period and arrived at larger covariance matrix, using the same portfolio 

allocation methods, the paper indicated opposite results with what have been found 

in (Demiguel et al. 2009). Even when the author employed naïve yet intuitive and 

plausible assumptions regarding expected returns, but does not rely on short samples 

of realized returns, naïve diversification portfolio has constantly underperformed 

optimization portfolio in variety of applications.  

Additionally, by paying attention to equal capital distribution only, this naïve 

diversification obviously ignores the volatilities and cross correlations between 

assets. This in turn results in under diversified portfolio if asset risks are significant 

different from each other. Furthermore, this method requires constant rebalancing 

which can cost significant amount of transaction fees. From a practical point of view, 

investors should definitely take this matter into consideration. Interestingly, equal 
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weighted portfolio is equal to mean-variance optimization portfolio when all assets 

have the same correlations with each other, equal expected returns and identical 

volatilities.  

In a nut shell, the mean-variance optimization has a sound theoretical background but 

exposes to a number of shortcomings in practice. Both minimum variance and equal 

weighted portfolio have its own pros and cons as mentioned above. Those facts 

together with the collapse of several enormous portfolios which were believed to be 

diversified under traditional concept during financial crisis led to the development of 

a new approach in asset allocation labeled as Risk parity approach. 

2.2 Risk parity approach  

The term risk parity was officially brought into practice by Qian with his paper for 

PanAgora Asset Management in 2005. (Qian 2005) defined risk parity and pointed 

out the financial interpretation aspect of this new approach. According to (Qian 

2005), risk parity portfolios are portfolios that allocate risk equally across assets 

classes, including stocks, bonds, and commodities. Unlike traditional approaches 

which typically are applications of mean-variance principal and return focused, risk 

parity portfolios are purely based on risk diversification concept. But in that case, 

how do we know that this new method will lead to efficient portfolio? Answering 

this question requires investor to understand that risk parity portfolios actually will 

be mean-variance optimal under assumptions that all of its components have 

identical Sharpe ratio and their returns are uncorrelated. Using historical data to 

demonstrate that those hypotheses are achievable, (Qian 2005) was able to confirm 

the efficiency of risk parity portfolios not only in term of risk allocation but also in 

the context of mean-variance framework. 

Risk parity appears to be a relatively simple idea yet carries several advantages. First 

of all, portfolios following risk parity strategy are believed to offer true portfolio 

diversification. In other words, the effect of large loss from a single component to the 

entire portfolio is limited. To demonstrate this benefit, (Qian 2005) compared a 
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typical 60/40 portfolio and a risk parity portfolio formed with Russell 1000 and 

Lehman Aggregate Bond Index. Due to the fact that stock volatility was around three 

to five times higher than bond in the past, it is easy to understand how a small 

allocation to equity can lead to equity risk domination in traditional 60/40 portfolio. 

Also, if 60/40 portfolio delivered true diversification how comes its Sharpe ratio was 

even lower than that of its components? Therefore, traditional 60/40 portfolio which 

sounds balance in term of capital allocation is actually under diversified in term of 

risk.  

In comparison, implementing risk parity method using the same indexes resulted in 

equally risk and loss contribution from both stocks and bonds. The critical point 

behind risk parity approach lies in the link it is able to build between risk 

contribution and loss contribution. Previously, with little understanding about 

financial interpretation of risk contribution beyond the mathematical definition, it 

came with no surprise why investors as well as some famous academic researchers 

suspects its validity and even rejected the use of risk contribution (Sharpe 2002).  

Nonetheless, Qian (2006, Journal of Investment Management) showed that risk 

contribution does possess a sound economic interpretation in both theoretical aspect 

and empirical evidence. Mathematically speaking, given normal distribution 

assumptions for all security returns, the author derived a specific equation showing a 

close relationship between percentage contributions to risk and percentage 

contributions to a portfolio loss. Particularly, in cases where expected returns are 

zero or the portfolio is mean-variance optimal, those two are identical. Additionally, 

testing the theory results with historic securities returns of S&P 500 and Ibbotson’s 

Long-term Government Bond Index indicated the possibility to replace risk 

contribution for loss contribution with little estimation errors. In cases where security 

returns are not normally distributed, percentage contribution to risk in term of Value 

at Risk (VaR) can provide a precise loss contribution analysis conditioning that the 

portfolio loss is large enough. Hence, whether being measured with standard 

deviation or VaR, risk contribution is closely linked the expected contribution to 

potential losses of a portfolio.  
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Another advantage of risk parity approach is that the weight of each asset is 

guaranteed to be non-zero and accounted for return correlations in a desirable way 

(Qian 2005). Specifically speaking, assets which are highly correlated with others 

will be assigned lower weights and those are believed to have lower correlations will 

receive higher shares.  

However, the drawback of risk parity approach is that the diversification effect 

appears to come with the price of the decrease in realized returns. Even though the 

unleveraged risk parity portfolio exhibited lower volatility, it was not able to achieve 

the same level of return as in 60/40 portfolio (Qian 2005). (Ruban & Melas 2011) 

acknowledged the same issue while conducting their research on the topic of risk 

parity portfolio construction. Considering a typical 60/40 portfolio, implementing 

risk parity by rebalancing portfolio implies higher allocation to bonds and that 

usually leads to the consequence of returns reduction.  

In other research paper of Ruban and Melas published in MSCI Barra Research 2010 

namely “The perils of parity”, the author examined the trend among investor to use 

leverage along with higher capital allocation to fixed income assets under 

management in order to maintain low portfolio volatility and at the same time 

achieve a given level of expected return. For two-asset equity-bond portfolio, adding 

the leverage to the fixed income part reduces portfolio volatility only if assets 

correlations satisfy a certain mathematical condition involving the amount of 

leverage, the weight of fixed income asset, and the ratio of volatility between assets. 

For example, taking on leverage could decrease portfolio volatility when the 

correlations between bonds and equities are negative and especially when the fixed 

income assets weight is low, leverage is moderate, and bonds have a low risk relative 

to equities (Ruban and Melas). On the other hand, if improving portfolio risk 

adjusted return is the reason behind the use of leverage, investor should take into 

account the relative ratio between the volatility, the Sharpe ratio and the correlation 

coefficient between levered and unlevered portfolio.  
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In term of the relationship between equities and bonds, Ruban and Melas 2010 

provided historical data for the last 40 years and summarized the number of main 

influencers to equity-bond correlations related to long run economic prospect as real 

interest rates, expected inflation, expected returns or non-economic effects such as 

stock market uncertainties and market liquidity.  

The underlying message in this research is that the benefit of leveraged fixed income 

assets depends on other factors in which the correlation of bonds and equities play an 

important role. And investors should take a close look at those mentioned influencers 

to decide whether the negative relationship or low ratio of bonds to equities volatility 

which contributed to the success of levered risk parity portfolio in the past might 

persist into future. 

Empirically speaking, risk parity portfolios were noticed to deliver greater return-to 

risk-ratio or Sharpe ratio. Intuitively, by levering up the fixed-income allocation, 

investors can take advantage of better risk-adjusted performance of the risk parity 

idea while achieving the same level of return as in traditional portfolios. (Ruban & 

Melas 2011) confirmed this hypothesis but also found out that without portfolio 

rebalancing, the implementation of risk parity together with leverage can lead to 

increase in level of portfolio risk measured by volatility. Based on the formulas of 

risk parity portfolio weight provided in (Maillard et al. 2010), the author derived the 

equation to calculate the amount of leverage and rebalance needed for a levered risk 

parity portfolio with a view to achieving the same level of expected return or 

volatility as in traditional 60/40 portfolio. Apparently, one should take into 

consideration the assets correlations, volatilities and weights before deciding to add 

leverage to risk parity portfolios. 

Meanwhile, (Maillard et al. 2010) shed light on the properties of equal risk 

distribution (ERC) portfolio. This paper contributed to the existing literature about 

risk parity by deriving a closed-form for ERC portfolio in general and special cases. 

By comparing ERC portfolio with minimum variance and naïve diversification 

portfolio, the author suggested that ERC portfolio forms the middle ground between 
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those two. ERC portfolio mimics the diversification effect of equal weighted 

portfolio while at the same time equalizing the risk contribution of each asset to the 

entire portfolio. The later point is advanced in comparison with minimum variance 

portfolio whose risk contribution is equalized only on a marginal basis. Not only a 

stark example of risk parity application, ERC portfolio also take into account the 

single and jointly risk contribution of assets, achieving balance in context of both 

portfolio weight and risk. Furthermore, empirical evidences showed that the 

performance of naïve diversification is inferior related to the others whereas ERC 

portfolio is the best performer regarding Sharpe ratio and portfolio drawdown. 

Unsurprisingly, the volatility of minimum variance portfolio is the lowest, following 

by ERC portfolio and the last one is equal weighted portfolio. It is also suggested 

that better understanding about ERC portfolio can be obtained by comparing its 

behavior with other weighting methods such as capitalization-weighted, 

fundamentally weighted… Nonetheless, the (Maillard et al. 2010) warned proponent 

of risk parity strategy about the computational burden when putting ERC portfolio in 

practice.  

Following (Maillard et al. 2010) study, (Chaves et al. 2011) conducted a similar 

research by comparing risk parity with other heuristic asset allocation methods. The 

improvement in this later study is the incorporation of different kind of assets and 

longer time periods. Nevertheless, the very same conclusion about risk parity 

portfolio’s volatility being one of the lowest was given. Additionally, this study 

confirmed the result of (Demiguel et al. 2009) and (Michaud 1989) that given the 

inaccurate estimate of expected returns and risks, mean-variance portfolio is 

obviously not the optimal portfolio. Nonetheless, unlike previous studies, this paper 

pointed out that risk parity portfolio’s Sharpe ratio is not necessary always higher 

than the others in every cases but it seems to exhibit more stable trend. The given 

explanation is that risk parity portfolio performance appears to depend heavily on the 

asset class inclusion as well as the time period. This interesting point, in turn, opens 

the discussion about the validity of empirical outperformance of risk parity portfolio 

in the past. The author suggested that more researches should be conducted related to 

the evaluation process to include assets in risk parity portfolio. 
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Looking from the other side of the table, one cannot help but wondering about the 

efficiency of risk parity in the future. Such a relative simple idea with only a few 

assumptions about expected returns and risks is simply too good to be true. (Inker 

2011) was the one who pointed out the unrealistic characteristics of those 

assumptions behind risk parity approach. Basically, risk parity portfolio returns 

depend on the long term premium of asset classes such as stocks, commodities or 

fixed-income assests. Ben Inker (2011) attacked risk parity method by questioning 

the existence of risk premium in several asset classes in which commodities is the 

stark example. He also suspected the term premium of fixed income assets since it is 

unlikely to witness the high historical Sharpe ratio of bonds to persist into the future. 

Additionally, assuming that there are asset classes which can provide constant risk 

premiums all the time, the author argued that standard deviation provides a very 

limited measure of risk. (Ruban & Melas 2011) shared the same concern and 

suggested to use other risk measurement such as expected shortfall. Overall, Ben 

Inker (2011) believed that risk parity portfolios are likely to offer lower returns than 

expected along with significantly greater risks. 

Furthermore, Lee (2011) presented his comprehensive and distinctive view across a 

number of asset allocation approaches. Overall, the author agreed with Qian (2005) 

that the financial interpretation embedded in the construction of risk parity portfolios 

is interesting to examine since it enables portfolio manager to quantify the economic 

losses. However, Lee (2011) shared the similar thought with (Inker 2011) about the 

potential drawbacks of risk-based portfolios. One critical disadvantage is that risk-

based approach completely lacks of background theory that predicts the efficiency of 

those portfolios compared to others. Interestingly, the existence of such a theory 

would mean that investors who ignore returns are predicted to outperform investors 

who make an effort to predict returns (Lee 2011), leading to further questions about 

the state of market’s informational efficiency. Another noticeable shortcoming is that 

the investment objectives of those risk-based portfolios are unclear. If it is portfolio 

risk that was targeted initially, is that relevant to use return-adjusted measurement 

such as Sharpe ratio to compare portfolio performance from different approaches? 

Consequently, he emphasized that risk-based approach remained as a subset of the 
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modern portfolio theory paradigm rather than being a new solution for improving 

portfolio efficiency as long as its investment objectives are unclear. 

In another interesting article, (Bhansali 2011) emphasized the important of 

approaching asset allocation in context of risk rather than expected return. However, 

what he suggested in his paper was that the robust asset allocation method should 

base on risk factors embedded in assets rather than simply equalize risk across assets 

as risk parity is trying to do. Following previous researches, the author suspected the 

outperformance of risk parity in 2008 because of the unlikely to repeat outstanding 

performance of bonds over equities. Additionally, during illiquidity period, those 

levered risk parity portfolios are likely to suffer difficulties in obtaining leverage. 

Not to mention the cost of leveraging increases along with the demand. The author 

believed that each asset is a complex package of exposures to many different risk 

factors. Therefore, by acknowledging that assets are simply carriers of risk factor 

exposures, investors can detect the source of portfolio risks as well as prospective 

returns in much clearer way. Using principal component analysis and historical data, 

(Bhansali 2011) showed that the number of risk factors which accounted for the large 

portion of portfolio risks was only about four or five factors. Furthermore, the 

correlation of those key factors was low and stable in both normal and crisis 

economic conditions, indicating that diversification based on risk factors promises 

better results than other asset allocation methods. Nevertheless, the newly approach 

is not without shortcomings. Those drawbacks can be stated as the sophisticated level 

of factor modeling as well as its ignorance of security-specific risks which can 

seriously affect long-short or arbitrage portfolio.  

Last but not least, Thiagarajan, S. R. & Schachter, B. (2011) presented a collection of 

previous insightful studies and shared some thought on future research opportunities 

regarding risk parity. The paper describes the state of development which risk parity 

idea is currently in and the reasons why risk parity is so appealing to investors. It is 

certainly not because of its ability in providing outperforming results or simplifying 

the calculation process. But, risk parity attractiveness is due to its concept of 

diversifying risks among portfolio assets and its independence of predicting expected 
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returns. Thiagarajan, S. R. & Schachter, B. (2011) suggests future empirical works 

should be done to shed light on those remaining theory questions regarding risk 

parity idea and lead to additional fruitful innovations in portfolio management in 

general. 

2.3 Hedge funds 

Understanding the past does not grant you the ability to predict what will happen in 

the future. However, analyzing historical results and being aware of previous lessons 

can benefit you very much in grasping the overall present picture in any academic 

topics. In this way, hedge funds are not an exception. 

Even though hedge funds were widely known as the product of Alfred Winslow 

Jones, there have been evidences indicating older sources of hedge funds activity in 

the past. The very first hedge fund was constructed as an experiment-alike around 

1930s by Karl Karsten who was purely a statistical researcher with no interest in 

making profit. According to (Lhabitant 2006), Karl was only interested in testing his 

statistical theory but the fund constructed based on “hedge principles” and displayed 

hedge funds characteristics. 

Alfred Winslow Jones was the first person creating for-profit hedge funds around 

1949. Jones was confident about his ability in picking stocks which can either rise 

more or less than the market. Yet, he could not predict the market direction. So, his 

investment strategy included both long positions in undervalued stocks and short 

positions in overvalued ones. The beauty of Jones’s strategy lies in the fact that it 

effectively reduced overall risk through lesser net market exposure while still able to 

generate profit regardless of market conditions. In the bull market from 1955 to 

1965, Jones’s fund returned 670% beating a number of market indices and raised 

investor interests in hedge funds.  

Within two years after discovering Jones’ products, the number of hedge funds had 

grown from zero to 140 at the end of 1968.  Unfortunately, market underwent the 
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prolonged bear market the following year and the economic recession right after that 

made things worse for those fresh hedge funds. In the situation where both Dow 

Jones and S&P 500 were slashed in half, it was not a surprise that numerous hedge 

funds went out of business. After the recession, those survivals were relatively small, 

lean, run by the most experience managers and particularly focused on one special 

investment strategy.   

Nevertheless, just like the cycle of the economy, hedge funds population was revived 

once again at the end of 1980s together with the development of a handful of brand 

new investment strategies. As the stark example, Julian Robertson’s Tiger Fund with 

the global macro strategy should definitely be mentioned. Concentrated on 

macroeconomic analysis and made use of new financial derivatives such as futures, 

options, Robertson’s fund delivered a compounding annual return of 43% for several 

years which nearly double what index like S&P 500 could offer.  

Even when global macro strategy could not save hedge funds from devastated market 

crash on Black Monday 1987, it was still a very profitable strategy particularly 

during financial crises. By taking large and aggressive positions, some hedge funds 

gained big profit enough to emerge as major market players in financial market. 

Related to this point, perhaps the story of Soro’s Quantum Fund and the exit of 

British pound from European Monetary system is worth to mention as an example. 

However, this also raised concerns that hedge funds can contribute to financial 

instability and disrupt the efficient operation in the market.   

Hence, not all hedge funds were experienced and lucky enough to succeed with 

global macro strategy. Say, the Long Term Capital Management (LTCM) and its 

striking near collapse if not because of the intervention of New York Fed in 1998. 

LTCM betted against the spread between the low-quality and high-quality bond yield 

and expected it to shrink. Overconfidence on their model led them to use a huge 

amount of leverage in order to gain big once the spread disappears. However, as we 

both know, leverage is a coin with two sides and it can amplify returns in good years 

but also can cause enormous damages during bad times. Under the effect of both 



24 

 

 

 

Russia and Asian currency crises plus the highly leverage portion, LTCM which was 

believed to be too big to fall found itself insufficient in capital to support the betting 

position. Meanwhile, under the above macroeconomic conditions, a number of big 

funds had to cease their operations and the majority reported disappointing results. 

Nevertheless, the event of LTCM marked the turning point in hedge funds industry 

where needless to say should have better transparency and regulations.  

Still, the interest in hedge funds has been growing due to the align-interest 

compensation structure, the promise of high returns and the fact that equity/bond 

return was forecasted to be as only single digit. The graph below illustrates the 

industry development in a nice and visible way.      

 

Figure 1. Global Hedge Fund industry growth from 2000 - 2014 

The industry was growing fast before 2008 in both the number of funds as well as 

value of assets under management. Starting from under 2000 funds and under $500 

billion in 2000, the industry hit almost 10,000 and $ 2,000 billion respectively by 

2008. However, 2008 witnessed a drop in the size of the industry to just about $1,500 

billion and struggled in keeping number of funds stable. Despite the worldwide 

financial crisis which closed down numerous funds and forced the rest to put tight 

restrictions on investor withdrawals, according to Eureka Hedge funds database, the 
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global hedge funds industry touched $2.13 trillion in 10,989 funds as of November 

2014. 

So what exactly is hedge fund? And what are their characteristics? Surprisingly, even 

though hedge funds account for a huge trading volume and financial assets, its 

activities are considered as important market indicators, so far there has been no 

concrete definition about what exactly is hedge fund. Below states one of the rare 

definitions taken from (Anson 2006):  

Hedge Fund is a privately organized investment vehicle that manages a 

concentrated portfolio of public and private securities and derivative 

instruments on those securities that can invest both long and short, and can 

apply leverage.  

Anson (2006) mentioned in total six key elements of hedge funds that distinguishes 

themselves from other traditional investment vehicles. First of all, aiming to avoid 

the regulatory scrutiny of the SEC, they are private investment funds which targets 

only sophisticated and high-net-worth investors. Secondly, by emphasizing “skill-

based” investment style, hedge funds manager gains themselves freedom to tailor 

their portfolio to be concentrated on particular industry sector without depending on 

any market benchmark. Being large and sophisticated investors, hedge funds are 

allowed by SEC to invest in non-public securities. Additionally, the ability to go long 

and short securities separate hedge funds from other traditional money management 

institutions. Not to mention their intensive activities with derivative strategies and 

the ability to use large amount of leverage. Hence, given historical lessons this might 

easily bring down the funds but on the other hand have a chance to win big money.  

Since the start of Jones fund several decades ago, hedge funds strategy has been 

developed tremendously. From specialized in a single long/short equity model to 

more advanced strategies like global macro, directional, event-driven and relative 

value (arbitrage). Such an evolution is attributed to the invention of derivative 

instruments together with the development of global financial market in general. 
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Needless to say, hedge funds have possessed more and more an important role in 

modern financial market. Not only due to its rapid growing rate but also because of 

the effects hedge funds can bring to many financial institutions when investing with 

its specialized strategies.   

Hedge funds were chose to be the objective to study in this research due to a number 

of reasons. The first reason might simply be that the hedge funds research area is 

currently considered as an active and exciting playground for many researchers. The 

industry has been growing fast in the last decade and is predicted to expand much 

more in the future with strong capital inflow. Secondly, the peculiar feature of this 

study is that it deals with portfolio holding of specific fund at specific point of time. 

Normally, this type of data of hedge funds or any other type of fund is not available 

in public and I am thankful to get the access to such enormous and insightful hedge 

funds holdings information with the support of Professor Juha Joenväärä and 

Professor Jukka Perttunen.  

Nevertheless, the crucial point which made me decide to use hedge funds as a 

research objective is because of its traditional stereotypical acknowledgement. As the 

name implies, hedge funds has primitive objective to deliver hedged returns which 

are uncorrelated with market conditions. That is, it is supposed to not do badly in 

bear market and still offer positive return in boom market. This is actually in line 

with risk parity strategy to some extent. And to the extent of my knowledge, there 

has not been any similar researches about simulating and implementing risk parity 

idea with hedge funds holding database. This study expects to contribute to the 

existing academic research in this point. 
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3. PORTFOLIO CONSTRUCTION METHODS 

In this study, portfolio performance was measured for four different asset allocation 

approaches including the well-known minimum variance, naïve equally weighted 

portfolio and two prominent risk parity portfolios. Specifically, they are inverse 

volatility and equal risk contribution portfolio. The methodologies for constructing 

those portfolios are illustrated in the following subchapters. The benchmark portfolio 

is formed based on historical asset weights during the observing period. 

3.1 Portfolio expected return and volatility 

3.3.1 Portfolio expected return 

Portfolio expected return is calculated by multiplying asset weight with its expected 

return during the calculated period. The formula for portfolio return is presented as 

below: 

𝜇𝑝 = ∑ 𝑥𝑖𝜇𝑖

𝑁

𝑖=1

  

Where:  xi = the weight of asset i in the portfolio 

   𝜇𝑖= the expected return of asset i  

3.3.2 Portfolio volatility 

Portfolio variance measures the variability from an average portfolio return. It is 

computed by considering asset variances, its weights and the correlation between 

assets in the same portfolio. Portfolio variance is measured with below equation.   

𝜎𝑝 =  √∑ ∑ 𝑥𝑖𝑥𝑗𝜎𝑖𝑗

𝑁

𝑗=1

𝑁

𝑖=1
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Where   𝜎𝑝= portfolio variance 

xi = the weight of asset i in portfolio
 

σij= The covariance between the returns of assets i and j
 

The portfolio return and variance will be calculated in the same way across portfolio 

construction methods to measure portfolio performances. 

3.2 Minimum Variance Portfolio 

The minimum-variance portfolio is the unique portfolio offering the lowest return 

variance for a given covariance matrix. It is widely used in practice owning to its 

unique position at the edge of the mean-variance efficient frontier. Also, the portfolio 

weight calculation process is straight forward since there is only one portfolio in the 

efficient frontier can be considered as minimum-variance.  

Mathematically speaking, to find the weight of such a portfolio, we need to minimize 

portfolio variance by finding the solution of the following problem: 

𝑀𝑖𝑛                                                         ∑ ∑ 𝑥𝑖𝑥𝑗𝜎𝑖𝑗

𝑁

𝑗=1

𝑁

𝑖=1

 

Under constraints                ∑ 𝑥𝑖
𝑁
𝑖=1 = 1 

0 ≤ 𝑥𝑖 ≤ 1 

Where    xi = The weight of asset i in the portfolio 

 𝜎𝑖𝑗= The covariance between the returns of assets i and j 

The constraint of none negative on portfolio weight is not obligated to use in practice 

when constructing minimum variance portfolio. However, there are two reasons why 

it is incorporates in this study. First of all, it is to make minimum variance portfolio 

to be comparable with portfolios following equal weighted construction method 
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whose weights are naturally always positive. The second reason derived from the 

original source of fund holding data incorporated in empirical part of this thesis. The 

portfolio holding data was originally collected from SEC_13F report where the 

availability of period report mainly depends on hedge funds willingness to do so. 

Furthermore, the 13F report does not require funds to expose their short-selling 

position which is believed to contain valuable information about fund investment 

strategy. Therefore, to give a fair view when comparing portfolio performance across 

several constructing methods, the non-negative constraint will be applied to portfolio 

weight in this research. 

Another issue with this allocation approach is that typically historical return 

observations are used to build portfolio covariance matrix. Therefore, in cases where 

the observation period is not long enough, the frequency of data is low together with 

a huge number of assets under management, portfolio covariance matrix will 

experience the problem of missing observation and non-invertible matrix. Those 

disadvantages of minimum variance portfolio have been acknowledged for long time 

and some solutions have been developed such as Shrinkage technique.  

Due to the scope of the study, while acknowledging the existence of Shrinkage 

technique, the author decided to not put this in use in order to simplify the portfolio 

construction process for minimum variance portfolio. Hence, this research suggests 

solutions to avoid the estimation errors by limiting the number of assets under each 

fund as well as choosing appropriate lengths for observation periods. In that respects, 

this study gives purely comparative picture of the efficiency of each portfolio 

optimization techniques. 

3.3 Equally Weighted Portfolio 

Equally weighted portfolio is a very basic and simple way to allocate fund between 

different kinds of assets in portfolio. The weight of each asset in portfolio is simply 

calculated by dividing initial capital by the number of included assets assuming that 

investor invests all their capital among N assets. 
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𝑥𝑖 =
1

𝑁
 

Where  xi = portfolio weight for asset i
 

N = number of assets under management 

3.4 Inverse Volatility Portfolio 

Inverse Volatility Portfolio is considered as the most common and simplest 

application of risk parity concept. The advantage of inverse volatility portfolio can be 

named as a way to spread the source of portfolio risk evenly across assets under 

management. Specifically, the source of portfolio risk refers to the possibility that the 

asset prices can vary in the future. In some positive scenarios, this possibility can be 

interpreted as a chance to win big for the portfolio but it also means that portfolio 

huge loss is possible during the holding period.  

The weight of each asset in inverse volatility portfolio is equal to the ratio of that 

asset inverse volatility to total portfolio inverse volatility. 

𝑥𝑖 =
1

𝜎𝑖
⁄

∑ 1
𝜎𝑖

⁄𝑁
𝑖=1

 

Where  xi = The weight of asset i in the portfolio
 

 σi = Asset i volatility 

Based on the formula, it is obvious that inverse volatility portfolio illustrates the 

inverse relationship between assets volatility and its allocated weight. To make it 

simple, the higher (lower) the volatility the component is, the smaller (larger) its 

weight in the inverse volatility portfolio.  
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In general, the capital allocation to each asset in inverse volatility portfolio depends 

on how volatile that asset is compared to others in the same portfolio and the number 

of assets under fund management. Imaging such a portfolio contains assets with 

approximately equal volatilities then applying inverse volatility portfolio 

construction method will likely result in equal weighted portfolio. 

On the other hand, in case there are huge differences in the level of volatilities 

among assets under management, inverse volatility portfolio will possibly be 

dominated by low volatility assets. And since the less volatile or safer assets usually 

are those providing lower expected returns, inverse volatility portfolio might lead to 

very conservative portfolios and low-yielding. Theoretically and historically 

speaking, such a portfolio can be boosted by incorporating an appropriate amount of 

leverage to achieve better portfolio return. However, in the scope of this study, such 

an issue will not be considered due to the limitation in hedge fund database. Perhaps, 

it could be interesting to take a closer look at the relationship between risk parity 

concept and portfolio leverage in future research.  

3.5 Equal Risk Contribution Portfolio 

The method to construct equal risk contribution portfolio in this research was taken 

from previous study of Maillard Sebastien, Thierry Roncalli and Jerome Teiletche  

(2010). Maillard et all (2010) stated that the close form solution for equal risk 

contribution can only be found under certain assumptions such as equal correlation 

for every couple of variables or identical asset return volatilities.  

In order to spread portfolio risk equally among portfolio components, the idea of 

Equal Risk Contribution (ERC) is to find a risk-balanced portfolio such that the risk 

contribution is the same for all assets in the portfolio. This means that for all i and j: 

𝑥𝑖 ∑ 𝑥𝑘𝜎𝑖𝑘

𝑁

𝑖=1

= 𝑥𝑗 ∑ 𝑥𝑘𝜎𝑗𝑘

𝑁

𝑗=1
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In general case, due to the endogeneity of the numerical problem, it is impossible to 

obtain any close form solution for equal risk contribution portfolio. To solve this 

numerically we minimize the sum of squared differences of all pairs of asset-specific 

risk contributions and include the two constrains concerning the non-negativity and 

the sum of weights: 

𝑀𝑖𝑛                             ∑ ∑ (𝑥𝑖 ∑ 𝑥𝑘𝜎𝑖𝑘

𝑁

𝑖=1

− 𝑥𝑗 ∑ 𝑥𝑘𝜎𝑗𝑘

𝑁

𝑗=1

)

2
𝑁

𝑗=1

𝑁

𝑖=1

 

Under constraints                ∑ 𝑥𝑖
𝑁
𝑖=1 = 1 

0 ≤ 𝑥𝑖,𝑗 ≤ 1 

The problem can be solved by a Sequential Quadratic Programming algorithm. 

The equal risk contribution portfolio is ensured when the condition 𝑓(𝑥) = 0 is 

satisfied. In other words, this is similar to a variance minimization problem subject to 

no short selling constraint. According to (Pfaff 2013), the solution for the above 

optimization algorithm can be found numerically by minimizing the standard 

deviation of the risk contributions. Pfaff (2013) also mention the only possibility to 

reach the closed-form solution is when we assume that all asset pairs share the same 

correlation coefficient. 

Intuitively, portfolio following equal weighted approach would never result in 

negative asset weights and it is noted that taking short positions are difficult for most 

of investors not to mention the number of liquidity risks come along. Therefore, in 

order to give the fair comparison between different portfolio construction methods, 

the non-negative constraint was applied when forming portfolio based on equal risk 

contribution method as well. 

The equally weighted risk contribution (ERC) portfolio uses total risk contribution of 

each asset as an indicator to decide the amount of capital that assets will be allocated. 
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Based on this diversification philosophy, portfolios which are formed following ERC 

method will have equal total risk contributions across its components and to be 

known as risk-balanced portfolios. The method tries to maximize the dispersion of 

risk among portfolio components and spreads the risk in an equal-weight manner 

(Maillard et al 2010) 

3.6 Benchmark Portfolio 

The aim of this study is to examine whether risk parity approach can actually save 

hedge fund from downside risk and to test the idea with observation period including 

some interesting events such as global financial crisis. Therefore, the benchmark 

portfolio is defined as the historical portfolio of the examined fund.  

The formula to calculate the weight of benchmark portfolio is presented as below. 

However, the details of how to construct this portfolio will be mentioned later in the 

subchapter 6.4.5 regarding to empirical results as benchmark portfolio does not 

possess a theoretical background in the same way as alternative portfolio 

construction methods like minimum variance, equally weighted or risk partiy 

portfolios do. 

𝑥𝑖 =
𝑞𝑖𝑝𝑖

∑ 𝑞𝑖𝑝𝑖
𝑁
𝑖=1

 

Where  xi = The weight of asset i in the portfolio
 

 pi = the price per share of asset i 

 qi = The number of shares of asset i 
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4. PORTFOLIO PERFORMANCE ANALYSIS 

4.1 Descriptive statistics 

First, for the starting point, the study will present the descriptive statistic for each 

fund in the sample in order to give an overall description of the returns data. The 

momentums presented include mean return, standard deviation, skewness and 

kurtosis of the time series returns.  

4.2 Cumulative return  

Each fund cumulative return will be calculated and presented by graphs in the 

empirical part in order to illustrate funds’ performance during the observation period. 

This contributes to highlight the differences between portfolio optimization methods. 

Cumulative return is a compounded return calculated from the beginning until the 

end of each period. Each period contains a time series of cumulative returns from the 

first observation to the last one in that period. 

4.3 Sharpe Ratio 

Sharpe Ratio is a typical measurement of portfolio performance and is widely used in 

practice when comparing the performance of different portfolios. Basically, Shape 

ratio tells us the additional return the analyzed portfolio generates per one unit of risk 

it endures measured by portfolio standard deviation.  

The formula for calculating Sharpe ratio illustrates vividly the trade-off relationship 

between excess returns and risks taken. The ratio was given by William Sharpe and 

revised in 1994 by the same author (Sharpe 1994). 

Sharpe Ratio: 
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𝑆𝑅 =
r̅𝑑 

𝜎𝑑
 

Where  SR = Portfolio Sharpe ratio 

r̅d = The mean of the return difference of the portfolio p and the   

benchmark portfolio b 

σd = The volatility of the return difference the portfolio p and the 

benchmark portfolio b 

As we can see from the equation, the process of calculating Sharpe ratio for portfolio 

is simple and straight forward. The input requirements only contains three elements: 

asset/portfolio return, benchmark portfolio return/ risk-free asset return and 

asset/portfolio standard deviation which can be easily derived from the pool of 

appropriate asset returns.  

Nevertheless, it should be noted that there is no correlation that appears in Sharpe 

ratio formula. In other words, Sharpe ratio simply does not account for correlation 

between assets when measuring the risk-return trade-off relationship.   

In this study, the benchmark asset is the risk-free rate taken from Fama and French 

data library
1
 for the full observation period from 1993 to 2013. The risk-free rate is 

subtracted from monthly asset returns to generate asset excess return to be used as 

input for estimating portfolio weight as well as portfolio Sharpe Ratio thereafter. 

4.4 Value at Risk 

Value at Risk (VaR) has been used as one of the main risk measures in financial risk 

management since the first stock market crash – Black Monday 1987 to estimate the 

potential for significant loss in a portfolio of financial assets. VaR was developed as 

                                                 
1
 http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html 
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a systematic way to segregate extreme events and is described as the possible 

maximum loss of a portfolio over a given risk horizon within a fixed confidence 

level. The formal definition of VaR is presented below and taken from Acerbi, C., 

and Tasche, D. (2002: 855). 

For each α, 0 <α < 1, the α-quantile of FA(a) is given by: 

𝐹𝐴
−1(∝) = 𝑖𝑛𝑓{𝑎|𝐹𝐴(𝑎) ≥∝} 

VaR with 100(1-α)% confidence level is defined by  

𝑉𝑎𝑅(1−∝) =  −𝐹𝐴
−1(𝑎) = −𝑖𝑛𝑓{𝑎|𝐹𝐴(𝑎) ≥∝} 

VaR is usually calculated with 95% or 99% confident level. For example, if the 

portfolio has 95% VaR value of 1$ million then there is a 0.05 probability that the 

portfolio will fall in value by more than 1$ million.  

Regardless of its huge contribution in financial risk management, VaR has been 

discovered to possess certain shortcomings. According to McNeil, Rudiger and 

Embrechts (2005: 238 - 248), Pfaff (2013) and Acerbi, C., and Tasche, D. (2002), 

VaR is not a coherent risk measure because it does not general satisfy the 

subadditivity condition. In other words, this implies that the VaR of a portfolio can 

be higher than the sum of individual portfolio components’ VaR. Nevertheless, given 

the practical usage of VaR, this measure will be included in order to give a broad 

perspective of portfolio risk management.  
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5. DATA AND METHODOLOGY 

This section is dedicated to data description and the methodology which the author 

used in analyzing and choosing suitable input datasets for later portfolio construction 

steps and performance analysis section. The data description presents the information 

about whole datasets at the starting point of the study. Moving forward to the next 

subchapters, the methodology illustrates the process of analyzing and cleaning data 

to find the appropriate samples. The chosen sample will also be described in details 

at the end of this section.  

5.1 Data Description 

It is very clear that the focus of this research is the risk parity portfolio optimization 

approach. Nonetheless, in order to simulate portfolio based on risk parity concept or 

any other asset allocation methods, it is essential that we have the information about 

the fund holdings or in other words what kind of assets did fund actually hold in the 

past and what was the historical returns of each asset.  

Following Cao et al (2014), the given data for this study contains two crucial pieces 

of information. The first one is the aggregate hedge funds holdings from quarterly 

SEC_13F filling report starting from March 1999 to June 2013. This report included 

quarterly information about assets under management and the exact holding amount. 

The assets named on 13F can be US equities both put and call options as well as 

convertible notes. Needless to say, SEC_13F report brings huge benefit for investors 

by letting them for the first time have an insight look to hedge funds secret vault. 

However, many studies have warned users of 13F report about its potential 

drawbacks. Noticeably, hedge funds are not obligated to report their short positions 

in 13F report which is where many investors believe to contain critical information 

about hedge funds trading strategy. Looking into details, 13_F might mislead 

investors also because of its large number of small long positions as well as the 45 

reporting days delayed effect. Not to mention the fact that 13F applies for US 

equities only meaning that the larger the size of the fund, the less informative 
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SEC_13F can be. Since in that case, 13F holding report can reflect only small part of 

such an international hedge funds global portfolio. In total, the original dataset 

consists of 2,537 funds (both hedge funds and investment advisors) with 11,481,356 

observations where each observation is the combination of one specific fund with 

one specific asset at one specific time.  

The second part of the data is attributed by the snapshot of the whole universe of 

equities on December 2013 taken directly from CRSP (Center for Research in 

Security Prices). Each stock price and its return already accounted for dividends can 

be found in this dataset with monthly frequency since January 1994 to June 2013. 

The return used in this study to construct portfolio is return with dividends since that 

is the true returns received by hedge funds. The whole universe of stocks contains of 

1,415,014 observations. Each observation stands for a combo of one specific stock at 

a specific point of time. 

5.2 Methodology 

The data filtering process starts with choosing funds based on how many times it 

reported SEC_13F filling from March 1999 to June 2013. The initial database 

includes 2,537 funds whereas modified dataset contains only 118 funds regardless of 

its owner type. Those are funds which filled out the 13F report for the whole period 

of 14.5 years precisely. Next, as hedge funds are chosen to be the research objective 

for certain reasons stated in section 2.2.3, we will examine only funds resulted in the 

previous steps with owner type as of “hedge fund”. Hence, this made the study to be 

more concentrated by reducing the sample size to 21 sophisticated hedge funds in 

total.  

The holding amount of stocks reported at a specific point of time contains a large 

number of outliers which might scale hedge funds returns in an unrealistic way. 

Therefore, the author decided to apply two well-known statistical methods to remove 

these abnormal observations. The first approach made use of the technique named 
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dataset interquartile whereas in the latter, the original dataset went through 

Winsorization process.  

Getting into details for the first method, over the observation period, the study 

calculated the interquartile range (IQR) of holding amount across stocks for each 

fund. Next, the outliers which are observations that fall below (the upper value - 

1.5(IQR)) or above (the lower value + 1.5(IQR)) were spotted and removed. The 

interquartile range is acknowledged as a standard method in financial area to identify 

and clean up possible outliers in dataset.  

Consequently, due to the distribution of stock holding amount was still heavily 

influenced by outlier, the Winsorization is applied. The 15% trimmed mean and its 

standard deviation of holding amount were calculated for each fund in the sample. 

Subsequently, these values were used to define outliers which are any observation 

falling out of the range of (Mean +/- 2*Standard deviation). The final sample 

contains of 21 hedge funds and 210,912 observations. Each observation represents 

one specific fund at one specific time with one specific stock and its holding amount. 

To help reader to get better idea of each fund size regarding their holding amounts, 

the box plot of fund holding amounts can be seen as in Figure 2.  

Furthermore, the information about the number of assets under management of each 

fund during the observation period from March 1999 to June 2013 can be seen in 

Figure 3 below.  

As we can see clearly from the graph, some international funds have a huge number 

of assets under management, take Fund 19 as a stark example, its portfolio on 

average contains at least over 1,000 assets with holding amounts ranging from almost 

zero to over 20,000,000 shares.  
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Figure 2. Box plot of 21 hedge funds holding amount from March 1999 to June 2013 

 

Figure 3. Box plot of number of assets under management for each fund from March 1999 to 

June 2013 
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According to previous researches which made use of 13F report, it is warned that for 

those large international funds, 13F might only reflect small part in the US market of 

the master portfolio holding. Not to mention that only the long side of the portfolio 

can we possibly observe. Moreover, (Kritzman et al 2010) suggested the reason 

behind the outperformance of equal weighted portfolio was due to relying on small 

observation samples to measure covariance matrix for a large number of equities.  

Taking into consideration the pros and cons of applying shrinkage technique in 

portfolio construction as well as the length of observation period of given hedge 

funds dataset, in order to minimize the probability of the final sample being exposed 

to fund size risk and estimation errors, the author decided to conduct the research on 

hedge funds with average number of assets under management no more than 500 

assets. Hence, the quality of the dataset is guaranteed in a sense that the final sample 

contains funds with different sizes ranging from small to large hedge funds in term of 

both numbers of assets under management and fund holding value. The final data 

includes in total 18 hedge funds with number of holdings ranging from as small as 5 

up to 256 assets.  

The excess returns were obtained by subtracting risk free rate directly from asset 

returns by monthly. The risk free rate used in this study was taken from Fama-French 

data library
2
 whereas asset returns was collected from CRSP database. If the stock 

has missing values in its monthly returns, it will be removed before subtracting risk 

free rate to avoid misleading results. 

For the given dataset, in total we have 19.5 years of monthly asset returns and 14.5 

years of quarterly portfolio holdings observations. The author divided return dataset 

into four separate terms in order to calculate the return covariance matrix. The first 

term starts from Jan – 1994 to Mar – 1999 containing 63 month of return 

observations. The second term includes asset returns for 60 months from April – 

                                                 
2
 http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html 
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1999 to March 2004. The third term includes assets returns for 60 months from April 

– 2004 to March – 2009 and the last term consists of returns for 62 months from 

April – 2009 to June - 2013. 

The lists of holding for each fund were decided based on its own historical holding at 

three point of time: March 1999, March 2004 and March 2009. These timeline were 

also the point where portfolio weights were rebalanced. This research used five years 

rolling window meaning that portfolio weights were estimated based on five years 

data of equity historical prices and tested in the next five years afterwards. For the 

sake of comparing portfolio performance under different portfolio optimization 

methods, the list of assets in each fund holding was kept the same when applied 

different constructed portfolios (minimum variance, equally weighted, risk parity, 

benchmark portfolio) in the same period. The return covariance matrix was obtained 

simply by transposing monthly returns. 

In a nut shell, portfolio holdings at March 1999 were defined based on fund’s 

historical holding at March 1999 and portfolio weights at March 1999 were 

calculated using covariance matrix of assets returns from Jan – 1994 to Mar – 1999. 

Portfolio holdings at March 2004 were defined based on fund’s historical holding at 

March 2004 and portfolio weights at March 2004 were formed based on covariance 

matrix of assets returns from April – 1999 to March 2004. Portfolio holdings at 

March 2009 were defined based on fund’s historical holding at March 200 and 

portfolio weights at March 2009 were constructed with covariance matrix of return 

observations from March – 2004 to March – 2009. The steps to identify portfolio 

weight for each portfolio optimization approach followed the formula presented in 

section 3. The list of assets under management was kept unchanged in each period to 

calculate portfolio performances. 

As presented with the formula in section 3, the weights of benchmark portfolio were 

calculated based on the proportion of individual asset value to the sum of value of all 

assets under management. In turn, value of each asset was the result of holding 
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amount multiplied with respective historical prices at March 1999, March 2004 and 

March 2009. 

In the process of finding portfolio weights with several portfolio optimization 

approaches, it should be mentioned that all the weights were required to be non-

negative and the sum of all asset weights added up to 1.  

Additionally, in cases where the stocks in portfolio holdings turned out to have just a 

couple of past return observations in comparison with the standard of 60 months 

return observations, that stock was eliminated from the holdings in order to avoid 

errors in forming covariance matrixes as well as generating portfolio weights. 
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6. EMPIRICAL RESULTS 

The empirical part of this study starts with the section devoted for basic statistic 

description to provide general idea of hedge funds holdings in the sample. Moving to 

further sections, the reader will be presented with historical funds returns during the 

past 14.5 years along with simulated returns from a range of portfolio optimization 

methods. Sharpe Ratio as well as cumulative returns will be considered as 

measurements of portfolio performance. 

6.1 Descriptive statistics 

6.1.1 Number of assets under management 

Information about the hedge funds holdings could be found in the following table.   

Table 1. Statistic description of assets under management from March 1999 to June 2013  

Fund Average Minimum Maximum Standard Deviation 

Fund 01 31.086 12 56 11.370 

Fund 02 7.362 1 30 6.379 

Fund 03 47.259 14 107 21.451 

Fund 04 174.017 133 249 23.613 

Fund 05 86.086 4 159 52.219 

Fund 06 52.259 18 117 18.986 

Fund 07 32.810 2 69 18.819 

Fund 08 14.086 4 23 3.491 

Fund 09 77.293 28 190 39.521 

Fund 10 10.397 1 24 6.733 

Fund 11 123.431 64 185 25.692 

Fund 12 180.121 31 672 180.908 

Fund 13 46.138 4 278 61.290 

Fund 14 83.310 59 124 16.737 

Fund 15 61.707 20 124 27.234 

Fund 16 33.879 3 124 28.271 

Fund 17 23.552 9 52 8.629 

Fund 18 100.155 4 171 34.947 
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The above table listed the number of assets under management in each fund during 

the period from March 1993 to June 2013 with quarter frequency reports. As we can 

see, the number of holdings per period ranged from as low as 1 to maximum of over 

600 assets. As we normally expect, the bigger the size of the fund the higher its 

standard deviation..  

6.1.2 Portfolio realized mean returns and volatilities 

As explained in methodology section, this research used five years rolling window 

meaning that portfolio weights will be estimated based on five years data of equity 

historical prices and tested in the next five years afterwards. The first return 

observation period started from Jan-1994 to Mar-1999. Based on this period, 

portfolio weights were calculated and kept for the next five years from Mar-1999 to 

Mar-2004. Continuously, the historical return from Mar-1999 to Mar-2004 were used 

as the inputs to rebalance portfolios at the end of Mar-2004. Then, the historical 

return from Mar-2004 to Mar-2009 were used as the inputs to rebalance portfolios at 

the end of Mar-2009. Therefore, for 14.5 years of hedge funds holdings data and 19.5 

years of historical equity prices, there were in total three times when we chose the 

lists of portfolio holding and rebalanced portfolio weights with five year rolling 

window technique. This section will report the portfolio realized mean returns, 

volatilities and Sharpe ratios for each fund for the whole 14.5 years observation 

period and financial crisis time in details. The detailed results for other periods can 

be found in the Appendix 2 and 3. 

a. Annual portfolio realized means and volatilities from Mar 1999 - Jun 2013 

It should be noted that the author is not going to go into detail about the return of 

each fund but trying to catch the general pattern appeared across fund performances 

during the observation period. Analyzing the below graphs of funds’ mean, volatility 

as well as standard deviation allows this study to acknowledge some interesting facts.  
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First of all, during the whole time, minimum variance (MV) and benchmark portfolio 

(BM) in any fund are those whose volatilities were the highest. Annual portfolio 

standard deviation varied from 10.74% up to almost 60%. Meanwhile, inverse 

volatility as well as equal risk contribution succeeded in keeping their risks at a very 

low level between 10% and 20% in most cases. This fact is consistent with what was 

suggested in (Maillard et al 2010) and (Chaves et al 2011). 

On the other hand, in term of return, risk parity idea seems to not be able to offer 

impressive results compared with alternative methods. This is actually what was 

expected and apparently confirmed previous researches of (Qian 2005) and (Ruban 

& Meles 2011) that risk parity diversification advantages do come with the price of 

return reductions. Nevertheless, it is worth noticing that risk parity portfolio returns 

overall were indeed better than historical benchmark portfolio. Plus, it cannot be 

denied that Sharpe ratio of inverse volatility or equal risk contribution portfolio were 

frequently being the best, agreeing with (Maillard et al 2010).  

Meanwhile, minimum variance portfolio can deliver extreme results in both positive 

and negative direction. Average annual portfolio returns ranged from as low as 

(10.74%) to 24.36%. Taking into the mentioned volatilities, it can easily wipe out 

entire fund returns in most cases.  

Additionally, the result of equally weighted portfolio seems to be in line with 

previous findings of (Demiguel et al 2009). It is not the case that this portfolio can 

always deliver the best results. However, equally weighted portfolio consistently 

found its position among top performers in term of returns and risks which is 

measured by portfolio standard deviation. Acknowledging how easy it is to form 

equally weighted portfolio compared with alternative methods, it came with no 

surprised that this approach is gaining more and more popularity in practice.   

b. Portfolio realized returns and volatilities for period II: Mar 2004 - Mar 2009 

This section devotes itself for analyzing in details portfolio performances during 

global financial crisis time from Mar 2004 – Mar 2009. 
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Unlike what risk parity stereotypes normally advertise about themselves, equal risk 

contribution or inverse volatility portfolio could not show persistent and significant 

proofs that it can generate better returns in comparison with other asset allocation 

methods. To be specific, minimum variance portfolio demonstrated even better 

results in some cases. However, putting only risk parity portfolio and benchmark 

portfolio side by side, there is likely that risk parity can deliver significant higher 

positive or less negative returns during bad times in many funds. Evidences could be 

seen in Fund 17, Fund 16, Fund 11 and many others. 

For this particular period, the outcome indicated affirmation of (Chaves et al 2011) 

recommendation that risk parity portfolio Sharpe ratio is not necessary always higher 

than others in every cases but it seems to demonstrate more stable trend. 

Nonetheless, concerning portfolio volatility, equal risk contribution and inverse 

volatility still proved its advantage in keeping portfolio risk at a very low level.   

Unsurprisingly, minimum variance portfolio displayed way too high volatilities in 

comparison with other portfolios. Minimum variance portfolio risk can be two times 

larger than that of the others. Also, the discrepancies between this portfolio and 

others in term of  return were significant but occasionally not in the positive way. 

Simulated equally weighted portfolio performance during crisis time was quite 

competitive. Most of the time, it delivered adequate returns compared to benchmark 

and risk parity portfolios but perhaps its standard deviations were rather high. 

On the other hand, with no information about hedge funds real trading strategy and 

especially during this global crisis, benchmark portfolio appears to be a pretty good 

performer regarding its return and volatility level since it tracked equally weighted, 

inverse volatility and equal risk contribution portfolio closely in many funds during 

the whole observation period. 
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6.2 Cumulative returns  

 

 

 
 

 
 

 
Figure 10.  Cumulative returns for each hedge fund from Mar-1999 to Jun-2013 
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Figure 10.  Cumulative returns for each hedge fund from Mar-1999 to Jun-2013 
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Figure 10.  Cumulative returns for each hedge fund from Mar-1999 to Jun-2013 
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Observing portfolio cumulative returns for the whole period from March-1993 to 

June-2013, regardless of the sample size, we can clearly pick up at least two common 

features among graphs.  

Firstly, it seems like minimum variance portfolio tends to offer not-that-low portfolio 

volatility compared to others. This point was well-proved with reported realized 

portfolio volatility for the entire period. Of course, with this high volatility, there is 

possibility that this strategy can result in either outstanding performance or 

underperformance. However, from what we can see in above graphs, minimum 

variance caused funds to be underperformed in most cases. Especially during 

financial crisis period from 2004 to 2009, the strategy delivered much worse results 

in comparison with other approaches. 

Secondly, there is a clear sign that the cumulative returns of portfolios following risk 

parity and equally weight idea tracked each other pretty close particularly during the 

global financial crisis period. Those portfolios might not deliver the best results but 

they rarely are the worst as well, which perhaps suits their investment objectives. 

Interestingly, even during the bad times these portfolio volatilities were small 

especially when compared to what we got with minimum variance or benchmark 

portfolio.  

Surprisingly, benchmark portfolio was doing quite well and apparently their 

cumulated returns had the same pattern as of risk parity portfolios if we take a closer 

look. Still, without considering minimum variance portfolio, benchmark portfolio 

tends to have biggest swing in portfolio returns if we have to compare it with the rest.   

Carefully observing financial crisis period, there were relatively small differences in 

the performance between portfolios except for minimum variance portfolio. 

However, in which cases where we can clearly see the discrepancies, risk parity and 

benchmark portfolio took turn to be the leader in the performance race. Additionally, 

the similar pattern in performances of those two portfolios can be seen even during 

this bad time.  
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On the other hand, it is easy to notice that in some graphs, there were sudden drops 

or spikes in the value of portfolio cumulative returns at the same time when the 

portfolios were rebalanced. In the scope of this study, this seems to be the case that 

the unusual spikes or drops in cumulative returns suggested higher frequency in 

portfolio rebalancing could increase the accuracy of the results in future researches. 

The next subchapters will go into details about the performances of each portfolio 

allocation methods during the entire observation period. 

6.3 Value at Risk (VaR) 

This subchapter reports the Value at Risk value for each fund during chosen periods 

includes total observation period and particular subprime crisis time. VaR was 

measured using monthly realized portfolio returns with the default confidence at a 

level of  95%. 

6.3.1 For the whole observation period from Mar 1999 to Jun 2013 

The Value at Risk values for each fund for the period from Mar 1999 to Jun 2013 are 

reported in the below table. 
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Table 2. Value at risk from Mar 1999 - Jun 2013 

Fund_Name MV EW IV ERC BM 

Fund 01 0.009218 0.004738 0.004755 0.004328 0.004364 

Fund 02 0.005023 0.005282 0.004921 0.004849 0.003357 

Fund 03 0.005197 0.003689 0.002938 0.003142 0.002954 

Fund 04 0.006049 0.003415 0.002408 0.002281 0.006687 

Fund 05 0.013305 0.002984 0.001963 0.002096 0.002531 

Fund 06 0.000614 0.001546 0.001209 0.001173 0.001323 

Fund 07 0.004875 0.001819 0.000946 0.001217 0.001073 

Fund 08 0.003155 0.002485 0.002327 0.002349 0.004302 

Fund 09 0.003244 0.003063 0.002938 0.003061 0.003268 

Fund 10 0.028757 0.013462 0.011322 0.011436 0.010234 

Fund 11 0.007126 0.002994 0.002389 0.001998 0.002403 

Fund 12 0.015305 0.005589 0.003858 0.003488 0.005363 

Fund 13 0.005053 0.003169 0.002782 0.002731 0.003001 

Fund 14 0.002141 0.001820 0.001452 0.001439 0.001699 

Fund 15 0.006900 0.003178 0.002909 0.002630 0.003341 

Fund 16 0.003522 0.002720 0.002462 0.001916 0.004237 

Fund 17 0.004019 0.004092 0.003221 0.003012 0.003434 

Fund 18 0.023019 0.005629 0.004796 0.004694 0.006119 

Each observation represents one hedge fund in the sample. BM stands for Benchmark portfolio, MV 

for Minimum Variance portfolio, EW for equally weighted portfolio, ERC for equal risk contribution 

method and IV is short version of inverse volatility portfolio.  

In general, for the entire time series returns, minimum variance portfolio displayed 

the highest VaR value among portfolios and across funds. The second place went to 

equally weighted portfolio with the discrepancies vary from time to time. The lowest 

VaR value portfolio was shared between inverse volatility and equal risk contribution 

portfolio which both represent risk parity approach. Benchmark portfolio performed 

pretty well and was even better than equal risk contribution portfolio in some 

extreme cases. Take Fund 5 as a stark example, minimum variance portfolio had 

VaR value standing at 1.33% whereas inverse volatility’s VaR was about 5 time 

lower - 0.19%. This means that there was probability of 5% that Fund 5 returns can 

fall more than 1.33% in one day if minimum variance technique were applied while 
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constructing portfolio with inverse volatility, we can say with 95% confidence that 

portfolio returns decrease if happens would be less than 0.19% in one day. 

6.3.2 For period II from Mar 2004 to Mar 2009 

The Value at Risk values for each fund for recession period from Mar 2004 to Mar 

2009 are reported in below table. 

Table 3. Value at risk from Mar 2004 - Mar 2009 

Fund_Name MV EW IV ERC BM 

Fund 01 0.015019 0.002332 0.003043 0.002645 0.002587 

Fund 02 0.010976 0.007405 0.008403 0.008403 0.004962 

Fund 03 0.006863 0.002518 0.002280 0.003720 0.002411 

Fund 04 0.001370 0.001934 0.001626 0.001830 0.001821 

Fund 05 0.003045 0.001978 0.001874 0.002061 0.001850 

Fund 06 0.000649 0.001163 0.000781 0.000906 0.001212 

Fund 07 0.002777 0.002032 0.001286 0.001630 0.000445 

Fund 08 0.000982 0.001066 0.000893 0.000859 0.002544 

Fund 09 0.002462 0.002205 0.002198 0.002897 0.002277 

Fund 10 0.001777 0.005710 0.003920 0.003904 0.010088 

Fund 11 0.010855 0.002252 0.002102 0.001721 0.002036 

Fund 12 0.002647 0.004201 0.003521 0.003124 0.004020 

Fund 13 0.009053 0.002456 0.002635 0.002642 0.002731 

Fund 14 0.001031 0.001642 0.001315 0.001331 0.001817 

Fund 15 0.001951 0.002068 0.001858 0.001727 0.001878 

Fund 16 0.001543 0.002328 0.003481 0.002112 0.004375 

Fund 17 0.005692 0.003552 0.003074 0.003200 0.002871 

Fund 18 0.005487 0.002760 0.002486 0.002343 0.002299 

Each observation represents one hedge fund in the sample. BM stands for Benchmark portfolio, MV 

for Minimum Variance portfolio, EW for equally weighted portfolio, ERC for equal risk contribution 

method and IV is short version of inverse volatility portfolio.  

Carefully observing financial crisis time, the table signals the same message as what 

cumulative return graphs imply. All hedge funds seem to be more careful in 

investing their capital during this period. The VaR value decreased by large amount 

across portfolios, especially for the case of minimum variance portfolio. 

Nevertheless, this did not change the order of portfolio ranking regarding VaR value 
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as in comparison with the analysis of previous subsection. The likelihood is that VaR 

measure agrees with the advantage risk parity portfolio can bring to funds in 

avoiding extreme losses during bad times. Take Fund 8 as an example, benchmark 

portfolio had VaR value standing at 0.25% whereas equally risk contribution 

portfolio’s VaR was about one third of that, at 0.08%. This means that during period 

II, there was probability of 5% that Fund 8 returns can decrease more than 0.25% in 

one day with hedge funds historical portfolio weights whereas for equal risk 

contribution portfolio, with 95% confidence, portfolio returns can decrease less than 

0.08% in one day. 

6.4 Portfolio Analysis 

6.4.1 Minimum Variance Portfolio 

Minimum variance portfolio was formed based on five years historical equities prices 

with the objective to minimize total portfolio volatility. This portfolio was formed in 

March 1999 and continuously rebalanced in March 2004 and March 2009. At this 

point of time, the list of assets under management of each hedge fund was extracted 

and used to form the artificial minimum variance portfolio. The weight of each asset 

was calculated according to formula presented in section 3.2. 

Using five years monthly return data together with putting constraint on the number 

of assets under management, the author did not have to incorporate advanced 

technique like shrinkage in forming covariance matrix for minimum variance 

portfolio. Hence, avoiding inaccuracy that the technique might bring into portfolio 

performance if any. Portfolio weight was constrained to be positive.  

Unlike what we expected to see, minimum variance portfolio was the most fluctuated 

portfolio in term of return regardless of the time period. During crisis and non-crisis 

period, this approach delivered returns with huge variation. Accounting for the size 

of funds in the sample, it seems that bigger hedge funds tend to experience larger 

return swings with this type of asset allocation method. Take Fund 18 or Fund 11 for 
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example, the average number of asset under management is over 100 assets and the 

cumulative return graphs clearly supported the hypothesis.  

Hence, the consequence confirmed previous research of (Clarke et al 2006) about the 

concentration disadvantage of minimum variance portfolio. In this study, even when 

the number of assets under management can be over 100 assets but forming portfolio 

with minimum variance idea generated positive portfolio weights for only a small 

number of assets (less than 10 in some cases). Because of the huge number of assets 

under portfolio, this study does not report in detail the weight of each method but it 

can be provided as per requested. Nevertheless, due to this concentration issue, 

minimum variance portfolio was poorly diversified and experienced large variations 

over observation times. In most cases, this strategy brought down the fund returns.  

6.4.2 Equally Weighted Portfolio 

Equally weighted portfolio was formed by dividing the total capital to the number of 

assets under management. This portfolio was formed and rebalanced based on the list 

of assets under management of each hedge fund extracted in March 1999, March 

2004 and March 2009. The weight of each asset was calculated according to formula 

presented in section 3.3. Needless to say, this method is literally very simple and 

easy to apply.  

Acknowledge (Krizman et al 2010) paper about the small historical samples for 

estimating expected returns leading to outstanding performance of equally weighted 

portfolio compared with minimum variance portfolio, this study chose the funds 

whose sizes are relatively moderate and used 5 years historical prices to form 

covariance matrix. By this way, equally weighted portfolio can be purely compared 

with minimum variance portfolio regardless of (Krizman et al 2010) arguments. 

Hence, the outcome still supports preceding findings in (Demiguel et al 2009). Naïve 

diversification has consistently delivered better performance in term of cumulative 

returns in both good and bad times. Even though equally weighted portfolio’s Sharpe 

ratio were not usually seen among top places, its absolute values were really 
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impressive and competitive with the result of risk parity or benchmark portfolio. 

Fund 11 or Fund 4 could be stark examples. 

Specifically, during bad times, equally weighted portfolio can reach quite close to 

returns which risk parity portfolios offered. Examples include Fund 13 or Fund 11. 

Particularly when comparing with benchmark portfolio, this naïve strategy seems to 

deliver better returns with lower portfolio risks. On the other hand, in normal or good 

times, equally weighted portfolio is among top performers. This is in line with 

(Demiguel et al 2009) finding. 

6.4.3 Inverse Volatility Portfolio 

Inverse volatility portfolio as per its name was formed by taking into consideration 

the volatility of each asset under portfolio holding and comparing it with total 

portfolio volatility. This portfolio was formed and rebalanced based on the list of 

assets under management of each hedge fund extracted in March 1999, March 2004 

and March 2009. The weight of each asset was calculated according to formula 

presented in section 3.4. 

Inverse volatility is one of the stark representatives for risk parity concept. The 

different between this portfolio and equal risk contribution lies in the correlation 

between assets used in determining portfolio weights. Inverse volatility portfolio 

assumes equal asset correlations in order to simplify calculation process. Hence, this 

study has shown that in general the performance of inverse volatility and equal risk 

contribution portfolio are quite similar to each other. Still, the performance of equal 

risk contribution portfolio during crisis or non-crisis period was better than that of 

inverse volatility. But taking into account the complexity of mathematical problem in 

forming equal risk contribution portfolio, perhaps, such simple but relatively 

competitive solution like inverse volatility would be better choice.  

It is noted that during bad time, for most of the funds, not a single portfolio 

optimization method could consistently generate better returns than benchmark. In 
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some cases where we can tell the discrepancies in performance between portfolios 

such as Fund 7, Fund 9 or Fund 17, the cumulative return graphs suggested risk 

parity approach could help funds to achieve higher returns than what happened with 

benchmark portfolio forming based on historical hedge funds holdings information.  

During the recovery period after the global financial crisis, inverse volatility together 

with equal risk contribution and equally weighted portfolio were top performers. In 

many cases, inverse volatility portfolio was able to achieve higher annual returns or 

Sharpe ratios in comparison with others or benchmark. To be specific, Fund 12, Fund 

13 or Fund 8 could all be evidences.  

6.4.4 Equal Risk Contribution Portfolio 

Equal risk contribution portfolio traces back to the idea of equalizing risk 

contribution from each asset under management. The general case takes into account 

both the asset volatilities as well as correlations making the minimization 

mathematical problem becomes extremely complicated.  

This portfolio was formed and rebalanced based on the list of assets under 

management of each hedge fund extracted in March 1999, March 2004 and March 

2009. The weight of each asset was calculated according to formula presented in 

section 3.5. This study acquires SAS language as professional tool to calculate equal 

risk contribution portfolio weight.  

For period before the global financial crisis, equal risk contribution portfolio was 

able to deliver an adequate performance which is expected by (Qian 2005) as well as 

(Ruban & Melas 2011) study. Basically, risk parity portfolio return forms the middle 

ground between benchmark and minimum variance portfolio return. Hence, agreeing 

with (Chaves et al 2011), equal risk contribution portfolio is the one with the lowest 

volatility overall. Equal risk contribution portfolio is also the one with the most 

impressive Sharpe ratio except for some extreme cases with minimum variance 
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approach. This seems to be in line with previous research findings such as (Ruban & 

Melas 2011).  

During financial crisis time, as mentioned before, the result is mixed and the 

differences are not really significant. Equally risk contribution portfolio could not 

guarantee to outperform all alternative approaches but its return in many cases beat 

what benchmark did offer. Specifically, for cases where we can clearly see the gaps 

between portfolio returns, equal risk contribution kept its leading position in lowest 

volatility ranking. Its Sharpe ratio also displays persistent trend and occasionally 

being the highest.  

For the recovery period after global financial crisis, across funds, we can see a 

cautious trend in managing investment portfolios. Regardless of portfolio 

optimization methods, portfolio volatility decreased dramatically. But, the portfolio 

with minimum risk was equal risk contribution portfolio. Persistently, its Sharpe ratio 

was regularly being the best as well. This, by no means, indicates the best absolute 

return generated but it might be the case where there is a potential to boost equal risk 

portfolio return with some degree of leverage as suggested in (Ruban & Melas 2011) 

or (Chaves et al 2010). The properties of equal risk contribution portfolio and the 

effects of leveraging in generating better portfolio performance are interesting topics 

for future researches. 

6.4.5 Benchmark Portfolio 

According to the formula in section 3.6, to calculate the weights of assets in 

benchmark portfolio, we need to know the value of each asset in portfolio. The value 

of each asset is calculated by multiplying the holding amount with respective asset 

historical price. Consequently, the weight of each asset is formed by dividing asset 

ith value to the total assets under management values. 

In this study, the list of assets under management of each hedge fund was obtained 

on March 1999, March 2004 and March 2009. At these point of time, the number of 



62 

 

 

 

shares of each asset was also taken directly from the SEC_13F report while historical 

asset prices were found from the CPRS snapshot data of the whole equity market in 

December 2013. Given each asset holding amount, price in the past, benchmark 

portfolio weight was then calculated. The list of assets under management and their 

weights were kept unchanged in the period between those three years. The 

cumulative returns were calculated in the same way as of alternative portfolios.  

Interestingly, looking across cumulative graphs as well as statistic tables in section 

6.1.2, the highlight trend is that benchmark portfolio demonstrated close relationship 

in term of portfolio returns with risk parity portfolios (both inverse volatility and 

equal risk contribution portfolio). In most of the graphs, we can see the same pattern 

appeared in cumulative returns across those portfolios. Perhaps, hedge funds have 

already applied risk parity idea during the global financial crisis period. Hence, in 

order to reach a firm conclusion, it would be better to test this hypothesis in 

upcoming researches where the information about hedge funds investment strategies 

is available to analyze.  
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7. CONCLUSIONS 

As mentioned throughout the whole thesis, the goal of this study is to test risk parity 

portfolio during bad times and to compare its performance with what happened 

during the global financial crisis period. The study made use of aggregated hedge 

funds stock holdings database from Charle Cao, Jeremiah Green and Jiahan Li 

(2014). It contains over fourteen years of hedge funds SEC 13_F section fillings and 

nineteen years of all US market stock return records. Hedge funds holdings 

information is available from March 1999 to June 2013 with quarterly frequency. 

Meanwhile, stock returns were observed on monthly basic from January 1994 to June 

2013.  

By constructing risk parity portfolios as well as minimum variance, equally weighted 

portfolio and comparing these artificial portfolios’ results to what benchmark 

portfolio offered, some basic conclusions can be withdrawn. First of all, it is 

definitely worth noting that there is no single portfolio construction method could 

persistently deliver the best returns over time. Secondly, specifically talking about 

financial crisis time, the likelihood is that risk parity portfolios can outperform 

benchmark portfolio, particularly in case of equal risk contribution portfolio. The 

supporting evidence for this conclusion is the value of VaR calculated across funds. 

Risk parity portfolios possessed smaller VaR value in comparison with equally 

weighted portfolio, minimum variance portfolio or benchmark portfolio in both 

normal and crisis period. This confirmed (Qian 2005) as well as (Ruban & Melas 

2011) findings. Concerning portfolio volatility, this study agreed with (Chaves et al. 

2011), equal risk contribution portfolio is the one with the lowest volatility overall. 

Additionally, risk parity portfolio’s Sharpe Ratio was also the one with the most 

impressive value except for some extreme cases with minimum variance approach. 

This seems to be in line with what (Ruban & Melas 2011) suggested. 

Besides answering the main questions related to risk parity strategy, this research 

supported the findings of several papers regarding equally weighted and minimum 

variance portfolio. To be specific, in line with (Demiguel et al 2009), the study 
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proposed equally weighted portfolio was indeed among top performers over the 

observed period. Or the concentration issue of minimum variance portfolio stated in 

(Clarke et al 2006) was also reported in this study as well. Minimum variance 

portfolio was poorly diversified and often experienced large swings in return over 

time. 

Nevertheless, this study like others bears in itself a number of limitations. Due to the 

scope of this research, the major drawback is about portfolio rebalancing frequency. 

In order to improve the results, this frequency could be increased for example to 

yearly rebalancing or even quarterly rebalancing. Another shortcoming is about the 

fact that the holdings information of hedge funds was provided based on hedge funds 

willingness of cooperation only and there is no obligation in reporting of short 

positions which are believed to contain critical information of hedge funds 

investment strategies. Therefore, the database itself might already contain a level of 

uncertainty. Future research in the same area should take this into account and find 

appropriate solutions to overcome this limitation. 

Additionally, as we can see, the size of hedge funds were used to conduct the study 

varies with large degree. This, on one hand, is beneficial for the research to find the 

impact of risk parity across funds with different sizes and generalize the results for 

the whole industry. However, on the other hand, since the number of funds including 

in this research is moderate, this size factor might have an adverse effect on the 

ultimate results. Another suggestion for future research is to synchronize hedge 

funds’ size to ensure pure results of risk parity idea can be observed. 
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9. APPENDICES 

Appendix 1. Statistic description of portfolio return for each method from Mar 1999 - Jun 2013 

Fund MV EW IV ERC BM 

Fund 01  

Mean -0.09282 0.06046 0.01413 0.08715 0.06386 

Min -6.32905 -1.8923 -1.98817 -1.76287 -2.1179 

Max 4.2536 4.2031 4.2606 4.0416 2.901 

Std 0.3326 0.23845 0.23888 0.2279 0.22883 

Sharpe Ratio -0.3447 0.162 -0.03224 0.28662 0.18368 

Skewness -1.41393 0.75378 0.68317 0.61873 0.18514 

Kurtosis 7.9454 3.3244 3.4881 3.3769 1.4961 

Fund 02  

Mean 0.08952 0.14319 0.11964 0.12305 0.15352 

Min -2.51525 -1.8806 -1.98196 -1.98196 -1.66345 

Max 4.6092 4.1941 4.3303 4.3303 3.53378 

Std 0.24552 0.25177 0.24301 0.24123 0.20071 

Sharpe Ratio 0.27572 0.48202 0.40251 0.41959 0.65613 

Skewness 0.58079 1.16359 0.91769 0.83042 0.40662 

Kurtosis 5.76 4.003 4.1811 4.0033 2.6014 

Fund 03  

Mean 0.02708 0.08181 0.08132 0.07559 0.10394 

Min -2.0532 -2.62378 -2.53713 -2.97456 -2.68731 

Max 3.4343 2.6706 2.2395 2.3229 1.7536 

Std 0.24972 0.21041 0.18777 0.19417 0.18826 

Sharpe Ratio 0.02104 0.28508 0.31685 0.27686 0.43617 

Skewness 0.18014 0.10565 -0.29012 -0.56987 -0.44818 

Kurtosis 0.685 1.7715 1.2504 2.8046 1.1594 

Fund 04  

Mean 0.14415 0.13295 0.11739 0.10218 0.14169 

Min -2.52748 -1.87039 -1.7306 -1.79707 -2.50649 

Max 3.2909 2.2458 1.7818 1.5921 3.9432 

Std 0.26943 0.20243 0.16997 0.16545 0.28328 

Sharpe Ratio 0.454 0.54894 0.56222 0.48563 0.42311 

Skewness 0.52738 -0.00279 -0.19354 -0.37348 0.58346 

Kurtosis 1.927 0.3788 0.287 0.3553 2.1116 
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Appendix 1 - continued 

Fund MV EW IV ERC BM 

Fund 05  

Mean 0.10784 0.12822 0.1062 0.12925 0.1021 

Min -4.26099 -2.17624 -2.22408 -1.65474 -2.16196 

Max 5.6859 2.994 1.8483 2.2551 1.82566 

Std 0.39957 0.18924 0.15347 0.15858 0.17427 

Sharpe Ratio 0.21526 0.56219 0.54976 0.67735 0.46061 

Skewness 0.59155 0.21132 -0.44097 0.26776 -0.19328 

Kurtosis 1.8416 2.0982 2.0149 1.9358 0.9277 

Fund 06  

Mean 0.038 0.09791 0.09076 0.08556 0.04699 

Min -0.98198 -1.42044 -1.20509 -1.31908 -1.63067 

Max 1.9644 2.1506 1.9862 1.9078 2.05549 

Std 0.08583 0.13619 0.12044 0.11865 0.12602 

Sharpe Ratio 0.18839 0.55862 0.57235 0.5371 0.19963 

Skewness 1.14069 0.65125 0.72178 0.66016 0.57721 

Kurtosis 11.5613 3.3983 3.8747 4.4771 6.2591 

Fund 07  

Mean 0.10743 0.05168 0.02826 0.05321 0.01919 

Min -1.93981 -2.12343 -1.29168 -1.18169 -0.99881 

Max 3.8989 2.0558 1.8072 2.5158 3.3077 

Std 0.24187 0.14773 0.10655 0.12083 0.11346 

Sharpe Ratio 0.35393 0.20207 0.06035 0.2597 -0.02325 

Skewness 1.36766 0.33071 1.11471 1.57605 4.13662 

Kurtosis 5.2278 3.4456 6.2797 7.9878 31.8305 

Fund 08  

Mean 0.14217 0.15633 0.15883 0.15247 0.10579 

Min -2.13492 -1.62585 -1.62967 -1.64915 -2.3736 

Max 2.4133 2.0295 2.088 1.8221 2.59124 

Std 0.19458 0.17267 0.16712 0.1679 0.22721 

Sharpe Ratio 0.61848 0.77894 0.81979 0.77807 0.36951 

Skewness 0.20394 0.19215 0.194 0.01533 -0.09137 

Kurtosis 1.3674 0.6161 0.8946 0.5018 0.7555 
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Appendix 1 - continued 

Fund MV EW IV ERC BM 

Fund 09  

Mean 0.09716 0.09588 0.10089 0.1105 0.09677 

Min -2.12424 -2.08406 -2.26101 -2.38303 -2.28166 

Max 4.2389 2.7319 2.2878 2.222 2.78545 

Std 0.19729 0.19172 0.18776 0.19166 0.19802 

Sharpe Ratio 0.38182 0.38624 0.42107 0.46265 0.37848 

Skewness 0.84359 0.00366 -0.20523 -0.23193 -0.113 

Kurtosis 8.1348 1.4443 1.2283 0.9637 1.4645 

Fund 10  

Mean 0.20365 0.20198 0.17175 0.18382 0.14013 

Min -5.77084 -3.86677 -3.68445 -3.67295 -3.8556 

Max 10.2575 10.3473 10.663 10.7111 5.88029 

Std 0.58744 0.40193 0.3686 0.37044 0.35045 

Sharpe Ratio 0.30951 0.44822 0.40673 0.43727 0.33756 

Skewness 2.30448 2.8871 3.89993 3.85263 1.7003 

Kurtosis 11.2642 20.2346 33.3631 33.1529 8.2603 

Fund 11  

Mean -0.10156 0.11886 0.10428 0.08959 0.11808 

Min -4.19399 -2.0576 -2.16922 -1.88827 -2.08279 

Max 3.1393 2.229 1.8049 1.5207 1.5278 

Std 0.29242 0.18953 0.16932 0.15483 0.16981 

Sharpe Ratio -0.42196 0.51193 0.48694 0.43764 0.56681 

Skewness -0.43931 -0.01056 -0.28919 -0.34029 -0.31698 

Kurtosis 2.5674 0.5575 1.0616 0.7518 0.7352 

Fund 12  

Mean 0.26431 0.11654 0.11783 0.12528 0.12644 

Min -2.97634 -3.08195 -3.10348 -3.09034 -3.38158 

Max 14.3565 2.6509 2.5774 2.5742 3.29556 

Std 0.42856 0.25898 0.21517 0.20459 0.25368 

Sharpe Ratio 0.56581 0.36569 0.44618 0.50565 0.41235 

Skewness 5.37769 -0.18586 -0.31359 -0.39821 -0.241 

Kurtosis 48.125 0.9537 2.1661 2.4013 1.9484 
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Appendix 1 - continued 

Fund MV EW IV ERC BM 

Fund 13  

Mean -0.0195 0.07686 0.07793 0.06229 0.07928 

Min -3.75885 -2.58622 -2.83727 -2.76378 -2.92858 

Max 2.094 2.3815 1.7394 1.5131 1.74998 

Std 0.24625 0.19502 0.1827 0.18103 0.18978 

Sharpe Ratio -0.16783 0.2822 0.30704 0.22348 0.30273 

Skewness -1.01655 0.02214 -0.53377 -0.52832 -0.51408 

Kurtosis 2.8663 1.8405 2.2361 1.9831 2.2616 

Fund 14  

Mean 0.11549 0.08545 0.09343 0.11286 0.08108 

Min -1.79791 -1.69575 -1.42874 -1.52497 -1.86568 

Max 4.1963 1.9606 1.4566 1.5138 1.25084 

Std 0.1603 0.14778 0.13202 0.1314 0.14278 

Sharpe Ratio 0.58428 0.43048 0.54231 0.69277 0.41496 

Skewness 2.25081 -0.26155 -0.39701 -0.50031 -0.86823 

Kurtosis 17.0742 2.6586 1.488 1.5604 2.1132 

Fund 15  

Mean 0.18978 0.11118 0.11309 0.10449 0.11573 

Min -2.50668 -1.93282 -1.92484 -1.85987 -1.9646 

Max 4.2491 3.9667 3.8765 3.6574 4.10426 

Std 0.28774 0.19529 0.18682 0.17767 0.20024 

Sharpe Ratio 0.58367 0.45751 0.4885 0.46527 0.46892 

Skewness 0.72273 0.75475 0.72493 0.74421 0.88116 

Kurtosis 1.8471 5.724 6.4083 6.2769 6.1714 

Fund 16  

Mean 0.17982 0.01736 -0.03698 0.02439 0.03118 

Min -1.68232 -1.79622 -2.46542 -1.64002 -2.85885 

Max 3.9446 4.0222 2.6249 2.8855 4.43664 

Std 0.20557 0.18067 0.1719 0.15162 0.22547 

Sharpe Ratio 0.76855 -0.02474 -0.34211 0.0169 0.04147 

Skewness 1.48231 1.55379 -0.20502 0.84825 0.38823 

Kurtosis 6.873 11.4949 6.1173 7.4417 6.9839 
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Appendix 1 - continued 

Fund MV EW IV ERC BM 

Fund 17  

Mean 0.24361 0.12129 0.14917 0.1394 0.06606 

Min -2.09973 -2.00958 -1.70208 -1.6673 -1.67088 

Max 5.7074 3.29 2.8516 2.9625 2.45353 

Std 0.2196 0.2216 0.19661 0.19012 0.20298 

Sharpe Ratio 1.0099 0.44881 0.64768 0.61838 0.21789 

Skewness 2.22378 0.3446 0.26878 0.4898 0.36317 

Kurtosis 15.1573 1.7893 1.7914 2.4881 0.7894 

Fund 18  

Mean 0.19762 0.125 0.12684 0.13971 0.11345 

Min -4.60897 -2.0467 -2.07411 -2.11776 -2.21745 

Max 12.3698 4.0647 3.2676 3.2957 4.00541 

Std 0.52558 0.25991 0.23991 0.23734 0.27098 

Sharpe Ratio 0.33448 0.39696 0.43771 0.49669 0.33811 

Skewness 2.49309 0.56736 0.33032 0.31821 0.66694 

Kurtosis 14.244 1.8427 1.2105 1.2477 2.1008 

Each observation represents one hedge fund in the sample. BM stands for Benchmark portfolio, MV 

for Minimum Variance portfolio, EW for equally weighted portfolio, ERC for equal risk contribution 

method and IV is short version of inverse volatility portfolio.  
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 Appendix 2. Statistic description for portfolio return for each method from Mar 1999 - Mar 2004 

Fund MV EW IV ERC BM 

Fund 01  

Mean 0.02593 0.04687 0.03268 0.05263 0.05207 

Min -2.41807 -1.8617 -1.95888 -1.76287 -2.06739 

Max 4.2536 4.2031 4.26059 4.04156 2.901 

Std 0.30898 0.29622 0.28196 0.27748 0.27728 

Sharpe Ratio -0.01949 0.05037 0.0026 0.07452 0.07259 

Skewness 0.73177 1.04217 1.15012 1.05188 0.40192 

Kurtosis 3.3836 3.3987 4.85891 4.03718 1.1745 

Fund 02  

Mean 0.07027 0.09922 0.08766 0.09815 0.10694 

Min -0.86443 -0.98081 -0.82927 -0.88458 -1.47482 

Max 1.6422 1.29564 1.15466 1.40367 1.47218 

Std 0.12221 0.12643 0.11452 0.12855 0.189 

Sharpe Ratio 0.31361 0.53213 0.4865 0.51495 0.3968 

Skewness 1.59962 0.35958 0.51466 0.60287 -0.11457 

Kurtosis 5.0355 0.2888 0.96535 0.94517 -0.0093 

Fund 03  

Mean 0.07942 0.11127 0.10098 0.11046 0.14031 

Min -1.45733 -1.24678 -1.10605 -1.0656 -1.33914 

Max 2.272 2.66052 1.26977 1.18347 1.401 

Std 0.1865 0.22379 0.18865 0.17593 0.20746 

Sharpe Ratio 0.25455 0.35446 0.36594 0.44625 0.52235 

Skewness 0.17343 0.36379 -0.24464 -0.26668 -0.20742 

Kurtosis 1.4493 0.7684 -0.87723 -0.81265 -0.8248 

Fund 04  

Mean 0.09944 0.18124 0.14609 0.13678 0.21811 

Min -2.52748 -1.61755 -1.31247 -1.24369 -2.50649 

Max 3.2909 2.24579 1.61719 1.46798 3.9432 

Std 0.36127 0.2471 0.18891 0.17627 0.42589 

Sharpe Ratio 0.18683 0.60416 0.60421 0.59471 0.43712 

Skewness 0.64888 0.03857 -0.18229 -0.31256 0.38352 

Kurtosis 0.4544 -0.4172 -0.41925 -0.30825 -0.2686 
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Appendix 2 – continued 

Fund MV EW IV ERC BM 

Fund 05  

Mean -0.12713 0.16111 0.13918 0.1511 0.11158 

Min -2.77276 -1.24543 -0.9493 -0.9852 -0.91131 

Max 3.0632 1.69967 0.9517 0.89974 1.33842 

Std 0.42274 0.18519 0.14157 0.13118 0.15619 

Sharpe Ratio -0.3763 0.69745 0.7574 0.90826 0.50982 

Skewness 0.45459 -0.19003 -0.34527 -0.36314 0.08382 

Kurtosis -0.2962 -0.1575 -0.28282 -0.27831 -0.5303 

Fund 06  

Mean 0.01508 0.07454 0.06943 0.07045 0.07768 

Min -0.00616 -0.39647 -0.3319 -0.29777 -0.12394 

Max 0.4067 1.41418 1.10803 0.95074 2.00386 

Std 0.02073 0.0839 0.06704 0.05857 0.08534 

Sharpe Ratio -0.81346 0.50768 0.55912 0.65739 0.53587 

Skewness 4.94617 2.03236 1.66406 1.51412 5.38025 

Kurtosis 24.1276 7.3988 5.80268 5.221 32.4145 

Fund 07  

Mean 0.03589 0.04108 0.03293 0.04084 -0.02636 

Min -0.76182 -0.64316 -0.77039 -0.74696 -0.99881 

Max 1.0476 2.0558 1.61458 1.60972 1.89833 

Std 0.10675 0.12789 0.11897 0.11743 0.1185 

Sharpe Ratio 0.03688 0.07138 0.00822 0.07573 -0.49202 

Skewness 0.71308 2.32793 1.72853 1.56595 2.27493 

Kurtosis 0.4835 8.6045 5.1774 4.50367 10.2939 

Fund 08  

Mean 0.23974 0.17855 0.18099 0.19566 0.17473 

Min -1.33665 -1.04381 -1.02812 -1.09641 -1.26139 

Max 2.4133 1.61192 1.5204 1.2597 2.23273 

Std 0.22845 0.17047 0.1637 0.16873 0.20938 

Sharpe Ratio 0.9096 0.86 0.91049 0.97024 0.68192 

Skewness 0.543 0.13747 0.09428 -0.05439 0.22833 

Kurtosis 0.2277 -0.3967 -0.26951 -0.71331 0.2116 
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Appendix 2 – continued 

Fund MV EW IV ERC BM 

Fund 09  

Mean 0.19116 0.07243 0.08462 0.09601 0.07393 

Min -1.23574 -1.92695 -1.99641 -1.93872 -2.28166 

Max 4.2389 2.73192 2.2878 2.22202 2.78545 

Std 0.24964 0.21435 0.21302 0.20754 0.24359 

Sharpe Ratio 0.63776 0.18884 0.24725 0.30869 0.17234 

Skewness 1.62626 0.47694 0.20773 0.19641 0.21396 

Kurtosis 6.9671 1.9316 0.85897 0.8164 1.2281 

Fund 10  

Mean 0.2114 0.22148 0.16201 0.185 0.05225 

Min -5.77084 -1.12875 -0.78917 -0.97784 -0.87184 

Max 10.2575 2.47111 1.25419 1.37675 1.13138 

Std 0.7425 0.22255 0.13994 0.14842 0.13344 

Sharpe Ratio 0.24168 0.85164 0.92942 1.03115 0.15218 

Skewness 1.68971 0.94778 0.36122 -0.20646 0.18827 

Kurtosis 6.3484 0.8751 -0.36323 -0.13353 -0.4581 

Fund 11  

Mean 0.04403 0.15093 0.13032 0.12799 0.11652 

Min -1.98256 -1.28149 -1.11593 -1.18574 -1.10484 

Max 3.1393 1.29762 1.51387 1.52074 1.51596 

Std 0.3056 0.17866 0.15933 0.15383 0.17251 

Sharpe Ratio 0.03953 0.66597 0.6174 0.62436 0.49027 

Skewness 0.56403 -0.0509 -0.03426 -0.09788 0.06406 

Kurtosis 0.8156 -0.5327 -0.17888 0.08237 -0.416 

Fund 12  

Mean 0.56738 0.21651 0.21319 0.2293 0.20348 

Min -2.97634 -2.23831 -1.97475 -1.74772 -2.48671 

Max 14.3565 2.65085 2.5774 2.57418 3.29556 

Std 0.69048 0.32973 0.25352 0.24073 0.33727 

Sharpe Ratio 0.77544 0.55973 0.71491 0.81982 0.50858 

Skewness 3.4574 -0.00287 0.17197 0.12791 0.04381 

Kurtosis 18.3405 -0.3948 0.47057 0.3434 -0.1631 
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Appendix 2 – continued 

Fund MV EW IV ERC BM 

Fund 13  

Mean 0.09439 0.09709 0.10446 0.10579 0.12822 

Min -1.74878 -1.18344 -1.33401 -1.40399 -1.51646 

Max 1.8057 2.38149 1.43793 1.47858 1.74998 

Std 0.189 0.18266 0.17244 0.17249 0.19543 

Sharpe Ratio 0.3304 0.35663 0.42051 0.4281 0.49261 

Skewness -0.0432 0.63258 -0.10955 -0.13429 0.01751 

Kurtosis 0.9025 1.8658 0.17837 0.34802 0.361 

Fund 14  

Mean 0.16853 0.15459 0.1661 0.22231 0.16801 

Min -1.11859 -0.81366 -0.8501 -0.85722 -0.88232 

Max 1.0324 0.92265 0.95559 1.22372 1.04398 

Std 0.13409 0.1026 0.10298 0.11834 0.114 

Sharpe Ratio 1.01856 1.19531 1.30262 1.60857 1.19355 

Skewness -0.21767 -0.59808 -0.61926 -0.45388 -0.59513 

Kurtosis -0.3045 0.4999 0.56713 0.22286 0.2424 

Fund 15  

Mean 0.33342 0.11165 0.12364 0.09227 0.12493 

Min -2.50668 -1.44713 -1.62645 -1.35781 -1.9646 

Max 4.2491 1.32579 1.19725 1.098 1.80171 

Std 0.39847 0.15886 0.15779 0.14237 0.19032 

Sharpe Ratio 0.75657 0.50173 0.58111 0.4237 0.48857 

Skewness 0.48763 -0.12641 -0.38531 -0.33179 -0.15778 

Kurtosis 0.2218 0.4787 0.96439 0.58791 0.9769 

Fund 16  

Mean 0.23398 0.05941 0.05785 0.07882 0.10939 

Min -1.68232 -1.21599 -1.2185 -1.13251 -2.18148 

Max 3.9446 4.02219 2.62493 2.88548 4.43664 

Std 0.31392 0.22904 0.19963 0.19747 0.27617 

Sharpe Ratio 0.64356 0.11988 0.12977 0.23738 0.28042 

Skewness 1.03693 2.6134 1.39909 1.65731 1.46194 

Kurtosis 2.1127 11.4215 4.36625 5.38246 6.3852 
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Appendix 2 – continued 

Fund MV EW IV ERC BM 

Fund 17  

Mean 0.42722 0.17163 0.22133 0.18045 0.09569 

Min -1.39126 -1.17606 -0.99489 -1.13403 -1.67088 

Max 2.0832 2.41407 1.92308 1.70806 1.94357 

Std 0.23089 0.19223 0.1648 0.16821 0.21793 

Sharpe Ratio 1.71198 0.72662 1.14922 0.88285 0.29251 

Skewness 0.00119 0.31386 0.11186 0.02574 0.36866 

Kurtosis -0.2891 1.1794 0.46864 0.33093 -0.01 

Fund 18  

Mean 0.16504 0.17679 0.17012 0.18399 0.15285 

Min -4.60897 -1.92214 -2.01722 -2.11776 -2.21745 

Max 12.3698 4.06469 3.26763 3.29568 4.00541 

Std 0.80721 0.32055 0.28623 0.29404 0.3572 

Sharpe Ratio 0.16488 0.45186 0.48274 0.51707 0.33847 

Skewness 1.99119 0.62678 0.31691 0.31561 0.75886 

Kurtosis 6.392 1.1886 0.46762 0.3279 1.0162 

Each observation represents one hedge fund in the sample. BM stands for Benchmark portfolio, MV 

for Minimum Variance portfolio, EW for equally weighted portfolio, ERC for equal risk contribution 

method and IV is short version of inverse volatility portfolio.  
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Appendix 3. Statistic description for portfolio return for each method from Mar 2004 - Mar 2009 

Fund MV EW IV ERC BM 

Fund 01  

Mean -0.43008 -0.09777 -0.21199 -0.01454 -0.09802 

Min -6.32905 -1.8923 -1.98817 -1.55508 -2.1179 

Max 1.96931 1.26806 1.05525 1.48674 0.95237 

Std 0.42453 0.16729 0.1911 0.17815 0.17619 

Sharpe Ratio -1.08307 -0.76211 -1.26481 -0.24842 -0.725 

Skewness -1.79216 -0.43448 -0.33624 -0.38353 -0.82337 

Kurtosis 5.4525 0.46179 -0.29114 1.0486 0.9502 

Fund 02  

Mean -0.09697 -0.02649 -0.04961 -0.04961 0.08565 

Min -2.51525 -1.8806 -1.98196 -1.98196 -1.66345 

Max 4.60918 4.1941 4.33029 4.33029 3.53378 

Std 0.36292 0.29809 0.31755 0.31755 0.24402 

Sharpe Ratio -0.34909 -0.18856 -0.24982 -0.24982 0.22918 

Skewness 0.83822 1.13122 1.04667 1.04667 0.90062 

Kurtosis 2.7105 3.80341 3.43787 3.4379 3.46607 

Fund 03  

Mean -0.16508 -0.07398 -0.0615 -0.07438 -0.05276 

Min -2.0532 -2.62378 -2.53713 -2.97456 -2.68731 

Max 3.4343 0.85793 0.96324 2.32295 0.7628 

Std 0.28697 0.17384 0.16541 0.21128 0.1701 

Sharpe Ratio -0.67879 -0.59657 -0.55147 -0.49274 -0.48487 

Skewness 0.79094 -1.45448 -1.45494 -0.92891 -1.62055 

Kurtosis 1.6193 4.18395 4.70612 5.3808 5.38184 

Fund 04  

Mean 0.15509 -0.02679 -0.0285 -0.05136 -0.01919 

Min -0.62697 -1.87039 -1.7306 -1.79707 -1.45309 

Max 1.8145 0.90652 0.7521 0.76749 0.97341 

Std 0.12822 0.15235 0.13969 0.1482 0.1478 

Sharpe Ratio 0.97776 -0.37095 -0.41675 -0.54706 -0.33089 

Skewness 1.45451 -0.89274 -0.96534 -0.98357 -0.46682 

Kurtosis 3.2691 1.27559 1.36022 1.3852 -0.07487 
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Appendix 3 - continued 

Fund MV EW IV ERC BM 

Fund 05  

Mean 0.00711 -0.04295 -0.03927 -0.00437 -0.02614 

Min -1.41089 -2.17624 -2.22408 -1.65474 -2.16196 

Max 2.42082 1.01707 0.95417 2.14128 1.04091 

Std 0.19117 0.15405 0.14996 0.15727 0.14901 

Sharpe Ratio -0.11825 -0.4717 -0.46005 -0.21677 -0.37487 

Skewness 1.3394 -1.30126 -1.55875 0.2493 -1.55099 

Kurtosis 3.6701 3.36233 4.44279 4.2252 4.31482 

Fund 06  

Mean -0.08223 -0.04256 -0.04198 -0.05718 -0.12993 

Min -0.98198 -1.42044 -1.20509 -1.31908 -1.63067 

Max 0.34335 0.72113 0.48803 0.50339 0.38203 

Std 0.08827 0.11815 0.09679 0.10426 0.12058 

Sharpe Ratio -1.26826 -0.61179 -0.74077 -0.8335 -1.32402 

Skewness -1.26752 -0.87582 -1.09841 -1.18867 -1.60801 

Kurtosis 1.1387 1.62446 1.77838 1.8078 2.68796 

Fund 07  

Mean 0.08347 -0.08259 -0.01015 0.01709 -0.02749 

Min -1.62618 -2.12343 -1.29168 -1.18169 -0.93212 

Max 3.89889 0.97975 1.80716 2.5158 0.73151 

Std 0.18255 0.15615 0.12424 0.13987 0.07311 

Sharpe Ratio 0.29443 -0.71926 -0.32089 -0.09028 -0.78251 

Skewness 3.58597 -0.98949 0.72083 2.04052 -0.56522 

Kurtosis 23.0686 2.28084 5.46356 11.8402 2.84427 

Fund 08  

Mean 0.03818 0.07021 0.06523 0.06073 0.08616 

Min -1.1231 -0.89441 -0.76417 -0.74807 -1.25419 

Max 0.97385 0.98416 0.92177 0.92536 1.57955 

Std 0.10853 0.11309 0.10352 0.1015 0.17473 

Sharpe Ratio 0.07798 0.35804 0.34299 0.30551 0.32301 

Skewness -0.17238 -0.0715 -0.06188 -0.01832 -0.06427 

Kurtosis 0.7817 0.0403 0.08664 0.1226 -0.33728 
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Appendix 3 - continued 

Fund MV EW IV ERC BM 

Fund 09  

Mean -0.08013 0.00499 0.00914 0.03064 -0.00234 

Min -2.12424 -2.08406 -2.26101 -2.38303 -2.01338 

Max 1.30344 0.89999 0.86158 1.39044 0.90852 

Std 0.17187 0.16265 0.16241 0.18645 0.1653 

Sharpe Ratio -0.63913 -0.15204 -0.12671 0.00492 -0.19397 

Skewness -1.49242 -1.0484 -1.27566 -0.8073 -0.9215 

Kurtosis 4.5806 1.89723 3.17298 1.9582 1.33834 

Fund 10  

Mean -0.01158 -0.02136 -0.03587 -0.03136 0.02384 

Min -1.69623 -2.33372 -2.44883 -2.50009 -3.8556 

Max 1.84234 3.40135 2.46844 2.40205 3.47071 

Std 0.14603 0.26176 0.21689 0.21645 0.34793 

Sharpe Ratio -0.28283 -0.19515 -0.30241 -0.28219 -0.01689 

Skewness -0.2369 0.61798 -0.55337 -0.68102 -0.11516 

Kurtosis 5.1681 3.17152 3.85706 4.0103 2.17234 

Fund 11  

Mean -0.44247 -0.04758 -0.05189 -0.0565 -0.01043 

Min -4.19399 -2.0576 -2.16922 -1.88827 -2.08279 

Max 2.77865 1.03031 0.86118 0.94625 0.83577 

Std 0.36092 0.16441 0.15883 0.14369 0.1563 

Sharpe Ratio -1.30829 -0.47021 -0.51387 -0.60001 -0.25689 

Skewness -0.46988 -0.89578 -1.33199 -1.20065 -1.34486 

Kurtosis 0.9903 1.72805 2.95865 2.4111 3.08393 

Fund 12  

Mean 0.02995 -0.09313 -0.06993 -0.05967 -0.0115 

Min -2.56466 -3.08195 -3.10348 -3.09034 -3.38158 

Max 1.46701 1.59569 1.46747 1.00626 1.52968 

Std 0.17821 0.22453 0.20555 0.19361 0.21965 

Sharpe Ratio 0.00128 -0.54716 -0.48481 -0.46168 -0.18765 

Skewness -1.03649 -0.98821 -1.3055 -1.57553 -1.47052 

Kurtosis 4.5143 3.01652 4.60411 5.768 5.53819 
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Appendix 3 - continued 

Fund MV EW IV ERC BM 

Fund 13  

Mean -0.30742 -0.05806 -0.08578 -0.1091 -0.07322 

Min -3.75885 -2.58622 -2.83727 -2.76378 -2.92858 

Max 2.094 0.84587 0.82079 0.88559 0.78591 

Std 0.3296 0.17168 0.17781 0.17807 0.18102 

Sharpe Ratio -1.02288 -0.51131 -0.6496 -0.77956 -0.56866 

Skewness -0.67416 -1.47965 -1.78975 -1.61328 -1.95392 

Kurtosis 0.7723 4.26952 5.67598 4.7402 6.35365 

Fund 14  

Mean 0.02078 -0.08884 -0.06517 -0.07077 -0.10112 

Min -1.11584 -1.69575 -1.42874 -1.52497 -1.86568 

Max 1.19946 0.62487 0.55233 0.55751 0.669 

Std 0.11125 0.14038 0.12561 0.12638 0.14768 

Sharpe Ratio -0.08032 -0.84457 -0.75546 -0.79513 -0.88594 

Skewness 0.08802 -1.52904 -1.25421 -1.45729 -1.652 

Kurtosis 1.8508 2.81127 1.85783 2.7196 3.0288 

Fund 15  

Mean -0.04074 -0.04177 -0.04552 -0.03847 -0.04074 

Min -1.03966 -1.93282 -1.92484 -1.85987 -1.61912 

Max 1.83281 1.28116 1.13575 1.34096 1.05454 

Std 0.153 0.15753 0.14931 0.14394 0.15011 

Sharpe Ratio -0.46051 -0.45381 -0.50391 -0.47374 -0.46939 

Skewness 0.84321 -0.90642 -1.07907 -0.9953 -0.88637 

Kurtosis 2.2946 1.90791 2.36131 3.2079 0.92311 

Fund 16  

Mean 0.19445 -0.10722 -0.17788 -0.03575 -0.14388 

Min -0.83527 -1.79622 -2.46542 -1.64002 -2.85885 

Max 1.56536 0.79777 0.82023 0.77907 0.84089 

Std 0.13605 0.16713 0.20438 0.1592 0.22914 

Sharpe Ratio 1.21082 -0.81936 -1.01577 -0.41121 -0.75761 

Skewness 0.31058 -1.26322 -1.44683 -1.13832 -1.53966 

Kurtosis 0.5229 1.61788 1.84359 1.2985 2.11018 
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Appendix 3 - continued 

Fund MV EW IV ERC BM 

Fund 17  

Mean 0.13729 -0.13687 -0.07192 -0.03166 -0.10474 

Min -2.09973 -2.00958 -1.70208 -1.6673 -1.496 

Max 5.7074 1.98706 2.24216 2.96248 2.01155 

Std 0.26135 0.20647 0.19208 0.19596 0.18562 

Sharpe Ratio 0.41158 -0.80687 -0.52918 -0.31322 -0.72435 

Skewness 3.76739 -0.23543 -0.01019 0.90378 0.13003 

Kurtosis 24.6251 1.3022 2.35461 5.9844 1.16378 

Fund 18  

Mean -0.00033 -0.05615 -0.03751 -0.00656 -0.03207 

Min -2.67519 -2.0467 -2.07411 -1.98497 -1.97279 

Max 3.66254 1.05728 1.01893 1.01977 0.95644 

Std 0.25659 0.18199 0.17271 0.16769 0.16609 

Sharpe Ratio -0.1171 -0.47181 -0.38928 -0.21637 -0.37204 

Skewness 0.76874 -0.74923 -0.88727 -0.90339 -0.86597 

Kurtosis 5.2779 0.83812 1.32402 1.3244 1.20445 

Each observation represents one hedge fund in the sample. BM stands for Benchmark portfolio, MV 

for Minimum Variance portfolio, EW for equally weighted portfolio, ERC for equal risk contribution 

method and IV is short version of inverse volatility portfolio.  
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Appendix 4. Statistic description for portfolio return for each method from Mar 2009- Jun 2013 

Fund MV EW IV ERC BM 

Fund 01  

Mean 0.15932 0.25871 0.25363 0.24432 0.26425 

Min -0.13384 -0.12603 -0.12463 -0.12451 -0.13571 

Max 0.16219 0.20777 0.19251 0.17957 0.17649 

Std 0.18447 0.22572 0.21721 0.21245 0.21148 

Sharpe Ratio 0.64449 0.96709 0.98155 0.95976 1.05837 

Skewness -0.07259 0.24012 0.16757 0.13612 0.10009 

Kurtosis 1.0553 0.7365 0.72862 0.59046 0.7896 

Fund 02  

Mean 0.32693 0.3897 0.35184 0.351 0.28558 

Min -0.08425 -0.09329 -0.08944 -0.088 -0.07216 

Max 0.12982 0.27659 0.22789 0.20803 0.14732 

Std 0.15568 0.28824 0.24225 0.22789 0.1507 

Sharpe Ratio 1.84036 1.21176 1.28551 1.36278 1.62681 

Skewness 0.05089 1.08874 0.79357 0.63045 0.06051 

Kurtosis 0.0222 1.51609 0.73471 0.39932 0.3625 

Fund 03  

Mean 0.18842 0.22759 0.22344 0.2084 0.24279 

Min -0.14831 -0.13926 -0.1297 -0.12649 -0.09466 

Max 0.14 0.22255 0.18662 0.16509 0.14613 

Std 0.25977 0.22645 0.20405 0.18747 0.17719 

Sharpe Ratio 0.56971 0.82653 0.89689 0.89603 1.14204 

Skewness -0.48468 0.36199 0.1148 -0.1238 0.06009 

Kurtosis -0.5291 1.06824 0.74894 0.82101 0.021 

Fund 04  

Mean 0.18311 0.26156 0.25261 0.23941 0.23913 

Min -0.19921 -0.10585 -0.09409 -0.09054 -0.09542 

Max 0.22011 0.1711 0.14849 0.13268 0.13317 

Std 0.27028 0.18912 0.17114 0.16247 0.17331 

Sharpe Ratio 0.52792 1.16924 1.23983 1.22472 1.14652 

Skewness -0.01368 -0.05531 -0.08506 -0.22016 -0.06234 

Kurtosis 1.1061 0.43507 0.30945 0.22276 -0.0954 
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Appendix 4 - continued 

Fund MV EW IV ERC BM 

Fund 05  

Mean 0.49519 0.28777 0.23601 0.25821 0.23913 

Min -0.35508 -0.08509 -0.08229 -0.08012 -0.10197 

Max 0.47382 0.2495 0.15402 0.18792 0.15214 

Std 0.51687 0.21863 0.16174 0.18052 0.21143 

Sharpe Ratio 0.87985 1.13131 1.20927 1.20641 0.93982 

Skewness 0.23578 0.77547 0.34378 0.47393 -0.07656 

Kurtosis 1.0766 1.92592 0.44659 0.90201 -0.3582 

Fund 06  

Mean 0.20317 0.28695 0.26853 0.26769 0.2157 

Min -0.03726 -0.09059 -0.08471 -0.07936 -0.08154 

Max 0.1637 0.17922 0.16552 0.15898 0.17129 

Std 0.10679 0.18131 0.16775 0.16069 0.14974 

Sharpe Ratio 1.52392 1.35971 1.35984 1.41428 1.17056 

Skewness 2.19641 0.41622 0.36792 0.57361 0.72964 

Kurtosis 9.2493 1.14237 1.1142 1.57922 2.4181 

Fund 07  

Mean 0.21765 0.21885 0.0672 0.10915 0.12562 

Min -0.16165 -0.0488 -0.02602 -0.0471 -0.02307 

Max 0.29742 0.1515 0.0427 0.09095 0.27564 

Std 0.37793 0.14795 0.05966 0.09979 0.13913 

Sharpe Ratio 0.46893 1.20593 0.44866 0.68873 0.6123 

Skewness 0.51501 0.81526 0.37047 0.55186 5.83905 

Kurtosis -0.0272 0.82066 -0.15535 0.59009 38.7927 

Fund 08  

Mean 0.14958 0.23005 0.24128 0.2085 0.04889 

Min -0.17791 -0.13549 -0.13581 -0.13743 -0.1978 

Max 0.1485 0.16913 0.174 0.15184 0.21594 

Std 0.22571 0.22431 0.22083 0.21999 0.29374 

Sharpe Ratio 0.4836 0.84537 0.90953 0.76399 0.02881 

Skewness -0.56166 -0.01067 -0.0432 -0.20158 -0.15152 

Kurtosis 0.7803 0.08261 0.22398 0.03311 0.2361 
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Appendix 4 - continued 

Fund MV EW IV ERC BM 

Fund 09  

Mean 0.19327 0.22781 0.22553 0.21937 0.2375 

Min -0.07214 -0.10679 -0.09615 -0.09267 -0.08439 

Max 0.11704 0.16107 0.14577 0.13747 0.12027 

Std 0.13967 0.19271 0.18172 0.17738 0.16887 

Sharpe Ratio 1.0943 0.97237 1.01861 1.00881 1.16699 

Skewness -0.18435 -0.13247 -0.18408 -0.20482 -0.24973 

Kurtosis -0.178 0.10047 0.046 -0.13046 -0.2461 

Fund 10  

Mean 0.85885 0.84574 0.85817 0.85959 0.78482 

Min -0.2703 -0.32223 -0.30704 -0.30608 -0.21116 

Max 0.84291 0.86228 0.88858 0.89259 0.49002 

Std 0.84736 0.89509 0.87739 0.87936 0.66628 

Sharpe Ratio 0.96586 0.8997 0.93202 0.93154 1.11724 

Skewness 1.70439 1.45949 1.74366 1.76341 1.34833 

Kurtosis 4.7742 4.01297 5.52944 5.61176 1.0781 

Fund 11  

Mean 0.12382 0.2739 0.25444 0.21384 0.26817 

Min -0.04295 -0.10537 -0.08377 -0.07961 -0.0834 

Max 0.06822 0.18575 0.15041 0.11909 0.12732 

Std 0.10087 0.21769 0.18222 0.1599 0.17454 

Sharpe Ratio 0.82669 1.07248 1.17447 1.08454 1.30483 

Skewness -0.06436 0.17082 0.07938 -0.10268 -0.10938 

Kurtosis -0.7789 0.01011 -0.14985 -0.38515 -0.2394 

Fund 12  

Mean 0.18505 0.24312 0.22446 0.21865 0.1967 

Min -0.0663 -0.09972 -0.08362 -0.07888 -0.07927 

Max 0.07106 0.1313 0.12014 0.10832 0.10542 

Std 0.11224 0.18476 0.16338 0.15742 0.15969 

Sharpe Ratio 1.28846 1.09704 1.12644 1.13217 0.97858 

Skewness -0.26968 -0.31873 -0.31772 -0.39426 -0.28204 

Kurtosis -0.5107 -0.40577 -0.37362 -0.42902 -0.4862 
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Appendix 4 - continued 

Fund MV EW IV ERC BM 

Fund 13  

Mean 0.1813 0.20921 0.23621 0.20984 0.19877 

Min -0.07213 -0.11815 -0.08972 -0.08615 -0.09125 

Max 0.12601 0.18589 0.14495 0.12609 0.1326 

Std 0.15329 0.22697 0.19006 0.18402 0.18693 

Sharpe Ratio 0.919 0.74365 1.0301 0.92065 0.84711 

Skewness 0.18007 0.17989 0.08501 0.07555 0.11823 

Kurtosis -0.1682 0.13868 -0.08684 -0.27837 -0.2918 

Fund 14  

Mean 0.16356 0.20676 0.19257 0.19845 0.191 

Min -0.14983 -0.09889 -0.08493 -0.0641 -0.0882 

Max 0.34969 0.16339 0.12139 0.12615 0.10424 

Std 0.2229 0.18317 0.15524 0.13458 0.15187 

Sharpe Ratio 0.55243 0.90809 0.98011 1.17421 0.99142 

Skewness 2.75541 0.32811 0.07028 0.23543 -0.19734 

Kurtosis 14.8264 0.98781 0.42227 0.45489 0.1583 

Fund 15  

Mean 0.29003 0.28711 0.28394 0.28356 0.28565 

Min -0.13965 -0.13882 -0.12454 -0.1207 -0.13386 

Max 0.15465 0.33055 0.32304 0.30478 0.34202 

Std 0.24241 0.25505 0.23974 0.23168 0.24822 

Sharpe Ratio 1.02967 0.96721 1.01574 1.04942 0.98796 

Skewness -0.22801 1.06603 1.21822 1.0919 1.50533 

Kurtosis -0.195 4.82805 5.9072 5.11232 6.897 

Fund 16  

Mean 0.10046 0.1126 0.01618 0.03098 0.14292 

Min -0.02386 -0.05633 -0.02324 -0.02478 -0.05158 

Max 0.08274 0.13827 0.03196 0.04647 0.16219 

Std 0.07371 0.11823 0.03972 0.04469 0.12968 

Sharpe Ratio 0.81442 0.61043 -0.61031 -0.21137 0.79041 

Skewness 1.79374 1.25945 0.05547 0.62817 1.30318 

Kurtosis 4.2172 3.22446 0.14141 1.66917 4.0557 
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Appendix 4 continued 

Fund MV EW IV ERC BM 

Fund 17  

Mean 0.15442 0.36108 0.32101 0.2894 0.22893 

Min -0.05832 -0.11489 -0.10246 -0.09239 -0.10181 

Max 0.11688 0.27416 0.23764 0.20512 0.20446 

Std 0.12617 0.24681 0.2184 0.19771 0.19531 

Sharpe Ratio 0.90352 1.2992 1.28472 1.25925 0.96518 

Skewness 0.72273 0.61626 0.55617 0.51235 0.55952 

Kurtosis 1.0144 1.76603 1.6458 1.33311 1.8363 

Fund 18  

Mean 0.46362 0.27427 0.26653 0.25741 0.2359 

Min -0.09019 -0.12729 -0.12454 -0.12194 -0.14142 

Max 0.29198 0.24328 0.23781 0.23173 0.19874 

Std 0.2937 0.25286 0.24332 0.2299 0.25136 

Sharpe Ratio 1.44089 0.92478 0.92925 0.94383 0.77768 

Skewness 1.14786 0.48075 0.44535 0.41383 0.13513 

Kurtosis 1.5075 0.81762 0.85922 1.04504 0.1246 

Each observation represents one hedge fund in the sample. BM stands for Benchmark portfolio, MV 

for Minimum Variance portfolio, EW for equally weighted portfolio, ERC for equal risk contribution 

method and IV is short version of inverse volatility portfolio.  


	1. INTRODUCTION
	2. LITERATURE REVIEW
	2.1 Traditional portfolio management approaches
	2.2 Risk parity approach
	2.3 Hedge funds

	3. PORTFOLIO CONSTRUCTION METHODS
	3.1 Portfolio expected return and volatility
	3.3.1 Portfolio expected return
	3.3.2 Portfolio volatility

	3.2 Minimum Variance Portfolio
	3.3 Equally Weighted Portfolio
	3.4 Inverse Volatility Portfolio
	3.5 Equal Risk Contribution Portfolio
	3.6 Benchmark Portfolio

	4. PORTFOLIO performance ANALYSIS
	4.1 Descriptive statistics
	4.2 Cumulative return
	4.3 Sharpe Ratio
	4.4 Value at Risk

	5. data and methodology
	5.1 Data Description
	5.2 Methodology

	6. EMPIRICAL RESULTS
	6.1 Descriptive statistics
	6.1.1 Number of assets under management
	6.1.2 Portfolio realized mean returns and volatilities

	6.2 Cumulative returns
	6.3 Value at Risk (VaR)
	6.3.1 For the whole observation period from Mar 1999 to Jun 2013
	6.3.2 For period II from Mar 2004 to Mar 2009

	6.4 Portfolio Analysis
	6.4.1 Minimum Variance Portfolio
	6.4.2 Equally Weighted Portfolio
	6.4.3 Inverse Volatility Portfolio
	6.4.4 Equal Risk Contribution Portfolio
	6.4.5 Benchmark Portfolio


	7. CONCLUSIONs
	8. REFERENCES
	9. APPENDICES

