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1. Introduction 

Nowadays, investors can invest in different assets on their own or can choose to trust a financial 

intermediary to make investment decisions such as investment funds, asset managers, pension 

funds or even insurance companies. Such choice depends on whether the investor feels 

qualified enough to create value for himself. The decision of which financial intermediary to 

choose is then a matter of how tailored he wishes the strategy to be. Indeed, asset managers 

design strategies according to the investor’s personal needs and preferences while investment 

funds provide the same service to many investors by pooling money. An infinity of possibilities 

can be offered as a multitude of assets exists such as equity, fixed income, real estate or even 

private assets and as many strategies exists. Traditional investment funds’ strategies include 

passive strategies where the fund follows a benchmark whereas active strategies are built from 

scratch. Alternative strategies such as private equity, real estate and hedge funds can provide 

higher returns to investors which comes with other risks as well. What differentiates hedge 

funds and mutual funds (traditional funds) for instance, is the type of assets used which are 

more sophisticated for hedge funds and sometimes prohibited for mutual funds to use. Mutual 

funds most often follow an index and thus seek relative returns with a simple strategy while 

hedge funds rely on the expertise of their managers to provide absolute returns with an active 

strategy. A feature that is particular to the hedge fund industry is the performance fees charged 

to the investor which can be seen as a motivation for hedge fund managers to provide their 

clients with the best returns possible which is not a feature of the mutual fund industry (Agarwal 

& Naik, 1999). The incentive fees are one of the many hedge fund’s characteristics which 

differentiates them from mutual funds. On top of those high fees also comes limited liquidity 

as hedge fund investors have lock-up periods after investing in the fund and notice periods 

when wanting to withdraw the invested capital. However, whether the fund is traditional or 

alternative, it does not prevent it from being regulated which can offer protection for the 

investors. Evidently, as hedge funds are less regulated, they are not required to be as transparent 

as mutual funds which are regulated both in Europe and in the United States.  

 

The regulatory framework for European mutual funds ‘Undertakings for Collective 

Investments in Transferable Securities’ (UCITS) was set up in 1985 and has been launching 

directives ever since (Busack, Drobetz & Tille, 2017). As investors were eager to earn higher 

returns instead of investing in passive funds, the hedge fund industry was increasing 

substantially in terms of assets under management and in number of funds before the financial 
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crisis of 2008. Due to the lack of liquidity and transparency coming from alternative funds in 

the aftermath of the crisis, there was a clear need for more regulation coming from the investors. 

This UCITS framework became more attractive in the eyes of the hedge fund managers who 

perceived these directives as a way to attract investors by being more transparent, regulated 

and liquid. Another interesting aspect of this UCITS framework for hedge fund managers is 

that they can attract retail investors which they are not able to do in the hedge fund industry 

since they are not diversified enough and are thus fitted only for accredited investors. UCITS 

funds implementing hedge fund-like strategies, through derivatives to replicate short selling 

exposures, emerged as “Newcits” and/or “Alternative UCITS” funds. However, these 

alternative UCITS are still regulated and thus prohibited to short sell and to invest in illiquid 

assets such as real estate for instance. Since these non-traditional strategies require the 

manager’s skill, alternative UCITS are allowed, like hedge funds, to charge performance fees 

which can thus enhance the performance of the fund (Busack, Drobetz & Tille, 2017). A similar 

phenomenon was also developed in the United States as “hedged mutual funds” emerged. 

Indeed, those mutual funds implement a hedge fund like strategy while complying with the 

SEC and the Investment Company Act of 1940 which regulates the mutual fund industry. The 

goal of these funds is similar to the one of the newcits funds as they both want to attract retail 

investors while seeking higher returns. In addition, like the alternative UCITS, hedged mutual 

funds have restrictions on borrowing, short positions and liquidity and also charge performance 

fees (Hartley, 2016).  

 

As previously stated, investors are seeking returns and invest in funds according to their 

performance because they believe that performance is persistent. A previous research by 

Agarwal, Green & Ren (2018) shows that successful hedge funds receive capital inflows which 

is understandable as the outperformance is a proof of the manager’s skill which investors are 

looking for. This conclusion was also reached by Berk and Green (2002) who concluded that 

investors are looking for high performance which explains the flows to the fund. Additional 

research from Cao, Hsu, Xiao & Zhan (2017) proves that the fund’s performance drives the 

fund’s flows. Furthermore, past performance has been shown to be an indicator of managers’ 

abilities and thus investors’ flows will be determined by the funds’ higher expected returns 

(Berk and Green, 2004, cited by Huang, Wei & Yan, 2012). The relationship between the fund 

flows and their performance is however convex as funds with good performance can attract 

new investors while bad performing funds experience capital outflows coming exclusively 

from their investors’ base (Berk & Tonks, 2007). Literature has thus shown that performance 
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indeed drives flows however, whether the flows between liquid hedge funds (including hedged 

mutual funds and newcits funds) and hedge funds are determined by their respective past 

performance, has not been studied yet. Alternative UCITS grew faster than hedge funds after 

the financial crisis and doubled their assets under management (AUM) in 2010 according to 

Eurekahedge’s report of April 2020. As understanding what causes these capital flows is 

important, this paper will thus examine the performance between these two types of funds and 

try to provide an answer to this question. An important aspect of this research is to determine 

whether the regulation has any impact on the performance of the fund and thus on the flows. A 

focus is set on whether the regulations prevent liquid hedge funds from outperforming standard 

hedge funds and whether performance is the key driver of the flows. 

 

In order to perform this analysis, with a sample of funds retrieved from Eurekahedge, the 

performance of funds will be computed using the Capital Asset Pricing Model and a multi-

factor model which will further be used in a panel regression to deduct whether the flows 

between hedge funds and liquid hedge funds are due to their respective past performance. 

Results show that investors tend to use the Capital Asset Pricing Model as a performance 

evaluation tool, as previous studies also discovered (e.g., Agarwal et al., 2018, Cao et al., 2017). 

Previous performance indeed influences the fund flows however, the effect is more pronounced 

for liquid hedge funds which could be due to the increased liquidity and reporting. There is no 

negative effect between the hedge fund flows and the liquid hedge funds performance while 

hedge funds’ past performance has a positive impact on liquid hedge fund flows. This finding 

can suggest that hedge fund investors are not influenced by the positive performance of liquid 

hedge funds and might prefer higher risk-adjusted returns instead of more liquidity and 

transparency. Indeed, as liquid hedge funds have heavy restrictions on which assets to invest 

in, on the liquidity they provide and on the risk they take, obtaining similar risk-adjusted returns 

to hedge funds is not realistic. On the other hand, liquid hedge fund investors appear to be more 

sensitive to the hedge funds’ performance which is consistent with the current decline in 

popularity that liquid hedge funds are experiencing. One still has to keep in mind that the fund 

flows do not only depend on the past performance and are determined by other fund 

characteristics as it will be explained later on.  

 

The thesis is divided as follows: section 1 will cover the literature review about the industry, 

the different regulations and the role of hedge funds in the financial crisis of 2008. Section 2 

will discuss the methodology and thus the choice of the samples the flow and performance 
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measures used in order to perform the panel regression. Potential biases that can occur with 

hedge fund databases will also be discussed. Section 3 will examine the summary statistics and 

the results of the performance measures and of the panel regression. Finally, the conclusion 

will be the last section of the thesis.  
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2. Literature Review  

2.1. Hedge Fund’s Characteristics  

“Hedge” in hedge funds stands for “hedging” and thus protecting portfolios against potential 

losses however, it is well known that hedge fund managers seek absolute returns and use 

derivatives to increase the leverage of their portfolios for instance, which increases the risk 

(Patassi, 2015). The first hedge fund was created by Alfred Winslow Jones in 1949 and had a 

long short equity strategy but the particularity was that the fund charged a 20% management 

fee which was an innovation at the time (Goetzmann & Brown, 2003). As stated in the 

introduction, hedge funds implement more sophisticated strategies highly dependent on the 

manager’s skills. In order to motive the manager to create value for its investors, hedge funds 

charge annual performance fees of about 20% usually (Getmansky, Lee & Lo, 2015). However, 

as the industry has become more fragmented, meaning a larger number of small funds are now 

established, the competition has increased which lead to pressure on the management fees. On 

top of these incentive fees, the fund also has to charge annual management fees to cover the 

expenses the fund occurs which are usually ranging from 1% to 2%. Even though mutual funds 

do not charge performance fees, fixed annual management fees are also demanded to fund their 

operations. Furthermore, hedge funds can implement a high-water mark system for 

performance fees where the fees are charged only if the previous losses are recovered the 

following period. In a nutshell, if the hedge fund managers suffered from a loss the previous 

year and earns back half of the loss the following period, he will not be able to charge incentive 

fees for the current year as he still has not recovered one hundred percent of the capital. This 

additional mechanism acts thus as an additional motivation for the managers to create value for 

his investors and these funds tend to perform better (Agarwal, Daniel & Naik, 2009, cited by 

Getmansky et al., 2015).  

 

Another particularity of hedge funds is the lack of liquidity which investors can experience. As 

sophisticated strategies employed by hedge funds depend on the manager’s skills, some 

strategies can be capacity constrained and therefore, these funds cannot welcome more than a 

certain number of investors as gains are limited (Getmansky et al., 2015). Lock up periods can 

also be set up and prevent new investors from withdrawing their capital for a pre-determined 

period of time which can go up to three years.  If investors want to withdraw their capital at 

any given time, hedge funds often impose a notice period (usually 30 days) in order to inform 

the fund about the request and a redemption period to recover the capital. During financial 

crises, funds often use gates to limit withdrawals to avoid going bankrupt. Even though these 
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mechanisms reduce the liquidity for investors, literature has shown that lock up periods can 

increase the excess returns of a fund (Aragon, 2007, cited by Getmansky et al., 2015).  As 

liquidity restrictions allow hedge fund managers to invest in illiquid assets, they can thus reap 

an illiquidity premium and increase the returns of the fund (Aragon, 2007, cited by Joenväärä 

& Kosowski, 2014).  

 

When taking a closer look at hedge fund flows, literature agrees that performance positively 

impacts flows (Goetzmann, Ingersoll & Ross, 2003, Baquero & Verbeek, 2009, cited by 

Getmansky, Lee & Lo, 2015). It is to be noted that the capital flows do not only depend on 

returns but also on the alpha (the manager’s skills), the perception of investors, the restrictions 

of the fund and finally the market conditions. For instance, Aragon & Qian (2010) showed that 

fund flows are more impacted by the performance when the fund imposes a high-water mark 

system (cited by Getmansky, Lee & Lo, 2015).  

 

In conclusion, hedge funds are particular investment vehicles with uncommon and strict 

features but can provide higher risk-adjusted returns to investors due to these restrictions. 

Traditional and passive strategies were thus traded for more exotic and return yielding 

strategies which hedge funds were able to provide explaining their increasing popularity before 

the financial crisis of 2008.  

 
 

2.2. The Industry  

According to Eurekahedge’s October 2019 report, we can observe that the Hedge Fund industry 

has been steadily growing (Figure 1) with about 2,269.9 billion dollars of assets under 

management in September 2019. However, according to Eurekahedge’s report of April 2020, 

the number of hedge fund launches has been decreasing since the crisis of 2008 (Figure 2) 

since investors had a hard time trusting hedge funds and also wanted more transparency and 

liquidity as it will be further discussed. However, the recent decrease in launches can be 

partially explained by MiFID II implemented in January 2018 which increases the pressure, the 

compliance costs and the reporting standards imposed upon hedge funds which act as a barrier 

to enter. As it can also be observed, the assets under management continue to increase, showing 

the investors’ interest for higher risk-adjusted returns following a low-return environment, as 

the Eurekahedge’s report of October 2019 explains. Unfortunately, this also means accrued 

competition within the industry which makes it hard to survive or even to enter. However, this 

competition means lower performance fees for investors compared to 2007 for example.  
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Figure 1: Hedge Fund Industry Growth 

 

 

Figure 2: Annual Launches and Closures of the Global Hedge Fund Industry 

 

The UCITS fund industry added up to 10.41 trillion of dollars in August 2019 according to 

EFAMA’s factsheet which can be compared with its American counterparty, the mutual fund 

industry (Joenväärä & Kosowski, 2014). An article from Tuchschmid, Wallerstein & Zanolin 

(2010) states that the alternative UCITS universe had grown 500% from 2006 until 2010 while 

the hedge fund industry only grew 2% over the same period. According to the ESMA Economic 

report (2013), UCITS hedge funds’ AUM increased from 20 billion euros to 85 billion euros 

from 2007 until the end of 2012.  The reported UCITS’ AUM by the end of 2012 was of 6,29 

trillion euros showing that alternative UCITS represented a small proportion of the industry. 

As it can be seen on Figure 3, even though the UCITS industry remained stable over the years, 

the UCITS hedge funds grew over 325%. Due to the Eurozone crisis in 2011, the industry 

stabilized until 2013 where the AUM increased again. As for launches of European funds since 

2006, an important increase in launches of UCITS hedge funds is translated by a decrease of 

launches for their hedge funds counterparties as shown on Figure 4, ending up with more than 
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50% of the European hedge fund launches being UCITS compliant as reported by 

Eurekahedge’s report of April 2020.  

 

Figure 3: Assets Under Management of UCITS 

 

 

Figure 4: Percentage of UCITS and Non-UCITS European Hedge Fund Launches  

 

 

As for hedged mutual funds, they represented one eighteenth of the hedge fund industry in 2014 

according to Forbes (Diedrich, 2014).  Kanuri & McLeod (2014) also reported that in 2005 and 

2009, these funds’ inflows respectively represented 11% and 25% of the mutual fund industry’s 

inflows. In 2011, hedged mutual funds’ total assets under managements amounted to $132.82 

billion. As liquid hedge funds are becoming more attractive to investors and managers, 
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understanding the restrictions to which they are subject and how they affect their performance 

is crucial for this research.  

 

2.3. History of the UCITS Directives   

As stated in the introduction, the first ‘Undertakings for Collective Investments in Transferable 

Securities’ directive was launched in 1985 by the European Union (Tuchschmid & Wallerstein, 

2013). The goal was to define a common legal framework for open-ended structures across 

Europe (Joenväärä & Kosowski, 2014). Under UCITS I, funds could only use derivatives in 

order to hedge and to reduce risk. 

 

In the early 1990s, UCITS II was launched to ease the marketing of funds across countries since 

every country had its own laws. The marketing process was also hindered by the limitation of 

the securities in which funds could invest (Joenväärä & Kosowski, 2014).  

 

As the UCITS directives created many restrictions for the fund managers, it was not until 

UCITS III, implemented in 2001, that hedge fund-like strategies could be replicated through 

the UCITS structure since it expanded the assets in which UCITS could invest (Joenväärä & 

Kosowski, 2014). This product directive expanded the eligible investment products beyond 

transferable securities, otherwise known as bonds and equities, to options, money market 

instruments, funds of funds, financial futures and cash deposits for instance (Dewaele, Markov, 

Pirotte, Tuchschmid, 2011). Investing in such assets ensures that the redemption and purchase 

of shares can be satisfied at any moment, by selling assets and thus insuring the liquidity but 

also the diversification of the fund leading to increased investor’s protection (Patassi, 2015). 

Furthermore, to ensure the liquidity, funds have the obligation to provide bi-monthly net asset 

value (NAV) for investors and 20% of this NAV should be available for redemptions at any 

time (Tuchschmid et al., 2010). Nevertheless, authorities have to check the NAV computation 

of the fund at least twice per week and investors should get the NAV computations twice per 

month. On top of the product directive UCITS III, the management directive introduced the 

obligation to publish a detailed and simplified prospectus along with a Key Investor 

Information Document (KIID) in order to better inform investors (Johannsen, 2011).  

 

Even though the latest directives widened the possibilities for eligible financial instruments, 

heavy restrictions on leverage, concentration, diversification and liquidity remain, making it 

hard to exactly replicate hedge fund strategies and capture similar return levels. Indeed, as 



  10 

mentioned by Dewaele et al. (2011), there are non-eligible financial instruments, in which 

UCITS funds cannot invest more than 10% of the NAV called the trash ratio. Other assets 

which are totally prohibited include commodities, real estate, bank loans and private equity 

otherwise known as illiquid and debt securities (Johannsen, 2011). Investing in other hedge 

funds and commodities was then permitted by the eligible asset guideline, through financial 

indices provided that they are fully transparent in order to allow for constant tracking (Busack, 

Drobetz & Tille, 2014).  

 

The directives also prohibit the use of short selling which can be replicated through derivatives 

allowing hedge funds to replicate one of their most popular strategy through the UCITS 

structure, the long short equity strategy. The UCITS directive thus allowed funds to hold the 

derivative without owning the underlying securities leading to a replication of short selling 

(Busack et al., 2014). In addition, the use of derivatives (listed or over-the-counter) allows 

managers to create more sophisticated strategies such as arbitrage (Patassi, 2015).  

 

Diversification levels are also imposed upon UCITS structures to prevent the exposure to a 

concentrated number of assets (Patassi, 2015). Indeed, with the 5/10/40 rule, funds cannot 

invest more than 5% of its assets in a security by the same issuer which can be increased to 

10% if the exposure to issuers does not excess 40% (Joenväärä & Kosowski, 2014). 

 

Furthermore, multiple restrictions are in place in order to limit the risk of the fund such as 

value-at-risk (VaR) limitations and the obligation to have an independent risk management 

team which has to produce a daily risk report (Tuchschmid et al., 2010). UCITS funds having 

an index of reference cannot have a VaR that is above two times the one of the index and more 

sophisticated UCITS, such as Alternative UCITS, usually use an absolute measure where the 

VaR cannot be above a certain percentage of the NAV (Tuchschmid et al., 2010). Leverage is 

also prohibited unless the UCITS fund needs liquidity for redemptions and can thus not be used 

to enhance returns. The leverage is limited to 200% of the NAV but can be lower if the 

restriction for the VaR is already reached (Tuchschmid et al., 2010). Still, funds can use 

derivatives in order to replicate the effect of the leverage (Busack et al., 2014). These 

restrictions prevent alternative UCITS to use any hedge fund-like strategies relying on these 

specific instruments. In addition, the lack of liquidity premium, the reduced investment size 

and increased costs can lead to a lower performance for newcits funds compared to hedge funds 

(Busack et al., 2014). However, due to the increasing capabilities of the funds under the 
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directives, hedge fund like strategies can still be implemented and therefore give a non-

traditional flavour to retail investors.  Even though hedge funds do not have such tight 

restrictions, European hedge funds still fall under the AIFM directive which will now be 

discussed.  

 

2.4. The AIFM Directive    

In 2011, the Alternative Investment Funds Managers Directive, also known as AIFMD, was 

put in place in order to regulate the European alternative fund managers who didn’t fall under 

the regulative framework of UCITS to ensure the stability of the financial markets (Patassi, 

2015). This regulation thus applies to real estate, private equity and hedge funds. Furthermore, 

in this new regulation, the managers are regulated unlike in the UCITS directives. However, 

restrictions on the fund’s leverage, liquidity and risk profile are applicable through AIFMD and 

thus influence the fund’s operations as well as the managers. With the introduction of the 

directive, many hedge funds moved to the European Union in order to obtain the passport which 

lead to an increase of hedge funds domiciled in Luxembourg and Ireland as reported by 

Eurekahedge’s report of April 2020.  

 

The UCITS framework is thus the regulation for funds with a less sophisticated strategy while 

the AIFMD regulates the alternative funds. Even though each type of fund has its own directive, 

hedge fund managers saw an opportunity in the UCITS directive. After the crisis, non-

professional investors needed more transparency, protection and liquidity which the hedge 

funds were not able to previously deliver. By adopting the UCITS form, funds could also attract 

retail investors by replicating their strategies under certain constraints while delivering absolute 

returns instead of relative returns (Patassi, 2015). The increasing regulation set on European 

hedge funds might also be one of the drivers for the increased popularity of hedged mutual 

funds and alternative UCITS funds.  

 

2.5. Hedged Mutual Funds   

In the United States, the phenomenon of liquid hedge funds also developed itself with the 

arrival of the hedged mutual funds. These mutual funds comply with the SEC and the 

Investment Company Act of 1940 but replicate hedge funds strategies. As the UCITS directives 

were developed in Europe, the Investment Company Act has different rules for these hedged 

mutual funds but they address the same concerns that can be observed in the hedge fund 

industry. These liquid hedge funds have to compute daily NAVs and can borrow up to one-
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third of their total assets. In addition, they cannot invest more than 15% of their assets in illiquid 

securities which is quite similar to the UCITS directives. Finally, they have rules about covering 

their short positions, options, futures and forwards (Newton, 2009). Before 1997, hedged 

mutual funds could not invest more than 30% of their gross income in assets held for less than 

three months or they had to pay a 35% tax on their result (Kanuri & McLeod, 2014). The 

removal of this rule in 1997 allowed funds to use short term hedging products and to be able to 

implement market timing strategies. Of course, like the newcits funds, the hedged mutual funds 

have to provide daily liquidity to their shareholders who can get out on a daily basis (Agarwal, 

Boyson & Naik, 2006). As stated in the introduction, the hedged mutual funds and newcits 

funds increased in popularity and in scope as the climate post 2008 drove investors to want 

more transparency, liquidity and protection which hedge funds were not known for.  

 

2.6. Hedge Funds and the Subprime Crisis  

A key factor, which lead to the development and success of liquid hedge funds, is the reputation 

of the hedge funds following the financial crisis of 2008. According to Lysandrou (2011), even 

though hedge funds denied their responsibility in the subprime crisis as they were not 

responsible for the creation of the mortgage backed securities (MBS), the investors’ demand 

for high yield products pushed hedge funds to pressure the banking sector which lead to the 

creation of toxic MBS. Of course, hedge funds were not the only intermediary to supply these 

products but they created a massive market for these types of securities making the problem 

even bigger as they held 47% of the collaterized debt obligations (CDOs) in 2006. Indeed, since 

hedge funds were less regulated than pension or mutual funds, buying a large proportion of 

these risky and not transparent securities was not forbidden.  Getmansky et al.  (2015) reports 

that a study of the Financial Crisis Inquiry Commission in 2011 showed that hedge funds 

bought the majority of the riskiest tranches of the CDOs while they also shorted other tranches 

and used credit default swaps to cover their positions. Hedge funds could thus benefit if the 

market crashed and if the CDOs were going to succeed after all (Getmansky et al., 2015). It is 

well known that hedge funds are keen on taking on more risks and are looking for new 

opportunities which lead them to suffer from important losses during and after the financial 

crisis.  

 

Even though investors still believe that 2008 was more a banking crisis than a hedge fund crisis, 

hedge funds still decreased in popularity as investors wanted more transparency and liquidity.  

The idea of a regulated fund with daily liquidity, full transparency which still yields interesting 
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returns was very appealing and possible under the UCITS directives when alternative UCITS 

emerged. As reported by Eurekahedge’s report of April 2020, UCITS European hedge funds’ 

AUM increased since 2008 at the expense of the European hedge funds’ AUM growth as we 

can observe on Figure 5.  

 

Figure 5: Relative AUM Growth of UCITS European Hedge Funds 

 

 

With the literature review chapter, it is now clear that there is a sharp increase in popularity of 

these liquid hedge fund which was driven by evolving investor’s needs after the financial crisis 

as the industry numbers show above. Those funds differ from the regular hedge funds with their 

multitude of strict restrictions which can prevent them from perfectly replicating hedge funds 

strategies.  The choice between liquid hedge funds and regular hedge funds can be seen as a 

trade-off between liquidity, transparency and higher risk-adjusted returns. As there is no free 

lunch on the financial markets, one cannot simply reap the advantages of both worlds as it will 

be analysed in the following chapters.    
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3. Data and Methodology  

3.1. Data Sample  

In order to further examine this topic, the North American Hedge Fund excel file was retrieved 

from the EurekaHedge database accessible at the trading room of the University. Eurekahedge 

is the largest hedge fund database in the world containing 25 765 hedge funds covering many 

regions and many strategies worldwide.  On top of indices and various performance measures, 

Eurekahedge also provides monthly report about the industry with key figures and graphs. The 

North American hedge fund data base of Eurekahedge documents US hedge funds based in 

North America or investing in it, containing 12 804 funds in total with 116 data point per fund 

where 90% of the NAVs are updated by the end of each month, as reported on their website.  

 

The North American hedge fund data feed was then filtered in order to retrieve the hedge funds, 

the newcits funds and the hedged mutual funds with an inception date starting from 2010, with 

a long short equity and fixed income strategy which are UCITS and non UCITS compliant, 

SEC registered and non-registered and who have a North American mandate and are reporting 

in USD. As investors still seek diversification, 66,9% of North American hedge funds have a 

global mandate against 30,7% for North America (Figure 6) as reported by Eurekahedge’s 

report of October 2019. However, in order to compare similar funds, the data was filtered to 

obtain funds with a North American mandate who are reporting in USD.  

 

Figure 6: AUM Distribution of North American Hedge Funds by Geographic Mandate  

 

 

Secondly, retrieving funds with an inception date starting from 2010 is motivated by the effect 

that the financial crisis had on investors who were craving more transparency and protection. 

Liquid hedge funds grew more rapidly than hedge funds afterwards due to these new investors’ 
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demands and thus studying the relationship between the performance and the flow is best 

pursued after 2010.  

 

Thirdly, we can observe a decline in the popularity of the long short strategy for North 

American hedge funds which was previously the preferred strategy of investors as shown on 

Figure 7. This decline is due to improved investor awareness that different strategies exist with 

an increasing preference for arbitrage and fixed income strategies. Analyzing two different 

strategies allows to compare the effect of the performance on the fund flows for a strategy with 

a higher degree of liquidity, the long short equity strategy and with a lower degree of liquidity, 

the fixed income strategy. The choice of strategy is motivated by the fact that the long short 

strategy is still one of the most popular strategy chosen by hedge funds and is one of the easiest 

to replicate for liquid hedge funds as it only requires to buy undervalued security and to short 

overvalued ones. Liquid hedge funds can replicate the short exposures with derivatives as it is 

allowed by the regulations. As stated in Eurekahedge’s report of April 2020, 40,9% of the 

alternative UCITS’ AUM is managed by fixed income funds while 23,4% is managed by long 

short equity funds. The long short strategy accounts for 35,4% of hedge funds’ AUM while the 

fixed income strategy accounts for 13,6%. 476 hedge funds and 730 liquid hedge funds with a 

North American mandate reporting in USD with an inception date starting in 2010 were 

retrieved and classified by strategy to discover the trend in each sample. The fixed income 

strategy is the second most popular strategy in our sample (Figure 8) and that has a lower 

degree of liquidity since it consists of investing in different categories of bonds which by 

definition are less liquid than stocks.  

 

Figure 7: Strategic Mandates by AUM for North American Hedge Funds 
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Figure 8: Strategy Repartition Within the Samples 

   
 

As funds with different size cannot properly be compared, two categories of funds were defined 

according based on Eurekahedge’s classification: small funds with a fund size lower than 100 

million USD and mid & large sized funds with a fund size above 100 million USD (Berger, 

2009). Two categories instead of three were chosen since no hedge fund and a few liquid hedge 

funds had a fund size above 500 million USD. Figure 9 shows that 61,5% of North American 

hedge funds in august 2019 has a fund size below 100 million USD which motivates why the 

majority of our sample lies in that category. This result is not surprising as the industry is highly 

fragmented and composed of a majority of small funds. Smaller funds’ proportion has declined 

due to the increasing competition and thus decreasing fees and increasing compliance costs 

since this category is more vulnerable as reported by Eurekahedge’s report of October 2019.  

 

Figure 9: Breakdown of North American Hedge Fund Population by Size (US$ million) 

 

Finally, funds reporting less than 24 monthly return measures were removed from the final 

sample as the Capital Asset Pricing Model and a multifactor model will be used to compute the 

performance of the fund with a rolling time window regression of 36 months. The number of 



  17 

funds in the final sample for both strategies and their corresponding size group can be observed 

in Figure 10.  

 

Figure 10: Final Sample for the Long Short & Fixed Income Strategy 

 

 

3.2. Potential Biases   

As hedge funds are less regulated than their traditional counterparty and thus are not subject to 

reporting obligations, multiple biases can arise on the different available databases which can 

hinder the performance analysis. Funds decide whether to provide their performance to 

databases and usually do so when they are in search of new investors, who have to buy the 

information, or when their performance is good, leading to a self-selection bias. Indeed, funds 

with bad performance do not usually report the returns or some funds may not want to be 

included in an index computation that will maybe raise the level of their own benchmark. This 

bias is misleading for investors as hedge funds are not allowed to advertise their funds and thus 

depend on word-of-mouth with databases acting as distributors (Baquero, Horst & Verbeek, 

2005). Mutual funds benefit from an association, the Investment Company Institute, which acts 

as a “central depository” which is thus not the case for hedge funds (Fung & Hsieh, 2004). 

 

Funds reporting their performance can also smooth their returns affecting the alpha and beta 

computations. This phenomenon can be verified if the fund reports its returns to another 

database, by cross-referencing the data. In addition, funds that existed before they are added to 

a database, tend to backfill their previous returns creating a backfilling or instant history bias 

(Getmansky et al., 2015). Literature discovered that younger funds tend to exhibit higher 

performance which can be associated with the need of attracting new investors with good 

performance (Agarwal & Jorion, 2009, cited by Getmansky et al., 2015).  

 

Evidently, as reporting to a database is not mandatory, funds can decide to remove themselves 

from the database at any given point. This phenomenon is usually observed because of poor 

performance which biases the performance upward as only the good performance of the fund 

remains on the database (Getmansky et al., 2015). This bias is closely linked to the survivorship 

bias where the database choses to remove dead funds only to keep alive funds affecting the 
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reported performance. Indeed, as stated before, funds yielding poor performance usually stop 

reporting and having only alive funds can improve the overall performance of the funds on the 

database. In addition, as stated by Fung & Hsieh (2004), hedge fund indexes created with the 

data from these databases will thus be biased as well and not every index provider will try to 

correct these biases. This bias, however, does not seem to be present in our final sample as 

many dead funds are included as shown further in the summary statistics. As Eurekahedge’s 

report of October 2019 states, 3723 North American hedge funds out of the 12 497 funds are 

dead while the remaining are alive. Furthermore, as reported by Busack et al. (2014), the 

survivorship bias for alternative UCITS is more present for data before 2009 and the sample 

was filtered with inception dates starting in 2010.  In addition, as liquid hedge funds target 

retail investors, funds have thus an incentive to report to databases which should lower the bias. 

As for pure hedge funds, a potential solution would be to remove the data between the inception 

date and the added date as Agarwal et al. (2018) suggests, however, this would lead to a 

considerable loss of data points for this research as the sample period is of 9 years.  

 

Finally, before the liquidation of a fund, hedge fund managers usually stop providing their 

performance to databases creating a delisting bias. Removing those returns can increase the 

performance of the fund which may deteriorate before the liquidation and thus bias the analysis.  

 

One way to minimize all the biases mentioned above, is to merge multiple commercial 

databases which was performed by Joenväärä, Kosowski & Tolonen (2012). Unfortunately, 

this solution was not possible for this analysis as Eurekahedge was the only hedge fund 

database available for students. In the following sections, the methodology used to perform the 

analysis will be described and the results will be analysed in the next chapter.  

 

3.3. Computing the Fund Flows  

The aim of this research is to discover whether the fund flows of hedge funds and liquid hedge 

funds are linked to their respective past performance. In order to perform the panel regression 

to discover the relationship, the fund flows have to be computed. 

 

The net of fees monthly returns (in %) and assets under management (AUM) in millions of 

USD of the final sample were retrieved from the North American hedge fund data feed. 

Monthly measures allow to best observe the dynamics between the funds when compared to 

annual measures as more observations are obtained.   
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The dollar fund flow Fpt of fund p in month t, unlike in the paper of Cao et al. (2017) and the 

paper from Agarwal et al. (2018) where the flows are measured in percentages, is defined as in 

the paper of Getmansky (2012) and of Berk & Tonks (2007):  

 

𝐹𝑝𝑡 =  𝐴𝑈𝑀𝑝𝑡 − ( 1 + 𝑅𝑝𝑡) 𝑥 𝐴𝑈𝑀𝑝𝑡−1 

 

Where:   

- AUMpt is the assets under management of the fund p at month t   

- AUMp, t-1 is the assets under management of the fund p at month t-1  

- Rpt represents the total return of the fund p for month t 

 

The monthly dollar flow thus measures the monthly change in assets under management 

subtracting the appreciation as defined by Del Guercio & Tkac (2002). Computing the dollar 

flow instead of the flow in percentages allows to better see what drives the investor’s 

investments which is the goal of this research (Del Guercio & Tkac, 2002).  

 

An important proportion of funds in the sample are dead funds but these were not removed in 

order not to bias the research. However, as stated before, funds reporting less than 24 monthly 

returns were removed from the samples. As funds have different lifespan, each fund does not 

report the flows for the same period and thus only the reporting period is taken into account. 

After computing the flows, the performance using different asset pricing model has to be 

calculated in order to complete the final step of this research, the panel regression.  

 

3.4. Computing the Fund’s Performance 

Hedge funds usually offer superior performance and as stated in the literature review, charge 

performance fees for their skills. It is thus important for the investors to be able to measure the 

manager’s skills, through alpha, which reflects the outperformance relative to a passive 

benchmark. As stated by Cao et al. (2017), alpha is the risk-adjusted return of a fund which is 

considered as abnormal performance. Returns also depend on various factors but investors 

should focus on alpha and choose their funds accordingly. If most of the fund’s returns can be 

reaped with a passive investment, investors do not have any incentive to pay high fees, to have 

a lack of transparency or liquidity restrictions imposed by hedge funds.  
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Many models have been developed over the years adding new risk factors trying to best explain 

the return the funds. Previous research by Agarwal et al. (2018) studied which asset pricing 

model best explains the relationship between risk-adjusted performance and the hedge fund 

flows. According to their research, the CAPM alpha best explains the hedge fund flows which 

is surprising as hedge fund investors are considered accredited and thus should rely on more 

complicated multifactor models. Furthermore, hedge funds are usually exposed to other sources 

of risks which the CAPM does not take into account.  

 

Research by Cao et al. (2017), Barber et al (2016) and Berk & van Binsbergen (2015) show 

that mutual fund flows depend more on the CAPM than the multi-factor models’ alphas.  This 

result is driven by the fact that mutual fund investors find the risk factors of multifactor models 

more complicated to understand and thus prefer simpler models such as the CAPM.  

 

However, both research stated above also discover that investors prefer exotic risk factors 

compared to traditional risk factors. This result is consistent with the fact that investors cannot 

easily access exotic risk exposure compared to traditional market risk. According to Cao et al. 

(2017), as time goes by, investors learn about new risk factors and move from the CAPM to 

more complicated models. Agarwal et al. (2018) finds that the same conclusion applies to hedge 

funds as investors prefer returns coming from exotic factors. Cao et al. (2017) also concluded 

that as there are less funds tracking these exotic risks factors, investors tend to prefer the CAPM 

over more complicated models.  

 

The choice of the model depends on which one the investors use when making investment 

decisions which means that if an investor puts more emphasis on the market risk, the CAPM 

alpha will have a greater impact on the fund flows (Agarwal et al., 2018). Additionally, to the 

CAPM, the Fama & French 3 factor model with two additional factors is also computed to best 

capture the two types of risk exposure faced by liquid hedge funds and hedge funds but also to 

best capture the model preferences of investors.  The model was developed in 1993 is widely 

used to measure the performance of portfolios and explains about 90% of the returns (Kanuri 

& McLeod, 2014). As the fixed income strategy is analysed, two additional factors are added 

to take into account the credit risk premium and the liquidity risk premium.  In the following 

section, the two models will be computed and the results will be analysed in the following 

chapter.  
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3.4.1. Capital Asset Pricing Model Alpha  

The Capital Asset Pricing Model (CAPM) is an asset pricing model where the excess return of 

the fund over the risk-free rate depends on alpha (the manager’s skills) and the difference 

between the market return and the risk-free rate called the risk premium:   

 

𝑅𝑝𝑡  −  𝑅𝑓𝑡 =  𝛼𝑝𝑡 + 𝛽𝑝𝑡 (𝑅𝑚𝑡  −  𝑅𝑓𝑡) 

 

Where  

- 𝑹𝒑𝒕 is the return of the fund p at month t, in % 

- 𝑹𝒇𝒕 is the risk-free rate at month t, in % 

- 𝜶𝒑𝒕 is the intercept at month t which measures the fund’s p manager’s skills  

- 𝜷𝒑𝒕 is the volatility of fund p with regards to the market at month t 

- 𝑹𝒎𝒕  −  𝑹𝒇𝒕 is the risk premium at month t, in %  

 

The monthly market’s returns and the risk-free rates are retrieved from the Fama-French factors 

‘website 1 in order to have the same components for the CAPM and the Fama & French 3 factor 

model which will be computed in the next section. The fund’s alpha for each month will be 

estimated using a rolling window of 36 months on Matlab and thus requiring a minimum of 24 

monthly reported returns to be in the sample as stated before. The Matlab code can be consulted 

in appendix A and the results of the regression will be discussed in the next chapter.  

 

3.4.2. The Multifactor Model Alpha 

The Fama-French 3 Factor Model (FF3) is an asset pricing model where the excess return of 

the fund over the risk-free rate depends on alpha (the manager’s skills), the difference between 

the market’s return and the risk-free rate (risk premium), a size premium and a value premium. 

Two additional factors were added to best capture the origin of the fixed income strategy’s 

returns. Indeed, fixed income hedge funds’ returns depend on the credit spread as they can buy 

bonds with a low credit quality and low liquidity and hedge themselves against interest rates 

by selling higher quality and liquid bonds (Fung & Hsieh, 2004). As leverage can be added to 

those positions, liquidity also influences the financing costs and is thus taken into account in 

this factor. The credit risk factor, developed by Fung & Hsieh (2004), is calculated as the 

monthly change of the difference between Moody’s Investors Service Baa bonds yield 2 and 

 
1 Retrieved from https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html  

2 Retrieved from https://fred.stlouisfed.org/series/DBAA  

https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
https://fred.stlouisfed.org/series/DBAA
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the 10-year constant maturity T-bond’s yield 3. As fixed income products are known to be less 

liquid, fund managers should thus earn a liquidity premium for this type of assets which is 

measured by Pastor & Stambaugh (2001)’s non-traded liquidity factor 4. As stated by Sadka 

(2010), the liquidity factor of Pastor & Stambaugh (2001) is computed with NYSE-listed assets 

but evidence shows that there is a correlation between the bond and stock market which means 

this factor can reflect the liquidity of multiple markets. The model is thus as follows: 

 

𝑅𝑝𝑡  −  𝑅𝑓𝑡 =  𝛼𝑝𝑡 + 𝛽1𝑝𝑡 (𝑅𝑚𝑡  −  𝑅𝑓𝑡) +  𝛽2𝑝𝑡 𝑆𝑀𝐵𝑡 + 𝛽3𝑝𝑡 𝐻𝑀𝐿𝑡

+ 𝛽4𝑝𝑡 𝐶𝑅𝐸𝐷𝐼𝑇𝑆𝑃𝑅𝐸𝐴𝐷𝑡 + + 𝛽5𝑝𝑡 𝐿𝐼𝑄𝑃𝑅𝐸𝑀𝐼𝑈𝑀𝑡 + 𝜖𝑝𝑡  

 

Where 

-  𝑹𝒑𝒕 is the return of the fund p at month t, in % 

-  𝑹𝒇𝒕 is the risk-free rate at month t, in % 

- 𝜶𝒑𝒕 is the intercept of the regression at month t and measures the fund’s p manager’s 

skills 

- 𝑹𝒎𝒕  −  𝑹𝒇𝒕 is the risk premium at month t, in % 

-  𝑺𝑴𝑩𝒕 is the small minus big factor at month t which is a size premium 

-  𝑯𝑴𝑳𝒕 is the high minus low factor at month t which is a value premium 

- 𝑪𝑹𝑬𝑫𝑰𝑻𝑺𝑷𝑹𝑬𝑨𝑫𝒕 is the credit risk factor at month t  

- 𝑳𝑰𝑸𝑷𝑹𝑬𝑴𝑰𝑼𝑴𝒕 is the liquidity premium factor at month t  

- 𝜷𝟏, 𝟐, 𝟑, 𝟒, 𝟓 𝒑𝒕 are the coefficient of the factors at month t  

- 𝝐𝒑𝒕 is the residual of the regression for fund p at time t  

 

The risk-free rate, the risk premium and the two factors are retrieved from the Fama- French 

factors ‘website as in the previous section. The credit risk and liquidity risk factors are 

computed and retrieved as stated above. The fund’s alpha for each month will be estimated 

using a rolling window of 36 months on Matlab. The Matlab code can be consulted in appendix 

B and the results of the regression will be discussed in the following chapter. As the 

methodology to compute the flows and the performance is determined, the panel regression 

model will now be explained. 

 

 
3 Retrieved from https://fred.stlouisfed.org/series/DGS10  
4 Retrieved from http://finance.wharton.upenn.edu/~stambaug/liq_data_1962_2019.txt  

https://fred.stlouisfed.org/series/DGS10
http://finance.wharton.upenn.edu/~stambaug/liq_data_1962_2019.txt
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3.5. Panel Regression 

Panel data models are used when the data has two dimensions: a cross-sectional dimension 

which can be seen as different individuals and a time-series dimension (Hsiao, 2007). This type 

of analysis allows for better estimation of the parameters but also better captures the complex 

interactions between individuals over time. Furthermore, it allows to deduct a common 

behaviour by analysing different individuals over time which is not possible with other 

methods. Furthermore, according to Gujarati (2011), there is also less collinearity between the 

variables and panel data regressions are more efficient and have higher degrees of freedom. 

Since the goal of this research is to examine the relationship between the flows and the 

performance of all funds over the sample period to detect a global trend, the panel regression 

seems like the appropriate methodology. The panel data is qualified as unbalanced as the 

number of observations (flow and performance measures) over the sample period is different 

for each individual (each fund). The hedge fund panel is classified as long since the number of 

hedge funds (80) is lower than the time periods (120) while the liquid hedge fund panel is short 

since we have more funds (215) than time periods (120) (Gujarati,2011).  

 

As panel data pools together different individuals, heterogeneity arises which means that each 

individual is different (Gujarati, 2011). However, these differences might not be observable 

and panel regression models can account for this heterogeneity with variables that are specific 

to each individual. The data can have time invariant variables which are constant for the 

individual over time such as the strategy and time variant variables which evolve with time for 

each individual such as the age or the performance for instance (Hsiao, 2007). The one way 

fixed effects model assumes that each individual has a different intercept to account for the 

heterogeneity whereas the random effects model assumes that the individuals are drawn from 

a larger population and thus have the same intercept. Nonetheless, the heterogeneity is still 

included in the error term for this model as well. With the fixed effects model, the intercepts 

vary for each individual but not with time and are thus time-invariant (Gujarati, 2011). The 

within fixed effects model allows to estimate the coefficients by looking at how much they 

differ from their mean value however, the time-invariant variables will not be included in the 

analysis as their coefficients will automatically be zero (Gujarati, 2011).  

 

The difference between the two models lies in the correlation of the error term and the 

repressors where the correlation is assumed for the fixed effects model and this can be verified 

with a statistical test. The Hausman test can verify which model is more appropriated according 
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to the data and the model and has as null hypothesis that the two models are not substantially 

different (Gujarati, 2011). Panel regressions can be performed with the Software SAS, provided 

by the University, and when using the panel procedure for the random effects model, the 

Hausman test is automatically computed. The model is explained in the following paragraphs 

in details, meanwhile, the Hausman test was performed on the first data set used to analyse 

hedge fund flows with the alphas computed with the CAPM and the output can be observed in 

Figure 11. The test shows that the number of degrees of freedom is equal to the number of 

repressors. The null hypothesis in SAS is that the random effects model is a good fit for the 

data. The null hypothesis and thus the random effects model is rejected in this case as the p-

value is very low and thus a fixed effects model needs to be estimated.5 This test was executed 

for the three other models and the same conclusion applies for each (appendix C). In addition, 

previous research over the relationship between fund flows and performance use the fixed 

effect regression demonstrating that this model type is adapted to the goal of this research (e.g., 

Gupta & Jithendranathan, (2012), Marzuki & Worthington, (2015), Cao et al., (2017), Agarwal 

et al., (2018). Finally, as stated by Gujarati (2011), even if the fixed effects model is not the 

appropriate model, the coefficients are always consistent which further motivates this choice. 

 

Figure 11: Hausman Test for the Hedge Fund & CAPM model 

 

 

The model is as follows: 

 

𝐹𝑙𝑜𝑤𝑝,𝑡 = 𝛼 + 𝛽1𝛼𝑝,𝑡−1 +  𝛽2𝛼𝑓,𝑡−1 + 𝛽3𝐹𝑙𝑜𝑤𝑝,𝑡−1 +   𝛽4𝑆𝑇𝑅𝐴𝑇𝑝,𝑡 + 𝛽5𝑆𝐼𝑍𝐸𝑝,𝑡

+ 𝛽6𝑌𝐸𝐴𝑅11𝑝,𝑡 +  𝛽7𝑌𝐸𝐴𝑅12𝑝,𝑡 + 𝛽8𝑌𝐸𝐴𝑅13𝑝,𝑡 + 𝛽9𝑌𝐸𝐴𝑅14𝑝,𝑡

+ 𝛽10𝑌𝐸𝐴𝑅15𝑝,𝑡 + 𝛽11𝑌𝐸𝐴𝑅16𝑝,𝑡 + 𝛽12𝑌𝐸𝐴𝑅17𝑝,𝑡 + 𝛽13𝑌𝐸𝐴𝑅18𝑝,𝑡

+ 𝛽14𝑌𝐸𝐴𝑅19𝑝,𝑡 + 𝛽15𝑆𝑇𝐷𝐸𝑉𝑝,𝑡 + 𝛽16𝐿𝑂𝐺𝐴𝐺𝐸𝑝,𝑡

+ 𝛽17 𝛼𝑓,𝑡−1𝑥 𝑆𝑇𝑅𝐴𝑇𝑓,𝑡 + 𝛽18 𝛼𝑝,𝑡−1 𝑥 𝑆𝑇𝑅𝐴𝑇𝑝,𝑡 +   𝜀𝑝,𝑡 

 

 

 
5 Information retrieved from SAS’website  

https://documentation.sas.com/?docsetId=casecon&docsetTarget=casecon_cpanel_details48.htm&docsetVersion

=8.4&locale=en  

https://documentation.sas.com/?docsetId=casecon&docsetTarget=casecon_cpanel_details48.htm&docsetVersion=8.4&locale=en
https://documentation.sas.com/?docsetId=casecon&docsetTarget=casecon_cpanel_details48.htm&docsetVersion=8.4&locale=en
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Where: 

- 𝑭𝒍𝒐𝒘𝒑,𝒕 is the dollar flow of fund p at month t 

- 𝜶 is the intercept of the regression 

- 𝜶𝒑,𝒕−𝟏 is the lagged alpha of fund p (at month t-1) 

- 𝜶𝒇,𝒕−𝟏 is the lagged alpha of fund f (at month t-1) 

- 𝑭𝒍𝒐𝒘𝒑,𝒕−𝟏 is the lagged fund flow of fund p (at month t-1) 

- 𝑺𝑻𝑹𝑨𝑻𝒑,𝒕 is a dummy variable taking the value of 1 if the fund strategy is liquid (long 

short) or 0 if it is not liquid (fixed income) for fund p at month t  

- 𝑺𝑰𝒁𝑬𝒑,𝒕 is a dummy variable taking the value of 1 if the fund is in the small category 

or 0 if it is not (mid & large sized category) for fund p at month t  

- 𝒀𝑬𝑨𝑹 𝟏𝟏𝒑,𝒕, 𝒀𝑬𝑨𝑹 𝟏𝟐𝒑,𝒕, … are dummy variables each taking the value of 1 if the 

observation corresponds to the year 2011, 2012,… for fund p at month t  

- 𝑺𝑻𝑫𝑬𝑽𝒑,𝒕 is the fund’s standard deviation over the last 12 months at month t 

- 𝑳𝑶𝑮𝑨𝑮𝑬𝒑,𝒕 is the logarithm of the fund’s age at time t  

- 𝜶𝒇,𝒕−𝟏 𝒙 𝑺𝑻𝑹𝑨𝑻𝒇,𝒕 is the lagged alpha of fund f at month t-1 times the dummy strategy 

- 𝜶𝒑,𝒕−𝟏 𝒙 𝑺𝑻𝑹𝑨𝑻𝒑,𝒕 is the lagged alpha of fund p at month t-1 times the dummy strategy 

- 𝜷𝟏, 𝜷𝟐, 𝜷𝟑, … are the coefficient of the independent variables 

- 𝜺𝒑,𝒕 is the residual of the regression for fund p at month t  

 

The model will be performed four times as we will first analyse the relationship between hedge 

funds ‘flows, their past performance (lagged alpha) and liquid hedge funds’ past performance 

(lagged alphas of fund f). As alphas with two different asset pricing models were calculated, 

two regressions will be analysed for each type of fund: one with the alphas obtained with the 

CAPM and one with the alphas obtained with the multifactor model as they cannot directly be 

compared in the same regression providing us with four panel regressions in total. The model 

will be performed using SAS and the code can be consulted in appendix D.  

 

As this research aims at determining whether the flows are linked to the fund’s past 

performance, the alphas need to be lagged as investors do not immediately acknowledge the 

performance of the fund. In addition, this is also proven by previous literature, as stated in the 

introduction and is thus common practice. To capture qualitative factors which can also 

influence the flows, such as the strategy or the fund size, dummy variables are used. Dummy 

variables are equal to one if the attribute is present and to zero if the attribute is missing 
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(Gujarati, 2011). In this model, the dummy strategy takes the value of one if the fund has a 

liquid strategy (long short) and the value of zero if the strategy is less liquid (fixed income). As 

for the size dummy, if the fund is categorised as small, the dummy is equal to one and if the 

fund is not categorised as small, the dummy takes the value of zero. As stated before, hedge 

funds can have strategies that are capacity constrained and thus the size can affect the flows.  

 

Dummy variables are also introduced to capture the time effect with YEAR 11, YEAR12 and 

so on, respectively taking the value of one if the observation is in 2011, 2012 and so forth. 

Indeed, the flow determinants of 2010 are not the same in 2019 which is why such dummies 

need to be taken into account. Instead of year dummies, monthly dummies could be used if a 

cyclical trend is to be observed in the data, meaning certain months would get more flows than 

others no matter the year. However, after checking the data, such trend could not be observed 

but markets have evolved over the years and so have investors. For these reasons, the year 

effects were presumed to be a better fit for this model. When multiple dummy variables are 

used to capture a common effect, if every dummy is included in the model, their sum is equal 

to one leading to perfect collinearity (Gujarati, 2011). For this reason, a benchmark needs to be 

defined and will be removed from the model. In this model, YEAR10 is removed as it is the 

first observation period. Dummy variables can also interact with quantitative variables when 

one suspects that the interaction can have a significant effect on the dependent variable. In this 

research, it is to be determined whether the good or bad performance of liquid hedge funds and 

hedge funds drives their respective flows. However, one might switch from a long short hedge 

fund to a long short liquid hedge fund more easily than for the fixed income strategy as it might 

not be as easy to find and as it is less liquid. To account for this style effect, the lagged alphas 

and the strategy dummy are included in the model but an additional interactive variable where 

these two variables are multiplied, is also added.   

 

Another control variable is the lagged fund flows which is also common in similar literature 

(e.g., Agarwal et al., 2018, Cao et al., 2017, Berk & Tonks, 2007). This is justified by the fact 

that the flows of a fund experience autocorrelation meaning previous fund flows explain current 

fund flows. Indeed, studies such as Del Guercio & Tkac (2002), finds autocorrelation in mutual 

fund flows. In addition, Getmansky (2012) also discovers a positive relation between past and 

current hedge fund flows.  
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According to Berk & Tonks (2007), the fund age influences the fund flows and this variable 

was extensively used by other papers such as Agarwal et al. (2018), Cao et al. (2017) and 

Berggrun & Lizarzaburu (2015). In addition, another widely used measure, is the fund’s 

standard deviation over the last year since the risk measure is important to investors.  

 

Panel regressions thus determine the trend for the population over time as there are many 

individuals over a sample period. The individuals have many characteristics that can vary over 

time or not and which are thus used as independent variables in the panel regression. As this 

research not only aims at determining whether the flows of a particular fund category depend 

on its characteristics but also on the characteristics of another fund category, a matching 

approach has to be used. For instance, the hedge fund flows are not only influenced by the 

hedge fund alphas but also by the liquid hedge fund alphas which are not considered as a hedge 

fund characteristic. To allow for better comparability, hedge funds and liquid hedge funds were 

divided by category (long short equity vs fixed income) and were categorised according to their 

sizes. Indeed, according to Getmansky (2012), literature has shown that the performance and 

the fund size are positively linked (e.g., Agarwal et al., 2009 & Goetzmann et al., 2003). In 

addition, Goetzmann & Brown (2003) discovered that the strategy of a hedge fund accounts 

for 20% of the variability in returns when compared to other hedge funds. Furthermore, the 

choice of strategy for liquid hedge funds affects the performance of the fund since some hedge 

fund-like strategies might be difficult or impossible to replicate because of the restrictions set 

up by the UCITS directives or the Investment Company Act. As these two criteria are important 

factors that influence the performance, funds will be matched according to which strategy they 

chose and which size category they belong to. Nevertheless, as stated in the literature review 

chapter, liquidity restrictions such as redemption periods and lock up systems can also 

determine the fund’s performance and will thus be used as criteria. Evidently, funds also need 

to report over the same period otherwise, the relationship cannot be unfolded. As younger funds 

usually need to prove themselves to attract investors, the age of a fund is an important 

determinant and thus the inception dates will also be matched. Funds will thus be exactly 

matched based on their strategy, size category and whether they have a lock up system. As for 

the inception date, the reporting period and the notice period for redemptions, funds with the 

most similar characteristics will be matched.  

 

In this chapter, the data collecting process was described and the different steps of the 

methodology were detailed. The flow and performance measures were presented and were then 
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used in the panel regression which will determine the conclusion of this thesis and thus answer 

the research question. The following chapter will provide summary statistics and various 

insights about the sample in general and will then study the performance and flow measures. 

Finally, the results of the panel regressions will be discussed in the last section.   
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4. Results   

4.1. Summary Statistics  

This first section of the results chapter will look into the different characteristics of the funds 

in the sample by separating them by strategies and size. Summary statistics will allow to 

provide a global picture of what differentiates hedge funds and liquid hedge funds.  

 

4.1.1. Summary Statistics for the Long Short Equity Strategy 

As stated in the previous section, two strategies with a different degree of liquidity are 

examined. By filtering the original data as stated in the previous section, 63 hedge funds and 

152 liquid hedge funds with a long short equity strategy are obtained. The liquid hedge fund 

sample shows a greater proportion of dead funds (41,44%) than the hedge fund sample (39,7%). 

For both size categories, small funds have a higher proportion of dead funds which is consistent 

with Eurekahedge’s conclusion that small funds have a harder time surviving the competition. 

The majority of both samples is located in the small sized fund category which is relevant as 

the industry is known to be highly fragmented (Figure 12).  

 

Figure 12: Repartition of Dead and Alive Funds  

  

 

As the liquid hedge fund sample comprises both UCITS compliant and SEC registered funds, 

the repartition of funds between these two categories was also studied as shown on Figure 13.  

Both the small and mid & large size liquid hedge funds categories are dominated with mutual 

hedged funds which is not surprising as selection criteria included the North American mandate 

and USD as a reporting currency.  
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Figure 13: Repartition of UCITS Compliant and SEC Registered Funds  

  

 

Looking closer at typical characteristics of hedge funds, we can observe on Figure 14 that the 

majority of funds has a high-water mark system. The high-water mark feature is more popular 

in the hedge fund sample (92% of funds having the feature) than in the liquid hedge fund sample 

(72% of funds having the feature). Lock up periods however, are less popular for small funds 

(28% of funds having the feature) when compared to mid and large sized funds (42% of funds 

having the feature). 

 

Figure 14: Number of Funds Having a High-water Mark and Lock Up System 

  

 

Additionally, various risk and performance measures are examined because one cannot only 

compare returns between funds as they do not have the same strategy, nor the same benchmark 

which leads to different levels of risks (Hubner & François, 2019). Annualised returns in 

percentages can be observed in Figure 15 with liquid hedge funds underperforming on average 

when compared to hedge funds. The distribution of the annualized returns for hedge funds 

seems to be asymmetric as the median slightly differs from the mean which is not the case for 

liquid hedge funds.  
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Funds might have a higher absolute return than others by taking way more risk. The Sharpe’s 

ratio allows us to better compare funds on an equal basis as it is a measure of excess return with 

regard to the risk-free rate (constant over the period) per unit of risk (Hubner & François, 2019). 

As the Sharpe ratio is a scalar number, it is difficult to interpret its value and it should thus be 

compared between funds. There is not an ideal result, however, a Sharpe ratio close to 0, which 

is the case for small liquid funds on average, means that the funds deliver the risk-free rate and 

are thus poorly performing. On the other hand, a Sharpe ratio close to 1, as for the hedge fund 

sample and the mid & large sized liquid funds, shows that the funds are able to deliver excess 

returns for the risks taken which is positive for investors. Means and medians for all samples 

are close which means the distribution is symmetric. Small funds seem to be taking more risks 

as the annualised standard deviation is higher on average than for the other size category. Liquid 

hedge funds yield lower annualized returns than hedge funds, even though they have a similar 

level of risk which is consistent with the Sharpe’s ratio results.   

 

Since hedge funds do not exhibit much volatility but more extreme risk, the downside deviation 

is more appropriate in this context, which measures the standard deviation of returns below a 

certain level called “tail risk” (Busack, Drobetz & Tille, 2014). This is justified by the non-

normality of the hedge funds’ returns which leads to a non-symmetrical distribution 

(Kouwenberg & Ziemba, 2004). Surprisingly, this measure is slightly below the traditional 

standard deviation which leads to comparable Sharpe and Sortino ratios as the Sortino ratio 

replaces the volatility by its left-hand side and also takes into account the minimum return that 

the fund has to make. Hedge funds have a larger downside deviation and Sortino ratio than 

liquid hedge funds on average suggesting that they outperform liquid hedge funds on a risk-

adjusted basis. Another widely used risk measure for hedge funds is the maximum drawdown 

which represents the highest decline in cumulative returns. Small sized funds in both samples 

exhibit the highest drawdown with hedge funds having larger values than liquid hedge funds 

on average. However, the value at risk is higher for hedge funds which shows that it is slightly 

more likely that they generate negative returns during a period of time at the 99% confidence 

level. The fact that liquid hedge funds exhibit a lower value at risk can also be due to VaR 

restrictions imposed upon alternative UCITS which can lower the average for the liquid sample.  

 

Both mid and large sized samples exhibit more and less the same size while small hedge funds 

are smaller than small liquid hedge funds. The corresponding size categories have a similar age 

on average with about 6 years for small funds and 5 years for mid & large sized funds. Dead 
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funds not reporting their death date are thus not included in this measure.  Small liquid hedge 

funds require a higher minimum investment size (above 1million USD) than mid and large 

sized liquid funds which seems unusual as the opposite conclusion can be observed for the 

hedge fund sample. Indeed, small hedge funds require a lower minimum investment than the 

mid & large size hedge funds. The average of the minimum investment for small liquid funds 

and mid & large sized hedge fund is way above the median which means the distribution is 

extremely asymmetric and skewed to the right.  

 

Management fees for both samples are in line with industry standards (between 1-2%) with 

hedge funds charging slightly higher fees on average. As for the performance fees, hedge funds 

charge close to 20% while liquid hedge funds charge closer to 15%. On average, larger funds 

tend to charge larger fees as it can be seen in this case as well. As for the notice period for 

redemptions, hedge funds’ periods are doubled when compared to liquid hedge fund which is 

logical as liquid hedge funds are supposed to be more liquid.  

 

Figure 15: Summary Statistics for the Long Short Equity Samples 

 

 

4.1.2. Summary Statistics for the Fixed Income Strategy 

As the long short samples were analysed in the previous section, this section will thus be 

dedicated to the analysis of the fixed income samples. By filtering the original data, 18 hedge 

funds and 63 liquid hedge funds who report at least 24 monthly returns over the sample period 

are obtained. The proportion of dead funds for hedge funds (33,33%) and liquid hedge funds 

(30%) is similar and both categories have more small than mid & large sized funds like the 

long short strategy samples as Figure 16 shows. Small funds have the largest proportion of 
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dead funds similarly to the long short sample stating that small funds have a harder time 

surviving the competition.  

 

Figure 16: Repartition of Dead and Alive Funds 

  
 

Regarding the repartition of liquid hedge funds between UCITS hedge funds and mutual 

hedged funds, the sample is dominated by the later as only 2 alternative UCITS are included 

(Figure 17). As the long short strategy is more popular for newcits funds, it is thus normal to 

have a lower proportion of these funds for the fixed income strategy with a North American 

mandate.  

 

Figure 17: Repartition of UCITS Compliant and SEC Registered Funds  

  

As for the characteristics, as shown on Figure 18, a majority of funds have a high-water mark 

system. The high-water mark feature is more popular in the hedge fund sample (88% of funds 

having the feature) than in the liquid hedge fund sample (66% of funds having the feature) 

similarly to the long short sample. Lock up periods however, are less popular for small funds 

(33% of funds having the feature) when compared to mid and large sized funds (56% of funds 

having the feature). 
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Figure 18: Number of Funds Having a High-water Mark and Lock Up System 

  

Annualised returns (Figure 19) show that small hedge funds outperform small liquid funds on 

average and the opposite can be observed in the mid & large sized category. The small hedge 

fund sample has a median way below the mean which means the distribution is skewed to the 

right. As the samples are smaller, we have to consider that numbers might not be representative.  

Furthermore, each sample has a Sharpe ratio way above 1 which means they can deliver excess 

returns for the risks taken which is positive for investors. Sharpe’s ratios are higher than for the 

long short sample suggesting this strategy yields better risk-adjusted returns on average. 

Additionally, hedge funds have a higher Sharpe’s ratio than their corresponding liquid hedge 

fund size categories. Looking at the annualized standard deviation, liquid hedge funds appear 

to be taking more risks on average than hedge funds for both size categories which is surprising 

as they have more risk restrictions. For both samples, the small size category is also taking 

more risks with regards to the other size categories. These results are consistent with hedge 

funds’ Sharpe ratio above one. The fixed income samples take lower risks than the long short 

samples for a similar level of annualized returns which explains the higher Sharpe ratios.  

 

The downside deviation is lower than the annualized standard deviation for all categories. 

Liquid hedge funds also exhibit larger downside deviation than hedge funds however, hedge 

funds’ Sortino ratios are higher showing that they outperform liquid hedge funds on a risk-

adjusted basis. Another risk measure is the maximum drawdown which is also higher for liquid 

hedge funds.  In general, small funds seem to have a larger maximum drawdown than mid & 

large sized funds for both samples. The value at risk is higher for hedge funds which shows 

that it is slightly more likely that they generate negative returns during a period of time at the 

99% confidence level.  This is consistent with the value at risk restrictions for the UCITS hedge 

funds which should lower the liquid hedge funds’ average.  
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Hedge funds seem to be smaller in size when compared to the same size category of liquid 

hedge funds. In addition, liquid hedge funds are larger in size on average than their comparable 

size category. Small hedge funds and mid & large sized liquid funds’ size distribution is skewed 

to the right with medians way below averages. Small sized funds have on average the same age 

with a lifespan of about 5 and a half years. However, mid & large liquid hedge funds seem to 

outlive small hedge funds (4 and a half years) on average with a lifespan of 6 and a half years. 

It is to be noted that a few dead funds do not report their death date and thus their age cannot 

be computed and is left as blank.  

 

Surprisingly, small liquid hedge funds have a higher minimum investment (about 1,7 million 

USD) than small hedge funds with a minimum investment of about 773 thousand USD. 

Performance fees of hedge funds (between 17-20%) are higher on average than those for the 

liquid hedge funds (around 15%) which could explain why small liquid hedge funds charge 

higher management fees than the small hedge funds as they need to compensate.  The results 

of the notice period before redemption are surprising as liquid hedge funds require a larger 

notice period for redemptions or they are supposed to be more liquid than their counterparty. 

The opposite can be observed for the long short sample which makes sense as the long short 

strategy is more liquid. However, it is unsure why liquid hedge funds require a longer notice 

period.  

 

Figure 19: Summary Statistics for the Fixed Income Samples  
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4.2. Fund Flows  

The flow average and median for each strategy and its corresponding size categories were 

computed using a code in Matlab in order to regroup all the flows in a matrix and to take the 

average and median over the sample period. The code can be consulted in appendix E.  

 

As demonstrated in Figure 20, funds in each categories experience, on average, monthly 

negative flows over the reporting period. This result thus suggest that funds have more capital 

outflows than inflows. Medians for each category are well below averages suggesting a 

positively skewed flow distribution. This implies that most of the flows are located on the left 

side of the mean and thus are mostly negative. Liquid hedge funds have higher negative flows 

when compared to hedge funds on average regardless of the size category. Mid & large sized 

funds experience larger negative flows than small funds on average. The result is consistent as 

hedge funds having smaller capital outflows is due to their liquidity restrictions such as lock 

up periods, redemption and notice periods as stated by Baquero et al. (2005).  

 

Figure 20: Flow Statistics for the Long Short Equity Strategy (in million USD) 

 

 

As for the fixed income sample, mid & large sized funds experience the largest capital outflows 

as shown in Figure 20. Small hedge funds have larger capital outflows than small liquid funds 

while the opposite can be observed for the mid & large sized category. This result is surprising 

as hedge funds should have more liquidity constraints and have thus lower capital outflows. 

The flow distribution is also skewed to the right suggesting most of the population is negative. 

We can also observe that the fixed income samples have larger capital outflows on average 

than the long short sample which could be explained by the lower degree of liquidity of the 

fixed income strategy but needs to be confirmed with a more detailed analysis. When taking a 

closer look into relative flows, fixed income hedge funds experience on average larger negative 

flows than long short funds taking into account their average fund size. For both strategies, 

small funds always have higher relative flows than mid & large sized funds even though their 

absolute flow are lower.  
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Figure 21: Flow Statistics for the Fixed Income Strategy (in million USD) 

 

 

4.3. Measuring the Fund’s Performance 

The methodology chapter shed a light on how the fund manager’s skills can be estimated which 

thus measures the fund’s performance. Two different models are used to compute the alphas: 

The Capital Asset Pricing model and a multi-factor model to capture different risk factors and 

the investors preferences. This section is dedicated to the analysis of these results.  

 

As it can be observed on Figure 22 and 23, the R2 of the fixed income CAPM alphas are, on 

average, higher than those of the long short CAPM alphas. The R2  measures the goodness of 

fit of the regression and thus the long short CAPM alphas seems to have a better model than 

the fixed income CAPM alphas even though their R2 measure is still quite low on average. 

These conclusions are also confirmed by the adjusted R2 of the long short samples being higher 

than those of the fixed income. The fact that the adjusted R2 is always lower than the ordinary 

R2 is normal as it is measured based on R2 taking into account the number of independent 

variable and the sample size. It is important to compute the adjusted R2 when comparing 

different models with different numbers of factors as R2 always increases when adding factors 

whereas adjusted R2 will not increase if the added factor is not relevant as it will be analysed 

afterwards.  

 

As there are more funds in in the long short sample, more alphas are obtained than for the fixed 

income sample. Fixed income alphas are, on average, higher than the long short alphas which 

means the fixed income managers have more skills on average. However, due to the low R2, 

the model is not a good fit and thus one cannot rely on these alphas. In the long short sample, 

hedge funds tend to have a higher alpha on average than liquid hedge funds which would mean 

that hedge funds managers have more skills than liquid hedge fund managers. Small liquid 

hedge fund managers also underperform on average which is concluded based on the negative 

alpha. As Gujarati (2011) states, p-values of a coefficient reflect their statistical significance 

and thus whether the coefficient has a statistically significant influence on the excess returns. 

On average, none of the alphas for the long short sample are statistically significant as they are 
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between 27% and 40% and are thus above the level of significance of 1%, 5% and 10%. This 

result shows that the manager’s skills for the long short strategy does not statistically impact 

the excess returns of funds on average.  

 

For the fixed income sample, small hedge fund managers have more skills than small liquid 

hedge fund managers on average while the opposite can be observed for the mid & large sized 

funds. In addition, for both strategies, standard deviations of alphas are very high suggesting 

that alphas are very volatile in the samples. As for the statistical significance of the alphas, 

small funds’ alphas are not significant at any of the significance levels while the mid & large 

sized hedge funds’ alphas are significant at the 5 and 10% level on average. In addition, mid & 

large sized liquid hedge funds’ alphas are significant only at the 10% level. The median of the 

p-values shows that all alphas are statistically significant at the 5% and 10% level which 

suggests that the distribution is positively skewed and that most of the alphas in the samples 

are significant.  

 

Figure 22: CAPM Alphas for the Long Short Sample (in %) 
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Figure 23: CAPM Alphas for the Fixed Income Sample (in %) 

 

As for the results shown in Figure 24 and 25, the fixed income sample has, on average, a 

higher alpha than the long short sample as for the CAPM model. The goodness of fit of the 

model is higher for the long short sample but remains below 50% which means the model is 

not reliable. For the fixed income sample, it is to be seen that small hedge fund managers tend 

to outperform, on average, small liquid hedge funds and the opposite can be seen with mid & 

large sized funds. Alphas for small funds are not significant at any of the significance level 

while the alphas of mid & large sized funds are significant at the 10% level on average. 

However, similarly to the CAPM alphas, the median p-values are significant at the 5% and/or 

10% level suggesting that the distribution is positively skewed and that most of the alphas are 

thus significant at the 5% level at least.  

 

For the long short sample, small liquid hedge fund managers tend to underperform small hedge 

funds and the opposite can be seen for the mid & large sized funds.  None of the alphas are 

negative on average which shows that managers tend to outperform. Alphas are not significant 

on average, for any level of significance. However, the mid & large sized hedge funds’ alphas 

have a median p-value which is significant at the 10% level suggesting that most of their alphas 

are significant.  
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Figure 24: Multifactor Alphas for the Long Short Sample (in %) 

 

 

Figure 25: Multifactor Alphas for the Fixed Income Sample (in %) 
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When comparing the two asset pricing models, the R2 of the multi-factor model is, on average, 

higher than the R2 of the CAPM for both strategies. This conclusion is normal as more factors 

are added into a model, the R2 increases which is why the adjusted R2 needs to be computed. 

The multifactor factor model provides higher alphas on average for the long short sample with 

higher adjusted R2. This result is not surprising as a value and size premium were added into 

the models which can better explain the returns of stock portfolios.  Long short liquid hedge 

funds have a higher adjusted R2 on average than long short hedge funds suggesting than hedge 

fund’s returns might be better explained by models with even more exotic and complex factors. 

Evidently, liquid hedge funds are still constrained with regards to the type of assets they can 

purchase and diversification restrictions while hedge funds are not which could explain why 

their returns are not only captured by these factors but by others.  

 

For the fixed income funds, alphas obtained with the multifactor model are higher on average 

with higher adjusted R2 except for mid & large sized hedge funds. As fixed income strategies’ 

returns are not influenced by an equity risk premium such as in the CAPM, the multifactor 

model should be a better model as it takes into account the credit and liquidity risk that fixed 

income strategies face. This model provides higher adjusted R2 to liquid hedge funds when 

compared to pure hedge funds which can also be observed for the long short strategy.  

 

Each fund had thus, over the sample period, alphas computed with the CAPM and the 

multifactor model. As alphas for both model are computed using the fund’s returns, theory 

states that the same number of alphas obtained with both model should be equal. Unfortunately, 

due to Matlab precision issues, as some computed factors approached zero, some alphas were 

not computed. Let us now analyse the results of the panel regressions in order to deduct whether 

fund flows are due to their respective past performance. 

 

4.4. Panel Regression  

This section will thus analyse the results of the four panel regression models as described in 

the data and methodology chapter. As the relationship between the flows of both the hedge 

funds and liquid hedge funds and the alphas computed with the CAPM and a multifactor model 

are studied, four subsections with one for each model will now be discussed.   
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4.4.1. Hedge Fund Flows and the CAPM Alphas  

The results of the fixed effects panel regression analysing the relationship between the hedge 

fund flows and the performance measured by the CAPM alphas can be observed in figure 26. 

As stated before, 80 hedge funds (cross-sectional units) are observed over 120 months. 

However, as month 1, 2 and 3 did not have more than two characteristics available for each 

cross-sectional unit, SAS studied the model over the 116-remaining time period. The measure 

of goodness of fit is quite low suggesting that the independent variables have a low explanatory 

power (8%) over the independent variable (the monthly hedge fund flows). However, this result 

is not surprising as similar studies obtain R2 in the same range (e.g., Agarwal et al., 2009, Cao 

et al.,2017, Berggrun & Lizarzaburu, 2015). As for the statistical significance of the repressors, 

only the lagged hedge fund flow variable is significant at the 1%, 5% and 10% level whereas 

all the other coefficients have a p-value ranging from 20% to 96%.  

 

The coefficient for the lagged hedge fund flows is positive suggesting a positive relationship 

between past and current flows which is consistent with prior literature results as stated in the 

previous chapter. As the flows are measured in million dollars and not in percentages, a one 

million dollar increase in the previous monthly flow will increase the current monthly flow of 

the hedge fund by 0,16 million dollars. The positive coefficient (3,92) of the lagged hedge fund 

alphas, demonstrates that investors invest according to the fund’s past performance as Berggrun 

& Lizarzaburu (2015) also discovered in their study. A 1% increase in the previous monthly 

alpha of the hedge fund will thus result in a 3,92 million dollar increase in the fund flow. The 

interaction variable between the hedge fund lagged alphas and the strategy dummy allows to 

determine whether the fund’s strategy affects the performance and flow relationship. The 

interaction variable is thus equal to zero when the fund’s strategy is not liquid (fixed income) 

and equal to one when the strategy is liquid (long short equity). This means that for fixed 

income funds, the lagged performance has a positive impact on the fund flows that is bigger 

than for long short equity funds as the coefficient of the interaction variable is equal to -3,78 

leading to a total lagged alpha coefficient of 0,14 (3,92 – 3,78) for the long short strategy as 

Gujarati (2011) explains. The past alpha has thus more impact on the flows of fixed income 

funds than on those of the long short equity funds. This result is surprising as it should be easier 

to find another long short equity hedge fund than fixed income hedge fund as the first strategy 

is one of the most popular leading thus to a larger choice for the investor, leading to a higher 

sensitivity between the flows and the performance. 
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With the matching method described in the panel regression section of the methodology 

chapter, liquid hedge funds were assigned to pure hedge funds based on similar characteristics 

in order to study the impact of the liquid hedge funds’ performance on the hedge fund flows. 

The coefficient of the lagged alphas for liquid hedge funds, is positive (5,41) showing that 

positive performance for liquid hedge funds should increase the hedge fund flows. This result 

is striking as investors should be rational and switch to a fund with better performance which 

would be depicted by a negative coefficient for this regressor. The interaction variable between 

the lagged alphas of liquid hedge funds and their corresponding strategy has a positive 

coefficient (0,55) suggesting that long short equity liquid hedge funds’ performance has a 

slightly bigger impact (5,96) on the hedge fund flows when compared to fixed income liquid 

hedge funds (5,41).  

 

With the fixed effects model, coefficients are computed based on the difference from the mean 

value of the characteristic. This thus implies that if a variable or characteristic does not vary 

over time, its coefficient will be equal to 0 which is the case for the size and the strategy dummy. 

The strategy is still taken into account with the interaction variable as mentioned above. The 

effect of the fund size cannot be estimated as Eurekahedge provides the size of the fund as of 

December 2019 and not as a monthly and evolving measure which is why a dummy variable 

was used to estimate the effect.   

 

Furthermore, the past risk of the fund positively affects the monthly flow as the coefficient is 

positive (0,43). A possible explanation is that funds taking more risk could slightly attract more 

capital inflows since hedge funds are well known by investors for taking more risks and 

yielding thus higher returns. In addition, the fund age has a positive coefficient (40), suggesting 

that older funds receive more flows on a monthly basis. One could justify this result with the 

assumption that older funds are well established and have a track record which could possibly 

attract new investors into the fund. This result, however, is not consistent with previous studies 

discovering that the fund age and the flows but also the fund’s past risk and the flows are both 

negatively related (e.g., Berggrun & Lizarzaburu, 2015, Getmansky, 2012).  

 

The year fixed effects are represented by the dummy variables YEAR11, YEAR12 and so on 

and must be interpreted with reference to the year 2010 which was removed from the model in 

order not to fall into the dummy trap. These dummies show how the hedge fund flows in 2011, 

2012, and so on differ from the hedge fund flows in 2010 on average, as explained by Gujarati 
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(2011). We can deduct for instance that the average monthly hedge fund flow is higher in 2011 

than in 2010 by 3,75 million dollars. However, for each other year, the coefficient of the dummy 

is negative suggesting that the corresponding average monthly fund flow is lower than the 

average monthly fund flow of 2010. Indeed, the average monthly flow of 2019 is lower than 

the average monthly fund flow of 2010 by 71 million dollars. As time goes by, the coefficients 

become more negative suggesting that the monthly fund flows are lower than for previous years 

with 2011 as a peak. This finding could be justified by the fact that the number of hedge funds 

has been growing since 2010 and that the industry has become more fragmented which leads 

to lower average monthly flows for each fund as investors’ wealth could spread across many 

funds.  

 

Figure 26: Fixed Effects Panel Regression for Hedge Fund Flows and the CAPM Alphas 
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4.4.2. Hedge Fund Flows and the Multifactor Alphas  

The results of the fixed effects panel regression analysing the relationship between the hedge 

fund flows and the performance measured by the Multifactor alphas can be observed in figure 

27. 80 funds are analysed over 114 months as each fund had more than two missing variables 

for the first 6 months. The relationship between hedge fund flows and the performance 

estimated with multifactor alphas seems to have a slightly lower explanatory power (7,92%) 

than the previous model where the performance was estimated with CAPM alphas. In addition, 

none of the coefficients, but the lagged hedge fund flows, are significant at any of the 

significance level.  

 

As in the previous model, lagged hedge fund flows have a positive relationship with current 

hedge fund flows as the coefficient is equal to 0,16. However, unlike in the CAPM model, a 

negative relationship (-0,18) between the lagged hedge fund alphas and the fund flows can be 

observed. Good performance obtained by the managers should attract capital inflows instead 

of leading to capital outflows and thus the negative coefficient is not consistent with this 
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hypothesis. This could mean that the CAPM alpha better predicts and explains hedge fund 

flows as previous studies suggest (e.g., Agarwal et al., 2018 & Cao et al., 2017). When taking 

into account the effect of the strategy by looking at the interaction variable, it is to be concluded 

that long short hedge funds’ performance has an overall positive impact on the flows with a 

coefficient of 0,58 while the performance of the fixed income funds has a negative impact on 

the flows (-0,18). Even though, the relationship is positive for long short hedge funds, it is 

lower than the effect obtained with the CAPM model suggesting the CAPM alphas better 

predict the hedge fund flows than the multifactor model alphas for both strategies as the flows 

are more sensitive to those alphas. 

 

The coefficient for the lagged liquid hedge funds’ alphas is positive (3,47) but lower than in 

the previous model. When interacting with the strategy dummy, the effect is lowered and 

becomes negative (-0,05) for the long short liquid hedge funds which is consistent with the 

conclusion that investors should withdraw their capital from hedge funds if the liquid hedge 

funds perform well. With the CAPM model, long short and fixed income liquid hedge funds’ 

performance had a higher positive impact on hedge fund flows when compared with the 

multifactor model which even obtains a negative effect for the long short strategy. This could 

reflect the indifference of hedge fund investors with regards to the performance of liquid hedge 

funds which seems not to affect the capital flows of hedge funds. As hedge funds tend to 

provide higher risk-adjusted returns despite lower liquidity and transparency, investors might 

not be inclined to trade this performance for tighter regulations.  

 

The effects of the fund’s past risk and the fund’s age are similar to the previous model with a 

positive coefficient for the past year’s standard deviation (0,34) and for the log of the fund’s 

age (70). The age seems to have a bigger impact on the fund flows in this model as the 

coefficient almost doubled. The year effects have similar coefficients when compared to the 

model with the CAM alphas as the average monthly flow is higher in 2011 than in 2010 and 

slowly becoming lower than 2010 over the years. In 2019, the average monthly flow is lower 

than the one in 2010 by 103 million dollars which suggests that the year effects have more 

impact on the fund flows with the multifactor model. 
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Figure 27: Fixed Effects Panel Regression for Hedge Fund Flows and the Multifactor 

Alphas 

 

 

 

To conclude the analysis of these two models studying hedge fund flows, the CAPM seems 

better suited to evaluate the performance-flow relationship as there is a positive and stronger 

impact of the past performance of the current flows. With these two models, it is to be 

concluded that hedge fund investors appear to react positively to riskier funds and to older 

funds which could be due to their increased experience. Surprisingly, liquid hedge funds’ 
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performance has a positive impact on the hedge fund flows which could imply that hedge funds 

investors do not seek to invest in liquid hedge funds and disregard their performance, with both 

asset pricing models. Finally, as for the year effects with both models, average monthly flows 

were larger in 2010 and decreasing ever since which is consistent with the recent increased in 

competition leading to a more fragmented industry.  

 

4.4.3. Liquid Hedge Fund Flows and the CAPM Alphas  

The results of the fixed effects panel regression analysing the relationship between the liquid 

hedge fund flows and the performance measured by the CAPM alphas can be observed in 

figure 28. The goal of this model and the following one is thus now to determine whether the 

performance of liquid hedge funds and hedge funds, measured both by the CAPM and the 

multifactor model, has any impact on the flows of the liquid hedge funds. 215 liquid hedge 

funds are studied over 113 months as there were more than 2 variables missing for the first 

seven months of the sample period. The first model where the managers ‘skills are measured 

with the CAPM alphas, has a low R2 (5,6%) which is lower than the previous hedge fund flow 

models. However, the intercept, the lagged liquid hedge fund flows and the lagged liquid hedge 

fund alphas have significant coefficients. Indeed, the intercept is significant at the 1% and 5% 

level while the lagged flows are significant at all levels and the lagged alphas are significant 

only at the 10% level.  

 

Even though the previous monthly flow is a significant regressor, a surprising result arises since 

the coefficient is negative (-0,11) implying that previous monthly flows are negatively 

correlated with current monthly flows. As stated in the hedge fund models, fund flows are 

known to be positively auto correlated and especially for mutual funds. The fact that capital 

outflows would motivate investors to invest in a fund is an intriguing concept which is in 

contradiction with the hypothesis of this research. As for the effect of the performance of liquid 

hedge funds on their fund flows, the effect is important (66,16) and more pronounced than for 

the previous models studying the hedge fund flows where the impact was of about 3 million 

dollars. The liquidity of alternative UCITS and hedged mutual funds could be an explanation 

of this result since investors could more easily withdraw their capital from underperforming 

funds. In addition, as there are regulations on the reporting which is not the case for hedge 

funds, investors could be aware of the performance of the fund more quickly and could then 

decide whether to stay on board.  However, when taking into account the effect of the strategy 

with the interaction dummy, the effect of performance on the flows drops to 0,67 dollars for 
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the long short strategy. This result is indeed surprising as there are more long short liquid hedge 

funds than fixed income liquid hedge funds. One could interpret it as fixed income investors 

being more concerned about the performance of the fund since the choice of fund is limited 

while the long short investors are certain that they could find an alternative if necessary. The 

hedge fund flow model with the performance measured with the CAPM also had a negative 

coefficient for the interaction dummy leading to a lower effect for the long short strategy but 

not for the fixed income funds.  

 

In line with the expectations of this research, the lagged alphas of hedge funds are negatively 

linked with the liquid hedge fund flows since the coefficient is of -30,83. This means that if 

hedge funds perform well, it will negatively affect the liquid hedge funds’ flow as investor will 

supposedly withdraw their capital from liquid hedge funds to invest in hedge funds. Even when 

taking into account the interaction dummy for the strategy effect, the effect of the performance 

remains negative with a coefficient of -12 meaning that whether the liquid hedge fund has the 

fixed income or the long short strategy, the effect of hedge funds’ performance remains similar. 

Hedge fund flows were positively affected by the performance of liquid hedge funds which 

was a surprising result as the opposite was expected. After studying the flows of liquid hedge 

funds, the opposite can be observed for this model which could mean that investors are attracted 

by the performance of hedge funds and perhaps are inclined not to benefit from the liquidity 

and transparency that liquid hedge funds offer.  

 

The coefficients of the past standard deviations and of the fund’s age are consistent with 

standard literature stating that investors do not like when the funds take more risks. This effect 

was positive for hedge funds which could depict the preference of sophisticated investors for 

more risk. In the context of regulated mutual funds, investors might be less inclined for the 

fund to take additional risk. The age of the fund also has a negative impact on the liquid hedge 

fund flows which is a result previously discovered by standard literature as well. Results of the 

year effects are mixed when compared to those of the hedge funds models. The average 

monthly flow in 2018 is 177 million dollars higher than the average monthly flow in 2010. 

However, in 2019, the average monthly flow is -137 million dollars lower, providing mixed 

results. On average, liquid hedge funds receive higher flows than 2010 however, certain years 

have a negative coefficient such as 2013, 2017 and 2019.  

 

 



  50 

Figure 28: Fixed Effects Panel Regression for Liquid Hedge Fund Flows and the CAPM 

Alphas 
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4.4.4. Liquid Hedge Fund Flows and the Multifactor Alphas  

The results of the fixed effects panel regression analysing the relationship between the liquid 

hedge fund flows and the performance measured by the Multifactor alphas can be observed in 

figure 29.  As more than two variables were missing for the first nine months, the 215 liquid 

hedge funds are studied over the remaining 111 months. The independent variables have a 

slightly higher explanatory power than the previous model as the R2 is of 6%. However, for 

this model, only the intercept and the lagged liquid hedge fund flows are statistically significant 

at the 5% and 10% level.  

 

As for the previous model, the lagged liquid hedge fund flows have a negative impact (-0,12) 

on the current liquid hedge fund flows. The effect of the liquid hedge funds’ previous 

performance is lower (9,58) than for the previous model but still positive on the liquid hedge 

funds’ flows. Literature discovered that investors rely more on the CAPM than multifactor 

model to evaluate the performance of funds as it is simpler, as stated in the methodology 

chapter. This thus could be one of the reasons why the effect of the lagged alpha is lower with 

the multifactor model when compared to the CAPM. A higher sensitivity for a specific model 

shows that investor use the model and thus that it is more representative. When taking into 

account the effect of the strategy with the interaction dummy, the performance even has a 

negative impact (-0,56) on the fund flows for the long short strategy whereas the effect is 

positive for fixed income funds (9,58). The fact that long short liquid hedge funds would 

perform badly and attract capital inflows is not realistic, especially when there are many 

alternatives since the long short strategy is very popular. This counterintuitive finding may be 

related to the CAPM being better suited to represent investors’ beliefs than the multifactor 

model. This could be also reflected in the lagged hedge funds’ performance which has a positive 

coefficient (4,06) and thus a positive impact on the liquid hedge fund flows as opposed to a 

negative effect with the previous model. In fact, the positive effect is increased (6,38) when the 

strategy is taken into account leading to long short hedge funds’ performance having a higher 

and positive impact on the liquid hedge fund flows.  

 

Similar conclusions as for the previous model can be applied for the effect of the past risk of 

the fund and its age as the coefficients remain negative and in similar ranges. Year effects are 

once again, provide mixed results with the average monthly liquid hedge fund flow in 2018 

being 498 units above the average in 2010. We observe only positive coefficients for all the 

year dummies leading to 2010 being the year with the lowest monthly flows on average. These 
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results could confirm the interest of investors for these new types of fund after the financial 

crisis, however, as the previous model provides more realistic conclusions, year effects appear 

to be somewhat unclear.  

 

Figure 29: Fixed Effects Panel Regression for Liquid Hedge Fund Flows and the 

Multifactor Alphas 

 

 
 

The last two models can provide an answer to whether the hedge fund’s performance has any 

impact on the liquid hedge fund flows. As for the hedge fund models, liquid hedge fund 

investors seem to react positively to good performance and a higher effect can be observed with 
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the CAPM. This could suggest that the increased liquidity and mandatory reporting of these 

liquid funds allows investors to react more quickly to the performance. However, a negative 

effect between hedge funds’ performance and liquid hedge fund flows is obtained suggesting 

liquid hedge fund investors pay more attention to their counterparty’s performance than hedge 

fund investors do. This pressure could be the reason why the alternative hedge funds have 

decreased in popularity over the recent years. Consistent with standard literature, a negative 

effect is found for the fund’s age and the risk as retail investors do not seem to seek for riskier 

funds. An increase in the fund flows is to be observed after 2010 and the financial crisis with 

the year effects.  However, as time goes by, the results are mixed and cannot provide any 

insights. Looking at Figure 30, from Eurekahedge’s report of April 2020, a decline in the 

number of launches and an increase in the number of closures of UCITS hedge funds is to be 

observed and confirms the decline in popularity of such funds. As reported by Agarwal et al. 

(2009) and Joenväärä & Kosowski (2014), both hedged mutual funds and alternative UCITS 

underperform pure hedge funds. The latter conclusion was also reached by Hartley (2016) and 

Newton (2009) who found that liquid hedge funds underperform hedge funds as well. This 

underperformance is due to the numerous restrictions from which the liquid hedge funds suffer 

and might lead investors to change their minds and invest back into the hedge fund industry. 

Agarwal et al. (2009) also discovers that this outperformance of hedge funds can be attributed 

to the higher fee structure which leads to better incentives for hedge fund managers. A 

comparative study between the performance of hedge funds and Alternative UCITS was also 

performed by ESMA (2013) and showed that they tend to have a lower performance due to the 

regulations. However, liquid hedge funds still provide flexibility with regards to the liquidity 

and are more transparent which can seem more attractive to some investors when compared to 

higher risk-adjusted returns. For this reason, liquid hedge funds have decreased in popularity 

but are still established and continue to exist to satisfy the needs of other types of investors.  

 

Figure 30: Launched and Closures of Alternative UCITS funds 
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5. Conclusion  

Many innovations have been arising on the financial markets over the years, trying to satisfy 

constantly evolving investors’ needs. From traditional mutual funds to alternative funds, more 

complex investment vehicles were developed to satisfy those who were looking for higher risk-

adjusted returns. However, with higher returns comes with disadvantages such as liquidity 

restrictions, lack of transparency and reporting or even excessive performance fees. The 

financial crisis of 2008, where financial institutions sold sketchy products to clients without 

being fully transparent about the toxic components, triggered new investors’ needs who were 

demanding more transparency, liquidity and protection. Hedge fund managers, who were not 

going to go down without a fight, saw in the UCITS directives and in the Investment Company 

Act of 1940 an opportunity to replicate their strategies within a more restricted vehicle, thus 

addressing investors’ concerns. Liquid hedge funds thus try to implement hedge fund like 

strategies but have liquidity, reporting, diversification, and asset restrictions to ensure the 

investors’ protection. As these liquid hedge funds became more popular after the crisis and 

hedge funds’ assets grew more slowly, this research studied whether the capital outflows and 

inflows of these funds were linked to their respective past performance. Previous literature has 

shown that fund flows are indeed driven by the fund’s performance but the relationship between 

two different types of funds and the flows had not been yet studied. This thesis thus aimed at 

better understanding what influences investors’ decisions and how directives and tighter 

regulations can affect the performance and thus flows.  

 

In order to do so, the sample was retrieved from Eurekahedge and made of pure hedge funds 

and liquid hedge funds with a North American mandate reporting in USD who were created 

from 2010 onwards. Two strategies with a different degree of liquidity divided the sample in 

two to study the relationship between the performance and the flows and whether the strategy 

had any impact on it. In addition, the sample was split in two size categories to allow for better 

comparison. Summary statistics were computed to provide a global picture and to compare 

characteristics of both industries. Regarding the methodology, performance measures were 

obtained by using the capital asset pricing model (CAPM) and a multifactor model to capture 

what drives the returns but also the investors’ preferences. The intercepts (alphas) of these 

regressions reflect the abnormal performance of the fund which can be interpreted as the 

managers’ skills. A rolling window of 36 months was used to perform the regression on Matlab 

and in order to obtain a minimum of alphas, funds reporting less than 24 monthly returns were 

removed from the sample. As for the dollar flows of funds, they were calculated on excel using 



  55 

a formula retrieved from standard literature. Finally, a panel regression was computed using 

the software SAS to analyse the relationship between the flows and the alphas of both hedge 

funds and liquid hedge funds. As the Hausman test revealed that the random effects model was 

not appropriate for the sample, a one way fixed effects panel regression was performed. Control 

variables were added into the model as current fund flows do not only depend on the past 

performance but also on factors such as the strategy, the fund size, the fund age and its risk. 

The determinants of flows in 2010 were also different from the ones in 2019 and thus a time 

fixed effect was added as control variable as well.  In order to study the effect of the fund’s 

characteristics on its flows but also the effect of characteristics of another type of fund, a 

matching method had to be used. Liquid hedge funds and hedge funds were matched based on 

their strategy, size, inception date, reporting period, redemption notice period and whether they 

imposed a lock up period. Of course, as a perfect match is unrealistic for this sample size, exact 

match based on the strategy, size and lock ups were performed while making sure that the 

reporting and notice periods were as similar as possible.  

 

Summary statistics provided a global picture of the sample and revealed that hedge funds tend 

to deliver higher risk-adjusted performance, on average, than liquid hedge funds, which was 

measured by the Sortino and Sharpe ratio. As fixed income funds appear to be taking less risk 

than long short equity funds, they are thus able to deliver higher risk-adjusted performance on 

average. As alternative UCITS have restrictions on their value at risk for instance, this measure 

was higher for hedge funds across strategies as expected. In line with industry standards, hedge 

funds also charge higher fees than liquid hedge funds for both strategies. The liquid hedge fund 

sample has more mutual hedged funds than newcits funds which can be justified by the choice 

of the North American mandate for this research. Furthermore, a smaller proportion of dead 

funds is obtained when compared to active funds but a 50% inactivity ratio amongst small funds 

confirms the hypothesis that small funds have a harder time surviving the accrued competition. 

As for the flow statistics, both strategies experience on average, negative monthly flows with 

liquid hedge funds experiencing higher capital outflows than hedge funds which is consistent 

with the lower liquidity provided by hedge funds. Larger outflows for mid & large size samples 

for both strategies are observed. Finally, fixed income funds experience larger capital outflows. 

However, without a more detailed analysis of the flows, it remains unclear what drives this 

result. The performance analysis revealed that fixed income funds have higher alphas on 

average than long short equity funds regardless of the chosen model. As for the difference 

between pure hedge funds and their liquid counterparties, fixed income funds provide mixed 
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results with both models while long short hedge funds tend to outperform long short liquid 

hedge funds with the CAPM. The multifactor model seems to be a better fit for the long short 

equity funds as more complex equity factors are added which appear to better capture the 

returns. However, this model remains better suited for liquid hedge funds than pure hedge funds 

which could mean that hedge funds’ returns come from additional complex risk factors. As for 

the fixed income strategy, the multifactor model is a better fit, based on the R2, than the CAPM 

as it accounts for liquidity and credit factors. The multifactor model also provides higher 

adjusted R2 for the long short liquid hedge funds suggesting that additional factors are to be 

added for long short hedge funds.  

 

The fixed effects panel regression provided insights about the relationship between the 

performance and the flows. First, the model was studied on the hedge fund flows and the 

performance was measured by the CAPM and a multifactor model. As discovered by previous 

studies, investors seem to prefer the CAPM to evaluate the performance of hedge funds as the 

model delivered higher sensitivities and consistent results. Indeed, there is a positive 

relationship between the previous hedge funds’ performance and its capital flows suggesting 

that investors rely on past performance to decide whether to invest. For both models, a negative 

relationship between the hedge funds’ past risks and its flows is to be observed but also between 

the fund’s age and the flows which could imply that investors seek riskier and older hedge 

funds since they are probably well established. Surprisingly, a positive relationship between 

the alphas of the liquid hedge funds and the hedge fund flows is obtained for both asset pricing 

models. This could imply that hedge fund investors are indifferent whether liquid hedge funds 

exhibit good performance and thus have a preference for pure hedge funds despite the liquidity 

restrictions and lack of transparency. For both models, the year effects also reveal that average 

monthly flows were higher in 2010 confirming the industry has become more fragmented over 

the years with an increased number of small funds. The liquid hedge fund flow models provide 

a counterintuitive result as the past fund flows are not positively correlated with the current 

fund flows which was the case for hedge funds and a conclusion also obtained by standard 

literature. However, the past performance of liquid hedge funds has a bigger impact on the 

liquid hedge funds’ flows when compared to the hedge fund models. Indeed, this could be due 

to the higher liquidity and facility to withdraw capital which is provided by those funds and the 

mandatory reporting which would lead to an increased effect of the performance on the capital 

flows. As for the hedge fund models, the CAPM seems better suited than the multifactor one 

as the effect is more pronounced for the CAPM. In addition, a lower and even negative effect 
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is observed for the long short equity funds when compared to fixed income funds with the 

multifactor model, supporting the hypothesis of the better fit of the CAPM. Indeed, good 

performance leading to capital outflows is not a realistic conclusion as investors should not 

want to lose their capital. Looking at the impact of the performance of hedge funds on the flows 

of liquid hedge funds, a negative relationship is obtained which could mean that liquid hedge 

fund investors pay more attention to hedge funds’ performance than hedge funds investors do 

about the liquid hedge funds’ performance. This effect is obtained with the CAPM model and 

seems to be consistent with the recent decrease in popularity of alternative hedge funds. 

Furthermore, the strategy does not seem to have an impact on the effects as they remain 

positive. Consistent with literature, a negative effect for the fund’s past risk and age on the 

flows is obtained as retail investors usually do not wish that the funds take more risk. On 

average, monthly fund flows are higher for each year when compared to 2010 with mixed 

results for a couple of years. Still, it is to be observed that there was an increased interest for 

these funds after the financial crisis thanks to these year effects.   

 

Further research could study whether this relationship holds for funds with a global mandate 

and for other strategies. As seen in the data and methodology chapter, hedge fund databases are 

known to be biased and one could perform this research by combining multiple databases to 

verify the consistency of the information and to collect more data to see if the relationships 

hold. With this methodology, one could also decrease the survivorship bias as different 

databases might report different funds. More complicated and sophisticated matching methods 

such as propensity scores could be used to better match funds. This would also be facilitated 

by merging database leading to an increased number of funds in the sample allowing for better 

matches. In addition, as the alphas were not significant and that the models yielded low R2, it 

would be interesting to estimate the performance with other sophisticated models to discover 

whether they are more adapted. The research could also be studied by applying other models 

such as a vector auto regressive model allowing to incorporate more lags for certain variables 

such as the fund flows and the fund’s performance to determine how investors perceive the 

persistence. Finally, as the goodness of fit of the models are not high, it would be interesting to 

reflect on which additional characteristics to include in order to obtain better models which 

could shed light on what actually drives investors to allocate to particular categories of funds. 

 


