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a b s t r a c t 

This paper examines hedge fund portfolio selection approaches in isolation and in the context of an 

investor’s overall portfolio. Characteristics-based portfolios that minimize risk delivers superior out-of- 

sample performance. For instance, a minimum variance portfolio tilting toward small funds with high 

alpha and strategy distinctiveness index and low systematic risk delivers an annualized Sharpe ratio of 

2.03 with a maximum drawdown of 5.20%. Investors realize diversification benefits by shifting a portion 

of their wealth from 60 to 40 equity-bond portfolio to characteristics-based hedge fund portfolio. In- 

vestors recognize the attractiveness of characteristics-based portfolios, but do not target flows enough to 

erode their superior performance. 

© 2021 The Authors. Published by Elsevier B.V. 
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. Introduction 

Hedge funds that manage currently around $5 trillion in assets 

re an important part of the overall portfolios of institutional in- 

estors such as pension funds and endowment funds. For instance, 

he recent National Association of College and University Business 

fficers (NACUBO) survey found that university endowment funds 

ypically allocate around 20% of their wealth to hedge funds. How- 

ver, some institutional investors such as California Public Employ- 

es’ Retirement System (CalPERS) have been disappointed by the 

alue added by hedge funds. Using a large consolidated hedge fund 

atabase, we provide a systematic study that examines the poten- 

ial value generated by optimal hedge fund portfolios both in iso- 

ation and in the context of an investor’s overall portfolio. 

Our approach relies on recent developments in portfolio choice 

echniques which model the portfolio’s weights in each asset as 

 function of the asset’s characteristics. 1 From a methodological 
� For helpful comments we would like to thank Robert Kosowski, Vance Martin 

nd Antti Petäjistö. We also thank Pekka Tolonen for helping us with the data pro- 

essing. We are grateful for the support of OP-Pohjola Group Research Foundation. 

he usual disclaimer applies. 
∗ Corresponding author.:. 

E-mail address: juha.joenvaara@aalto.fi (J. Joenväärä). 
1 See Brandt (1999) , Aït-Sahalia and Brandt (2001) , and Brandt and Santa- 

lara (2006) . 
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tandpoint, we extend Brandt et al. (2009) ; but instead of op- 

imizing a large-scale equity portfolio, we solve for an optimal 

edge fund portfolio. Toward that end, we parameterize the port- 

olio weights as a function of fund characteristics, thereby solving 

or those parameters in a way that maximizes the investor’s av- 

rage utility. Informed by economic theory and empirical litera- 

ure, we use the following characteristics: fund size, t-statistic of 

lpha, managerial incentives (proxied by high-water mark provi- 

ion), hedging skill measured by factor model’s R 

2 ( Titman and 

iu (2011) ), the strategy distinctiveness index of Sun et al. (2012) , 

nd the systematic risk measure of Bali et al. (2012) . 

We argue that our ” extended parametric portfolio policy”

ethod is particularly well suited to selecting a hedge fund port- 

olio. Indeed, statistical problems are commonly encountered when 

stimating the conditional distributions of hedge fund returns. 

irst, the hedge fund data are inherently of the short-sample type. 

econd, the return moments tend to be highly time-varying given 

hat hedge funds often employ dynamic trading strategies and use 

erivatives. 2 

Although our approach has several economic and economet- 

ic advantages when selecting hedge fund portfolios, the best 
2 Bollen and Whaley (2009) show that hedge fund risk exposures tend to be 

ime-varying. Patton and Ramadorai (2013) document that risk exposure varies 

rom month to month and even within months. 
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ombination of fund characteristics generally depends on the 

articular objective function. We, therefore, consider two types 

f investors who either maximize the constant relative risk- 

version (CRRA) utility or minimize the portfolio’s variance. The 

se of CRRA utility is well motivated, since it means that port- 

olios are maximized under ” manipulation-proof” conditions. 

oetzmann et al. (2007) show that performance measures satis- 

ying these conditions are difficult to ” game” via information- 

ess trading strategies actually not requiring any managerial skill. 3 

he CRRA utility function also takes into account higher moments 

f the return distribution, documented to be important for hedge 

unds (e.g., Lo (2001) ). 

Using out-of-sample performance tests, we examine the value 

dded by characteristics-based portfolios. Given the well-known 

hallenges (e.g., non-linearity and serial correlation in fund re- 

urns) in evaluating hedge fund performance, we employ a large 

et of metrics to ensure that our conclusions are robust. First, 

e document that baseline CRRA-maximized portfolios with a risk 

version of 5 tend to deliver moderate risk-adjusted returns. Our 

nalysis shows that risk-adjusted returns are highest for portfo- 

ios that contain, as characteristics, fund size and alpha t-statistic. 

econd, we document that characteristics-based minimum vari- 

nce portfolios and conservative CRRA-maximized portfolios with 

 risk aversion of 100 deliver superior risk-adjusted returns with 

ow risk. For instance, a minimum variance portfolio tilting to- 

ard small funds with high alpha and strategy distinctiveness in- 

ex as well as low systematic risk delivers an annualized Sharpe 

atio (information ratio) of 2.03 (1.97) with a maximum drawdown 

f 5.20%. A similar minimum variance portfolio that utilizes high- 

ater mark provision instead of systematic risk yields an annual- 

zed Fung and Hsieh (2004) alpha (relative alpha) of 6.59% (6.37%) 

ith a maximum drawdown of 8.89%. Overall, our analysis indi- 

ates that objective functions that are designed for risk minimiza- 

ion deliver the highest out-of-sample performance. Our conclu- 

ions are relatively similar for both recursive and rolling portfolio 

onstruction approaches. 

There are, however, alternative ways to build hedge fund 

ortfolios, and it is, therefore, important to examine how well 

haracteristics-based portfolios perform against these portfolios. 

o do so, we construct hedge fund portfolios by following the 

vramov et al. (2011) approach utilizing macroeconomic informa- 

ion instead of fund characteristics. Using out-of-sample tests, we 

emonstrate that characteristics-based portfolios tend to deliver 

ore stable performance when compared to portfolios relying on 

acroeconomic information. Although the magnitude of return- 

ype measures between these two strategies are not consistently 

igher for characteristics-based portfolios, we find that reward-to- 

isk -type measures are statistically higher for characteristics-based 

ortfolios. This is driven by the fact that the high risk of macroeco- 

omic information-based portfolios is not rewarded by higher re- 

urns. 

To further analyze the out-of-sample performance of 

haracteristics-based portfolios, we conduct a simulation ex- 

eriment which compares our hypothetical portfolios against 

ctual fund-of-funds. We find some evidence that characteristics- 

ased portfolios focusing on risk minimization outperform ac- 

ual fund-of-funds. For instance, in 95% (90%) of simulations, 

haracteristics-based minimum variance portfolios deliver a higher 

anipulation-proof performance measure (Fung–Hsieh alpha) 

han fund-of-funds. However, in many comparisons actual fund- 

f-funds perform equally well when compared to hypothetical 

ortfolios. These comparisons are not entirely fair because fund- 
3 According to Weisman (2002) , hedge funds have been known to employ such 

nformationless strategies and thereby generate a fake alpha — in other words, one 

hat does not reflect true investment skills. 

s

d

f

2 
f-funds may have access to individual funds that are not available 

n commercial databases ( Fung and Hsieh (20 0 0) ) and these 

on-vendor listed funds tend to deliver superior performance 

 Barth et al. (2021) ). In other words, the investment universe of 

ypothetical strategies may not contain the best-performing funds 

hich are available for fund-of-funds. 

Having established that characteristics-based portfolios deliver 

uperior performance in isolation, we next show that these port- 

olios add economic value to a typical investor’s overall port- 

olio. We do so by employing the utility-based approach of 

leming et al. (2001) , which measures economic value as the max- 

mum fee that an investor would be willing to pay for shifting a 

ortion of their wealth from standard asset classes to the selected 

edge funds. Our results show that risk averse investors would re- 

lize diversification benefits by shifting a portion of their wealth 

rom 60 to 40 equity-bond portfolio to characteristics-based hedge 

und portfolios. For example, a risk-averse investor that shifts 20% 

f her wealth from 60–40 equity-bond portfolio to characteristics- 

ased portfolio would realize a 1-2% economic value per 

ear. 

Since characteristics-based portfolios add value to investors, 

e examine whether investors prefer to invest in these funds. 

sing flow-performance regressions, we demonstrate that in- 

estors recognize the superior properties of funds belonging 

o characteristics-based portfolios. Our analysis shows that in- 

estors allocate more flows toward the funds that belong to 

haracteristics-based portfolios that focus on risk minimization. 

e do not find any evidence that investor target more flows to 

iskier funds belonging to portfolios that exploit macroeconomic 

nformation. 

Our paper contributes to the existing hedge fund portfolio se- 

ection literature. Boyson (2008) reports that smaller hedge funds 

re able to generate higher returns. Agarwal et al. (2009) show 

hat hedge funds with greater managerial incentives tend to de- 

iver better performance. Sun et al. (2012) find that hedge funds 

hat pursue unique investment strategies tend to deliver higher re- 

urns. Bali et al. (2012) find that hedge funds with a high system- 

tic risk deliver superior risk-adjusted performance. Titman and 

iu (2011) demonstrate that hedge funds that exhibit low R 

2 with 

espect to common risk factors outperform their high R 

2 peers. Al- 

hough this literature has proposed several performance metrics, 

t is not clear which of them do the best job when investors are 

orming optimal portfolios. We fill this gap in the research by uti- 

izing the information revealed by fund characteristics to form op- 

imal hedge fund portfolios. 

Our paper is also related to studies ( Avramov and Werm- 

rs (2006) , Avramov et al. (2011) and Brandon and Wang (2013) ) 

hat form portfolios that exploit macroeconomic information. Our 

tudy differs from previous ones in that we do not use information 

n a macroeconomic environment; instead, our portfolios only ex- 

loit the information reflected by the characteristics of the hedge 

und itself. 

Several papers extend the parameter portfolio approach pro- 

osed by Brandt et al. (2009) to asset classes other than eq- 

ities. Plazzi et al. (2011) apply the parametric portfolio ap- 

roach to estimate optimal commercial real estate portfolios, 

eMiguel et al. (2013) apply it to optimal stock option portfolios 

nd Barroso and Santa-Clara (2015) apply it to optimal currency 

ortfolios. Although the hedge fund characteristics can only ex- 

lain a small part of the cross-sectional variation in hedge fund 

eturns, this paper shows that parametric hedge fund portfolios are 

ble to deliver significant economic value to investors. 

The rest of this paper is organized as follows. Section 2 con- 

tructs the characteristics-based portfolios. Section 3 describes the 

ata and methods. Section 4 examines the out-of-sample per- 

ormance of characteristics-based portfolios. Section 5 presents 
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4 Untabulated results are very similar when we use 15 or 50 funds instead of 30 

funds. 
lternative ways to build hedge fund portfolios. Section 6 analyses 

otential benefits earned by investors and Section 7 concludes. 

. Building characteristics-based portfolios 

This section introduces our portfolio selection approach 

hich uses hedge fund characteristics to estimate optimal 

ortfolio weights. Our approach is closely related to that of 

randt et al. (2009) , who form optimal large-scale equity portfolio 

trategies that exploit the constituent stocks’ cross-sectional char- 

cteristics. We adapt their approach for the purpose of apprais- 

ng hedge fund performance and investigating which of the fund 

haracteristics are most important for an investor when selecting a 

edge fund portfolio. 

Assume there are M hedge fund managers, m = 1 , . . . , M, whose 

unds share K common characteristics, k = 1 , . . . , K. Thus, we sup- 

ose that the performance of the hedge funds is associated with 

he characteristics that they share. The specification of these com- 

on characteristics is necessarily somewhat arbitrary. Let w m,t de- 

ote a portfolio’s weight for a manager m at time t . First, we as- 

ume that a hedge fund’s weight w m,t for fund m at time t is a

unction of the fund’s K characteristics, 

 m,t = f (x m,t ; θ ) . (1) 

e apply the following linear function to specify the weight in the 

ortfolio: 

 m,t = w 0 ,t + 

1 

M t 
θ� ˆ x m,t , (2) 

here w 0 ,t is the manager’s benchmark portfolio weight at time t , 

is a vector of coefficients to be estimated, and ˆ x m,t is the vector 

f characteristics of hedge fund m standardized cross-sectionally to 

ave a zero mean and unit standard deviation across all funds at 

ate t . The intercept w 0 ,t captures the idea of a benchmark portfo- 

io. We assume an asset-weighted benchmark portfolio weight w 0 ,t 

t date t . The second term, θ� ˆ x m,t , captures the optimal portfolio’s 

eviation from the benchmark portfolio. The term 1 /M t is a nor- 

alization that allows the weight function to be applicable to an 

rbitrary and time-varying number of funds. The flexibility of the 

pproach also enables us to exploit information contained in de- 

unct hedge funds, indicating that our analysis is relatively free of 

urvivorship bias. 

Since the coefficients are time-invariant the coefficients that 

aximize the investor’s conditional expected utility at a given date 

re the same for all dates and therefore they also maximize the in- 

estor’s unconditional utility. This property allows us to estimate θ
y maximizing the sample analogue of the unconditional expected 

tility for a prespecified utility function or some other objective 

unction: 

ax 
θ

1 

T 

T −1 ∑ 

t=0 

u (r p,t+1 ) = 

1 

T 

T −1 ∑ 

t=0 

u 

( M t ∑ 

m =1 

w m,t r m,t+1 

)

= 

1 

T 

T −1 ∑ 

t=0 

u 

( M t ∑ 

m =1 

(
w 0 ,t + 

1 

M t 
θ� ˆ x m,t 

)
r m,t+1 

)
. 

(3) 

Equation (3) is numerically robust and parsimonious, given that 

ur estimation procedure involves only a few parameters. This 

ethod also reduces the risk of in-sample overfitting because the 

oefficients will only deviate from zero if the respective character- 

stics yield a return-risk trade-off that is sensible and consistent 

oth across hedge funds and over time. 

Throughout this paper, we either maximize an investor’s util- 

ty function or minimize the variance of the portfolio return. We 

pply constant relative risk-aversion (CRRA) preferences with re- 

pect to the investor’s wealth using a risk aversion of 5. Following 
3 
randt et al. (2009) , we also use a risk aversion of 1 for aggressive

nvestors and a risk aversion of 100 for conservative investors, re- 

pectively. The choice of a minimum variance portfolio is justified 

y DeMiguel et al. (2009) showing that minimum variance portfo- 

ios perform relatively well in their extensive tests. Many investors 

lso use hedge funds for risk mitigation purposes. 

We impose short-sale constraints to the portfolio choice prob- 

em to reflect the difficulties of short-selling hedge funds. To 

ake portfolios realistically sized, we impose constraints for 

he number of hedge funds in the portfolio. Consistent with 

iken et al. (2015) and Lhabitant (2006) , portfolios are allowed to 

ontain 30 hedge funds. 4 In spirit of Brandt et al. (2009) , we set all

ut the highest 30 weights to zero and renormalize the non-zero 

eights to have a sum of one. 

.1. Selecting hedge fund characteristics 

Previous literature has documented a number of hedge fund 

haracteristics that are related to the cross-sectional variation in 

heir risk-adjusted returns. However, it is unknown which of these 

haracteristics are relevant to an investor when selecting a hedge 

und portfolio. We therefore survey the existing literature and em- 

loy those fund characteristics whose relevance is supported by 

conomic theory and empirical evidence. On that basis we use 

he following six fund characteristics in our empirical analysis: the 

und size, the high-water mark provision, the alpha t-statistic, the 

actor model’s R 

2 ( Titman and Tiu (2011) ), the strategy distinctive- 

ess index (SDI) of Sun et al. (2012) , and the systematic risk mea- 

ure of Bali et al. (2012) . 

First, capacity constraints associated with the profitability 

f different investment strategies can help to explain why 

ome hedge funds deliver higher returns than their peers. 

oyson (2008) provides evidence that smaller hedge funds tend 

o deliver higher future returns than their larger peers. This 

s consistent with the theoretical model proposed by Berk and 

reen (2004) , which predicts that performance suffers once a fund 

rows beyond a certain threshold. In our analysis, we use fund size 

s the proxy for capacity constraints. 

Second, agency theory predicts that hedge funds with better 

anagerial incentives should deliver superior performance. Exist- 

ng literature offer some theoretical models on which optimal in- 

entive contracts for hedge fund managers can be constructed. 

or example, Goetzmann et al. (2003) provide a closed-form so- 

ution to the ” high-water mark” contract under certain condi- 

ions. Their results indicate that managers under such a con- 

ract have an incentive to take excess risks because — owing to 

ts optionlike nature — the value of that contract increases in 

he portfolio’s variance. Yet Panageas and Westerfield (2009) find 

hat, under a long-term contract, even risk-neutral managers will 

ot place unduly large weights on risky assets despite the con- 

ract’s optionlike features. Their results suggest that managers will 

lace a constant fraction of assets in a portfolio that is mean- 

ariance efficient and the balance in a riskless asset, similar to 

n investor with a constant relative risk aversion. Earlier research 

e.g., Ackermann et al. (1999) , Edwards and Caglayan (2001) , and 

iang (1999) ) has examined the relationship between the risk- 

djusted performance of hedge funds and their incentive fee rate. 

 more recent study ( Agarwal et al. (2009) ) documents that hedge 

unds with a high-water mark provision and/or a higher option 

elta for its managers deliver superior performance. Because of its 

implicity, we use the high-water mark provision to proxy for man- 

gerial incentives. 
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Third, research shows that hedge fund performance is per- 

istent and skilled managers tend to hedge against systematic 

isk and pursue unique strategies. For instance, Liang (1999) , and 

garwal and Naik (20 0 0) document performance persistence only 

t quarterly horizons, while using sophisticated econometric meth- 

ds Kosowski et al. (2007) and Jagannathan et al. (2010) show that 

erformance persists even at annual horizons. As the first measure 

f manager skill we use the alpha t-statistic. We employ this met- 

ic because it corrects for outliers via normalization of the alpha 

y its estimated precision. 

Our second skill measure is based on Sun et al. (2012) , who 

emonstrate that skilled managers are more likely to pursue 

nique investment strategies delivering superior risk-adjusted per- 

ormance. Their SDI is based on the correlation between a focal 

edge fund’s return and the average return of a peer fund classi- 

ed in the same category of investment style. 

Our third measure of skill follows Titman and Tiu (2011) , who 

ocument that skilled managers ” hedge away” systematic risk 

nd therefore exhibit a lower R 

2 with respect to such factors. In 

act, they show that hedge funds with low R 

2 values tend to de- 

iver higher alphas, Sharpe ratios, and information ratios than their 

eers. In contrast, Bollen (2013) shows that large portfolios of zero- 

 

2 funds are subject to systematic risk and the presence of an 

mitted factor that exposes investors to appreciable downside risk. 

Finally, Bali et al. (2012) introduce a comprehensive measure of 

ystematic risk (SR) for individual hedge funds by dividing the total 

isk into its systematic and fund-specific components. The authors 

nd that high-SR funds tend to deliver better performance than 

ow-SR funds. It is important to note that funds with high SR need 

ot be high-R 

2 funds; the reason being that high-R 

2 funds have a 

igh ratio of systematic risk to total risk. 

Given the roster of closely related managerial skill metrics at 

ur disposal, a natural course of action is to examine which of 

hem are the best predictors of hedge fund performance and to see 

hether certain combinations can reliably account for differences 

n portfolio performance. 

. Data and preliminary evidence 

.1. Data 

Our aggregate database contains a large set of hedge funds from 

he BarclayHedge, Eurekahedge, Hedge Fund Research, Lipper TASS, 

nd Morningstar databases. We merge these databases using the 

atching procedure proposed by Joenväärä et al. (2021) . We use 

ata from January 1994 through December 2012 to avoid the ef- 

ects of database biases. 5 We exclude funds-of-funds, because the 

im of the paper is to construct portfolios and funds-of-funds are 

lready portfolios as such. We require that the sample hedge funds 

eport their returns on a monthly basis and net of all fees, reveal 

nformation on their high-water mark provision, and have at least 

4 monthly return observations. We convert non-USD returns into 

S dollars using spot rates obtained from Bloomberg. 

To ensure real-time availability of our portfolio strategies, we 

xclude funds that are closed to investments and require that a 

und is listed to commercial databases at the investment moment 

which also addresses backfill bias). 6 We impute missing listing 
5 We focus on data from January 1994 onward as the databases are affected by 

urvivorship bias before 1994 (see, Fung and Hsieh (20 0 0) , and Liang (20 0 0) ). 
6 To exclude closed funds, we use the closed-to-investment dummy and closed- 

o-investment date variables in our latest database snapshots. For robustness, if the 

losing dummy is true but the closing date is missing, we remove the fund from the 

ample. Otherwise, we exclude the fund from portfolios starting from the closing 

ate. Lipper TASS also includes a rarely set reopen-to-investment date, which we 

se similarly to allow the temporarily closed fund to be included into portfolios 

tarting from the reopen date. 

7

s

t

T

s

t

r

p

P

j

4 
ates using the Jorion and Schwarz (2019) method. For funds re- 

orting to multiple databases we use the earliest possible listing 

ate, which increases coverage ( Joenväärä et al. (2021) ). Applying 

hese filters yields a final sample of 11,992 hedge funds, of which 

838 are active and 8154 are defunct. 

In our main empirical analysis, we use fund size and high- 

ater mark provision as well as alpha t-statistic, R 

2 , systematic 

isk and SDI, which are estimated using a 24-month rolling win- 

ow. These first three variables are estimated using stepwise re- 

ressions against a large set of 24 risk factors. 7 This ensures that 

e have as comprehensive a set of systematic risk factors as pos- 

ible. 

We evaluate the out-of-sample performance of the 

haracteristics-based portfolios by estimating the resulting alpha, 

nformation ratio, and Sharpe ratio, as well as the manipulation- 

roof performance measure (MPPM) of Goetzmann et al. (2007) . 

hroughout the analysis, we use the seven-factor model proposed 

y Fung and Hsieh (2004) to estimate the FH alpha. The FH 

odel is then used to estimate the information ratio (IR), which is 

efined as the ratio of the model’s alpha to the standard deviation 

f the residual term. One advantage of the IR is that it does not 

epend on leverage. We also report the Sharpe ratio because — in 

ontrast to the alpha and the IR — it is independent of any bench- 

ark model. However, a hedge fund can manipulate standard 

erformance measures by using, for example, simple and dynamic 

ption strategies. To address the possibility of such manipulation 

r any nonlinearities in hedge fund returns, we employ the MPPM 

hich can be interpreted as the maximum incremental fee an 

nvestor would pay to switch from a risk-free asset to the portfolio 

n question. Finally, we apply the method proposed by Ledoit and 

olf (2008) to test whether the performance measures of any of 

he two given portfolios are statistically distinguishable. 

.2. Preliminary evidence 

We begin by reporting the summary statistics for the funds’ 

haracteristics that are used to construct our portfolio strategies. 

anel A of Table 1 presents the pooled year-end statistics for fund 

haracteristics. An average fund’s assets under management (AUM) 

s $279.9 million, whereas the median size is remarkably lower be- 

ng $91.4 million. About 85% of hedge funds impose a high-water 

ark (HWM) provision. The alpha t-statistic ( α) for an average 

median) fund is 0.89 (0.71), and the model’s corresponding R 

2 

easure is 0.67 (0.73). A typical fund’s alpha is not statistically 

ignificant. Moreover, funds are not always market neutral, as doc- 

mented by Patton (2009) . Indeed, the Bali et al. (2012) system- 

tic risk (SR) measure reveals that the SR of an average (median) 

edge fund is 2.21% (1.67%) per month. The average (median) value 

or the Strategy Distinctiveness Index (SDI) is 0.26 (0.20), which 

s close to the values in Sun et al. (2012) . Panel A also reports

he cross-sectional standard deviations, 25th (Q1) and 75th (Q3) 

ercentiles for fund characteristics. Each characteristic (except for 

he high-water mark provision) exhibits substantial cross-sectional 

ariation, indicating that each characteristic may reflect informa- 

ion that may be useful to distinguish among funds. 
7 Stepwise regression selects, for each 24-month estimation window, (at most) 

 factors out of 24 factors that maximize the adjusted R 2 . The 24 factors are: the 

even Fung and Hsieh (2004) factors (excess return on the S&P 500 index, return on 

he Russell 20 0 0 index minus return on the S&P 500 index, excess return on 10-year 

reasuries, return on Moody’s BAA corporate bonds minus that on the 10-year Trea- 

uries, excess returns on look-back straddles using bonds, currencies, and commodi- 

ies); return on the MSCI Emerging Market index; the Lustig et al. (2011) currency 

isk factor; four US Carhart (1997) factors; four Global Carhart factors; four Euro- 

ean Carhart factors, two Agarwal and Naik (2004) option factors; the Frazzini and 

edersen (2014) betting-against-beta factor; the Asness et al. (2019) quality-minus- 

unk factor; and the Pastor and Stambaugh (2003) liquidity risk factor. 
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Table 1 

Descriptive statistics of hedge fund characteristics. The table shows summary statistics of the annual fund char- 

acteristics (Panel A) from 1995 through 2012, and the correlation matrix between hedge fund returns and those 

characteristics (Panel B). Fund return is the monthly average of a hedge fund’s excess return. AUM refers to a 

hedge fund’s assets under management, measured in millions of US dollars. HWM is an indicator variable set 

equal to 1 if the fund has a high-water mark provision and is set to 0 otherwise while α is the t-statistic of the 

intercept of the stepwise benchmark regression estimated against a large set of 24 risk factors. SDI is the Strat- 

egy Distinctiveness Index of Sun, Wang, and Zheng (2012), defined as 1 minus the correlation between the focal 

hedge fund’s return and the average returns of peer funds in the same style category. SR is the measure defined 

by Bali, Brown, and Caglayan (2012). It is obtained by decomposing the total risk from the stepwise benchmark 

regression into its systematic and idiosyncratic (residual) components. R 2 is the coefficient of determination in 

the stepwise benchmark regression. Mean is the pooled average of a particular fund characteristic, and S.D. is 

the standard deviation. Q1, Median, and Q3 are (respectively) the 25th, 50th, and 75th percentile of a particular 

fund characteristic. All characteristics are based on each year’s December values. Each fund’s mean return, alpha 

t-statistic, SDI, systematic risk, and R 2 are estimated using a 24-month rolling window. The top and bottom 1% of 

all characteristics except fund size are winsorized to minimize the influence of outliers. 

Panel A: Summary statistics 

Fund return (% pm) AUM (M USD) HWM α SDI SR (% pm) R 2 

Mean 0.62 279.90 0.85 0.89 0.26 2.20 0.67 

S.D. 1.24 838.19 0.36 2.51 0.20 1.96 0.24 

Q1 0.03 40.26 1.00 -0.72 0.12 0.76 0.52 

Median 0.50 91.40 1.00 0.71 0.20 1.67 0.73 

Q3 1.10 240.00 1.00 2.26 0.34 3.11 0.86 

Panel B: Correlation matrix 

Fund return AUM (in logs) HWM α SDI SR R 2 

Fund return 1 

AUM (in logs) 0.058 1 

HWM 0.013 0.074 1 

α 0.307 0.069 0.030 1 

SDI 0.092 -0.030 0.034 0.256 1 

SR 0.020 -0.112 -0.069 -0.151 -0.339 1 

R 2 -0.047 0.039 -0.052 -0.135 -0.510 0.597 1 
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8 The p-values are based on the stationary block bootstrap of Politis and Ro- 
Panel B displays the correlations for fund characteristics and 

eturns. The characteristics are not highly correlated with each 

ther except when their definitions are closely related. As ex- 

ected, we find the highest correlation of 0.60 between SR and 

 

2 . Yet fund characteristics are correlated with the funds’ returns, 

s suggested by prior literature. That correlation rationalizes our 

nterest in determining which fund characteristics are the most 

mportant for investors when devising their investment strategies 

nd especially to evaluate how our characteristics-based strategy 

erforms. 

To examine typical hedge fund performance, we compute 

qual-weighted (EW) and value-weighted (VW) returns for funds 

hat are included in our out-of-sample tests from January 20 0 0 

hrough December 2012. The first two rows of Table 2 show 

hat an annualized FH alpha for an EW (VW) portfolio is 

.16% (1.11%) with a t-statistic of 0.73 (0.70). The magnitude of 

hese alphas is consistent with recent literature (e.g., Jorion and 

chwarz (2019) and Joenväärä et al. (2021) .) 

To better understand the potential value added by 

haracteristics-based portfolios, we sort hedge funds into quintile 

ortfolios based on six selected fund characteristics. All portfolios 

re formed and rebalanced at December. Table 2 shows that 

he selected fund characteristics are moderately related to fund 

erformance and risk. Our analysis reveals that AUM, α and 

WM are related return-type measures, while risk-type measures 

re associated with SDI, SR and R 

2 . For instance, average return 

preads between top and bottom portfolios are at least marginally 

ignificant for AUM, α and HWM, while the respective spreads for 

DI, SR and R 

2 are indistinguishable from zero. Both maximum 

rawdown and return volatility spreads are widest for SDI, SR and 

 

2 . Systematic risk sorted portfolios present an interesting pattern. 

onsistent with Bali et al. (2012) , we find that SR is positively 

ssociated with fund returns; but, it comes with a trade-off since 

igh-SR (low-SR) funds have extremely high (low) volatility, and, 

herefore, they have low (high) Sharpe ratios. 
m

5 
Our analysis suggests that especially AUM, α and HWM may 

e useful for maximizing returns while SDI, SR and R 

2 could be 

elpful in achieving a lower risk. This preliminary analysis also re- 

eals that the out-of-sample performance based only on one of the 

haracteristics in isolation is at best moderate. We expect that the 

erformance will be much higher and risk lower when we simul- 

aneously utilize several characteristics in an optimal way. 

. Performance of characteristics-based portfolios 

In this section, we first analyze the statistical significance of pa- 

ameter estimates, and, thereafter, we focus on the out-of-sample 

erformance of characteristics-based portfolios. 

.1. Statistical analysis of parameter estimates 

Using the data from December 1995 through December 2012, 

e estimate full-sample parameter vector θ , and examine which 

f the fund characteristics are statistically important determinants 

f the optimal portfolio weights. Table 3 presents the parame- 

er estimates and corresponding bootstrapped p-values for each of 

he fund characteristics when a portfolio’s CRRA utility function is 

aximized, or variance is minimized. 8 Our analysis reveals that α
nd HWM are statistically significant determinants for relatively 

ggressive CRRA portfolios. For portfolios that mitigate risk, SDI 

nd SR are the most consistent statistical determinants. Our sta- 

istical evidence indicates that higher returns can be obtained by 

ilting portfolio weights toward high-alpha funds with high-water 

ark provisions, whereas lower risk can be achieved by allocating 

ore to high-SDI and low-SR funds. 

Panel A shows the results for investors who maximize CRRA 

tility with a coefficient of 5. Across specifications, parameter esti- 
ano (1994) with 500 replications and an expected block length of six months. 
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Table 2 

Portfolio sorts on fund characteristics. We sort hedge funds on each December from 1999 through 2011 into five portfolios 

based on fund characteristics. The out-of-sample portfolio returns range from January 20 0 0 through December 2012. Mean is 

the portfolio’ s mean excess return and S.D. is its standard deviation; Sharpe is the Sharpe ratio, or the mean excess return 

divided by its standard deviation. Relative (EW) alpha is obtained by regressing portfolio returns against value-weighted 

hedge fund index. Values for FH alpha and IR (information ratio) are estimated using the Fung and Hsieh (2004) seven-factor 

model and defined (respectively) as the intercept of the regression model and the intercept divided by the standard deviation 

of the residual term. MPPM is the manipulation-proof performance measure of Goetzmann et al. (2007), estimated using a 

risk-aversion coefficient of 5 while MaxDD is the maximum drawdown. The t-statistics (in parentheses) are based on Newey 

and West (1997) standard errors. In the table ∗ ∗ and ∗ denote statistical significance at the 0.01 and 0.05 levels, respectively. 

Characteristic Portfolio Mean S.D. Sharpe EW α FH α IR MPPM MaxDD 

(% pa) (% pa) (pa) (% pa) (% pa) (pa) (% pa) (%) 

Benchmark EW 3.74 7.94 0.47 -0.08 1.16 0.26 2.11 25.53 

VW 3.73 7.76 0.48 0.00 1.11 0.25 2.18 24.90 

AUM Top 3.34 7.32 0.46 -0.14 0.57 0.13 1.95 23.79 

4 3.07 7.82 0.39 -0.66 0.31 0.07 1.47 26.27 

3 3.40 8.11 0.42 -0.46 0.99 0.22 1.69 26.47 

2 4.00 8.49 0.47 -0.05 1.16 0.25 2.14 27.18 

Bottom 4.86 8.46 0.57 0.90 2.78 0.59 3.05 24.16 

Top – Bottom -1.52 -1.13 ∗ -0.12 -1.04 -2.21 ∗ -0.47 -1.10 -0.37 

t-statistic (-1.73) (-2.35) (-1.03) (-0.94) (-2.04) (-1.95) (-1.17) (-0.12) 

α Top 4.47 6.54 0.68 1.42 1.88 0.53 3.35 22.74 

4 4.30 8.24 0.52 0.38 1.47 0.32 2.55 24.24 

3 4.25 8.56 0.50 0.18 1.45 0.29 2.31 28.78 

2 2.75 8.33 0.33 -1.19 0.53 0.11 0.98 24.08 

Bottom 2.92 8.80 0.33 -1.19 0.48 0.09 0.94 28.37 

Top – Bottom 1.56 -2.26 ∗∗ 0.35 2.60 ∗ 1.40 0.44 ∗ 2.41 ∗ -5.63 

t-statistic (1.70) (-4.14) (1.75) (2.28) (1.56) (2.07) (2.23) (-1.50) 

HWM Yes 4.09 7.73 0.53 0.38 1.62 0.37 2.55 24.74 

No 2.80 9.52 0.29 -1.73 -0.49 -0.09 0.40 32.51 

Yes – No 1.29 -1.79 ∗∗ 0.23 ∗∗ 2.10 ∗∗ 2.10 ∗∗ 0.46 ∗∗ 2.14 ∗ -7.77 ∗

t-statistic (1.66) (-4.96) (3.94) (4.38) (3.71) (5.38) (2.29) (-2.28) 

Characteristic Portfolio Mean S.D. Sharpe EW α FH α IR MPPM MaxDD 

(% pa) (% pa) (pa) (% pa) (% pa) (pa) (% pa) (%) 

SDI Top 3.50 3.92 0.89 2.39 2.56 0.71 3.11 12.11 

4 3.05 6.39 0.48 0.11 0.75 0.18 1.98 25.75 

3 3.81 8.41 0.45 -0.18 1.28 0.28 2.00 23.57 

2 4.26 10.51 0.41 -0.70 1.28 0.23 1.40 29.87 

Bottom 4.08 13.04 0.31 -1.99 -0.05 -0.01 -0.31 36.28 

Top – Bottom -0.58 -9.12 ∗∗ 0.58 4.38 ∗ 2.61 0.72 3.41 -24.17 ∗∗

t-statistic (-0.15) (-8.05) (1.69) (1.98) (1.10) (1.85) (0.76) (-2.60) 

SR Top 5.13 16.55 0.31 -2.61 1.33 0.15 -2.04 43.83 

4 4.02 9.93 0.41 -0.69 0.36 0.06 1.47 31.18 

3 3.74 7.08 0.53 0.40 1.26 0.29 2.44 20.56 

2 3.51 4.49 0.78 1.46 1.81 0.66 2.98 16.85 

Bottom 2.29 3.05 0.75 1.06 1.06 0.52 2.04 13.18 

Top – Bottom 2.84 13.50 ∗ -0.44 -3.66 0.27 -0.37 -4.08 30.65 ∗∗

t-statistic (0.59) (11.70) (-0.96) (-1.37) (0.09) (-0.75) (-0.71) (2.98) 

R 2 Top 3.21 11.95 0.27 -2.40 -0.30 -0.05 -0.52 37.38 

4 4.17 10.37 0.40 -0.77 0.91 0.17 1.35 32.00 

3 4.18 8.27 0.51 0.25 1.47 0.30 2.43 24.23 

2 4.11 6.05 0.68 1.33 2.23 0.53 3.17 18.61 

Bottom 3.01 4.27 0.71 1.18 1.51 0.47 2.54 14.50 

Top – Bottom 0.20 7.68 ∗∗ -0.44 -3.58 ∗∗ -1.81 -0.52 ∗ -3.06 22.88 ∗∗

t-statistic (0.07) (9.11) (-1.92) (-2.56) (-1.41) (-2.06) ( −0.91) (2.80) 
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ates for α and HWM are positive and significant. For AUM, esti- 

ates are negative, albeit insignificant. Estimates for SDI, SR and 

 

2 do not show any significance and their signs are not always 

onsistent with prior literature. 

From Panel B, we observe that parameter estimates for more 

ggressive CRRA portfolios ( γ = 1 ) are very similar to the ones for 

he baseline case ( γ = 5 ). However, in contrast to the baseline case, 

stimates for SDI (SR) are sometimes negatively (positively) signif- 

cant, consistent with more tolerance for risk. 

Panel C presents parameter estimates for an investor who min- 

mizes the portfolio’s variance. Across specifications, estimates for 

and SDI are positively significant, while estimates for SR are 

egatively significant. For some specifications, estimates for AUM 

HWM) are negative (positive) and statistically significant. Esti- 

ates for R 

2 are always insignificant, indicating that R 

2 is statis- 

ically redundant. 

Panel D shows estimates for extremely risk averse CRRA port- 

olios ( γ = 100 ). In contrast to minimum variance portfolios that 
6 
onsider only the second return moment, conservative CRRA port- 

olios also pays attention to higher return moments. We find, 

owever, that parameter estimates are very similar for both ex- 

reme risk averse CRRA-maximized portfolios and minimum vari- 

nce portfolios. Statistically the two most promising strategies are 

UM- α-HWM-SDI and AUM- α-SDI-SR. 

.2. Recursive vs. rolling parameter estimates 

Our statistical analysis focused on full-sample parameter esti- 

ates. However, in out-of-sample performance tests, we only use 

stimates based on historical data up to portfolio formation date, 

sing either recursive (i.e., expanding) or rolling estimation win- 

ows. The recursive estimation is based on unconditional mo- 

ents, and, therefore assumes that the cross-sectional correlation 

etween characteristics and returns is stable. The rolling estima- 

ion is less restrictive allowing drifts in estimated loadings on the 
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Table 3 

Statistical significance of parameter estimates. This table presents the full-sample parameter estimates and their 

bootstrapped p-values (in parentheses) for the characteristics-based optimal portfolios with a long-only con- 

straint and a number of funds constraint that is set equal to 30. Panels A, B, and D present the results for 

CRRA-maximized portfolios when risk aversion is set to 5, 1, and 100. Panel C presents the results for minimum 

variance portfolios. In the table ∗ ∗ and ∗ denote statistical significance at the 0.01 and 0.05 levels, respectively. 

Panel A: Estimates for CRRA-maximized portfolios with risk aversion of 5 

Variable (1) (2) (3) (4) (5) (6) (7) 

AUM −5.76 −6.22 −2.19 −4.88 −1.95 

(0.10) (0.11) (0.34) (0.23) (0.48) 

α 12.49 ∗∗ 8.69 ∗ 9.23 ∗ 8.92 ∗ 12.68 ∗∗ 10.99 ∗

(0.00) (0.02) (0.01) (0.02) (0.00) (0.02) 

HWM 20.50 ∗ 26.49 ∗∗ 27.28 ∗∗ 29.95 ∗∗

(0.01) (0.00) (0.00) (0.00) 

SDI −2.51 −2.82 2.20 1.18 

(0.14) (0.09) (0.25) (0.38) 

SR 2.04 −0.17 2.28 

(0.35) (0.14) (0.21) 

R 2 −7.10 −3.31 

Panel B: Estimates for CRRA-maximized portfolios with risk aversion of 1 

Variable (1) (2) (3) (4) (5) (6) (7) 

AUM −4.49 −31.93 23.20 −2.47 −18.17 

(0.28) (0.21) (0.33) (0.37) (0.44) 

α 47.22 ∗∗ 42.40 ∗ 93.84 ∗ 101.95 ∗ 45.36 ∗ 32.89 ∗

(0.00) (0.02) (0.03) (0.03) (0.01) (0.02) 

HWM 62.95 ∗∗ 96.82 ∗∗ 76.01 ∗∗ 103.86 ∗∗

(0.00) (0.00) (0.00) (0.00) 

SDI −36.55 ∗ −33.31 ∗ 7.29 6.86 

(0.03) (0.01) (0.31) (0.44) 

SR 9.25 30.90 ∗ 16.89 

(0.15) (0.03) (0.16) 

R 2 −35.95 −16.87 

(0.19) (0.24) 

Panel C: Estimates for minimum variance portfolios 

Variable (1) (2) (3) (4) (5) (6) (7) 

AUM 2.89 6.05 −8.51 −8.75 ∗ −8.83 ∗

(0.50) (0.38) (0.06) (0.03) (0.03) 

α 43.42 ∗∗ 27.99 ∗∗ 12.17 ∗∗ 17.01 ∗∗ 7.13 ∗∗ 7.90 ∗∗

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) 

HWM 16.54 ∗ 3.18 ∗ 10.99 ∗ 1.76 

(0.01) (0.01) (0.03) (0.33) 

SDI 14.49 ∗∗ 21.78 ∗∗ 7.16 ∗∗ 8.52 ∗

(0.00) (0.00) (0.00) (0.01) 

SR −6.85 ∗∗ −8.40 ∗∗ −11.79 ∗∗

(0.00) (0.00) (0.00) 

R 2 −1.10 −0.85 

(0.23) (0.34) 

Panel D: Estimates for CRRA-maximized portfolios with risk aversion of 100 

Variable (1) (2) (3) (4) (5) (6) (7) 

AUM 22.01 1529.99 −11.97 ∗ −11.84 ∗ −11.32 ∗

(0.46) (0.33) (0.02) (0.01) (0.03) 

α −4.36 −28.90 8.11 ∗∗ 14.22 4.39 ∗∗ 7.11 ∗∗

(0.28) (0.47) (0.00) (0.18) (0.00) (0.00) 

HWM 286.68 ∗∗ 2.90 ∗∗ 62.09 ∗ 2.19 ∗

(0.00) (0.00) (0.01) (0.02) 

SDI 9.28 ∗∗ 14.75 ∗ 3.32 ∗ 12.09 

(0.00) (0.04) (0.01) (0.15) 

SR −4.26 ∗∗ −5.07 ∗∗ −19.61 ∗∗

(0.00) (0.00) (0.00) 

R 2 −4.46 −17.47 

(0.09) (0.20) 
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9 Our relatively short data period does not allow for a 10-year rolling window as 
haracteristics. Hence, it is important to examine whether our re- 

ults are sensitive to this assumption. 

For recursive analysis, we estimate the first parameter vector θ
sing data from December 1995 through December 1999. There- 

fter, we increase the sample size by adding the following 12 

onthly observations and then re-estimate the model for each 

ubsequent year. Thus, to obtain each year’s parameter vector θ , 

e estimate the parameters in an increasing window. For rolling 
i

7 
nalysis, we use a five-year window except for the first window 

hich has only four years data available. 9 

Fig. 1 shows the time variation in annual parameter estimates 

or strategies that combine the most promising characteristics 
n Brandt et al. (2009) . 
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Fig. 1. Recursive vs. rolling parameter estimation. This figure shows the annual variation of parameter estimates in characteristics-based portfolios, and compares the es- 

timates produced by recursive and rolling estimation windows. In recursive estimation, we use all data from December 1995 until the estimation month (December 1999 

through 2011). In rolling estimation, we use only the most recent five years of data (or four years for the first estimation month December 1999). In Panels A and B, parame- 

ters are chosen to maximize CRRA utility with risk aversion of 5; and in Panels C and D, they are chosen to minimize variance. The characteristics used in each portfolio are 

shown in a hyphen-separated format: for example, AUM- α -HWM denotes a portfolio utilizing the three characteristics fund size, t-statistic of alpha, and high-water mark 

dummy. The characteristics are defined in Table 1 . 

8 
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ased on our statistical analysis. Recursive parameter estimates are 

uite similar to their corresponding full-sample values, and sta- 

le over time. As expected, rolling parameter estimates show much 

ore time variation, but generally in consistent directions—that is, 

nly the degree of characteristic tilts changes over time. This is 

ell illustrated in Panel A, whose left-hand (right-hand) side plots 

he recursive (rolling) parameter estimates for the AUM- α-HWM 

trategy when CRRA utility is maximized with a risk aversion of 5. 

n rolling estimates, high-water mark’s loading is large and positive 

uring the early period, but drops to close to zero around 2006. 

he rolling coefficient for the fund size is negative and relatively 

arge during the early period but converges close to zero toward 

he end of the sample period. 

Panel B shows similar behavior for the AUM- α-SDI-SR strategy 

ith the same CRRA utility of 5. The rolling estimates on α and SR 

re consistently positive, but their magnitudes grow prior to the 

008 financial crisis, and slowly decrease thereafter. Rolling load- 

ngs on fund size and SDI also briefly switch signs around the cri- 

is. However, the recursive parameter estimates remain stable over 

ime. 

Panels C and D plot estimates for the AUM- α-HWM-SDI and 

UM- α-SDI-SR strategies when a portfolio’s variance is minimized. 

hese risk-mitigating strategies show more stability in rolling pa- 

ameter estimates, especially in Panel C. In Panel D, the nega- 

ive loading on SR strengthens prior to the financial crisis, while 

oading on fund size switches to positive, suggesting success- 

ully timed avoidance of funds with higher market and liquidation 

isk. 

.3. Out-of-sample performance 

In this section, we examine the out-of-sample performance 

f characteristics-based portfolios over the period from January 

0 0 0 through December 2012. To ensure our tests are feasible, 

e follow the literature (e.g., Avramov et al. (2011) and Joenväärä

t al. (2019) ) and rebalance the portfolios at annual frequencies. 

able 4 indicates that characteristics-based portfolios deliver supe- 

ior out-of-sample performance. Portfolios that minimize risk de- 

iver superior returns with low risk, while more aggressive portfo- 

io strategies generate only moderate risk-adjusted returns. Among 

he six fund characteristics, AUM and α are useful for achieving 

uperior returns, while SDI and SR are useful for risk minimiza- 

ion. The out-of-sample performance is relatively similar for both 

ecursive and rolling estimation approaches. 

Panels A and B present the out-of-sample performance results 

hen the CRRA utility with risk aversion of 5 or 1 is maximized. 

mong the combinations of characteristics, portfolios exploiting 

UM, α, and HWM deliver the most consistent performance. For 

nstance, a recursive (rolling) AUM- α-HWM strategy delivers an 

nnualized FH alpha of 2.97% (4.02%) and relative alpha of 3.23% 

4.42%) with a maximum drawdown of 18.15% (12.92%). The re- 

ults are almost identical with and without HWM, for both risk 

version levels, and for both recursive and rolling parameter esti- 

ation. The out-of-sample performance is not impressive for other 

haracteristics combinations except for the recursive AUM- α-SDI- 

R portfolio. However, the rolling version of that strategy delivers 

oor performance. This is consistent with Fig. 1 , where this par- 

icular rolling strategy becomes increasingly performance-chasing 

higher α loading) and risk-seeking (higher SR loading) prior to the 

008 financial crisis. This suggests that a five-year window may 

ot be long enough for constructing high-risk portfolios, but un- 

ortunately our data period does not allow for a 10-year rolling 

indow as in Brandt et al. (2009) . 

Panel C shows that the out-of-sample performance of minimum 

ariance portfolios is superior to the CRRA-maximized portfolios. 

erformance measures are almost consistently significant across all 
9 
und characteristics combinations. Performance (risk) measures are 

lightly higher (lower) for the recursive estimation approach than 

he rolling estimation approach. The AUM- α-HWM-SDI portfolio 

elivers the highest mean returns, alphas, and MPPMs with rela- 

ively low risk measures and high reward-to-risk ratios. For exam- 

le, the recursive version of that strategy provides an annualized 

H alpha (relative alpha) of 6.59% (6.37%). The recursive AUM- α- 

DI-SR portfolio yields the highest Sharpe ratio of 2.03 per year 

ith extremely low maximum drawdown of 5.20%. Among the 

ortfolios, the lowest risk is generated by the recursive SDI-SR-R 

2 

ortfolio. Unfortunately, it does not provide high risk-adjusted re- 

urns, and its rolling portfolio delivers poor performance. 

Panel D shows that conservative CRRA portfolios with a risk 

version of 100 deliver substantial risk-adjusted returns. The 

erformance of these portfolios is very close to the perfor- 

ance of minimum variance portfolios. Like the minimum vari- 

nce portfolios, the AUM- α-HWM-SDI portfolio delivers extremely 

igh return-type measures without suffering from large draw- 

owns, while the AUM- α-SDI-SR portfolio has extremely low 

aximum drawdown with relatively high return-type measures. 

or example, the recursive AUM- α-HWM-SDI strategy yields a 

H alpha of 6.33% per year with a maximum drawdown of 

.77%, while the respective AUM- α-SDI-SR portfolio has an an- 

ualized FH alpha of 4.08% with a maximum drawdown of 

.75%. 

. Alternative ways to build hedge fund portfolios 

In this section, we first compare the performance of 

haracteristics-based portfolios against portfolios that exploit 

acroeconomic information. Then, we run a simulation experi- 

ent to see how characteristics-based portfolios perform against 

ctual fund-of-funds and random hedge fund portfolios. 

.1. Portfolio selection with macroeconomic variables 

As an alternative approach to form optimal hedge fund port- 

olios, we follow the approach proposed by Avramov et al. (2011) . 

heir approach assumes that hedge funds possess managerial skills 

hat can be predicted by exploiting the macroeconomic informa- 

ion. The process that generates hedge fund returns can be de- 

cribed using the following three equations: 

 m,t = αm, 0 + α′ 
m, 1 z t−1 + β ′ 

m, 0 f t + β ′ 
m, 1 ( f t � z t−1 ) + εm,t , 

f t = α f + A 

′ 
f z t−1 + ε f,t , 

z t = αz + A 

′ 
z z t−1 + εz,t , (4) 

here r m,t is the excess return of hedge fund m in month t , z t 
s the vector of macroeconomic predictors observed at the end 

f month t and assumed to follow vector autoregression with 

rder of one, f t is a vector of benchmark factors, βm, 0 

(
βm, 1 

)
s the static (time-varying) component of hedge fund risk load- 

ngs, and εm,t is a normally distributed fund-specific error distur- 

ance that is assumed to be uncorrelated across funds and over 

ime. 

To solve optimal portfolio weights, the investor maximizes the 

onditional expected value of the following quadratic utility func- 

ion 

 (W t , r p,t+1 , a, b) = a t + W t r p,t+1 − b t 

2 

W 

2 
t r 

2 
p,t+1 , (5)

here W t denotes wealth at time t , b t the absolute risk aver- 

ion coefficient, and r p,t+1 excess return for optimal portfolio p. 

he solution for the quadratic utility maximization problem can 

e obtained by taking conditional expectations on both sides of 
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Table 4 

Out-of-sample performance of characteristics-based portfolios. The table shows performance results for characteristics-based portfolios from 20 0 0 through 2012. The first 

Recursive estimation period covers data from December 1995 through December 1999. For every subsequent year, the estimation window is increased by one year until the 

end of the sample. Rolling estimation is based on a 5-year window. Table 2 defines the performance measures. Here ∗ ∗ and ∗ denote statistical significance at the 0.01 and 

0.05 levels, respectively. 

Specification Method Mean S.D. Sharpe EW α FH α IR MPPM MaxDD 

Panel A: CRRA-maximized portfolios with risk aversion of 5 

AUM- α Recursive 5.65 ∗∗ 4.34 ∗∗ 1.30 ∗ 4.04 ∗∗ 4.14 ∗∗ 1.20 ∗∗ 5.16 ∗∗ 13.71 ∗∗

Rolling 5.88 ∗∗ 4.51 ∗∗ 1.31 ∗∗ 4.14 ∗∗ 4.15 ∗∗ 1.32 ∗∗ 5.36 ∗∗ 13.78 ∗∗

AUM- α-HWM Recursive 5.19 ∗∗ 5.31 ∗∗ 0.98 ∗ 3.23 ∗ 2.97 0.69 ∗ 4.47 ∗∗ 18.15 ∗

Rolling 6.13 ∗∗ 4.79 ∗∗ 1.28 ∗∗ 4.42 ∗∗ 4.02 ∗∗ 1.13 ∗∗ 5.54 ∗∗ 12.92 ∗∗

AUM- α-HWM-SDI Recursive 3.92 6.27 ∗∗ 0.63 1.43 1.29 0.26 2.90 24.03 ∗

Rolling 3.93 6.76 ∗∗ 0.58 1.24 0.74 0.16 2.74 26.75 ∗

α-HWM-SDI Recursive 4.60 ∗ 6.21 ∗∗ 0.74 2.11 2.28 0.46 3.60 23.15 ∗

Rolling 4.22 6.91 ∗∗ 0.61 1.40 1.23 0.25 2.97 26.79 ∗

AUM- α-SDI-SR Recursive 5.74 ∗∗ 3.85 ∗∗ 1.49 ∗∗ 4.46 ∗∗ 4.57 ∗∗ 1.48 ∗∗ 5.35 ∗∗ 8.15 ∗∗

Rolling 3.89 6.13 ∗∗ 0.63 1.67 1.80 0.41 2.87 30.95 ∗∗

AUM- α-HWM-SR-R 2 Recursive 5.08 ∗ 5.72 ∗∗ 0.89 3.14 ∗ 2.54 0.57 4.20 22.10 ∗

Rolling 4.78 6.37 ∗∗ 0.75 2.51 2.17 0.46 3.70 29.36 ∗

SDI-SR-R 2 Recursive 3.39 ∗ 6.32 ∗∗ 0.54 1.29 2.38 0.42 2.39 16.10 ∗

Rolling 0.10 8.43 ∗∗ 0.01 -2.03 -2.30 -0.29 -1.80 42.92 ∗∗

Panel B: CRRA-maximized portfolios with risk aversion of 1 

AUM- α Recursive 5.17 ∗∗ 4.06 ∗∗ 1.27 ∗ 3.72 ∗∗ 3.59 ∗∗ 1.21 ∗∗ 4.74 ∗∗ 12.10 ∗∗

Rolling 5.78 ∗∗ 4.56 ∗∗ 1.27 ∗∗ 4.02 ∗∗ 4.01 ∗∗ 1.24 ∗∗ 5.25 ∗∗ 12.11 ∗∗

AUM- α-HWM Recursive 5.74 ∗∗ 4.54 ∗∗ 1.27 ∗ 4.11 ∗∗ 3.66 ∗∗ 1.03 ∗∗ 5.20 ∗∗ 12.51 ∗∗

Rolling 6.08 ∗∗ 4.76 ∗∗ 1.28 ∗∗ 4.31 ∗∗ 4.10 ∗∗ 1.13 ∗∗ 5.50 ∗∗ 10.85 ∗∗

AUM- α-HWM-SDI Recursive 2.94 7.57 ∗∗ 0.39 -0.19 -0.43 -0.08 1.47 26.32 ∗

Rolling 4.64 7.17 ∗∗ 0.65 1.73 1.23 0.24 3.32 25.56 ∗

α-HWM-SDI Recursive 2.44 7.83 ∗∗ 0.31 -0.63 -0.21 -0.04 0.81 25.18 ∗∗

Rolling 3.18 7.59 ∗∗ 0.42 0.31 0.48 0.08 1.65 25.42 ∗∗

AUM- α-SDI-SR Recursive 4.69 ∗ 5.22 ∗∗ 0.90 2.83 ∗ 2.59 ∗ 0.71 ∗ 3.98 19.72 ∗∗

Rolling 2.96 6.29 ∗∗ 0.47 0.66 0.76 0.16 1.90 29.61 ∗

AUM- α-HWM-SR-R 2 Recursive 5.03 ∗ 6.57 ∗∗ 0.77 2.58 2.49 0.50 3.85 25.31 ∗

Rolling 5.37 6.78 ∗∗ 0.79 2.96 2.68 0.54 4.19 28.27 ∗∗

SDI-SR-R 2 Recursive 4.19 11.93 ∗∗ 0.35 0.04 2.06 0.20 0.28 40.26 ∗

Rolling -3.23 16.25 ∗∗ -0.20 -8.41 -8.37 -0.60 -14.30 71.84 ∗∗

Specification Method Mean S.D. Sharpe EW α FH α IR MPPM MaxDD 

Panel C: Minimum variance portfolios 

AUM- α Recursive 5.99 ∗∗ 4.84 ∗∗ 1.24 ∗ 4.22 ∗∗ 4.83 ∗∗ 1.19 ∗∗ 5.38 ∗∗ 17.16 ∗∗

Rolling 4.30 ∗ 5.44 ∗∗ 0.79 2.17 ∗∗ 2.90 0.65 3.54 18.79 ∗∗

AUM- α-HWM Recursive 5.24 ∗∗ 4.10 ∗∗ 1.28 ∗ 3.64 ∗∗ 3.69 ∗∗ 1.14 ∗∗ 4.80 ∗∗ 14.22 ∗∗

Rolling 6.01 ∗∗ 5.46 ∗∗ 1.10 ∗∗ 3.83 ∗∗ 4.51 ∗∗ 1.01 ∗∗ 5.24 ∗∗ 15.73 ∗∗

AUM- α-HWM-SDI Recursive 6.43 ∗∗ 4.37 ∗∗ 1.47 ∗∗ 6.37 ∗∗ 6.59 ∗∗ 1.67 ∗∗ 5.92 ∗∗ 8.89 ∗∗

Rolling 6.01 ∗∗ 4.67 ∗∗ 1.29 ∗∗ 5.73 ∗∗ 6.10 ∗∗ 1.45 ∗∗ 5.43 ∗∗ 11.49 ∗∗

α-HWM-SDI Recursive 5.47 ∗∗ 3.65 ∗∗ 1.50 ∗∗ 5.35 ∗∗ 4.98 ∗∗ 1.51 ∗∗ 5.11 ∗∗ 10.06 ∗∗

Rolling 5.75 ∗∗ 4.03 ∗∗ 1.43 ∗∗ 5.26 ∗∗ 5.41 ∗∗ 1.40 ∗∗ 5.32 ∗∗ 10.90 ∗∗

AUM- α-SDI-SR Recursive 5.05 ∗∗ 2.49 ∗∗ 2.03 ∗∗ 4.48 ∗∗ 4.25 ∗∗ 1.97 ∗∗ 4.88 ∗∗ 5.20 ∗∗

Rolling 4.35 ∗∗ 3.88 ∗∗ 1.12 3.25 ∗ 3.15 0.91 3.95 ∗∗ 16.56 ∗∗

AUM- α-HWM-SR-R 2 Recursive 4.60 ∗∗ 2.56 ∗∗ 1.79 ∗∗ 3.82 ∗∗ 3.76 ∗∗ 1.81 ∗∗ 4.42 ∗∗ 7.77 ∗∗

Rolling 4.57 ∗∗ 3.69 ∗∗ 1.24 ∗ 3.46 ∗∗ 3.63 ∗∗ 1.13 ∗∗ 4.21 ∗∗ 11.74 ∗∗

SDI-SR-R 2 Recursive 4.27 ∗∗ 2.39 ∗∗ 1.78 ∗∗ 3.84 ∗∗ 3.62 ∗∗ 1.61 ∗∗ 4.11 ∗∗ 4.95 ∗∗

Rolling 2.69 ∗ 3.94 ∗∗ 0.68 1.58 1.54 0.44 2.28 15.24 ∗∗

Panel D: CRRA-maximized portfolios with risk aversion of 100 

AUM- α Recursive 4.84 ∗ 7.98 ∗∗ 0.61 ∗ 1.85 3.26 ∗ 0.52 ∗ 3.27 14.87 ∗∗

Rolling 4.13 ∗ 6.07 ∗∗ 0.68 ∗ 1.83 2.88 ∗ 0.67 ∗∗ 3.22 14.07 ∗∗

AUM- α-HWM Recursive 4.81 ∗ 6.55 ∗∗ 0.73 ∗ 2.11 ∗ 3.18 0.60 ∗ 3.72 18.30 ∗∗

Rolling 5.43 ∗∗ 5.35 ∗∗ 1.01 ∗∗ 3.33 ∗∗ 3.88 ∗∗ 0.95 ∗∗ 4.71 ∗∗ 12.78 ∗∗

AUM- α-HWM-SDI Recursive 6.37 ∗∗ 4.13 ∗∗ 1.54 ∗∗ 6.30 ∗∗ 6.33 ∗∗ 1.67 ∗∗ 5.92 ∗∗ 4.77 ∗∗

Rolling 6.41 ∗∗ 4.81 ∗∗ 1.33 ∗∗ 5.91 ∗∗ 6.34 ∗∗ 1.41 ∗∗ 5.80 ∗∗ 11.98 ∗∗

α-HWM-SDI Recursive 5.44 ∗∗ 4.91 ∗∗ 1.11 ∗∗ 4.03 ∗∗ 4.13 ∗∗ 0.94 ∗∗ 4.82 ∗∗ 11.99 ∗∗

Rolling 3.94 5.38 ∗∗ 0.73 2.30 2.07 0.43 3.16 24.18 ∗

AUM- α-SDI-SR Recursive 4.82 ∗∗ 2.94 ∗∗ 1.64 ∗∗ 4.08 ∗∗ 4.08 ∗∗ 1.60 ∗∗ 4.59 ∗∗ 4.75 ∗∗

Rolling 5.39 ∗∗ 3.12 ∗∗ 1.73 ∗∗ 4.58 ∗∗ 4.67 ∗∗ 1.70 ∗∗ 5.13 ∗∗ 6.26 ∗∗

AUM- α-HWM-SR-R 2 Recursive 5.74 ∗∗ 3.16 ∗∗ 1.82 ∗∗ 4.75 ∗∗ 4.70 ∗∗ 1.85 ∗∗ 5.47 ∗∗ 9.01 ∗∗

Rolling 3.24 4.92 ∗∗ 0.66 1.71 1.62 0.39 2.58 25.45 ∗

SDI-SR-R 2 Recursive 3.38 ∗ 5.15 ∗∗ 0.65 1.58 2.51 0.57 2.70 16.73 ∗∗

Rolling 3.47 ∗ 4.67 ∗∗ 0.74 2.13 2.29 0.54 2.91 13.90 ∗∗

e

w

w

c

a

n

t

a

a

l

w

quation (5) 

 

∗
t = arg max ︸ ︷︷ ︸ 

w t ≥0 

{ 

w 

′ 
t μt − 1 

2 

(
1 /γt − r f t 

)w 

′ 
t �

−1 
t w t 

} 

, (6) 

here γt = ( b t W t ) / ( 1 − b t W t ) is the relative risk aversion coeffi- 

ient, and �t = 

[
�t + μt μ′ 

t 

]−1 
, with μt and �t the mean vector 
10 
nd covariance matrix of hedge fund excess returns. As an alter- 

ative to quadratic utility maximization, we also create portfolios 

hat minimize conditional variance. The possibility for leveraging 

nd short-selling is excluded. Following Avramov et al. (2011) we 

ssume predictability in managerial skills 
(
αm, 1 � = 0 

)
, in fund risk 

oadings 
(
βm, 1 � = 0 

)
, and in benchmark returns 

(
A f � = 0 

)
. Likewise, 

e use the excess return on the S&P 500 index as the benchmark 
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Table 5 

Macroeconomic information vs. fund characteristics. The table compares the performance of a characteristics-based portfolio selection approach against the Avramov, 

Kosowski, Naik, and Teo (2011, hereafter “AKNT”) approach that exploits macroeconomic information. “AKNT” uses one risk factor (S&P 500 excess return), two macroe- 

conomic indicators (lagged VIX range, default spread), and a 24-month rolling estimation window. Panel A presents performance results when the conditional quadratic 

utility is maximized (“Quad”) or conditional variance is minimized (“MinV”). Panel B compares the performance between “AKNT” quadratic utility maximization (variance 

minimization) and various versions of a characteristics-based portfolio selection approach. For example, the notation “AUM- α-HWM ( γ = 5)” refers to a characteristics-based 

portfolio that utilizes fund size, t -statistic of alpha and high-water mark dummy, and uses CRRA utility with risk aversion coefficient 5. All measures in Panel B refer to 

the respective difference between macroeconomic and characteristics-based portfolios. In Panel A, “# funds” denotes the mean (median) number of funds included in the 

optimized macroeconomic portfolio. Performance measures and evaluation methodology are as in previous tables. In the table ∗ ∗ and ∗ denote statistical significance at the 

0.01 and 0.05 levels, respectively. 

Panel A: Performance of macroeconomic-based portfolios 

Specification # funds Mean S.D. Sharpe EW α FH α IR MPPM MaxDD 

AKNT (Quad) 43.2 (8) 7.65 23.45 ∗∗ 0.33 0.22 -0.75 -0.04 -8.13 69.18 ∗∗

AKNT (MinV) All 3.89 7.25 ∗∗ 0.54 0.63 1.55 0.34 2.51 25.45 ∗∗

Panel B: Macroeconomic vs. characteristics-based portfolio performance 

Specification Mean S.D. Sharpe EW α FH α IR MPPM MaxDD 

AKNT (Quad) vs. AUM- α-HWM ( γ = 5 ) 2.45 18.14 ∗∗ -0.65 -3.01 -3.72 -0.73 ∗∗ -12.60 51.04 ∗∗

AKNT (Quad) vs. AUM- α-HWM ( γ = 1 ) 1.91 18.91 ∗∗ -0.94 ∗∗ -3.89 -4.40 -1.07 ∗∗ -13.33 56.67 ∗∗

AKNT (Quad) vs. AUM- α-HWM-SDI ( γ = 100 ) 1.28 19.32 ∗∗ -1.22 ∗∗ -6.08 -7.08 -1.71 ∗∗ -14.05 64.41 ∗∗

AKNT (Quad) vs. AUM- α-HWM-SDI (MinV) 1.22 19.07 ∗∗ -1.14 ∗∗ -6.15 -7.34 -1.71 ∗∗ -14.05 60.29 ∗∗

AKNT (Quad) vs. AUM- α-SDI-SR ( γ = 100 ) 2.83 20.51 ∗∗ -1.32 ∗∗ -3.86 -4.82 -1.63 ∗∗ -12.72 64.43 ∗∗

AKNT (Quad) vs. AUM- α-SDI-SR (MinV) 2.60 20.96 ∗∗ -1.70 ∗∗ -4.26 -5.00 -2.00 ∗∗ -13.01 63.99 ∗∗

AKNT (MinV) vs. AUM- α-HWM-SDI ( γ = 100 ) -2.48 3.13 ∗∗ -1.01 ∗ -5.67 ∗∗ -4.78 ∗∗ -1.34 ∗∗ -3.41 20.67 ∗

AKNT (MinV) vs. AUM- α-HWM-SDI (MinV) -2.54 2.88 ∗ -0.93 ∗∗ -5.74 ∗∗ -5.04 ∗∗ -1.33 ∗∗ -3.41 16.55 ∗

AKNT (MinV) vs. AUM- α-SDI-SR ( γ = 100 ) -0.93 4.32 ∗∗ -1.11 ∗∗ -3.45 ∗∗ -2.52 -1.26 ∗∗ -2.08 20.69 ∗

AKNT (MinV) vs. AUM- α-SDI-SR (MinV) -1.16 4.76 ∗∗ -1.49 ∗∗ -3.85 ∗∗ -2.70 -1.63 ∗∗ -2.37 20.25 ∗
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actor and lagged VIX range and default spread as macroeconomic 

ariables. 10 

Table 5 presents the out-of-sample performance of portfolios 

xploiting macroeconomic information. From Panel A, we observe 

hat a portfolio which maximizes conditional quadratic utility has 

nsignificant performance measures. Both FH alpha and MPPM are 

egative for it. Furthermore, conditional quadratic utility portfo- 

ios are extremely risky with volatility of 23.45% and maximum 

rawdown of 69.18%. For a portfolio that minimizes conditional 

ariance, risk-adjusted returns are also insignificant but slightly 

igher. However, risk mitigation does not work extremely well 

ince the volatility of that portfolio is 7.25% and maximum draw- 

own is 25.45%. These poor performance results are inconsis- 

ent with Avramov et al. (2011) , but in line with Brandon and 

ang (2013) showing that the outperformance of macroeconomic 

nformation-based portfolio strategies has disappeared or weak- 

ned substantially. 

Next, we turn to out-of-sample performance difference tests be- 

ween characteristics-based and macroeconomic information-based 

trategies. Panel B shows that the risk is both economically and 

tatistically lower for characteristics-based portfolios than macroe- 

onomic information-based portfolios. Conditional quadratic util- 

ty portfolios deliver around five times higher volatility and 

ore than 50% higher maximum drawdown than the AUM- α- 

WM strategies. Both spreads are even higher when compared 

gainst the characteristics-based minimum variance portfolios and 

UM- α-HMW-SDI and AUM- α-SDI-SR portfolios. A macroeconomic 

nformation-based portfolio that minimizes variance also gener- 

tes higher risk than characteristics-based minimum variance and 

RRA-maximized portfolios. The volatility spreads are not any 

ore extreme, but maximum drawdowns are still around 20% 

igher. Reward-to-risk -type measures are almost consistently eco- 

omically and statistically higher for characteristics-based portfo- 

ios than macroeconomic information-based portfolios. The largest 

harpe ratio (information ratio) difference is 1.70 (2.00) per year 

hen the AUM- α-SDI-SR portfolio is compared against a macroe- 

onomic information-based portfolio that maximizes quadratic 
10 We use a 24-month rolling estimation window to estimate the mean vector and 

ovariance matrix of excess returns. The untabulated results are very similar for a 

6-month rolling window. 

F

f

M

f

p

11 
tility. Although alpha and MPPM differences are large they are not 

ften statistically significant. This is not surprising given the large 

olatility or risk taken by macro information-based portfolios. 

Collectively, our findings provide evidence that characteristics- 

ased portfolio strategies are superior to the macroeconomic 

nformation-based portfolio strategies. Even though the return- 

ype measure differences are not always statistically different, the 

haracteristics-based strategies deliver much more stable perfor- 

ance with lower risk and higher reward relative to the risk taken. 

.2. Actual FOFs vs. hypothetical portfolios 

Next, we conduct a simulation experiment in which we com- 

are the performance of actual fund-of-funds (FOFs) against the 

ypothetical portfolios. According to Ang et al. (2008) , these com- 

arisons are justified because FOFs are actual investments contain- 

ng the due diligence costs associated with the search and selec- 

ion of funds. In other words, FOF returns reflect the costs of man- 

ging a portfolio of underlying hedge funds, as they are reported 

et of an additional layer of fees. Fung and Hsieh (20 0 0) and

ung et al. (2008) also argue that FOF returns suffer less from data 

iases than individual fund returns. It is, however, important to un- 

erstand that actual FOFs and our hypothetical portfolios do not 

hare the same investment opportunity set. Some FOFs are likely 

o have access to funds that are not in commercial databases or 

re closed to new investments. In contrast, our hypothetical port- 

olios are constructed using only funds that are open to invest- 

ents and report to commercial databases at the investment mo- 

ent. Recent evidence also shows that funds that do not report 

o any commercial database tend to deliver superior performance 

 Barth et al. (2021) ). Although our comparisons are not perfect, it 

s informative to examine how our hypothetical portfolios perform 

gainst the actual ones. 

We start our simulation experiment by gathering 3636 FOFs 

rom our consolidated database. We use the same data filters as 

he underlying hedge funds that belong to hypothetical portfolios. 

or each FOF with a minimum of 24, 36, or 48 return observations 

rom 20 0 0 through 2012, we first compute its realized FH alpha, 

PPM, and maximum drawdown. Then, we match these FOFs’ per- 

ormance measures to the respective performance measures of hy- 

othetical portfolios estimated in the same period (as not all FOFs 
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Fig. 2. Economic value of hedge funds in portfolio context. This figure shows the economic gain of adding selected hedge funds to an existing passive portfolio from 20 0 0 

through 2012. The passive portfolio consists of 60% equities (S&P 500) and 40% bonds (VBTIX). An active portfolio consists of W% hedge funds and (100 - W)% of the passive 

portfolio, where W% varies from 2% through 60%. All portfolios are annually rebalanced buy-and-hold portfolios, where hedge funds are re-selected at end of year. Panels A, 

B, and C show results for characteristics-based fund selection, and Panels D and E for macroeconomic fund selection following Avramov et al. (2011). To measure economic 

value in a benchmark-agnostic manner, we use the utility-based δ measure of Fleming, Kirby, and Ostdiek (2001), which can be interpreted as the maximum fee that an 

investor would be willing to pay to switch from a passive to an active portfolio. We use risk-aversion levels γ δ = 1 , 5 , 10 in the quadratic utility underlying the δ measure 

to allow for varying investor preferences. The t-statistics of δ are based on delta method with GMM. 

12 



J. Joenväärä, M. Kauppila and H. Kahra Journal of Banking and Finance 132 (2021) 106232 

Fig. 2. Continued 
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over the whole 20 0 0–2012 period). Finally, we calculate the por- 

ion of simulations in which the hypothetical portfolios outperform 

ctual FOFs. By doing so we obtain an empirical p-value that gives 

 probability indicating whether an investor benefits from an allo- 

ation to a hedge fund portfolio. 11 

The results in Table 6 indicate that conservative characteristics- 

ased portfolios outperform actual FOFs, while more aggres- 

ive CRRA-maximized portfolios, and especially macroeconomic 

nformation-based portfolios, do not outperform actual FOFs. The 

iddle of Panels A and B shows that both minimum variance port- 

olios and extremely risk-averse CRRA-maximized portfolios deliver 

ignificantly higher performance than actual FOFs. For example, 

n around 95% (90%) of simulations AUM- α-SDI-SR portfolios de- 

iver higher MPPMs (FH alphas) than actual FOFs. Outperformance 

s even more significant in terms of risk. According to Panel C, 

n more than 99% of simulations AUM- α-SDI-SR portfolios deliver 

ower maximum drawdowns than actual FOFs. 

Next, we run simulations that ignore the first layer of FOFs’ fees 

i.e., for FOFs, we use gross-of-fee return instead of net-of-fee re- 

urns). In other words, we implicitly assume that the first layer of 

ees is equal to the cost of building hypothetical portfolios. This as- 

umption is very conservative since the quantitative strategies we 

mplement are relatively simple and are based only on information 

btained from relatively cheap commercial databases. In addition 

o search and due diligence costs, the first layer of fees also con- 

ains fees earned by FOF managers. 

Table 6 shows that the outperformance of characteristics-based 

ortfolios is not so clear. However, conservative portfolios still out- 

erform actual FOFs in almost 90% (more than 95%) of simulations 

n terms of MPPM (maximum drawdown). Hence, even after very 

trict comparisons, the performance of characteristics-based port- 

olios looks relatively good. 

Finally, since actual FOFs and our hypothetical strategies do not 

hare the same investment opportunity set, we run a simulation 

xperiment using a random set of individual funds. Panel D shows 

hat 30-fund random portfolios underperform characteristics-based 

ortfolios but perform relatively well against portfolios based on 

acroeconomic information. 

. Hedge funds as a part of overall portfolio 

.1. Evaluating the diversification benefits 

Thus far, we have studied portfolios of hedge funds in isola- 

ion. Now we look at the economic gain of diversifying an existing 

assive portfolio of standard asset classes with a selection of opti- 
11 Our approach borrows from Bollen et al. (2021) . They predict individual hedge 

und performance using a simulation approach that utilizes empirical p -values. 

1  

P

f

d

13 
ized hedge funds. We assume that the passive portfolio consists 

f 60% stocks (S&P 500) and 40% bonds (Vanguard Total Bond Mar- 

et Index Fund). An active portfolio consists of W % hedge funds 

nd (100 − W )% of the passive portfolio. We let W % vary from 

% to 60%, holding it constant for the whole out-of-sample pe- 

iod of 20 0 0–2012. Both the passive and active portfolios are an- 

ually rebalanced buy-and-hold portfolios, where hedge funds are 

e-selected at end of year based on either characteristics-based or 

acroeconomic information-based optimization. 

To measure the economic value of switching from the pas- 

ive portfolio to an alternative active portfolio in a benchmark- 

gnostic manner, we use the utility-based 
 measure of 

leming et al. (2001) , which can be interpreted as the maximum 

ee that an investor would be willing to pay for the switch. Given 

 vector of monthly gross returns R = ( R 1 , . . . , R T ) , we define the 

xpected utility as the average realized quadratic utility: 

(R ) = W 0 

( 

T ∑ 

t=1 

R t − γ


2 ( 1 + γ
) 
R 

2 
t 

) 

, (7) 

here W 0 is the investor’s initial wealth and γ
 is the investor’s 

elative risk aversion. Given gross return vectors of both the pas- 

ive strategy ( R p ) and an active strategy ( R a ), we estimate 
 via

quation 

 ( R a − 
) = U ( R p ) , (8) 

hich makes W 0 vanish and results in a quadratic equation for 
. 

amely, let 

 = E [ R p,t ] − E [ R a,t ] − η

2 

(
E 
[
R 

2 
p,t 

]
− E 

[
R 

2 
a,t 

])
, (9) 

here η = 

γ

1+ γ


and the expectations are estimated as time-series 

verages. Next, let 

 = ( 1 − ηE [ R a,t ] ) 
2 − 2 ηY (10) 

e the discriminant, and finally we have 

= 

√ 

D + ηE [ R a,t ] − 1 

η
. (11) 

otice that 
 is merely a transformation of return moments, so we 

an statistically test the hypothesis H 0 : 
 = 0 by first calculating 

he return moments via GMM and then applying the delta method 

o get the standard error of 
. 

Fig. 2 displays the estimated 
s and their associated t-statistics 

s a function of the weight allocated to a hedge fund portfolio 

 W % ), separately for each hedge fund selection strategy. To allow 

or varying investor preferences, we use risk-aversion levels γ
 = 

, 5, and 10, which include the levels used by Fleming et al. (2001) .

anel A shows that a CRRA-maximizing characteristics-based port- 

olio with risk aversion level 5 (not to be confused with γ
) pro- 

uces consistently positive 
, or diversification benefit, which is 
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Table 6 

Actual FOFs vs. hypothetical portfolios. In this table we compare the performance of our optimal hedge fund portfolios against 3636 funds of hedge funds (FOFs). We use the 

same data filters (e.g., size threshold and real-time reporting requirement) for FOFs as for the non-FOFs underlying our optimal portfolios. For each FOF with a minimum of 

24, 36, or 48 return observations from 20 0 0 through 2012, we calculate its realized FH alpha (Panel A), MPPM (Panel B), and maximum drawdown (Panel C), and their period- 

matched counterparts for both characteristics-based and macroeconomic hedge fund portfolios (whose notation follow previous tables). FOF performance is measured both 

net of all fees (“Net”) and gross of first fee layer (“Gross”, available for 2689 FOFs). “N” shows the number of FOFs in the cross-section, and “Mean” their average performance. 

”% > FOF” reports the percentage of FOFs that are outperformed by the period-matched optimal portfolio (or underperformed, in case of maximum drawdown). Panel D 

shows results for a simulation study where we replace FOF data with 10,0 0 0 random portfolios of 30 funds (re-selected annually, equal or value weighted). 

Panel A: FH alpha (% pa) 

FOF benchmark Characteristic-based portfolios Macro-based portfolios 

AUM- α-HWM AUM- α-HWM-SDI AUM- α-SDI-SR AKNT 

MinObs Fees N Mean γ = 5 γ = 1 γ = 100 MinV γ = 100 MinV Quad MinV 

% > FOF % > FOF % > FOF % > FOF % > FOF % > FOF % > FOF % > FOF 

24 Net 3636 -1.26 84.76 88.37 86.94 86.55 88.70 85.89 56.85 68.54 

36 Net 2726 -0.98 86.24 90.10 89.58 88.63 91.09 88.88 60.71 69.66 

48 Net 1996 -0.53 87.07 91.03 91.13 89.93 92.18 90.43 59.12 68.64 

24 Gross 2689 0.41 71.81 77.80 76.61 74.86 78.17 74.19 46.04 52.58 

36 Gross 1914 0.73 71.73 78.06 78.58 76.28 79.52 76.12 49.16 51.83 

48 Gross 1367 1.14 71.76 78.86 81.13 77.18 80.18 77.76 45.87 49.49 

Panel B: MPPM (% pa) 

FOF benchmark Characteristic-based portfolios Macro-based portfolios 

AUM- α-HWM AUM- α-HWM-SDI AUM- α-SDI-SR AKNT 

MinObs Fees N Mean γ = 5 γ = 1 γ = 100 MinV γ = 100 MinV Quad MinV 

% > FOF % > FOF % > FOF % > FOF % > FOF % > FOF % > FOF % > FOF 

24 Net 3636 -4.44 90.79 94.11 93.48 93.65 93.32 93.01 20.60 78.63 

36 Net 2726 -3.82 92.37 95.56 94.86 95.08 94.79 94.61 17.94 79.60 

48 Net 1996 -3.19 92.99 96.04 95.74 95.94 95.49 95.49 12.17 77.86 

24 Gross 2689 -2.74 81.26 87.13 86.84 86.95 86.61 86.28 20.60 78.63 

36 Gross 1914 -1.93 81.56 87.93 88.51 87.98 87.72 87.62 17.94 79.60 

48 Gross 1367 -1.35 81.42 88.81 89.90 88.88 89.03 88.81 12.17 77.86 

Panel C: Maximum drawdown (% pa) 

FOF benchmark Characteristic-based portfolios Macro-based portfolios 

AUM- α-HWM AUM- α-HWM-SDI AUM- α-SDI-SR AKNT 

MinObs Fees N Mean γ = 5 γ = 1 γ = 100 MinV γ = 100 MinV Quad MinV 

% > FOF % > FOF % > FOF % > FOF % > FOF % > FOF % > FOF % > FOF 

24 Net 3636 22.92 14.44 6.08 1.43 2.59 1.27 1.07 96.23 37.62 

36 Net 2726 24.27 16.07 6.09 1.14 2.46 0.92 0.81 96.81 39.25 

48 Net 1996 25.02 18.74 7.01 1.00 2.61 0.65 0.60 97.95 43.69 

24 Gross 2689 22.78 13.80 5.54 1.64 2.49 0.97 0.86 96.54 35.81 

36 Gross 1914 24.27 15.41 5.75 1.57 2.77 0.94 0.89 97.23 37.36 

48 Gross 1367 25.34 18.43 6.44 1.32 3.00 0.73 0.73 98.32 40.38 

Panel D: Random individual fund portfolios 

FOF benchmark Characteristic-based portfolios Macro-based portfolios 

AUM- α-HWM AUM- α-HWM-SDI AUM- α-SDI-SR AKNT 

MinObs Measure N Mean γ = 5 γ = 1 γ = 100 MinV γ = 100 MinV Quad MinV 

% > FOF % > FOF % > FOF % > FOF % > FOF % > FOF % > FOF % > FOF 

156 FH α (EW) 10,000 1.17 91.81 97.35 100.00 100.00 98.87 99.13 6.58 61.75 

156 FH α (VW) 10,000 1.12 93.39 97.93 100.00 100.00 99.27 99.55 6.50 63.87 

156 MPPM (EW) 10,000 1.87 98.99 99.81 99.99 99.99 99.24 99.69 0.00 69.95 

156 MPPM (VW) 10,000 1.94 98.92 99.89 99.99 99.99 99.26 99.67 0.00 68.59 

156 MaxDD (EW) 10,000 26.19 5.35 0.11 0.00 0.00 0.00 0.00 100.00 45.36 

156 MaxDD (VW) 10,000 25.68 6.63 0.18 0.00 0.00 0.00 0.00 100.00 48.94 
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onotonically increasing as a function of hedge fund allocation, 

ith a slowly decreasing slope. The benefit is statistically signif- 

cant for all but the most risk-seeking ( γ
 = 1 ) investors. The t-

tatistics are only slowly decreasing as a function of hedge fund 

llocation, suggesting that the uncertainty is proportional to the 

conomic gain, but also that an oversized allocation may ultimately 

amper diversification. 12 

Panels B and C of Fig. 2 show the respective 
 plots for the 

inimum variance investor exploiting either AUM- α-HWM-SDI or 

UM- α-SDI characteristics. Interestingly, despite being optimized 

or highly risk-averse investors, these portfolios produce economic 
12 Results (not shown) are very similar when risk aversion is 1 instead of 5. l

14 
alue across investor types similar to Panel A. In fact, the AUM- α- 

WM-SDI strategy even produces marginally significant ( p < . 10 ) 

enefit for the most risk-seeking investors. 13 

Panel D shows that for macroeconomic information-based, 

uadratic utility maximizing hedge fund portfolios, the economic 

ain is non-monotonic as a function of hedge fund allocation. This 

on-monotonicity is stronger for the most risk-averse investors 

 γ
 = 10 ), with an optimal hedge fund weight at around 15%, af- 

er which the high returns on the strategy are no longer worth the 

igh risk, even when diversifying with standard asset classes. How- 
13 Results (not shown) are very similar for conservative CRRA-maximized portfo- 

ios ( γ = 100 ). 
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Table 7 

Fund flows and optimal weights. The table shows annual regressions, in which year-ahead fund flows are explained by year-end optimal portfolio weights from December 

1999 through December 2011. The weights are computed using either characteristics-based approach or macroeconomic information-based approach—portfolio notation 

follows previous tables. In Panel A, the main independent variable is the weight of fund m in the optimal portfolio at year-end, whereas Panel B uses the indicator variable 

getting value of one if the fund m belongs to the optimal portfolio at year-end. All regressions control for the percentile rank of the fund’ s previous year returns, plus other 

standard fund characteristics (size, age, past flows, share restrictions, compensation-related variables—the controls’ coefficients are not shown for brevity). All regressions 

include strategy and year fixed effects. Standard errors are clustered by fund and year. ∗ ∗ and ∗ denote statistical significance at the 0.01 and 0.05 levels, respectively. 

Panel A: Optimal weights 

Variable Year-ahead fund flow (% pa) 

AUM- α-HWM ( γ = 5 ) 1.365 

(0.82) 

AUM- α-HWM ( γ = 1 ) 1.253 

(0.64) 

AUM- α-HWM-SDI ( γ = 100 ) 3.980 ∗

(1.97) 

AUM- α-HWM-SDI (MinV) 2.189 

(1.35) 

AUM- α-SDI-SR ( γ = 100 ) 5.703 ∗∗

(3.24) 

AUM- α-SDI-SR (MinV) 5.785 ∗∗

(3.19) 

AKNT (Quad) 0.063 

(0.16) 

AKNT (MinV) 0.505 

(0.13) 

Control variables Yes Yes Yes Yes Yes Yes Yes Yes 

Adj. R 2 0.127 0.127 0.128 0.127 0.128 0.128 0.124 0.124 

Observations 27,626 27,626 27,626 27,626 27,626 27,626 23,199 23,199 

Panel B: Indicator variables for optimal weights 

Variable Year-ahead fund flow (% pa) 

AUM- α-HWM ( γ = 5 ) 4.462 

(0.75) 

AUM- α-HWM ( γ = 1 ) 4.079 

(0.63) 

AUM- α-HWM-SDI ( γ = 100 ) 13.230 

(1.92) 

AUM- α-HWM-SDI (MinV) 7.356 

(1.36) 

AUM- α-SDI-SR ( γ = 100 ) 20.619 ∗∗

(3.11) 

AUM- α-SDI-SR (MinV) 21.195 ∗∗

(3.38) 

AKNT (Quad) 3.856 

(1.49) 

AKNT (MinV) 1.251 

(0.29) 

Control variables Yes Yes Yes Yes Yes Yes Yes Yes 

Adj. R 2 0.127 0.127 0.128 0.127 0.129 0.129 0.128 0.124 

Observations 27,626 27,626 27,626 27,626 27,626 27,626 23,199 23,199 
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ver, none of these results are statistically significant. Finally, Panel 

 shows that volatility-minimizing macroeconomic information- 

ased portfolios produce some benefit ( p < . 05 ) for the most risk-

verse investors and marginal benefit ( p < . 10 ) for the typical in-

estor ( γ
 = 5 ), but the economic levels of 
 are far lower than

or characteristics-based portfolios. 

In sum, characteristics-based portfolios generate significant di- 

ersification benefit across investor types, albeit only marginally 

or the most risk-seeking investors. Since the uncertainty is propor- 

ional to the economic gain, we can make no normative claim on 

n optimal level of hedge fund allocation. However, we can state 

hat a risk averse investor that includes a typical 20% hedge fund 

llocation to her stock-bond portfolio would realize a 1–2% eco- 

omic value per year. 

.2. Investors’ Response to optimal weights 

Since our characteristics-based portfolios outperform, we inves- 

igate whether investors direct more flows to these portfolios ac- 

ordingly. To better understand investors’ revealed preferences, we 
15 
onsider the following regression model: 

 low m,t+1 = γ0 + γ1 w m,t + γ2 Rank m,t 

+ γ3 Control V ariabl es m,t + ε m,t , (12) 

here F low m,t+1 is fund flow for fund m in year t + 1 . The op-

imal portfolio weights, w m,t , for fund m in December t is our 

ain variable of interest. We build several regression specifi- 

ations based on the weights obtained from optimizations that 

tilize both fund characteristics and macroeconomic informa- 

ion. As a main control variable, we use the past-year fund 

erformance rank ( Rank m,t ) derived from raw fund returns in 

he spirit of Sirri and Tufano (1998) . We also include a vector 

 Control V ariabl es m,t ) containing the lagged size, lagged age, past 

ows as well as notice period, redemption period, lockup dummy, 

anagement fee, incentive fee and high-water mark provision. To 

ontrol for heterogeneity in hedge funds investment styles we 

nclude strategy fixed effects. Given that our analysis is cross- 

ectional in nature, we include time-fixed effects, and cluster our 

anel standard errors by fund and year. 

Results in Table 7 indicate that investors direct more flows to- 

ard the characteristics-based portfolios. Investors reveal that they 
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refer to invest in strategies that mitigate risk. Panel A shows 

hat after controlling for past performance and other variables 

elated to flows, the coefficients for optimal weights are posi- 

ive and statistically significant for both minimum variance portfo- 

ios and conservative CRRA AUM- α-SDI-SR portfolios. The respec- 

ive coefficients for AUM- α-HWM portfolios and macroeconomic 

nformation-based portfolios are indistinguishable from zero. Panel 

 shows the results when we use optimal portfolio indicator vari- 

bles instead of portfolio weight levels. These coefficients provide 

nteresting economic interpretation. The funds that belong to the 

inimum variance or AUM- α-SDI-SR portfolios get 20.6% or 21.2% 

ore flows during the next year compared to the funds not in an 

ptimal portfolio. 

Overall, our flow-performance regressions suggest that investors 

refer characteristics-based portfolios that mitigate risk, while 

unds belonging to more aggressive portfolios do not receive sig- 

ificantly more flows. 

. Conclusion 

This paper forms hedge fund portfolios by parameterizing the 

ortfolio weights as a function of fund characteristics and thereby 

olving for those parameters in a way that maximizes the in- 

estor’s average utility or minimizes the portfolio’s variance. Our 

ut-of-sample analysis reveals that the best characteristics-based 

ortfolios deliver superior risk-adjusted returns with low down- 

ide risk. Our results imply that investors can achieve higher risk- 

djusted returns by tilting their hedge fund portfolios toward small 

unds with high alpha, while risk can be minimized by invest- 

ng in high strategy distinctiveness funds and low systematic risk 

unds. Our out-of-sample analysis suggests that objective functions 

hat are designed for risk minimization deliver the highest out- 

f-sample performance. The characteristics-based hedge fund port- 

olios also deliver significant diversification benefits to investors’ 

verall portfolios. Finally, our flow-performance regressions re- 

eal that investors prefer to invest in characteristics-based port- 

olios that aim to minimize risk. Overall, our results indicate that 

haracteristics-based portfolios are useful for investors both in iso- 

ation and in the context of an investor’s overall portfolio. Because 

e evaluate the performance of optimal portfolios using a realistic 

etting with a wide range of performance and risk measures, we 

xpect that these findings will provide valuable insights to hedge 

und investors – for example, pension funds, high-net-worth in- 

ividuals, and funds of hedge funds. Given the flexibility of the 

ethod, investors can easily adapt the approach and use it in their 

nvestment practices. 
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