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Leverage and borrowing constraints play a key role in the financial markets. Since the seminal work of 

Black (1972; 1993), researchers have recognized that borrowing restrictions affect asset returns. More 

recently, Frazzini and Pedersen (2014) indicate that constrained investors tilt their portfolios toward high-

beta assets so that asset betas contain information about the shadow cost of leverage constraints. Boguth 

and Simutin (2018) extend this intuition to mutual funds as a prototype constrained investor and measure 

mutual fund leverage constraint tightness as the stock betas in their holdings. Empirical evidence further 

shows that the leverage conditions of various financial intermediaries, such as broker-dealers, affect asset 

returns (e.g., Adrian, Etula, and Muir, 2014; He, Kelly, and Manela 2017; Asness, Frazzini, Gormsen, and 

Pedersen, 2020).1 

Despite the literature’s substantial efforts to examine constrained investors and leveraged financial 

intermediaries, the impact of the quintessential levered investors—hedge funds—remains largely 

unexplored. This oversight is surprising because hedge fund leverage varies more substantially than other 

investors and because hedge fund leverage is known to impact asset prices during financial crises (e.g., the 

LTCM episode).2 Intermediary asset pricing theory (e.g., He and Krishanmurthy 2012; 2013) also suggests 

that hedge funds play an important role. However, hedge fund leverage does not seem to ensure better 

performance (e.g., Agarwal and Naik 2004; Lo, 2008; Liang and Qiu 2019). The latter observation is 

puzzling as it challenges a central insight of the literature: less constrained investors should be better off. It 

also casts doubt on hedge funds’ incentives to use leverage in the first place. How can we reconcile these 

seemingly conflicting observations? Does leverage affect hedge fund performance and asset returns, after 

all? 

This paper aims to shed light on these fundamental questions by proposing a new intuition about hedge 

fund leverage and its effect on asset returns. Instead of directly using leverage as a pure return-enhancing 

technology with exogenously determined constraints, as most existing theories do, hedge funds may exploit 

their leverage advantage via delegated portfolio management in the spirit of Berk and Green (2004). Indeed, 

if only some, but not all, investors can use leverage, perhaps the foremost question of the capable investors 

is how to benefit from their leverage advantage. Leverage-based delegated portfolio management (LDPM) 

allows hedge funds to grasp leverage-generated economic rents and affect asset prices through their 

leverage policies.  

To formulate the intuition, we propose a theoretical framework in which a representative hedge fund 

raises capital from investors who cannot borrow (hereafter, long-only investors) in order to benefit from its 

leverage advantage. We model the leverage choice of the hedge fund as an extension of Berk and Green 

 
1 The literature also estimates the shadow cost of capital and leverage from various institutions, such as insurance companies, banks, 
and passive leveraged funds; see, among others, Frazzini and Pedersen (2021), Koijen and Yogo (2016), Kisin and Manela (2016), 
and Fleckenstein and Longstaff (2020), Lu and Qin (2021).  
2 See, among others, Eichengreen and Park (2002) and Banque de France (2007) for detailed discussions. 
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(2004), which we link to asset pricing theories with leverage constraints (e.g., Black 1972; Frazzini and 

Pedersen 2014). In this model, the hedge fund determines its optimal leverage based on leverage-associated 

investment benefits and costs in the securities market, which we will loosely refer to as funding conditions.3 

The leverage policy constrains the hedge fund’s portfolio investment policy and affects expected asset 

returns due to the shadow price of leverage constraints in the economy. 

Our model articulates the role of leverage in delegated portfolio management. If leverage is an 

endogenous choice by hedge fund managers, high leverage should coincide with superior returns. However, 

in the spirit of Berk and Green (2004), fund managers may not have incentives to share related benefits 

with investors. Instead, fund managers collect more economic rents in the form of fees when high leverage 

allows them to deliver higher (before-fee) performance. This prediction plays a crucial role in our model 

and paves the way for our later theoretical and empirical analysis.4 For instance, it provides an economic 

rationale for the rise of hedge funds in the economy and explains the mixed evidence on the relationship 

between leverage and after-fee performance, which has been the focus of the empirical literature.  

In addition to economic rents, our model also yields two novel predictions on how leverage affects 

delegated portfolio management and asset prices. When facing adverse shocks in funding conditions (e.g., 

deteriorating leverage benefits or escalating costs), it is intuitive that a hedge fund would reduce leverage. 

Our new prediction is that adverse shocks will induce the fund to simultaneously reduce its leverage and 

shift its investment weights toward high-beta stocks. In other words, changes in funding conditions lead to 

negatively related hedge fund leverage adjustments and holding beta changes. 

This prediction addresses a critical missing link in the literature. Recent studies resort to long-only 

investors’ holding betas to capture the shadow cost of leverage constraints based on the theoretical premise 

that more constrained investors invest in higher beta stocks (e.g., Frazzini and Pedersen 2014; Boguth and 

Simutin 2018). However, scarce empirical evidence is provided to establish the premise at the investor level. 

Indeed, long-only investors invest all their capital into risky assets when their leverage constraint is strictly 

binding. The resulting leverage pattern lacks sufficient empirical variation to explain portfolio choices. In 

contrast, our model fills this gap by focusing on investors who can borrow. It implies a testable leverage-

beta relationship that sheds light on the leverage foundation for holding betas.  

The other prediction concerns the asset pricing implications of hedge fund policies. Following the 

literature convention, we investigate whether hedge fund holding beta provides a priced risk factor in the 

 
3 Banque de France (2007) indicate that, compared to bank regulations, most hedge funds operate with much lower leverage. 
Furthermore, extreme levels of leverage only occur at times of a fund going under (as capital is vanishing). Indeed, in a survey of 
the main London banks that provide prime brokerage services to hedge funds, the Financial Services Authority found that the funds’ 
average leverage is 2.4:1 (i.e., GBP 2.4 in assets per GBP 1 of capital; see the Speech by Waters, Director, Asset Management 
Sector Leader and Director of Retail Policy, Financial Services Authority, October 19, 2006). These features suggest that hedge 
funds optimally select leverage as a part of their delegated portfolio management. 
4 Leverage-based delegated portfolio management also differs drastically from the case of long-only investors, because leverage is 
an endogenous choice of hedge funds and may vary across states due to exogenuous changes in external funding conditions. 
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economy. Our model predicts that aggregate (hedge fund holding) beta provides a priced factor that captures 

the shadow cost of leverage.5 A novel feature of this prediction is that the pricing power of the hedge fund 

beta factor should be concentrated in states with tightened constraints on hedge fund leverage. 

We test these predictions using (13F) holdings of matched TASS-HFR-BarclayHedge hedge fund 

management companies.6 An empirical challenge is that, although the hedge fund 13F filing allows us to 

infer holding betas quite well, hedge funds do not disclose leverage.7 However, we can measure leverage 

as equity holdings (13F) scaled by assets under management (AUM), which we refer to as asset-implied 

leverage. Since the 13F information is available at the hedge fund family level, we can construct the 

measure for each family. Although this measure is hardly perfect (i.e., an important caveat is the lack of 

information on short selling and derivatives), it intuitively fits our model and the industry definition of 

leverage.8 It provides a reasonable estimation of relative leverage ranks (by netting out common estimation 

errors) and changes in leverage over time (by netting out time-invariant characteristics and positions). The 

remaining estimation noise works against us finding leverage-related effects.  

Equipped with this leverage proxy, we first examine whether hedge funds with higher leverage deliver 

higher before-fee performance and collect more economic rents in the form of fees. To achieve this goal, 

we follow the literature (e.g., Agarwal, Daniel, and Naik, 2009; Jorion and Schwarz 2014; and Yin and 

Zhang 2022) and calculate hedge fund before-fee and after-fee returns. We then aggregate fund returns at 

the family level and calculate the dynamic fees that hedge fund families can collect as the difference 

between the before-fee and after-fee returns. At the beginning of each quarter, we sort hedge fund families 

into five quintiles according to their asset-implied leverage. We then track the (value-weighted average) 

dynamic fees generated by each quintile of hedge fund families. 

The above sorting generates an almost monotonic increasing pattern in dynamic fees. Consistent with 

the model, the quintiles with higher leverage deliver higher before-fee excess returns (in excess of the risk-

free rate) and dynamic fees. For instance, the top-quintile fund families can reap 1.6% dynamic fees per 

year, which is approximately 38% more than what the bottom-quintile fund families collect. This fee 

difference is both statistically significant and economically sizable. Further adjustments using factor models 

(e.g., the Fama-French-Carhart four-factor model and Fung and Hsieh’s 2004 seven-factor model) affect 

 
5 When we link the model predictions to data, hedge fund beta also provides a better proxy than leverage to test the shadow cost 
because we can measure the former more precisely. 
6 Due to the nature of the 13F database, we conduct tests at the hedge fund family level and asset level. 
7 Because of this issue, previous studies use estimated or static leverage ratios (e.g., Banque de France, 2007; Lo, 2008) or 
proprietary data (e.g., Ang, Gorovyy, and van Inwegen 2011). However, these measures lack the power to test the asset pricing 
impact of the entire hedge fund industry. 
8 Practitioners such as prime broker-dealers and regulators often refer to (long) leverage as the long market position of hedge funds 
divided by their net equity (see, among others, the discussion by Banque de France, 2007; Ang, Gorovyy, and van Inwegen 2011). 
Our measure captures the net equity part well, though the 13F holdings may miss some information about short and derivative 
positions. Nonetheless, it provides a reasonable and consistent measure of leverage for all hedge fund families.  



 

5 
 

neither the statistical level nor the magnitude of the fee spread. Moreover, top-quintile fund families 

significantly outperform bottom-quintile ones in seven-factor adjusted before-fee performance but not 

after-fee performance. Multivariate analyses also confirm the positive relationship between leverage and 

dynamic fees. These observations strongly support the prediction of our model that hedge funds generate 

leverage-based economic rents and reap those rents via fees.  

Next, we explore how hedge funds actively adjust their leverage and holding betas when facing adverse 

funding conditions. To achieve this goal, we focus on active changes in hedge fund leverage and holding 

beta (by netting out the influence of stock price movements) and use dummy variables describing the 

direction of those changes. Since recent poor fund performance reveals adverse funding shocks, a testable 

hypothesis of our model prediction is that recent poor performance leads hedge funds to reduce leverage 

and simultaneously increase holding beta.  

We observe that, when separately tested, past fund returns are positively (negatively) associated with 

leverage (holding beta) changes. Hence, adverse funding shocks, as revealed by negative past returns, 

induce hedge funds to reduce leverage and increase holding betas. When we create new dummy variables 

to describe the active adjustments of leverage and holding betas, we find evidence that adjustments in 

leverage and holding betas are simultaneous and in opposite directions. In panel specifications, each 1% 

reduction in past performance increases the likelihood of simultaneous-and-opposite adjustments by 

0.105%. The magnitude (loosely speaking, a 10.5% response rate) is economically sizable, confirming that 

hedge fund investment policies on holding betas and leverage are negatively related.9  

Since our tests are at the family level, we further examine the role of family characteristics. We find 

that the above effects are more significant for single-fund families. This observation is reasonable because 

multiple-fund families may face coordination problems across affiliated funds and have more room to adopt 

complex leverage strategies that our measure cannot fully capture. As a result, the leverage measure for 

multiple-fund families may contain more noise. In contrast, asset-implied leverage and borrowing 

conditions are better measured for single-fund families. Among other family characteristics, it is worth 

noting that investor flows do not affect the simultaneous active adjustments of the two policies. This result 

may appear surprising, but it can arise when investor flows chase past returns.  In that case, the influence 

of flows is already anticipated by managers.  

After sketching the role of leverage in the cross-section of hedge funds, we explore its asset pricing 

implications. We follow Boguth and Simutin (2018) to construct a leverage constraint tightness (LCT) 

factor based on hedge fund holding betas. Since LCT in our model originates from the need for leverage-

based delegated portfolio management (LDPM), we refer to our factor as the hedge fund LDPM-beta factor 

 
9 In contrast, past returns have no relationship with the side-by-side same-direction change in leverage and holding betas. This 
placebo test suggests that our analysis has the right power to detect the performance influence on side-by-side adjustments. 
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when there is no confusion. Given that the leverage of single-fund families is better grounded and measured, 

we aggregate the holding betas of these families as our main empirical proxy. Using all families does not 

change our main conclusions because both single- and multiple-fund families are likely to face common 

market-wide funding conditions.  

Both portfolio analysis and cross-sectional tests confirm that the hedge fund LDPM-beta factor is priced 

in the cross-section of stock returns. When we sort stocks into quintiles based on their return exposure to 

the factor, the top and bottom quintile stocks can generate a significant return spread of 0.58% per month 

(or 7.2% per year, which is economically significant). Risk-adjuments based on various traditional sets of 

factors do not change the result. Indeed, the Fama-French-Carhart four-factor adjusted returns and the 

Pastor-Stambaugh liquidity enhanced five-factor adjusted returns produce results of almost identical 

economic magnitude. These observations provide initial evidence that the hedge fund LDPM-beta factor 

captures a unique economic channel that affects returns.  

We then explore the pricing power of the hedge fund LDPM-beta factor using Fama-MacBeth cross-

sectional regressions, in which we follow Boguth and Simutin (2018) and control for not only the Fama-

French factors but also a list of existing factors known to affect asset returns, such as asset growth, 

momentum, reversal, and idiosyncratic risk. Across all empirical specifications, higher exposure to the 

hedge fund LDPM-beta factor predicts significantly lower returns. The economic magnitude is also sizable: 

a one-standard-deviation increase in the factor exposure translates into a 0.19% reduction in monthly return 

(or 2.22% per year).  

Consistent with the model predictions, we also observe that the pricing power of the hedge fund LDPM-

beta factor is concentrated in periods in which hedge funds tighten their leverage (i.e., hedge fund leverage 

changes are below the median). Similar to the previous investor-level evidence on the leverage-beta 

relationship, this asset pricing result strongly supports a leverage interpretation of the pricing power of our 

factor in the cross-section of asset returns.  

Finally, dropping penny stocks or including mutual fund LCT does not change our results. It is 

especially interesting to see that the hedge fund LDPM-beta factor reduces the significance of the mutual 

fund LCT in our sample. This result does not imply that mutual funds are unimportant in the leverage 

channels. Instead, it suggests that mutual funds are likely to be exposed to the same state variable that 

affects hedge fund leverage, which further highlights the importance of leverage and its related funding 

conditions in delegated portfolio management.  

Our results are related to several strands of literature. To the best of our knowledge, we are the first to 

examine the influence of leverage on both delegated portfolio management and asset prices. Existing asset 

pricing studies typically simplify delegated portfolio management and treat its frictions, such as leverage 

constraints, as exogenous. However, the equilibrium conditions in the securities market and delegated 
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portfolio management affect each other and thus should be jointly determined (Gârleanu and Pedersen 

2018). We follow this insight to explore the economics of hedge fund leverage. Building on the work of 

Berk and Green (2004) and the asset pricing framework of Frazzini and Pedersen (2014), we show that the 

leverage advantage of some, but not all, investors critically influences both delegated portfolio management 

and asset prices. Our model explains the puzzling lack of empirical relationship between leverage and after-

free performance in the hedge fund industry (e.g., Agarwal and Naik 2004; Schneeweis, Martin, Kazemi, 

and Karavas, 2004; Lo, 2008; Liang and Qiu 2019). Our new predictions in both portfolio policies and asset 

prices are consistent with the data.   

We contribute to the hedge fund literature by exploring the economic features that establish hedge funds 

as some of the most important investors in the economy. Agarwal and Naik (2004) examine hedge fund 

portfolio strategies resembling the short positions of put options. Jylha and Suominen (2011) show that 

hedge funds arise endogenously to mitigate market segmentation in a two-country model. Cao, Farnsworth, 

and Zhang (2021) study how search frictions shape the organizational structure and managerial incentives. 

Our results suggest that leverage advantage may provide a key rationale for hedge funds to arise in the 

economy. This novel perspective extends our understanding of the formation and importance of hedge fund 

leverage (e.g., Brunnermeier and Nagel, 2004; Banque de France, 2007; Lo, 2008; Brown, Goetzmann, 

Liang, and Schwarz, 2008, 2009; Ang, Gorovyy, and van Inwegen 2011; Teo, 2011; Lan, Yang, and Yang, 

2013; Barth, Hammond, and Monin, 2019; Agarwal, 2021; Aragon, Ergun, and Girardi, 2021).10 

Our results also speak to studies examining the asset pricing impact of leverage. The existing literature 

mainly focuses on two agents: leveraged financial intermediaries and constrained investors. He and 

Krishnamurthy (2012; 2013) propose theories that borrowing limits of financial intermediaries affect asset 

prices in equilibrium. He, Kelly, Manela (2017) confirm the empirical pricing power of the equity capital 

ratio of primary dealers. Adrian, Etula, and Muir (2014) and Asness, Frazzini, Gormsen, and Pedersen 

(2020) show that the leverage and margin debt of broker-dealers proxy for the stochastic discount factor. 

Fontaine, Garcia, and Gungor (2022) notice the different impacts of demand and supply shocks on broker-

dealer's leverage effects. On the investor side, Boguth and Simutin (2018), in extending Frazzini and 

Pedersen (2014), use the holding betas of mutual funds to construct the LCT factor.11  We differ by 

 
10 Brunnermeier and Nagel (2004), Banque de France (2007), Lo (2008), and Ang, Gorovyy, and van Inwegen (2011) show that  
hedge funds move capital and change leverage around financial crises. Brown, Goetzmann, Liang, and Schwarz (2008, 2009) 
examine how operational risk affects hedge fund leverage. Teo (2011) explores whether leveraged speculators such as hedge funds 
are vulnerable to a margin spiral, as specified in Brunnermeier and Pedersen (2009). Lan, Yang, and Yang (2013) examine the fee 
structure, which impacts fund leverage. Barth, Hammond, and Monin (2019) report a weak relationship between hedge fund 
leverage and portfolio risk and a strong influence of the marekt beta on leverage. Agarwal (2021) provides a theoretical model in 
which hedge fund leverage is determined by moral hazard and liquidity insurance. Aragon, Ergun, and Girardi (2021) document 
that hedge funds with better investment opportunities utilize lower liquidity buffers (such as cash). 
11 Several studies also estimate the shadow price of leverage from passive leveraged funds (e.g., Frazzini and Pedersen 2021 and 
Lu and Qin 2021) and the shadow cost of capital for market participants (e.g., Koijen and Yogo 2016; Kisin and Manela 2016; 
Fleckenstein and Longstaff 2020).  
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examining the asset pricing impact of hedge fund leverage in the spirit of Berk and Green (2004). To the 

extent that hedge funds are the leading leveraged investors in the market, our results are consistent with 

Jylha’s (2018) finding that regulatory changes in margin requests, which shift the costs of leverage users, 

affect the slope of the security market line.  

The remainder of the paper proceeds as follows. Section I presents a model of leverage-based delegated 

portfolio management and its testable hypotheses. Section II describes the data and main variables we use 

in our analysis. Section III examines the role of leverage in delegated portfolio management. We then study 

the asset pricing implications of the hedge fund factor in Section IV. Section V explores alternative 

explanations for our findings and concluding remarks are provided in Section VI.  

I. Theoretical Framework 

This section proposes a simple framework to examine the asset pricing role of investors who can take 

leverage. Our framework builds on known asset pricing theories with leverage constraints (e.g., Black 1972; 

Frazzini and Pedersen 2014, hereafter FP). We then introduce hedge fund leverage following the model of 

Berk and Green (2005; hereafter BG).  

A. Assumptions on Securities and Investors  

Consider a two-period economy with one risk-free asset which pays a second-period gross return 𝑅! and 𝑁 

risky assets which pay excess returns 𝑹" in the second period. In other words, 𝑹" = 𝑹− 𝑅!𝕝, where 𝑹 

refers to the 𝑁 × 1 vector of risky asset returns,	𝕝 is the vector of ones with 𝑁 elements, and 𝑅! is the risk-

free rate. Further, assume that the variance-covariance matrix is 𝚺 (𝑁 × 𝑁). Risky assets are in positive net 

supply, while the supply of the risk-free asset is elastic. 

Next, assume that a continuum of investors carries with them a total amount of endowed capital, 𝑊, 

to invest in the first period. To highlight the economic role of leverage, we assume that all investors have 

the same quadratic utility function with risk aversion 𝛾. Investors cannot take leverage on their own but can 

delegate their investment to a hedge fund that can take leverage by borrowing from the risk-free asset. The 

hedge fund does not have endowed capital (nor does its manager). Hence, to benefit from its leverage 

advantage, the hedge fund (h) raises capital, denoted as 𝑊#, from investors in the first period. It invests the 

capital in the risky assets in the second period (with potential leverage) and then splits returns between its 

manager and investors. A representative long-only investor (l) then invests the remaining capital, 𝑊$ =

𝑊 −𝑊#, in risky assets. 
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We denote the investment policies of the hedge fund and the representative long-only investor as 𝜽% 

(𝑘 ∈ {ℎ, 𝑙}), a 𝑁 × 1 vector with its 𝑛&# element denoting the investment weight of the respective investor 

in the 𝑛&# risky asset. The fraction and total amount of wealth invested in risky assets are 𝜃%' = 𝕝(𝜽% and 

𝑊%
' = 𝜃%'𝑊%, respectively. Importantly, investors are subject to heterogeneous borrowing constraints:  

																																													𝕝(𝜽% = 𝜃%' ≤ 𝑚% , 𝑘 ∈ {ℎ, 𝑙}																																																												(1)	

where 𝑚% demotes the maximum leverage ratio, with 𝑚$ = 1 for the long-only investor and 𝑚# > 1 for 

the hedge fund (to be endogenously determined). Our model focuses on the case when the leverage 

constraint of the long-only investor is binding, which allows the hedge fund to generate economic rents 

based on its leverage advantage.12  

We further assume that the hedge fund manager invests according to fund investors’ risk aversion (i.e., 

there is no moral hazard in our model; this assumption allows us to focus on the role of leverage). Of course, 

the manager needs to decide how to share leverage-generated economic rents with investors —an issue we 

will visit later. Hence, investor 𝑘 (𝑘 ∈ {ℎ, 𝑙}) makes first-period investment decisions by maximizing the 

following expected utility function: 

																																																				𝑈% = 𝔼>𝜽%( 𝑹" + 𝑅!@ −
)
*
𝜽%( 𝚺𝜽% .																																																(2)	

The economy needs to satisfy two conditions to achieve equilibrium. First, the security market clears 

following FP:  

																																																																									C 𝑊%𝜽%
%

= 𝑊'𝑿' ,																																																						(3)	

where 𝑊' is the total amount of wealth that investors invest in risky assets, and 𝑿' is the vector of market 

portfolio weights of all risky assets (i.e., 𝕝(𝑿' = 1). Note that 𝑊' is not the total wealth that investors 

initially have because of hedge fund leverage.13 

Second, the market for delegated portfolio management equilibrates in the spirit of BG. More explicitly, 

conditioning on its investment policy, the hedge fund manager determines the optimal fee and leverage 

policies to attract the preferred amount of capital 𝑊#. Hence, we extend the BG model to include leverage 

(and a quadratic cost function of leverage), in which the hedge fund manager solves the following problem: 

																																																																						𝑀𝑎𝑥!,,!				𝑓 ×𝑊# ,																																																													(4) 

where 𝑓 is the percentage management fee. Since fund investors can withdraw capital to invest as the long-

only investor, the fund needs to deliver the expected return of the long-only investor, �̅�$, to its fund investors, 

and split any additional economic rents between the fund manager and investors. To achieve the second 

goal, the fund delivers the following per dollar returns to investors (in addition to �̅�$): 

 
12 This assumption is reasonable given the observed leverage and risk-taking behavior of investors. In our model, it means that 
investors’ risk aversion is not too high.  
13 From Eq (3), we have 𝑊" = 𝜃#"𝑊# + 𝜃$"𝑊$, whereas the total wealth is 𝑊 =𝑊# +𝑊$.  
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																																																																			𝜙# − 𝑓 − 𝑏𝑊# −	
1
2
𝑐𝑚#

* = 0.																																															(5) 

In Eq. (5), the variable 𝜙# refers to the economic rents that the fund can generate due to leverage advantage. 

More explicitly, 𝜙# = 𝔼[𝜽#( 𝑹"] − 𝔼[𝜽$(𝑹"] ≡ �̅�# − �̅�$ , where �̅�#  and �̅�$  refer to the expected investment 

returns of the hedge fund and the long-only investor.14 Next, 𝑏 is the operational cost due to diseconomies 

of scale following Berk and van Binsbergen (2015, 2017). Finally, 𝑐 denotes the cost for taking leverage, 

which may include (but is not limited to) borrowing fees, collateral requests, and other restrictions that fund 

brokers may impose in practice.  

Economically speaking, 𝜙# is the excess performance (compared to the long-only investor) that the 

hedge fund can generate from its investment policies because of its leverage advantage. Hence, the lefthand 

of (5) describes the additional benefit that fund investors can receive, which amounts to leverage-based 

excess performance netting out fees and costs. Eq. (5) states that this extra benefit equals zero in a 

competitive market. The intuition is similar to BG. When fund investors cannot take leverage on their own 

but supply capital competitively to the market, they get long-only returns—and the fund manager keeps the 

economic rents of leverage. This condition allows the market for delegated portfolio management to 

equilibrize via fund size.  

Although we follow BG to establish the delegated portfolio management, our setup differs from theirs 

in two critical ways. The BG model assumes that managers’ actions do not affect the underlining asset or 

benchmark returns. Moreover, BG does not model the source of successful managers’ abilities. We relax 

these two assumptions by examining leverage as an economic source of managerial ability. To the extent 

that managers with this ability can outperform no-ability investors and exploit the inefficiency of asset 

prices due to the influence of the latter, it is reasonable to view leverage as one of the primary abilities and 

advantages that professional hedge fund managers have. We further link this ability to not only fund policies 

but also asset prices, which extends BG in exploring how constraints faced by the asset management 

industry (e.g., due to adverse fund condition shocks) may impact asset prices in the securities market.15   

B. Asset Prices and Fund Policies in Equilibrium   

 
14 The variable 𝜙$ is equivalent to the expected excess return that fund managers can generate, which reflects managerial skills in 
BG’s original model (i.e., 𝜙% in their notation, where the expectation is based on all observable information). The excess return in 
BG is defined as benchmark-adjusted (because mutual fund managers track benchmarks). We instead focus on the return difference 
between the hedge fund manager and long-only investors. Conceptually, the return of the long-only investors can be regarded as a 
natural benchmark in our setup. 
15 Gârleanu and Pedersen (2018) examines how (in)efficiency of asset management industry affects the securities market by 
introducing mutual fund search frictions into the Grossman-Stiglitz’s (1980) model. We differ by focusing on the BG framework, 
which allows us to explicitly model leverage originated in the asset management industry. Future research can surely examine or 
incorporate other types of managerial abilities (e.g., on information processing).  
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We now describe the equilibrium asset prices and fund policies. In equilibrium, investors maximize their 

utility functions according to (2), subject to their leverage constraints (1) and the security market-clearing 

condition (3). In addition, the hedge fund manager solves the optimization problem (4), subject to the 

economic-rent splitting rule (5). The following proposition describes the asset prices of the economy. 

 

Proposition 1: Assume that investors take optimal investment decisions subject to leverage constraints. 

The equilibrium asset returns satisfy: 

																																																								𝔼[𝑹"] = 𝜷(𝔼[𝑅,%&] − 𝜓) + 𝜓𝕝																																																								(6)	

where 𝑅,%& is the excess return of the market portfolio,	𝜷 = 𝑐𝑜𝑣(𝑹" , 𝑅./0)/𝑣𝑎𝑟(𝑅./0) is the vector of 

asset covariance with the market, and 𝜓 is the market-wide shadow price of the leverage constraint. More 

explicitly, 𝜓 = ∑ \1&
2
]𝜙%% , where 𝜙%  (𝑘 ∈ {ℎ, 𝑙}) refers to the shadow price faced by each type of 

investor.16  

 

The above proposition establishes a leverage-enhanced CAPM model, which is widely explored in the 

literature (e.g., FP). The novel property of our economy is the presence of delegated portfolio management 

due to the leverage advantage of the hedge fund. Below we summarize the equilibrium fund policies. 

 

Proposition 2: Assume that the hedge fund manager maximizes her economic rents and that investors 

supply their capital competitively in the market.  

1) When the leverage constraint of the long-only investor is strictly binding (i.e., 𝜃$' = 1), the hedge 

fund can outperform the long-only investor. Moreover, its outperformance increases in the leverage that it 

takes. Denoting 𝜌 = 𝕝'𝚺(𝟏𝑹*
𝕝'𝚺(𝟏𝕝

 as the marginal benefit of leverage (which is determined by the investment 

opportunity of risky assets) and 𝑚# as hedge fund leverage, the hedge fund outperformance becomes: 

																																																													𝜙# = �̅�# − �̅�$ = 𝜌 × (𝑚# − 1),																																																				(7) 

2) When 0 < 6
*7
\8

+

*9
− 𝜌] < 𝑊, the fund adopts the following optimal policies:17 

																																																																	𝑚#
∗ =

𝜌
𝑐
;	𝑓∗ =

1
2
b
𝜌*

2𝑐
− 𝜌c.																																																					(8) 

 
16 In other words, the i-th asset satisfy 𝔼[𝑟,] = 𝛽,(𝔼[𝑅#-%] − 𝜓) + 𝜓. When we allow for heterogeneity in risk aversion, Equation 
(6) still holds with 𝜓 = ./

0
∑ 11!2!

.!
2- , where	3

./
= 3

1
∑ 1!

.!- . 
17 This restriction prevents the corner solution in which the marginal benefit of leverage is so enormous that the hedge fund wants 
to raise more capital than what investors can supply. 
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In particular, optimal hedge fund leverage increases with the marginal benefit of leverage (𝜌) and decreases 

with the cost of leverage.  

 

Proposition 2 provides several key insights into our economy related to leverage. First, it shows that 

the leverage advantage can be transformed into performance. This property is intuitive. The leverage 

constraint of the long-only investor, when strictly binding, limits the return that the investor can achieve. 

In contrast, if a hedge fund can endogenously choose its leverage, it can deliver superior performance.18 

This property provides the rationale for the hedge fund to arise in the economy. 

Second, consistent with the intuition of BG, when investors supply their capital competitively to the 

market of delegated portfolio management, the economic rents created by fund managers are generally 

reaped by these managers. The economic rents come from leverage in our setup and are enjoyed mainly by 

the hedge fund manager, who can capitalize on this leverage advantage.19 This property reconciles the 

importance of leverage and the general insignificant relationship between leverage and after-fee 

performance (e.g., Agarwal and Naik 2004; Schneeweis et al. 2004; Liang and Qiu 2019). 

Finally, the hedge fund benefits from higher leverage when the underlining securities market implies 

a better investment opportunity to investors with a leverage advantage. In our model, the marginal benefit 

is captured by the parameter 𝜌 = 𝕝'𝚺(𝟏𝑹*
𝕝'𝚺(𝟏𝕝

; a higher value means a better investment opportunity that the 

hedge fund can enjoy compared to the long-only investor. In contrast, a higher cost (which can be imposed 

by the securities lending market or fund brokers) reduces optimal leverage.  

We can interpret the marginal benefit and cost (of leverage) as funding-condition state variables, which 

allow us to examine how asset prices and hedge fund leverage vary across different states shortly. 

C. Hypotheses for Empirical Tests   

We now highlight a few properties of the model to guide our empirical analysis. The literature typically 

examines the asset pricing implications of Proposition 1 with a special focus on security or investors’ 

holding betas.20 However, the literature lacks direct evidence on how investors’ beta preference is related 

to leverage. The examination of hedge fund leverage fills this economic gap.  

 
18 Since our economy consists of only two investors, the market return is their weighted average return. Hence, the hedge fund 
outperforms the market, whereas the long-only investor underperforms. 
19 Of course, when the market exhibits friction in capital flows (see, e.g., Cao, Farnsworth, and Zhang 2021), the hedge fund 
manager may be willing to share the economic rents. 
20 For instance, Boguth and Simutin (2018) apply the intuition of Frazzini and Pedersen (2014) to argue that, in theory, constrained 
mutual fund investors should invest in higher beta stocks, allowing their holding beta to reflect the state variable of leverage 
constraints. However, it remains unclear whether mutual funds’ leverage constraints vary over time (i.e., they could face a constant 
constraint as the long-only investor does in our model) and, if so, how these funds adjust their portfolio accordingly. 
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The first implication of our model is that leverage may allow hedge funds to outperform long-only 

investors. However, economic rents are likely reaped by fund managers via fees. This leverage-based 

delegated portfolio management (LDPM) provides an economic rationale for hedge funds to arise in our 

economic. We summarize this implication in the following hypothesis. 

 

Hypothesis 1: High leverage allows hedge funds to deliver high before-fee performance and reap 

more economic rents via fees.  

 

An empirical challenge in testing the above hypothesis is that hedge funds do not disclose their 

leverage. Our model provides a solution to address this issue. We can use the equity holding of a fund 

scaled by its AUM (which is essentially 𝑚# in our model) as a proxy for its leverage. Of course, our model 

assumes that the hedge fund only invests in stocks and uses the risk-free asset to borrow capital, whereas 

the fund may use derivatives and other borrowing methods to build up leverage in practice. Nonetheless, 

the measure provides a reasonable way to link our model to real data.  

Next, given the focus of the literature on beta, we link hedge fund leverage to its holding beta and the 

shadow cost of leverage constraints. In particular, in our model, 𝛽# = 𝜷(𝜽# and �̅�# = 𝜷(𝜽#/𝑚# represent 

the levered and leverage-adjusted betas of the hedge fund holdings, respectively. Between the two types of 

holding betas, the latter better captures the tilting of the holding portfolio toward high beta stocks.21 The 

following proposition describes the relationship between hedge fund leverage, leverage-adjusted beta, and 

the pricing impact of leverage constraint. 

 

Proposition 3: An adverse shock in funding conditions (a declining marginal benefit of leverage, 𝜌, or a 

hiking funding cost, 𝑐) tightens hedge fund leverage (i.e., smaller 𝑚#), which further leads to a higher 

leverage-adjusted holding beta and a higher shadow price of leverage constraint. 

 

To simplify notation, we refer to the leverage-adjusted holding beta of the hedge fund as “hedge fund 

holding beta” or simply “hedge fund beta” when there is no confusion. Proposition 3 implies a negative 

relationship between leverage and hedge fund beta. Frazzini and Pedersen (2014) point out a similar 

relationship in the cross-section of investor clienteles: i.e., more constrained investors tilt their portfolios 

toward higher beta stocks. Their intuition also applies to the long-only investor and the hedge fund. Our 

 
21 To see the intuition, consider two risky assets with betas 1.5 and 0.5. Now, compare the following two portfolios: 𝜽𝒍 = (0.5, 0.5)5 
and 𝜽𝒉 = (1, 1)5. The first (un-levered) portfolio has a portfolio beta of 1. The second has a levered portfolio beta of 2. However, 
the second portfolio does not invest more into the high-beta stock because its leverage-adjusted portfolio beta (by 𝑚$ = 2) is still 
1. In contrast, a third portfolio of 𝜽𝒉5 = (1.5, 0.5)5 has a higher leverage-adjusted portfolio beta—this portfolio tilts more toward 
high-beta stocks in its holdings than the previous two portfolios. 
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proposition further suggests that, when encountering adverse shocks in funding conditions, the hedge fund 

tends to adjust its leverage (i.e., reducing borrowing) and its portfolio beta (i.e., increasing holding beta).  

This property lays out an important foundation for testing the leverage implication of hedge fund 

holding beta. In our model, the hedge fund leverage may vary due to leverage-related investment benefits 

(𝜌) and related borrowing costs (𝑐). Although we cannot directly observe these parameters, we can use 

realized hedge fund returns to infer their joint impact. Since good hedge funds can persistently deliver 

superior performance, a negative return signals a deteriorating investment opportunity, an increased cost, 

or both. If so, we should observe the hedge fund to reduce leverage upon poor fund performance. Moreover, 

Proposition 3 suggests that the hedge fund will tilt its holdings toward high beta stocks at the same time. 

The simultaneous leverage/beta adjustments provide a powerful testable implication of our theory. We 

summarize this intuition in the following hypothesis. 

 

Hypothesis 2: An adverse shock in funding conditions, as revealed by poor fund performance, induces 

hedge funds to reduce fund leverage and increase holding beta simultaneously.   

 

Next, the recent literature exploits holding beta-based factors to shed light on the shadow cost of 

leverage constraints; see, e.g., FP’s stock beta-based betting-against-beta (BAB) factor and Boguth and 

Simutin’s (2018) mutual fund holdings-beta based leverage constraint tightness (LCT) factor. Proposition 

3 suggests that, in principle, either hedge fund leverage or holding beta can be used to construct factors 

capturing the shadow cost.  

Compared to existing beta factors, hedge fund beta plays a unique role. Since the long-only investor’s 

leverage is likely binding across different states, the endogenous choice of the hedge fund likely conveys 

more information about anticipated funding condition variations. Moreover, even though hedge fund 

leverage provides coarser information than hedge fund beta, we can nonetheless use the former to enhance 

the power of our test. I.e., the asset pricing influence of the hedge fund beta factor, if originating from 

leverage constraints, should strengthen in periods when hedge funds lower their leverage. In other words, 

hedge fund leverage changes guide the economic interpretation of the hedge fund beta factor. We 

summarize this intuition in the following hypotheses. 

 

Hypothesis 3A: Hedge fund holding beta provides a priced factor in explaining asset returns.  

Hypothesis 3B: The pricing power of the hedge fund beta factor should increase in states with more 

tightened hedge fund leverage.  
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II. Data and Construction of the Variables 

A. Data Sources 

The data that we use are compiled from various databases. We first retrieve hedge fund holding information 

from 13F filings from the Securities and Exchange Commission (SEC). Since 1978, institutional investors 

with at least a hundred million U.S. dollars under management have been required to file 13F forms with 

the SEC each quarter for U.S. equity holdings of more than two hundred thousand dollars or more than ten 

thousand shares. This regulation allows us to construct holding or ownership data for each stock based on 

aggregations of various types of institutional investors.  

We obtain information on hedge fund management companies from various hedge fund databases 

following Cao et al. (2018). We first identify hedge fund companies by compiling a master list of hedge 

fund company names culled from the TASS-HFR-BarclayHedge databases and then matched the list with 

the names of Thomson Reuters Institutional Holdings (13F) institutions to screen for hedge fund companies. 

Then we manually check the SEC ADV forms of the matched institutions.22 Finally, we double-check the 

website of each institution satisfying the above requirements to confirm that its primary business is hedge 

fund-related activity.23 This restrictive process identifies approximately 1100 hedge fund management 

companies, which we refer to as hedge fund families in our analysis. 

With regard to stocks, we start with all the publicly listed companies for which we have accounting 

and stock market information from CRSP/Compustat. We then exclude ADRs and stocks with incomplete 

information to construct control variables (as detailed below).24 Our testing period is from 1994 to 2019.  

B. Main Variables   

Our main variables are constructed as follows. The asset-implied leverage (𝐿;,&) of each hedge fund family 

i in quarter t is the aggregate holding assets of the hedge fund family i divided by the aggregate AUM in 

the hedge fund family i in quarter t.  

𝐿;,& =
𝐴𝑠𝑠𝑒𝑡𝑠;,&
𝐴𝑈𝑀;,&

=
∑ ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒;,<,&<

𝐴𝑈𝑀;,&
 

 
22 Following Brunnermeier and Nagel (2004) and Griffin and Xu (2009), we require an institution to have more than 50 percent of 
its investments listed as “other pooled investment vehicles,” including private investment companies, private equity, and hedge 
funds, or more than 50 percent of its clients listed as “high net worth individuals” for inclusion in our hedge fund sample. 
23 Some of these institutions do not have websites. However, for most of them, we were able to determine whether they are hedge 
funds through a news search. The remaining institutions are included in the hedge fund sample because discussions with hedge 
fund managers indicate that some hedge funds are reluctant to maintain websites. Excluding these funds does not lead to qualitative 
changes in our results. 
24 Excluding penny stocks (stocks priced at less than $1/share) does not change our results. See Ince and Porter (2006) for a more 
detailed discussion of these screening criteria. 
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where ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒;,<,& refers to the value of shares held by hedge fund family i in stock s in quarter t. 

Ang, Gorovyy, and van Inwegen (2011) report that equity leverage as implied by the information collected 

from prime brokers and derivatives exchanges in year 2010 is typically below 20. We therefore winsorize 

asset-implied leverage at the level of 20 (our results are robust to the use of alternative or no thresholds). 

To identify the leverage change that results from the active action or discretionary decision of the HF 

family, we further construct an active change of leverage measure as follows: 

Δ𝐿;.& = (𝐿;,& − 𝐿p;,&)/𝐿;,&>6,	  

where 𝐿p;,&  is the counterfactual leverage, 𝐿p;,& =
∑ #@$A;BC	DE$F"7,9,:(;×<&@9%	H"&FHB9,:9

IJ.7,:(;
. The counterfactual 

leverage captures the idea that stock price changes can affect asset-implied leverage even when the hedge 

fund family strictly sits on its portfolio without any trading. By netting out this counterfactual leverage, we 

are able to capture the changes in leverage due to active portfolio adjustments by the hedge fund family. 

The holding beta (𝐻𝐵;,& ) of each hedge fund family 	𝑖	in quarter 𝑡  is defined as the holding-value 

weighted-average stock beta of its portfolio, which is calculated as follows: 

𝐻𝐵;,& =C
ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒;,<,&
∑ ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒;,<,&<

× 𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎<,&
<

. 

 
    Again, to identify the holding beta change that results from the active action or discretionary investment 

decision of the HF family, we construct an active change of holding beta measure as: 

ΔHB;,& = 𝐻𝐵;,& −𝐻𝐵pppp;,& ,  

where 𝐻𝐵pppp;,& = ∑ #@$A;BC	DE$F"7,9,:(;×<&@9%	H"&FHB9,:
∑ #@$A;BC	DE$F"7,9,:(;×<&@9%	H"&FHB9,:9

× 𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎<,&>6<  is the counterfactual holding beta 

reflecting the effect of stock price changes. 

We also construct a set of control variables on hedge fund family characteristics, including the number 

of funds in the hedge fund family, the number of stocks held by the hedge fund family, and fund flows 

received by the family. The last variable is calculated as dollar flows normalized by lagged AUM:25  

𝐻𝐹	𝑓𝑙𝑜𝑤;,& =
\𝐴𝑈𝑀;,& − 𝐴𝑈𝑀;,&>6 × w1 + 𝑟;,&x]

𝐴𝑈𝑀;,&>6
. 

In addition to fund family characteristics, we also construct a list of stock characteristics following Boguth 

and Simutin (2018). They are Market equity, Book-to-market, Profits-to-assets, Asset growth, Stock return 

runup, Reversals, and Idiosyncratic volatility.  

 
25 Normalizing dollar flows by the counterfactual AUM of the fund without any flow (i.e., its lagged AUM times (1 + 𝑟,,%)) does 
not change our results. 
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The summary statistics are reported in Table 1. We can see that all main variables have reasonable 

distribution in our sample. 

III. Hedge Fund Family Level Evidence 

A. The economic rent of leverage  

We first examine how hedge funds reap the economic rents of leverage via before-fee performance and 

fees. As the hedge fund returns provided by various databases are the after-fee returns (net returns), we 

follow the methods of the literature (e.g., Agarwal et al. 2009; Jorion and Schwarz 2014; and Yin and Zhang 

2022) to back out the before-fee returns. Specifically, the methods are based on a set of assumptions and 

consider investors’ assets as call-options on the fund’s assets, whose strike prices are determined by the 

high watermark and hurdle provisions of the fund, and the time when each individual investor entered the 

fund. We keep track of the value and the strike price of each investor throughout time and by equating the 

percentage change of each fund’s after-fee market value each month to the fund’s after-fee realized returns, 

we numerically solve for the before-fee returns of each fund each month. The differences between the 

before-fee and after-fee returns are considered to be dynamic fees that the hedge fund collects. Since the 

asset-implied leverage is estimated at the hedge fund family level, we also aggregate the before-fee returns, 

after-fee returns and dynamic fees of each fund each month to the fund family level.  

To test whether hedge funds using high endogenous leverage deliver higher before-fee performance 

and collect more economic rents, we conduct the following exercise. At the beginning of each quarter, we 

sort hedge fund families into 5 quintiles based on their level of asset-implied leverage during the past quarter. 

When constructing the sorted portfolios, we impose the request that each quintile has a reasonable number 

of hedge fund families to avoid idiosyncratic risk. Our reported test adopts the threshold of at least 15 hedge 

fund families in each quintile (hence the holding period of quintiles starts from 2003)—our results are 

robust to this threshold. Then we aggregate the (value-weighted average) performance and dynamic fees 

generated by hedge fund families in each quintile each month. We also use the Fama and French (1993) 

three-factors, the Carhart (1997) four-factors, the Pastor-Stambaugh (2003) five-factors, and the Fung and 

Hsieh (2004) seven-factors to adjust performance and dynamic fees for the sorted portfolios.  

The results are reported in Table 2. Column (1) showsthat sorting hedge fund families based on past 

asset-implied leverage generates an almost monotonic increasing pattern in dynamic fees. That is, the 

quintile with higher leverage obtains higher dynamic fees than the quintile with lower leverage. The top-

quintile fund families can reap 0.1334% monthly dynamic fees (or 1.6% per year) on average, which is 
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approximate 38% more than what the bottom-quintile fund families can collect. This fee difference is both 

statistically significant and economically sizable.  

Columns (2) to (5) further use the Fama and French (1993) three factors, the Carhart (1997) four factors, 

the Pastor-Stambaugh (2003) five factors, and the Fung and Hsieh (2004) seven factors to adjust dynamic 

fees for the sorted portfolios. Consistent with the definition of dynamic fees as the difference between 

before-fee and after-fee returns, we calculate factor-adjusted fees as the difference between factor-adjusted 

before-fee and after-fee performance. We can see that the fee spread remains highly robust to these factor 

adjustments. These observations lend strong support to our first hypothesis that leverage allow hedge funds 

to reap economic rents via dynamic fees. 

The last two columns of the table tabulate seven-factor-adjusted before-fee and after-fee returns of the 

sorted portfolio. The top-quintile fund families can generate a significant seven-factor-adjusted before-fee 

performance of 0.2721% per month, while the bottom-quintile families only 0.1585%. The resulting 

performance spread amounts to 1.37% per year. In contrast, the seven-factor-adjusted after-fee performance 

spread appears insignificant. These observations strongly support the prediction of our model that hedge 

funds can generate economic rents based on leverage—and that they reap such economic rents via fees.  

We further examine the relation between the dynamic fee and the asset-implied leverage by estimating 

the following pooled regression at a quarterly frequency: 

Dynamic	fee;.& = 𝛼; + 𝛽; × 𝐼𝑚𝑝𝑙𝑖𝑒𝑑	𝑙𝑒𝑣𝑒𝑟𝑎𝑔𝑒;,&>6 + 𝛿 ×𝑀;,& + 𝜖;,&K6,				(1) 
 
𝐼𝑚𝑝𝑙𝑖𝑒𝑑	𝑙𝑒𝑣𝑒𝑟𝑎𝑔𝑒;,&>6 refers to the asset-implied leverage of hedge fund family i in quarter t-1, which is 

estimated as the value of equity holdings of each hedge fund family as reported in 13F filings scaled by 

reported assets under management each quarter. The control variables include the lagged returns, holding 

assets and flow of the hedge fund family. We include hedge fund family fixed effects and time (year-quarter) 

fixed effects in all specifications.  

The results are tabulated in Table 3. The first column reports that hedge fund fees and asset-implied 

leverage are positively related. The leverage coefficient is 0.0162, suggesting that, for $1 NAV, an increase 

in total assets by $1 could increase monthly dynamic fee by 1.62 bps (or 19.5 bps per year). Columns (2) 

and (3) further report the effect of leverage in two subsamples: single-fund families and multi-fund families. 

We can see that the leverage coefficient is larger in magnitude for single-fund families, suggesting that the 

benefits reaped by of these families are more influenced by leverage. In other words, leverage appears to 

play a more prominent role for single-fund families.  

Columns (4) to (6) further use the Fung and Hsieh (2004) seven-factors to adjust for the fees taken by 

all fund families, single-fund families, and multi-fund families. The adjustment follows Table 2: we 

calculate seven-factor-adjusted fees as the difference between seven-factor-adjusted before-fee and after-

fee performance, where the factor-adjustment is based on the whole-sample period. The methodology of 
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using the full sample factor loadings for cross-sectional analysis follows that of Black, Jensen, and Scholes 

(1972), Fama and French (1992), and Lettau and Ludvigson (2001), which has the benefit of obtaining 

better estimates of risk exposure. We can see that risk-adjustment does not affect the positive relationship 

between leverage and dynamic fees. 

It is worth noting that, since cross-sectional and time (year-quarter) fixed effects are controlled for, the 

results mainly capture the potential influence of within-family variations in leverage unrelated to time-

invariant characteristics (e.g., persistent managerial skills unrelated to leverage). Overall, our portfolio and 

regression analysis strongly support our first hypothesis that leverage allows hedge funds to reap economic 

rents via dynamic fees. 

B. Active change of leverage 

We then examine how adverse funding shocks, revealed by poor past returns, affect the active leverage 

change of hedge fund families by estimating the following regression at a quarterly frequency: 

Δ𝐿;.& = 𝛼; + 𝛽; × 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,&>6 + 𝛿 ×𝑀;,& + 𝜖;,&K6,				(2) 

𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,&>6 is to the value-weighted return of hedge fund family i in quarter t-1. To allow for the 

accumulation of funding condition deterioration over a longer period, we also use the lagged semi-annual 

return 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] as the independent variable. The control variables include the lagged holding 

assets and flow of the hedge fund family. We again include hedge fund family fixed effects and time (year-

quarter) fixed effects in all specifications to control for the potential influence of time-invariant 

characteristics. 

The regression results are presented in Table 4. Columns (1) and (2) report the influence of the last-

quarter and lagged semi-annual returns for the whole sample of fund families.  To further explore the 

families with different numbers of funds, we report the sub-sample analysis on single-fund families in 

Columns (3) and (4) and multi-fund families in Columns (5) and (6). As we can see from the table, the 

coefficients of lagged HF returns (i.e., 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,&>6  and 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] ) are positive and 

significant in all specifications, which provides evidence that hedge funds actively reduce/increase their 

leverage when funding condition deteriorates/improves, as revealed by fund returns.  

 

C. Active change of holding beta  

Next, we examine how adverse funding conditions affect the active holding beta change of hedge fund 

families by estimating the following regression at a quarterly frequency: 
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Δ𝐻𝐵;.& = 𝛼; + 𝛽; × 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,&>6 + 𝛿 ×𝑀;,& + 𝜖;,&K6,				(3) 

where 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,&>6 is to the value-weighted return of hedge fund family i in quarter t-1. We also use the 

lagged semi-annual return 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6]  as the independent variable, which is calculated as the 

value-weighted cumulative return of hedge fund family i in quarter t-2 and quarter t-1. The control variables 

include the lagged holding assets and flow of the hedge fund family. We include hedge fund family fixed 

effects and time (year-quarter) fixed effects in all specifications. 

The regression results are presented in Table 5. Columns (1) and (2) report that the coefficients of lagged 

HF returns (i.e., 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,&>6 and 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6]) are negative and significant in the full sample. 

In other words, hedge funds actively increase/decrease their holding betas when funding conditions 

deteriorate/improve, as revealed by fund returns. We then apply the analysis to two sub-samples, Columns 

(3) and (4) for single-fund families and Columns (5) and (6) for multi-fund families. Interestingly, we find 

that the coefficient of 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,&>6 is negative and significant for single-fund families but insignificant 

(while also negative) for multi-fund families, whereas the coefficients of 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] are negative 

and significant for both types. The results indicate that single-fund families adjust their investment policies 

very promptly. In contrast, the investment policies of multi-fund families are more sensitive to the 

cumulative funding condition changes over a slightly longer period, presumably because they have more 

complex investments that take longer to adjust. Overall, it is clear that both types of funds adjust their 

holding betas as predicted by the model. 

D. Simultaneous changes in leverage and holding beta 

Finally, we examine how hedge funds simultaneously change their leverage and holding beta in their 

portfolio when facing adverse funding conditions (tightened leverage constraints). Specifically, we build 

four dummy variables that respond to each of the four possible actions that hedge funds can take: (1) 

Leverage decreases & Holding beta increases I{ΔL<0, ΔHB>0} is equal to one if the hedge fund family’s 

active leverage change is negative while active holding beta change is positive, and is equal to zero if it is 

not the case. (2) Leverage increases & Holding beta increases I{ΔL>0, ΔHB>0} is equal to one if the hedge 

fund family’s active leverage change is positive while active holding beta change is positive, and is equal 

to zero if it is not the case. (3) Leverage increases & Holding beta decreases I{ΔL>0, ΔHB<0} is equal to 

one if the hedge fund family’s active leverage change is positive while active holding beta change is 

negative, and is equal to zero if it is not the case. (4) Leverage decreases & Holding beta decreases I{ΔL<0, 

ΔHB<0} is equal to one if the hedge fund family’s active leverage change is negative while active holding 

beta change is negative, and is equal to zero if it is not the case.  
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As reported in Table 6 Panel A, each dummy variable is equal to one around 25% of the time, so these 

four scenarios will occur with almost equal likelihoods. Then each of the four dummy variables is used as 

the dependent variable in the following OLS regressions:  

𝐷{𝑆𝑖𝑚𝑢𝑙𝑡𝑎𝑛𝑢𝑜𝑢𝑠	𝐶ℎ𝑎𝑛𝑔𝑒};.& = 𝛼; + 𝛽; × 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] + 𝛿 ×𝑀;,& + 𝜖;,&K6,					(4) 

Since it takes longer for multi-fund families to adjust holding beta, we focus on the impacts of lagged semi-

annual returns on hedge funds’ simultaneous changes of active leverage and active beta. Furthermore, to 

examine whether hedge funds react differently to the positive past performance versus negative past 

performance, we decompose the lagged semi-annual returns into two parts: 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6]
K  is equal 

to 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] ∗ 𝐼�𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] > 0�  where 𝐼{𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] > 0}  is an indicator 

that is equal to one if 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6]  is larger than zero; 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6]>  is equal to 

𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] ∗ 𝐼{𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] ≤ 0}	where 𝐼{𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] ≤ 0} is an indicator that 

is equal to one if 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] is not greater than zero 

The regression results using the full sample are reported in Panel B of Table 5. The coefficient of lagged 

positive HF returns (i.e., 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6]
K ) is negative though not significant in Column (1), is positive 

and significant in Column (3), is not significant in Column (2), and is only marginally significant in Column 

(4). When experiencing positive returns, hedge funds will actively and simultaneously increase the fund 

leverage and decrease holding beta. Hedge funds do not tend to simultaneously increase both their leverage 

and holding beta. The coefficient on lagged negative HF returns (i.e., 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6]> ) is negative and 

significant in Column (1), is positive and significant in Column (3), is only marginally significant in 

Column (2), and is significant in Column (4). The result suggests that when experiencing negative returns, 

hedge funds actively and simultaneously decrease fund leverage and increase holding beta and do not 

simultaneously decrease their leverage and holding beta. As shown in Panel C (using the single-fund HF 

family sub-sample), and Panel D (using the multi-fund HF family sub-sample), the single-fund HF families 

are more affected by positive lagged returns, while multi-fund HF families are more affected by the negative 

lagged returns.   

We construct two new variables to consolidate the same-direction or opposite-direction policy changes: 

(a) Simultaneous leverage increase and holding beta decrease, which is equal to I{ΔL>0, ΔHB<0} – 

I{ΔL<0, ΔHB>0} and represents the side-by-side opposite adjustment of leverage and holding betas; and 

(b) Simultaneous leverage decrease and holding beta decrease, which is equal to I{ΔL<0, ΔHB<0} – 

I{ΔL>0, ΔHB>0} } and represents the side-by-side same-direction adjustment of leverage and holding 

betas. The regression results are reported in Table 7. We find that lagged HF returns (i.e., 

𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6]
K 	and	𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6]> )	 are positively correlated with Simultaneous leverage 
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increase and holding beta decrease (Columns 1 to 3), which further suggests that side-by-side opposite 

adjustment of leverage and holding betas occurs simultaneously.  

We also conduct the same-analysis in sub-samples: Column (2) is based on the sub-sample of sing-fund 

hedge fund family only, and Column (3) is based on the sub-sample of multi-fund hedge fund family only. 

The results show that the coefficients of 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6]> 	are significant for both single-fund families 

and multi-fund families, while the coefficient of 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6]
K 	is only significant for single-fund 

families. In addition, we find that the coefficients of the control variable (Assetst-1) are negative and 

significant in Columns (1) to (3). The side-by-side opposite adjustments are more prominent for families 

with fewer assets. Moreover, we conduct a placebo test by examining the side-by-side same-direction 

adjustments and we find that the coefficients of lagged HF returns are not significantly correlated with the 

side-by-side same-direction change in leverage and holding betas as shown in Columns (4) to (6). This test 

supports that our analysis has the right power to detect the performance influence on side-by-side 

adjustments. 

IV. Asset Pricing Implications 

A. Portfolio Analysis of the hedge fund LDPM-beta factor 

This section explores the asset pricing implications of leverage in delegated portfolio management and 

examines whether hedge fund holding beta can provide a priced risk factor in the economy. In our model, 

aggregate (hedge fund holding) beta proxies for a priced factor because of the negative leverage-beta 

relationship. Empirically, hedge fund beta also provides a better proxy than leverage to test the shadow cost 

because we can measure the former more precisely. Hence, we construct a leverage constraint tightness 

(LCT) factor based on hedge fund holding beta following Boguth and Simutin (2018). We refer to our factor 

as the hedge fund LDPM-beta factor.  

    To construct the factor, we first compute LDPM-beta by value-weighting hedge fund holding betas as 

follows:  

𝐿𝐷𝑃𝑀_𝑏𝑒𝑡𝑎& =C
ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒NO,<,&
∑ ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒NO,<,&<

× 𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎<,&
<

, 

where ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒NO,<,&  refers to the aggregated value of shares held by the aggregated hedge fund 

family (HF is the sum of all hedge fund families i) for stock 𝑠  in month 𝑡 , and 𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎<,&  is the 

corresponding market beta of the stock s estimated from the stock’s daily returns within month 𝑡. The beta 

estimation method follows Boguth and Simutin (2018), which adjusts asynchronous trading based on the 

approach of Dimson (1979) and Lewellen and Nagel (2006). Given that the leverage of single-fund families 
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is better grounded and measured, we aggregate the holding betas of these families as our main empirical 

proxy. We then follow the literature (Boguth and Simutin, 2018) to construct the LDPM-beta factor as the 

innovations in an AR(1) regression of LDPM-beta. Specifically, the innovations in LDPM-beta are the 

residuals from an AR(1) model that regresses 𝐿𝐷𝑃𝑀_𝑏𝑒𝑡𝑎& on 𝐿𝐷𝑃𝑀_𝑏𝑒𝑡𝑎&>6 using all available data up 

to and including month 𝑡 to avoid a look-ahead bias. We refer to the innovations of the AR(1) estimation 

as the LDPM-beta factor (or Δ&
PQR._7"&E). As a robustness check, later sections will also use all hedge fund 

families to construct an alternative factor. It does not change our main conclusions because the aggregate 

portfolio choices reflect the common investment opportunities and frictions for levered delegated portfolio 

management. 

We first present evidence that known asset-pricing factors or funding risk factors cannot explain the 

LDPM-beta factor. Specifically, we estimate time-series regressions by regressing the LDPM-beta factor 

on the Fama-French-Carhart factors and a list of funding liquidity factors, including the 3-month LIBOR 

rate (Ang et al. 2011), the percentage of loan officers tightening credit standards for commercial and 

industrial loans (Lee 2013), the swap spread (Asness et al. 2013), the TED spread (Gupta and 

Subrahmanyam 2000), the term spread (Ang et al. 2011), the credit spread (Adrian et al. 2014), and the 

VIX (Ang et al. 2011). Since the results are largely insignificant, we tabulate the table in our Online 

Appendix. In particular, our main single-family LDPM-beta factor is uncorrelated with any of these factors. 

The all-family LDPM-beta factor is correlated with the 3-month LIBOR rate, but the joint model with all 

funding factors has an adjusted R squared as low as 0.073. These observations suggest that the LDPM-beta 

factor identifies a new state variable independent of known asset pricing and funding liquidity factors. 

Next, we examine whether the LDPM-beta factor is priced in the economy. We sort stocks into quintiles 

based on their return exposure to the factor. ExposureLDPM-beta is the time-series loadings of each stock on 

the LDPM-beta factor, estimated from a 12-month rolling regression of the stock’s excess returns on market 

excess returns and the LDPM-beta factor. Then stocks are assigned into groups at the end of every month 

𝑡 , and the portfolios are held during month 𝑡	 + 	1 . We report the performance of stock portfolios 

constructed in this way in Table 8.  

By examining the average excess return of the five portfolios, we find that the excess return decreases 

with stocks’ exposure to the LDPM-beta factor. The bottom quintile (comprised of stocks with the lowest 

exposure) has an average excess return of 0.94% per month with a t-statistics of 2.61. In comparison, the 

top quintile has an average of only 0.36% per month with a t-statistics of 1.02. A strategy that takes the 

long and short position in the bottom and top portfolios (i.e., Low–minus-High) can generate a significant 

return of 0.582% per month (or annualized 7.2%).  

We also estimate alphas of the portfolios using different factor models. The return spread between 

portfolios with high and low factor exposure remains significant both statistically and economically. The 
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market-adjusted Low–minus-High return spread is highly significant at 0.571% per month (or annualized 

7.07%). The Fama-French-Carhart four-factor adjusted returns and the Pastor-Stambaugh liquidity 

augmented five-factor adjusted returns have almost identical economic magnitude. These results provide 

initial evidence supporting the hypothesis that the hedge fund LDPM-beta factor captures a unique 

economic ground that affects asset returns.   

B. Out-of-sample Predicting Power in Fama-MacBeth Analysis 

To formally test whether the LDPM-beta factor is priced in the economy, we conduct Fama-MacBeth 

regressions of monthly stock returns. Every month, stock returns in month t + 1 are regressed on the stocks’ 

exposure to the LDPM-beta factor (ExposureLDPM-beta). As before, ExposureLDPM-beta is estimated from a 12-

month rolling window, in which we regress the stock’s excess returns on market excess returns and the 

LDPM-beta factor. Following Boguth and Simutin (2018), we add a list of characteristics that are known 

to affect asset returns, including the stock’s market equity, book-to-market, profits-to-assets, asset growth 

rate, stock return runup, reversals, and idiosyncratic volatility. We normalize all independent variables to 

have a cross-sectional standard deviation of one. Hence, the regression coefficient can be directly 

interpreted as the return predicting power of the corresponding variable (based on one-standard-deviation 

changes). 

The results are presented in Table 9. The coefficients of ExposureLDPM-beta are negative and significant 

across all the empirical specifications, which shows that higher exposure to the hedge fund LDPM-beta 

factor predicts significantly lower returns. In Column (1), the coefficient of ExposureLDPM-beta is –0.1869 

with a highly significant 𝑡-statistics of –3.41, which means that a one-standard-deviation increase in the 

stock’s exposure to the LDPM-beta factor translates into a 0.1869% reduction in the monthly return (or 

2.22% in annualized return). Including additional characteristics does not absorb the significant return 

predicting power of the factor loading. 

V. Additional Analyses 

A. The Pricing Power of the HF LDPM-beta factor Conditioning on Leverage 
Thus far, we show that the hedge fund LDPM-beta factor has significant power to affect the cross-section 

of stock returns. Still, an additional prediction unique to our model is that the pricing power of the hedge 

fund beta factor should concentrate in states with reduced hedge fund leverage. We test this prediction by 

constructing an LCT factor using aggregate hedge fund leverage (HF_Leverage_LCT), which is estimated 

by the weighted sum of leverage of individual hedge funds as follows: 
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𝐻𝐹P"D"HEC"<=> =C
𝐴𝑈𝑀;,&
∑ 𝐴𝑈𝑀;,&;

× 𝐿;,&
;

, 

where 𝐴𝑈𝑀;,&  refers to the aggregate AUM in the hedge fund family 𝑖 in quarter 𝑡. The innovations in 

HF_Leverage_LCT (from the AR1 process) indicate when hedge fund leverage is more tightened. This 

information allows us to split our sample period into two sub-periods with reduced (enhanced) hedge fund 

leverage based on below-medium (above-medium) HF_Leverage_LCT innovations.  

 We then revisit the Fama-MacBeth regressions in sub-periods with reduced and enhanced hedge fund 

leverage—the results as shown in Columns (1) and (2), respectively, of Table 10. The return predicting 

power of ExposureLDPM-beta (stocks’ exposure to the LDPM-beta factor) is negative and significant only in 

Column (1) in periods with reduced hedge fund leverage (i.e., when the innovations in HF_Leverage_LCT 

are below medium). Moreover, the magnitude of the coefficients is more than 50% larger in Table 9 Column 

(1) when the innovations in HF_Leverage_LCT are below medium, compared with that in Table 8 Column 

(6) with the same specification. In contrast, the influence of the hedge fund LDPM-beta factor becomes 

insignificant (albeit still negative) with enhanced hedge fund leverage. Thus, the pricing power of the hedge 

fund LDPM-beta factor concentrates on periods in which hedge funds lower their leverage.  

B. Controlling for Penny Stocks and Mutual Fund LCT Factor 
One potential concern is that the pricing power of beta-related factors is mainly driven by penny stocks. To 

alleviate this concern, we drop all the penny stocks in our sample and re-conduct the same analysis. As 

shown in Table 10 Column (3), the coefficient of ExposureLDPM-beta remains negative and significant and 

has a similar magnitude.  

We also include the mutual fund LCT factor of Boguth and Simutin (2018). The MF_LCT is the 

aggregate mutual fund beta, which is estimated by the weighted sum of market betas of individual stocks 

in aggregated mutual funds’ holdings as follows: 

𝑀𝐹_𝐿𝐶𝑇 =C
𝑠ℎ𝑎𝑟𝑒ℎ𝑜𝑙𝑑𝑖𝑛𝑔𝑠.O,<,&
∑ 𝑠ℎ𝑎𝑟𝑒ℎ𝑜𝑙𝑑𝑖𝑛𝑔𝑠.O,<,&<

× 𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎<,&
<

 

Then we include stocks’ exposure to the mutual fund LCT factor (ExposureMF_LCT) in our Fama-MacBeth 

regression together with stocks’ exposure to the LDPM-beta factor (ExposureLDPM-beta). The result is 

reported in Table 10 Column (4). The coefficient of ExposureLDPM-beta remains negative and significant and 

the magnitude is similar to the specification without including ExposureMF_LCT, which demonstrates that the 

LDPM-beta factor cannot be explained by the existing mutual fund LCT factor. Moreover, it is especially 

interesting to see that the hedge fund LDPM-beta factor reduces, if not substitutes, the significance of the 

mutual fund LCT in our sample. But this result does not imply that mutual funds are unimportant in the 

leverage channels. Rather, it suggests that mutual funds and hedge funds are likely to face similar variations 
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in leverage conditions, which further highlights the importance of leverage in delegated portfolio 

management. 

C. Alternative HF LDPM-beta factor 

Our main empirical proxy the hedge fund LDPM-beta factor is constructed by aggregating the holding betas 

of single-fund families, but as a robustness check, we also construct an alternative hedge fund LDPM-beta 

factor using the holdings of all hedge fund families. The results are shown in Table 10 Columns (5) and (6). 

Coefficients of both the alternative hedge fund LDPM-beta factor and the mutual fund LCT are negative 

and significant, and with similar magnitudes. Thus, using all families does not change our main conclusions, 

which is because the aggregate portfolio choices of single-fund families reflect the common investment 

opportunities and frictions faced by all funds conducting levered delegated portfolio management.  

VI. Conclusion 

This paper examines how leverage affects asset prices via delegated portfolio management. Our key 

intuition is that, instead of directly using leverage (with exogenously determined constraints) to enhance 

the return of their endowed capital, hedge funds may exploit their leverage advantage via delegated portfolio 

management in the spirit of Berk and Green (2004). We formulate this intuition into a stylized model in 

which a hedge fund model chooses optimal leverage. It suggests that the fund manager reaps the economic 

rents of leverage, which provides an economic rationale for leverage-based delegated portfolio management 

and explains the insignificant leverage-performance relationship reported in the previous literature. 

Furthermore, leverage-based delegated portfolio management affects asset prices by influencing the 

market-wide shadow price of leverage constraints. 

We then empirically test a list of novel predictions on how leverage affects delegated portfolio 

management and asset prices. First, consistent with the model, hedge funds with high asset-implied leverage 

reap more economic rents via fees. Second, deteriorating funding conditions, proxied by recent poor fund 

performance, induce hedge funds to simultaneously reduce leverage and increase holdings on high-beta 

stocks. Finally, a risk factor constructed from hedge fund holding beta significantly affects the cross-section 

of asset returns, but its pricing power is concentrated in periods with reduced hedge fund leverage.  

Our results suggest that leverage-motivated delegated portfolio management in general, and the leverage 

choice of hedge funds in particular, plays a fundamental role in our economy. They affect the distribution 

of wealth on the one hand and the formation of asset prices on the hand. Our results call for more research 

on the joint determinant of the market for delegated portfolio management and the securities market. 
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Appendix A: Variable Definitions 
 
Panel A: Hedge fund family level variables 

Assets 

The aggregated holding assets (from 13F) of the hedge fund family i in quarter t 
 
𝐴;,& =C ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒;,<,&

<
 

 
where holding value is the value of shares held by hedge fund family i in stock s in 
quarter t 
 

AUM The aggregated AUM (assets under management) in the hedge fund family i in 
quarter t 

HF return The value-weighted returns of all hedge funds in the hedge fund family i in quarter 
t 

HF flow 

The capital flow ratio for each hedge fund family in quarter t based on its 
performance and AUM 
 

\𝐴𝑈𝑀;,& − 𝐴𝑈𝑀;,&>6 × w1 + 𝑟;,&x] /𝐴𝑈𝑀;,&>6 

 
N_funds The number of funds in the hedge fund family 
N_stocks The log number of stocks held by the hedge fund family 

Leverage 

The asset-implied leverage for each hedge fund family i in quarter t 
 

𝐿;,& = 𝐴𝑠𝑠𝑒𝑡𝑠;,&/𝐴𝑈𝑀;,&  

 
Or, 

𝐿;,& =
𝐴;,&
𝐸;,&

=
∑ ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒;,<,&<

𝐴𝑈𝑀;,&
 

 

Active leverage 
change 

 
The active change of hedge fund family i’s asset-implied leverage in quarter t 
 
Δ𝐿;.& = (𝐿;,& − 𝐿p;,&)/𝐿;,&>6,	 
 
where 𝐿p;,& is the counterfactual leverage, 
 

𝐿p;,& =
∑ ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒;,<,&>6 × 𝑠𝑡𝑜𝑐𝑘	𝑟𝑒𝑡𝑢𝑟𝑛<,&<

𝐸;,&>6
 

 

Holding beta 

 
The average stock beta of hedge fund family i’s aggregate holdings in quarter t 
 

𝐻𝐵;,& =C
ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒;,<,&
∑ ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒;,<,&<

× 𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎<,&
<

 

 
𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎<,& is the monthly beta of each stock, estimated from daily returns 
within month t, and is based on Dimson (1979) sum betas using the lag structure 
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suggested by Lewellen and Nagel (2006), which helps to mitigate the effects of 
asynchronous trading. 
 

Active holding 
beta change 

 
The active change of hedge fund family i’s holding beta i in quarter t 
 
ΔHB;,& = 𝐻𝐵;,& −𝐻𝐵pppp;,& 
 
where 𝐻𝐵pppp;,& is the counterfactual holdingbeta,  
 

𝐻𝐵pppp;,& =C
ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒;,<,&>6 × 𝑠𝑡𝑜𝑐𝑘	𝑟𝑒𝑡𝑢𝑟𝑛<,&
∑ ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒;,<,&>6 × 𝑠𝑡𝑜𝑐𝑘	𝑟𝑒𝑡𝑢𝑟𝑛<,&<

× 𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎<,&>6
<

	 

 
Or, 
 

ΔHB;,& =C
ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒;,<,&
∑ ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒;,<,&<

× 𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎<,&
<

−C
ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒;,<,&>6 × 𝑠𝑡𝑜𝑐𝑘	𝑟𝑒𝑡𝑢𝑟𝑛<,&
∑ ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒;,<,&>6 × 𝑠𝑡𝑜𝑐𝑘	𝑟𝑒𝑡𝑢𝑟𝑛<,&<<

× 𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎<,&>6	 
 

 
Panel B: Aggregate level variables or stock variables 
 

LDPM-beta 

LDPM-beta is the aggregate hedge fund beta, which is estimated by the 
weighted sum of market betas of individual stocks in aggregated hedge 
funds’ holdings.  

	

𝐿𝐷𝑃𝑀_𝑏𝑒𝑡𝑎& =C
∑ ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒;,<,&;
∑ ∑ ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒;,<,&;<

× 𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎<,&
<

 

 
Or, 
 

𝐿𝐷𝑃𝑀_𝑏𝑒𝑡𝑎& =C
ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒NO,<,&
∑ ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒NO,<,&<

× 𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎<,&
<

 

 
where ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒NO,<,& is the aggregated value of shares held by the 
aggregate (single-fund) hedge fund families in stock s in month t 
and	𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎<,& is the monthly beta of each stock, estimated from daily 
returns within month t, and is based on Dimson (1979) sum betas using the 
lag structure suggested by Lewellen and Nagel (2006), which helps to 
mitigate the effects of asynchronous trading. 
 

MF_LCT 
MF_LCT is the aggregate mutual fund beta, which is estimated by the 
weighted sum of market betas of individual stocks in aggregated mutual 
funds’ holdings.  
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𝑀𝐹_𝐿𝐶𝑇& =C
∑ ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒;,<,&;
∑ ∑ ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒;,<,&;<

× 𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎<,&
<

 

 
Or, 
 

𝑀𝐹_𝐿𝐶𝑇& =C
ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒.O,<,&
∑ ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒.O,<,&<

× 𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎<,&
<

 

 

where ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒.O,<,& is the aggregated value of shares held by the 
aggregate mutual fund families in stock s in month t. 
 

HF_Leverage_LCT 

 
HF_Leverage_LCT is the aggregate hedge fund leverage, which is estimated 
by the weighted sum of leverage of individual hedge funds. 
	

𝐿𝐶𝑇&
NO	P"D"HEC" =C

𝐴𝑈𝑀;,&
∑ 𝐴𝑈𝑀;,&;

× 𝐿;,&
;

 

 

ExposureLDPM-beta 
𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒<,&

PQR._7"&E  is the exposure of stock s to the hedge fund LDPM-beta 
factor (the innovations from the AR1 process of LDPM-betas) estimated in a 
rolling window. 

ExposureMF_LCT 

𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒<,&.O	P0T  is the exposure of stock s to innovations in MF_LCT 
(residuals from AR1 process) estimated in the model below: 
 

𝑅𝑒𝑡𝑢𝑟𝑛<,& = 𝑎 + 𝛽<,&.%& × 𝑅,%& + 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒<,&
.O_P0T × Δ&.O	P0T + 𝑒<& 

 

ExposureHF_Leverage LCT 

𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒<,&
NO	P"D"HEC"	P0Tis the exposure of stock s to innovations in 

HF_Leverage_LCT (residuals from AR1 process) estimated in the model 
below: 
 

𝑅𝑒𝑡𝑢𝑟𝑛<,& = 𝑎 + 𝛽<,&.%& × 𝑅,%&
+ 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒<,&

NO	P"D"HEC"	P0T × Δ&
NO	P"D"HEC"	P0T + 𝑒<& 

 
Market equity 𝐿𝑜𝑔(1 + 𝑃𝑟𝑖𝑐𝑒<,& × 𝑆ℎ𝑟𝑜𝑢𝑡<,&) 
Book-to-market ratio 𝐿𝑜𝑔(1 + 𝐵𝑜𝑜𝑘	𝑒𝑞𝑢𝑖𝑡𝑦<,&/𝑀𝑎𝑟𝑘𝑒𝑡	𝑒𝑞𝑢𝑖𝑡𝑦<,&) 
Profits to assets 𝑃𝑟𝑖𝑓𝑖𝑡𝑠<,&/𝑇𝑜𝑡𝑎𝑙𝐴𝑠𝑠𝑒𝑡𝑠<,& 

Asset growth 
𝑇𝑜𝑡𝑎𝑙𝐴𝑠𝑠𝑒𝑡𝑠<,&
𝑇𝑜𝑡𝑎𝑙𝐴𝑠𝑠𝑒𝑡𝑠<,&>6

− 1 

Stock return runup Stock returns during the 11-month period ending in t − 1 
Reversals Month t stock return 

Idiosyncratic volatility Residual standard deviation from month t three-factor regressions of daily 
returns 
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Appendix B: Proofs of the Model 
 
Proof (Proposition 1): The optimal demand can be written as 

									𝜽% =
1
𝛾%
𝚺>𝟏(𝔼[𝑹"] − 𝜙%𝕝)													(A1) 

where 𝜙% ≥ 0 is the Lagrange multiplier on leverage constraint as stated in Eq. (1).  
Next, we can derive from the market-clearing condition the market portfolio weight under investors’ 

optimal investment policies: 𝑿' = ∑ 1&
1? 𝜽%

/
%V6 . Applying (A1) to it, we have 𝑿' =

∑ 1&
)1? 𝚺>𝟏(𝔼[𝑹"] − 𝜙%𝕝)% = 6

W?)
𝚺>𝟏(𝔼[𝑹"] − 𝜙%𝕝). Denoting 𝛾' = 𝜃'𝛾,	

we have: 

												𝑿' =
1
𝛾'
𝚺>𝟏(𝔼[𝑹"] − 𝜓𝕝).													(A2)	

Eq. (A2) describes the market portfolio of the economy, from which we can further get: 
												𝔼[𝑹"] = 𝛾'𝚺𝑿' + 𝜓𝕝.																		(A3)	

Since 𝚺𝑿' = cov(𝑹" , 𝑅./0), we have 
												𝔼[𝑹"] = 𝛾'cov(𝑹" , 𝑅./0) + 𝜓𝕝.										(A4)	

Since	𝔼[𝑅,%&] = (𝑿')(𝔼[𝑹"],	we can multiply the transpose of 𝑿' on both sides of (A4) to derive the 
condition for the market portfolio. We have:  

         𝔼[𝑅,%&] = 𝛾'𝑿'(𝚺𝑿' + 𝜓 = 𝛾'𝑣𝑎𝑟(𝑅./0) + 𝜓.	(A5)	
Plugging this expression back into (A4), we get Eq. (6). ■ 
 

Proof (Proposition 2): We can rewrite investors’ optimal investment policy (A1) as the part related to 
market portfolio (A2) and a tilting portfolio as follows: 

𝜽% =
1
𝛾
𝚺>𝟏(𝔼[𝑹"] − 𝜙%𝕝)	

=
1
𝛾
𝚺>𝟏(𝔼[𝑹"] − 𝜓𝕝 − (𝜙% − 𝜓)𝕝)	

=
𝛾'

𝛾
𝑿' +

(𝜓 − 𝜙%)
𝛾

𝚺>𝟏𝕝	

= 𝜃'𝑿' +
(𝜓 − 𝜙%)

𝛾
𝚺>𝟏𝕝.														(𝐴6) 

Based on Eq. (A6), we can further write down the expected returns of an investor as (by multiplying the 
transpose of both sides of A6 to 𝔼[𝑹"]) 

�̅�% = 𝔼[𝜽%( 𝑹"] = 𝜃'(𝑿')(𝔼[𝑹"] +
(𝜓 − 𝜙%)

𝛾
𝕝(𝚺>𝟏𝑹" 	

= 𝜃'𝔼[𝑅,%&] +
(𝜓 − 𝜙%)

𝛾
𝕝(𝚺>𝟏𝑹" ,									(𝐴7) 

where in the last line we have plugged in the market return 𝔼[𝑅,%&] = (𝑿')(𝔼[𝑹"].  
Next, multiplying 𝕝( to both size of (A6) and noticing that 𝕝(𝑿' = 1 for the market portfolio, we have 

𝜃%' = 𝕝(𝜽% = 𝜃' +
(𝜓 − 𝜙%)

𝛾
𝕝(𝚺>𝟏𝕝.				(𝐴8) 

Plugging (A8) into (A7) to replace	(𝜓 − 𝜙%)/𝛾, we have: 
�̅�% = 𝜃'𝔼[𝑅,%&] + 𝜌 × (𝜃%' − 𝜃'),									(𝐴9)	
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where the parameter 𝜌 = 𝕝'𝚺(𝟏𝑹*
𝕝'𝚺(𝟏𝕝

 is a scalar that synchronizes the marginal leverage benefit from the 
security market. Eq. (A9) suggests that the expected returns of the hedge fund return and long-only 
investor satisfy the following relationship: 

�̅�# = �̅�$ + 𝐵 × w𝜃#' − 𝜃$'x = �̅�$ + 𝜌 × (𝑚# − 1).			(𝐴10)	

The second half of (A10) plugs in the binding leverage conditions of the hedge fund (i.e.,	𝜃#' = 𝑚#) and 
the long-only investor (i.e., 𝜃$' = 1). Rearranging terms, we have the first property of Proposition 2. 
 
To prove the second property, we notice that the BG condition (5) now becomes 𝜌(𝑚# − 1) − 𝑓 −
𝑏𝑊# −	

6
*
𝑐𝑚#

* = 0, from which we can drive fund AUM under the fee and leverage policies as  

𝑊# =
1
𝑏 �
𝜌(𝑚# − 1) −	

1
2
𝑐𝑚#

* − 𝑓�.			(𝐴11) 
Hence, the manager’s problem becomes  

				𝑀𝑎𝑥!,,!				𝑈,CH =
1
𝑏
× 𝑓 × �𝜌(𝑚# − 1) −	

1
2
𝑐𝑚#

* − 𝑓�,			(𝐴12)	 
which can be solved as follows. First, conditioning on fund leverage, optimal fund fee can be solved from 
the FOC (i.e., XJ@AB

X!
= 0) as 𝑓∗ = 𝜌(𝑚# − 1) −	

6
*
𝑐𝑚#

* . Plugging 𝑓∗ into (A12), the manager maximizes 

𝑈,CH(𝑚# , 𝑓∗) =
6
Y7
\𝜌(𝑚# − 1) −	

6
*
𝑐𝑚#

*]
*
. Its FOC gives out 𝑚#

∗ = 𝜌/𝑐 = 6
9
× 𝕝'𝚺(𝟏𝑹*

𝕝'𝚺(𝟏𝕝
. Hence, 𝑓∗ =

6
*
\8

+

*9
− 𝜌] and  𝑊# =

6
*7
\8

+

*9
− 𝜌]. When 6

*7
\8

+

*9
− 𝜌] < 𝑊, the hedge fund can attract the optimal 

amount of capital based on its optimal fee and leverage strategy. ■ 
 
Proof (Proposition 3): From Proposition 2, it is trivial that a declining marginal benefit of leverage or a 

hiking funding cost tightens hedge fund leverage (i.e., leading to smaller 𝑚#). We mainly focus on the 

second part of the proposition. 

From (A6), we have that the levered portfolio beta satisfies  

𝛽# = 𝜃'𝜷(𝑿' +
(𝜓 − 𝜙%)

𝛾
𝜷(𝚺>𝟏𝕝 = 	𝜃' +

(𝜓 − 𝜙#)
𝛾

𝜷(𝚺>𝟏𝕝,			(𝐴13) 

where we have used the property that the market portfolio has a holding beta of one (𝜷(𝑿' = 𝟏). Next, 

Eq. (A8) implies that  

(𝜓 − 𝜙#)
𝛾

=
𝜃#' − 𝜃'

𝕝(𝚺>𝟏𝕝
,				(𝐴14) 

and, by plugging (A14) into (A13),  

𝛽# =	𝜃' +
𝜷(𝚺>𝟏𝕝
𝕝(𝚺>𝟏𝕝

w𝜃#' − 𝜃'x.			(𝐴15) 

Dividing both sides of (A15) by 𝜃#', we have  

�̅�# =
𝜷(𝚺>𝟏𝕝
𝕝(𝚺>𝟏𝕝

+
𝜃'

𝜃#'
b1 −

𝜷(𝚺>𝟏𝕝
𝕝(𝚺>𝟏𝕝

c.			(𝐴16) 

In (A16), the first part is a constant. The second part is positively related to W
?

W!
? when  when 𝕝(𝚺>𝟏𝕝 >

𝜷(𝚺>𝟏𝕝 The latter condition holds under fairly reasonable distributions of asset betas (e.g., when asset 
betas are symmetrically distributed around one). To see this point, we can rewrite Eq. (6) in realized asset 
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returns as 𝑹" = 𝜷(𝑅,%& − 𝜓) + 𝜓𝕝 + 𝒆, where 𝒆 is the vector of idiosyncratic risk of stock returns. In 
this case,  

𝚺 = 𝜷𝜷(𝜎,* + 𝚺𝐞,										(𝐴17)	

where 𝚺𝐞 is the variance-covariance matrix of idiosyncratic risk. Assume that 𝚺𝐞 only has non-zero 

diagonal elements, which is the same for each asset (i.e., 𝚺𝐞 = �
𝑒 0 0
0 ⋱ 0
0 0 𝑒

¡; hence 𝚺𝐞>𝟏 also has non-zero 

diagonal elements that equal to 𝑒>6).26 Applying the Sherman-Morrison formula to (A17), we have 
𝚺>𝟏 = 𝚺𝐞>𝟏 −

𝚺𝐞(𝟏𝜷𝜷'𝚺𝐞(𝟏

\@+ K𝜷'𝚺𝐞(𝟏𝜷
. Hence,  

𝚺>𝟏𝕝 = 𝚺𝐞>𝟏𝕝 −
𝚺𝐞>𝟏𝜷𝜷(𝚺𝐞>𝟏𝕝
𝝈𝒎𝟐 + 𝜷(𝚺𝐞>𝟏𝜷

= 𝚺𝐞>𝟏𝕝 − b
𝜷(𝚺𝐞>𝟏𝕝

𝝈𝒎𝟐 + 𝜷(𝚺𝐞>𝟏𝜷
c × 𝚺𝐞>𝟏𝜷	

= 𝚺𝐞>𝟏𝕝 − 𝜂𝚺𝐞>𝟏𝜷															(𝐴18)	
Importantly, 𝜂 = 𝜷'𝚺𝐞(𝟏𝕝

𝝈𝒎𝟐 K𝜷'𝚺𝐞(𝟏𝜷
 is a scalar. From (A18), 𝕝(𝚺>𝟏𝕝 = `

"
− a

"
𝕝(𝜷 and 𝜷(𝚺>𝟏𝕝 = `

"
− a

"
𝜷(𝜷 (we 

have used the properties that 𝕝(𝕝 = 𝑁 and 𝜷(𝕝 = 𝑁). Easy to see, the condition 𝕝(𝚺>𝟏𝕝 > 𝜷(𝚺>𝟏𝕝 holds as 
long as 𝜷(𝜷 > 𝕝(𝜷. The latter condition holds under fairly reasonable distributions of asset betas. For 
instance, when betas are symmetrically distributed around one, the latter condition holds because of 
Jensen’s inequality. Hence, �̅�# is positively related to W

?

W!
? under these reasonable assumptions. 

 We now get back to (A16). Noticing that 𝜃' = 1!W!
?K1FWF

?

1!K1F
, 𝜃$' = 1, and 𝜃#' = 𝑚#, we have W

?

W!
? =

1 + 1F
1

WF
?

W!
? = 1 + 1F

1
6
,!

. Since both 𝑊$ and 6
,!

 decreases in 𝑚#, W
?

W!
? and �̅�# are decreasing functions of 𝑚#. 

This proves the negative leverage-beta relationship. 

Finally, we examine how hedge fund leverage is related to the shadow price of leverage constraint. 

From (A8), we have 𝜃#' − 𝜃' =
(c>d&)

)
𝕝(𝚺>𝟏𝕝. Since 𝜃' = 1!W!

?K1FWF
?

1!K1F
 and 𝜓 = 1!d!K1FdF

1!K1F
, we have 

𝜃#' − 𝜃' =
1F(W!

?>WF
?)

1!K1F
 and 𝜓 − 𝜙# =

1F(dF>d!)
1!K1F

. Hence,  
𝜃#' − 𝜃$' = (𝜙$ − 𝜙#)𝕝(𝚺>𝟏𝕝, (𝐴17) 

which implies 𝑚# = (𝜙$ − 𝜙#)𝕝(𝚺>𝟏𝕝 + 1 when 𝜃$' = 1 and 𝜃#' = 𝑚#. Easy to see, 𝑚# and 𝜙# are 
negatively related (i.e., Xd!

X,!
< 0). ■ 

  

 
26 This assumption can be relaxed. The condition holds as long as <𝚺𝐞G𝟏>,, = <𝚺𝐞G𝟏>HH > <𝚺𝐞G𝟏>,H = <𝚺𝐞G𝟏>H,, where the subscripts 
𝑖𝑗 refers to the 𝑖-th row and 𝑗-th column element of 𝚺𝐞G𝟏. In this case, when 𝛽, > 𝛽H, <𝚺𝐞G𝟏𝜷>𝒊 > <𝚺𝐞G𝟏𝜷>𝒋, because <𝚺𝐞G𝟏𝜷>𝒊 −

<𝚺𝐞G𝟏𝜷>𝒋 = <𝚺𝐞G𝟏>,,𝛽, + <𝚺𝐞
G𝟏>,H𝛽H − C<𝚺𝐞

G𝟏>H,𝛽, + <𝚺𝐞
G𝟏>HH𝛽HD = 1<𝚺𝐞G𝟏>,, − <𝚺𝐞

G𝟏>,H2 × <𝛽, − 𝛽H> > 0.  When betas are 
symmetrically distributed around one, we can examine a pair of betas such that 𝛽, = 1 + 𝑏 and 𝛽H = 1 − 𝑏. Jensen’s inequality 
implies that 𝛽,<𝚺𝐞G𝟏𝜷>𝒊 + 𝛽H<𝚺𝐞

G𝟏𝜷>𝒋 > <𝚺𝐞G𝟏𝜷>𝒊 + <𝚺𝐞
G𝟏𝜷>𝒋. Suming up all possible beta pairs leads to 𝜷5𝚺𝐞G𝟏𝜷 > 𝕝5𝚺𝐞G𝟏𝜷 and 

thus, due to (A18), 𝕝5𝚺G𝟏𝕝 > 𝜷5𝚺G𝟏𝕝. 
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Table 1: Summary statistics 
 
This table provides quarterly summary statistics of hedge fund families included in our study. Assets is the 
log of the value of assets reported by fund families via 13f filings. AUM is the assets under management 
reported by the families to the data providers. Hedge fund returns (HF return) are the value-weighted 
quarterly returns of the funds within each family. After-fee returns are reported by hedge funds, so we 
follow Agarwal et al. (2009) to back out the before-fee returns. Dynamic fees are the difference between 
the before-fee and after-fee returns of the fund. Quarterly flows into the family (HF flow) are computed by 
subtracting the previous quarter’s AUM, adjusted by performance, from the end of quarter AUM and 
dividing by the previous quarter’s AUM, adjusted by performance. N_funds is the number of funds in the 
family and N_stocks is the number of stocks reported in the 13f filings for the family. Leverage is the asset-
implied leverage, which is computed by dividing the value of the 13f reported assets by the AUM of the 
fund. Active leverage is the change in (asset-implied) leverage due to transactions and flows in the fund 
(netting out the effect of performance). Holding beta is the value-weighted beta of the stocks reported in 
the 13f filings. Active holding beta change is computed via the regression in equation (2). 
 
Variables: Mean Std. dev. 25% 50% 75% 
Assets (log) 27.02 1.87 25.75 26.75 28.14 
AUM  26.17 1.88 25.1 26.15 27.3 
HF return (before-fee) 1.68% 8.04% -1.47% 1.68% 4.97% 
HF return (after-fee) 1.34% 7.52% -1.41% 1.46% 4.37% 
Dynamic fee 0.35% 0.77% 0.00% 0.09% 0.54% 
HF flow 4.35% 97.90% -5.08% -0.26% 4.27% 
N_funds 4.36 8.47 1 2 4 
N_stocks 233.44 502.8 34 74 208 
Leverage  5.22 7.21 0.53 1.42 6.19 
Active leverage change 0.02 0.25 -0.08 0 0.1 
Holding beta 1.12 0.59 0.89 1.06 1.31 
Active holding beta change -0.01 0.76 -0.22 0 0.21 
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Table 2: HF portfolios based on the asset-implied leverage 
 
This table reports the average dynamic fees, before-fee returns and after-fee returns, in percent per month, 
of portfolios of hedge fund families sorted by their asset-implied leverage. We measure asset-implied 
leverage as the value of equity holdings of each hedge fund family, as reported in 13F filings, scaled by 
reported assets under management each quarter. Then we follow Agarwal et al. (2009) and use the monthly 
(after-fee) returns and characteristics of each hedge fund to back out the monthly before-fee returns. 
Dynamic fees are the differences between the before-fee and after-fee returns of the fund. We aggregate 
the dynamic fees, before-fee returns and after-fee returns of each fund each month to the fund family level. 
At the beginning of each quarter, we sort hedge fund families into 5 quintiles, based on their level of asset-
implied leverage during the past quarter, and we calculate the value-weighted average dynamic fees and 
monthly performance for each quintile of hedge fund families. This table reports the average monthly 
dynamic fees, the Fama and French (1993) three-factor adjusted dynamic fees, the Carhart (1997) four-
factor adjusted dynamic fees, the Pastor-Stambaugh (2003) five-factor adjusted dynamic fees, and the Fung 
and Hsieh (2004) seven-factor dynamic fees for each quintile. In the last two columns, this table reports the 
Fung and Hsieh (2004) seven-factor adjusted before-fee returns and after-fee returns for each quintile. T-
statistics are reported in parentheses and the superscripts of *, **, and *** indicate significance levels of 
10%, 5%, and 1%, respectively. 
 
Portfolio 
sorted by 

Dynamic fees (Monthly, in %) 
  

 Before-
fee return 

 After-fee 
return 

asset-
implied 
leverage 

Average 
fee 

3-factor 
adjusted 

4-factor 
adjusted 

5-factor 
adjusted 

7-factor 
adjusted 

 7-factor 
adjusted 

 7-factor 
adjusted 

1 (Low) 0.0966*** 0.0861*** 0.0845*** 0.0844*** 0.0892***  0.1585**  0.0694 
 (11.49) (11.10) (11.28) (11.20) (11.06)  (2.34)  (1.12) 
          
2 0.1088*** 0.0959*** 0.0945*** 0.0941*** 0.0985***  0.1954***  0.0970 
 (11.31) (11.28) (11.35) (11.25) (11.27)  (2.73)  (1.48) 
          
3 0.1038*** 0.0892*** 0.0878*** 0.0878*** 0.0912***  0.1615**  0.0704 
 (10.72) (10.84) (10.94) (10.88) (10.81)  (2.49)  (1.18) 
          
4 0.1092*** 0.0908*** 0.0889*** 0.0886*** 0.0939***  0.1460**  0.0521 
 (9.99) (10.29) (10.45) (10.37) (10.29)  (2.10)  (0.82) 
          
5 (High) 0.1334*** 0.1122*** 0.1103*** 0.1097*** 0.1146***  0.2721***  0.1575** 
 (10.51) (11.27) (11.40) (11.31) (11.03)  (3.42)  (2.15) 
          
High - Low 0.0368*** 0.0260*** 0.0258*** 0.0253*** 0.0254***  0.1136*  0.0881 
 (4.77) (4.11) (4.06) (3.98) (3.78)  (1.75)  (1.44) 
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Table 3: Dynamic fee & the asset-implied leverage 
 
This table reports the relation between the dynamic fee and the asset-implied leverage, as estimated by the 
following quarterly pooled regression at a quarterly frequency: 
 

Dynamic	fee;.& = 𝛼; + 𝛽; × 𝐼𝑚𝑝𝑙𝑖𝑒𝑑	𝑙𝑒𝑣𝑒𝑟𝑎𝑔𝑒;,&>6 + 𝛿 ×𝑀;,& + 𝜖;,&K6 
 
where 𝐷𝑦𝑛𝑎𝑚𝑖𝑐	𝑓𝑒𝑒;.& refers to the dynamic fee of hedge fund family i in quarter t, which is calculated as 
the differences between the before-fee and after-fee returns; 𝐼𝑚𝑝𝑙𝑖𝑒𝑑	𝑙𝑒𝑣𝑒𝑟𝑎𝑔𝑒;,&>6 refers to the asset-
implied leverage of hedge fund family i in quarter t-1, which is estimated as the value of equity holdings of 
each hedge fund family as reported in 13F filings scaled by reported assets under management each quarter; 
and 𝑀;,&  is a list of control variables, including the holding assets and flow of the hedge fund family. 
Columns (1) and (4) are based on the full sample. Columns (2) and (5) are based on the sub-sample of 
single-fund hedge fund families. Columns (3) and (6) are based on the sub-sample of multi-fund hedge fund 
families. We include family fixed effects and time (year-quarter) fixed effects in all specifications. T-
statistics are reported in parentheses and the superscripts of *, **, and *** indicate significance levels of 
10%, 5%, and 1%, respectively. 
 

Dependent variable: Dynamic fee Dynamic fee – 7 factor adjusted 
 Full sample Single-fund 

family 
Multi-fund 

family Full sample Single-fund 
family 

Multi-fund 
family 

  (1) (2) (3) (4) (5) (6) 
Implied leveraget-1 0.0162** 0.0682** 0.0192** 0.0134** 0.0822*** 0.0160** 
 (2.16) (2.12) (2.26) (1.97) (2.82) (2.09) 
HF returnt-1 1.0459*** 1.0022*** 0.9504*** 0.7255*** 0.6754*** 0.6739*** 
 (11.08) (5.28) (8.61) (8.50) (3.92) (6.76) 
Assetst-1 -0.0244** -0.0366 -0.0184* -0.0185** -0.0373 -0.0135 
 (-2.47) (-1.37) (-1.72) (-2.07) (-1.54) (-1.40) 
HF flowt-1 0.0075 0.0112 0.0030 0.0085 0.0066 0.0065 
 (1.14) (0.83) (0.40) (1.43) (0.54) (0.95) 
N_fundst-1 -0.0025   -0.0018   
 (-1.30)   (-1.08)   
N_stockst-1 0.0159 0.0105 0.0092 0.0106 -0.0000 0.0060 
 (1.00) (0.26) (0.52) (0.73) (-0.00) (0.37) 
       
Time FE Yes Yes Yes Yes Yes Yes 
HF family FE Yes Yes Yes Yes Yes Yes 
N 12659 3229 9430 12659 3229 9430 
adj. R-sq 0.226 0.220 0.235 0.184 0.179 0.193 

 
 
 
 
 
 
 
 



 

40 
 

Table 4: Active leverage change of each hedge fund family & past return(s) 
 
This table reports the relation between past returns and active leverage change, as estimated by the 
following quarterly pooled regression at a quarterly frequency: 
 

Δ𝐿;.& = 𝛼; + 𝛽; × 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,&>6 + 𝛿 ×𝑀;,& + 𝜖;,&K6 
 
where Δ𝐿;.& refers to the active leverage change of hedge fund family i in quarter t; 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,&>6 refers 
to the value-weighted return of hedge fund family i in quarter t-1; 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] refers to the value-
weighted cumulative return of hedge fund family i in quarter t-2 and quarter t-1; and 𝑀;,& is a list of control 
variables, including the holding assets and flow of the hedge fund family. Columns (1) and (2) are based 
on the full sample. Columns (3) and (4) are based on the sub-sample of single-fund hedge fund families, 
and Columns (5) and (6) are based on the sub-sample of multi-fund hedge fund families. We include family 
fixed effects and time (year-quarter) fixed effects in all specifications. T-statistics are reported in 
parentheses and the superscripts of *, **, and *** indicate significance levels of 10%, 5%, and 1%, 
respectively. 
 
Dependent variable: Active leverage change Δ𝐿;.& 

 Full sample  Single_fund family  Multi-fund family 
  (1) (2)   (3) (4)   (5) (6) 
HF returnt-1 0.1051***   0.1364***   0.0814**  
 (4.03)   (2.94)   (2.56)  
HF return[t-2,t-1]  0.0911***   0.1294***   0.0669*** 
  (5.47)   (4.19)   (3.31) 
Assetst-1 -0.0111*** -0.0112***  -0.0121*** -0.0123***  -0.0118*** -0.0119*** 
 (-5.99) (-6.03)  (-3.26) (-3.32)  (-5.30) (-5.31) 
HF flowt-1 0.0039*** 0.0038***  0.0027 0.0026  0.0047*** 0.0046*** 
 (2.75) (2.67)  (1.06) (1.03)  (2.68) (2.63) 
N_fundst-1 0.0004 0.0004           
 (0.57) (0.61)           
N_stockst-1 -0.0340*** -0.0338***  -0.0459*** -0.0451***  -0.0340*** -0.0339*** 
 (-7.54) (-7.51)  (-4.91) (-4.83)  (-6.30) (-6.29) 
         
Time FE Yes Yes  Yes Yes  Yes Yes 
HF family FE Yes Yes  Yes Yes  Yes Yes 
N 17392 17392  5467 5467  11925 11925 
adj. R-sq 0.154 0.154  0.113 0.115   0.185 0.185 
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Table 5: Active holding beta change of each hedge fund family & past return(s) 
 
This table examines how past returns affect the active holding beta change of hedge fund families by 
estimating the following regression at a quarterly frequency: 
 

Δ𝐻𝐵;.& = 𝛼; + 𝛽; × 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,&>6 + 𝛿 ×𝑀;,& + 𝜖;,&K6 
 
where Δ𝐻𝐵;.& refers to the active holding beta change of hedge fund family i in quarter t; 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,&>6 
refers to the value-weighted return of hedge fund family i in quarter t-1; 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] refers to the 
value-weighted cumulative return of hedge fund family i in quarter t-2 and quarter t-1; and 𝑀;,& stacks a list 
of control variables, including the holding assets and flow of the hedge fund family. Columns (1) and (2) 
are based on the full sample. Columns (3) and (4) are based on the sub-sample of single-fund hedge fund 
families, and Columns (5) and (6) are based on the sub-sample of multi-fund hedge fund families. We 
include hedge fund family fixed effects and time (year-quarter) fixed effects in all specifications. T-statistics 
are reported in parentheses and the superscripts of *, **, and *** indicate significance levels of 10%, 5%, 
and 1%, respectively. 
 
Dependent variable: Active holding beta change (ΔHB;,&)  

 Full sample  Single_fund family  Multi-fund family 
  (1) (2)   (3) (4)   (5) (6) 
HF returnt-1 -0.1911**   -0.3035**   -0.0989  
 (-2.41)   (-2.14)   (-1.02)  
HF return[t-2,t-1]  -0.1980***   -0.2295**   -0.1704*** 
  (-3.91)   (-2.43)   (-2.76) 
Assetst-1 -0.0182*** -0.0181***  -0.0518*** -0.0515***  -0.0089 -0.0089 
 (-3.23) (-3.21)  (-4.57) (-4.55)  (-1.31) (-1.31) 
HF flowt-1 -0.0009 -0.0006  0.0033 0.0034  -0.0029 -0.0026 
 (-0.20) (-0.14)  (0.43) (0.44)  (-0.54) (-0.48) 
N_fundst-1 0.0007 0.0007           
 (0.38) (0.35)           
N_stockst-1 0.0041 0.0037  0.0234 0.0223  0.0081 0.0080 
 (0.30) (0.27)  (0.82) (0.78)  (0.49) (0.49) 
         
Time FE Yes Yes  Yes Yes  Yes Yes 
HF family FE Yes Yes  Yes Yes  Yes Yes 
N 17392 17392  5467 5467  11925 11925 
adj. R-sq 0.045 0.046  0.034 0.034   0.061 0.062 
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Table 6: Simultaneous changes of active holding beta and leverage 
 
This table examines how past returns affect the active leverage change and active holding beta change of 
hedge fund families simultaneously. We construct four dummy variables that correspond to four different 
scenarios: Leverage decreases & Holdingbeta increases I{ΔL<0, ΔHB>0} is equal to one if the hedge fund 
family’s active leverage change is negative while active holdingbeta change is positive, and is equal to zero 
if it is not the case. Leverage increases & Holdingbeta increases I{ΔL>0, ΔHB>0} is equal to one if the 
hedge fund family’s active leverage change is positive while active holdingbeta change is positive, and is 
equal to zero if it is not the case. Leverage increases & Holdingbeta decreases I{ΔL>0, ΔHB<0} is equal 
to one if the hedge fund family’s active leverage change is positive while active holdingbeta change is 
negative, and is equal to zero if it is not the case. Leverage decreases & Holdingbeta decreases I{ΔL<0, 
ΔHB<0} is equal to one if the hedge fund family’s active leverage change is negative while active 
holdingbeta change is negative, and is equal to zero if it is not the case. Panel A reports the percentage of 
each of the four scenarios. Panels B to D report the results of the following OLS regression: 
 

𝐷𝑢𝑚𝑚𝑦	𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒	𝑜𝑓	𝑎𝑐𝑡𝑖𝑣𝑒	𝑐ℎ𝑎𝑛𝑔𝑒	𝑜𝑓	𝑙𝑒𝑣𝑒𝑟𝑎𝑔𝑒	𝑎𝑛𝑑	ℎ𝑜𝑙𝑑𝑖𝑛𝑔𝑏𝑒𝑡𝑎;.&
= 𝛼; + 𝛽; × 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] + 𝛿 ×𝑀;,& + 𝜖;,&K6 

 
where the dependent variables are the four dummy variables in Columns (1) to (4), respectively; 
𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] refers to the value-weighted cumulative return of hedge fund family i in quarter t-2 
and quarter t-1; 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6]

K  is equal to 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] ∗ 𝐼�𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] > 0� where 
𝐼{𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] > 0} is an indicator that is equal to one if 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] is larger than zero; 
𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6]>  is equal to 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] ∗ 𝐼{𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] ≤ 0}	 where 
𝐼{𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] ≤ 0} is an indicator that is equal to one if 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] is not greater than 
zero; and 𝑀;,& stacks a list of control variables, including the holding assets and flow of the hedge fund 
family. Estimations in panel B are based on the sub-sample of single-fund hedge fund families, and 
estimations in panel C are based on the sub-sample of multi-fund hedge fund families. Estimations in panel 
D are based on the full sample. We include hedge fund family fixed effects and time (year-quarter) fixed 
effects in all specifications. T-statistics are reported in parentheses and the superscripts of *, **, and *** 
indicate significance levels of 10%, 5%, and 1%, respectively. 
 
Panel A: Summary statistics 
 I{ΔL<0, 

ΔHB>0}=1 
I{ΔL>0, 

ΔHB>0}=1 
I{ΔL>0, 

ΔHB<0}=1 
I{ΔL<0, 

ΔHB<0}=1 

% of each scenario 24.38% 25.30% 26.03% 24.21% 
 
Panel B: OLS regressions with the full sample 
Dependent variables: I{ΔL<0, 

ΔHB>0} 
I{ΔL>0, 
ΔHB>0} 

I{ΔL>0, 
ΔHB<0} 

I{ΔL<0, 
ΔHB<0} 

 Full sample 
 (1) (2) (3) (4) 
HF return+ 

[t-2,t-1] -0.0210 -0.0202 0.1124*** -0.0703* 
 (-0.52) (-0.49) (2.73) (-1.73) 
HF return– 

[t-2,t-1] -0.3256*** 0.1220* 0.2517*** -0.0452 
 (-4.44) (1.65) (3.40) (-0.62) 
Assetst-1 0.0083** -0.0065* -0.0073** 0.0050 
 (2.47) (-1.89) (-2.14) (1.49) 
HF flowt-1 -0.0011 0.0007 0.0038 -0.0035 
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 (-0.41) (0.26) (1.40) (-1.32) 
N_fundst-1 0.0009 -0.0010 0.0004 -0.0003 
 (0.82) (-0.87) (0.34) (-0.26) 
N_stockst-1 0.0116 -0.0267*** -0.0081 0.0259*** 
 (1.42) (-3.21) (-0.97) (3.16) 
     
Time FE Yes Yes Yes Yes 
HF family FE Yes Yes Yes Yes 
N 17392 17392 17392 17392 
adj. R-sq 0.046 0.041 0.060 0.041 

 
Panel C: OLS regressions with the single-fund HF family sub-sample  
Dependent variables: I{ΔL<0, 

ΔHB>0} 
I{ΔL>0, 
ΔHB>0} 

I{ΔL>0, 
ΔHB<0} 

I{ΔL<0, 
ΔHB<0} 

 Single_fund family 
 (1) (2) (3) (4) 
HF return+ 

[t-2,t-1] -0.2211*** 0.0027 0.2051*** 0.0163 
 (-2.80) (0.03) (2.61) (0.20) 
HF return– 

[t-2,t-1] -0.2395* 0.1965 0.1989 -0.1522 
 (-1.91) (1.56) (1.59) (-1.20) 
Assetst-1 0.0134** -0.0147** -0.0055 0.0066 
 (1.97) (-2.15) (-0.82) (0.97) 
HF flowt-1 -0.0047 0.0047 0.0043 -0.0044 
 (-0.99) (0.99) (0.92) (-0.92) 
N_fundst-1 0.0242 -0.0410** -0.0076 0.0278 
 (1.42) (-2.38) (-0.45) (1.62) 
N_stockst-1 -0.2211*** 0.0027 0.2051*** 0.0163 
 (-2.80) (0.03) (2.61) (0.20) 
     
Time FE Yes Yes Yes Yes 
HF family FE Yes Yes Yes Yes 
N 5467 5467 5467 5467 
adj. R-sq 0.042 0.038 0.052 0.025 

 
Panel D: OLS regressions with the multi-fund HF family sub-sample 
Dependent variables: I{ΔL<0, 

ΔHB>0} 
I{ΔL>0, 
ΔHB>0} 

I{ΔL>0, 
ΔHB<0} 

I{ΔL<0, 
ΔHB<0} 

 Multi-fund family 
 (1) (2) (3) (4) 
HF return+ 

[t-2,t-1] 0.0811 -0.0607 0.0873* -0.1071** 
 (1.62) (-1.19) (1.71) (-2.14) 
HF return– 

[t-2,t-1] -0.3646*** 0.0881 0.2417** 0.0367 
 (-3.91) (0.93) (2.55) (0.39) 
Assetst-1 0.0067 -0.0038 -0.0097** 0.0064 
 (1.63) (-0.91) (-2.34) (1.57) 
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HF flowt-1 0.0015 -0.0013 0.0038 -0.0041 
 (0.44) (-0.40) (1.12) (-1.24) 
N_fundst-1 0.0079 -0.0201** -0.0125 0.0274*** 
 (0.80) (-1.99) (-1.24) (2.77) 
N_stockst-1 0.0811 -0.0607 0.0873* -0.1071** 
 (1.62) (-1.19) (1.71) (-2.14) 
     
Time FE Yes Yes Yes Yes 
HF family FE Yes Yes Yes Yes 
N 11925 11925 11925 11925 
adj. R-sq 0.050 0.044 0.066 0.048 
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Table 7: Simultaneous changes of active holding beta and leverage (combined LHS 
variable) 

 
This table examines how past returns affect the active leverage change and active holding beta change of 
hedge fund families simultaneously. We construct two variables: (a) Simultaneous leverage increase and 
holdingbeta decrease, which is equal to I{ΔL>0, ΔHB<0} – I{ΔL<0, ΔHB>0}; and (b) Simultaneous 
leverage decrease and holdingbeta increase, which is equal to I{ΔL<0, ΔHB<0} – I{ΔL>0, ΔHB>0}. 
I{ΔL<0, ΔHB>0} is equal to one if the hedge fund family’s active leverage change is negative while active 
holdingbeta change is positive, and is equal to zero if it is not the case. I{ΔL>0, ΔHB>0} is equal to one if 
the hedge fund family’s active leverage change is positive while active holdingbeta change is positive, and 
is equal to zero if it is not the case. I{ΔL>0, ΔHB<0} is equal to one if the hedge fund family’s active 
leverage change is positive while active holdingbeta change is negative, and is equal to zero if it is not the 
case. I{ΔL<0, ΔHB<0} is equal to one if the hedge fund family’s active leverage change is negative while 
active holdingbeta change is negative, and is equal to zero if it is not the case. This table reports the results 
of the following OLS regression: 
 

𝑆𝑖𝑚𝑢𝑙𝑡𝑎𝑛𝑒𝑜𝑢𝑠	𝑐ℎ𝑎𝑛𝑔𝑒	𝑜𝑓	𝑙𝑒𝑣𝑒𝑟𝑎𝑔𝑒	𝑎𝑛𝑑	ℎ𝑜𝑙𝑑𝑖𝑛𝑔𝑏𝑒𝑡𝑎;.&
= 𝛼; + 𝛽; × 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] + 𝛿 ×𝑀;,& + 𝜖;,&K6 

 
where the dependent variables are Simultaneous leverage increase and holdingbeta decrease in Columns 
(1) to (3), and Simultaneous leverage decrease and holdingbeta decrease in Columns (4) to (6), respectively; 
𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] refers to the value-weighted cumulative return of hedge fund family i in quarter t-2 
and quarter t-1; 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6]

K  is equal to 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] ∗ 𝐼�𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] > 0� where 
𝐼{𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] > 0} is an indicator that is equal to one if 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] is larger than zero; 
𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6]>  is equal to 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] ∗ 𝐼{𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] ≤ 0}	 where 
𝐼{𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] ≤ 0} is an indicator that is equal to one if 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛;,[&>*,&>6] is not greater than 
zero; and 𝑀;,& stacks a list of control variables, including the holding assets and flow of the hedge fund 
family. We include hedge fund family fixed effects and time (year-quarter) fixed effects in all specifications. 
T-statistics are reported in parentheses and the superscripts of *, **, and *** indicate significance levels of 
10%, 5%, and 1%, respectively. 
 
Dependent 
variables: I{ΔL>0, ΔHB<0} – I{ΔL<0, ΔHB>0}  I{ΔL<0, ΔHB<0} – I{ΔL>0, ΔHB>0} 

 Full sample Single_fund 
family 

Multi_fund 
family  Full sample Single_fund 

family 
Multi_fund 

family 
 (1) (2) (3)  (4) (5) (6) 
HF return+ 

[t-2,t-1] 0.1333** 0.4261*** 0.0061  -0.0499 0.0136 -0.0462 
 (2.02) (3.35) (0.07)  (-0.76) (0.11) (-0.57) 
HF return– 

[t-2,t-1] 0.5776*** 0.4388** 0.6063***  -0.1672 -0.3489* -0.0514 
 (4.87) (2.17) (4.01)  (-1.41) (-1.71) (-0.34) 
Assetst-1 -0.0157*** -0.0189* -0.0164**  0.0115** 0.0213* 0.0102 
 (-2.86) (-1.73) (-2.46)  (2.09) (1.93) (1.54) 
HF flowt-1 0.0047 0.0086 0.0023  -0.0044 -0.0090 -0.0030 
 (1.10) (1.15) (0.44)  (-1.05) (-1.20) (-0.58) 
N_fundst-1 -0.0005    0.0007   
 (-0.30)    (0.38)   
N_stockst-1 -0.0197 -0.0319 -0.0204  0.0526*** 0.0688** 0.0475*** 
 (-1.48) (-1.16) (-1.27)  (3.95) (2.47) (2.95) 
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Time FE Yes Yes Yes  Yes Yes Yes 
HF family FE Yes Yes Yes  Yes Yes Yes 
N 17392 5467 11925  17392 5467 11925 
adj. R-sq 0.079 0.071 0.086   0.062 0.049 0.069 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

47 
 

Table 8: Performance of stock portfolios based on the LDPM-beta factor 
 
This table reports the average excess returns and alphas, in percent per month for portfolios of stocks sorted 
by stocks’ exposure to the LDPM-beta factor. ExposureLDPM-beta is the time-series loadings of each stock on 
the LDPM-beta factor, estimated from rolling regressions of the stock’s excess returns on market excess 
returns and the LDPM-beta factor. The LDPM-beta factor is the innovation in LDPM-beta estimated by the 
residual from an AR(1) process of LDPM-beta and we use the aggregate holdings of single-fund hedge 
fund families to construct LDPM-beta. Newey and West (1987) t-statistics are in brackets. Stocks are 
assigned into groups at the end of every month t, and the portfolios are held during month t + 1. The 3-
factor mode is computed as in Fama and French (1993) and includes the market, value (HML), and size 
(SMB) factors. The 4-factor model is computed as in Carhart (1997) and adds a momentum (UMD) factor. 
The 5-factor model is as in Pastor-Stambaugh (2003) and adds a liquidity (PS) factor. T-statistics are 
reported in parentheses and the superscripts of *, **, and *** indicate significance levels of 10%, 5%, and 
1%, respectively. 
 

Portfolio sorted by Excess  Alphas from 
ExposureLDPM-beta return  CAPM 3-factor 4-factor 5-factor 
1 (Low) 0.94  0.06 0.07 0.11 0.11 
2 0.84  0.16 0.15 0.13 0.13 
3 0.70  0.08 0.08 0.07 0.07 
4 0.58  -0.10 -0.11 -0.10 -0.10 
5 (High) 0.36  -0.53 -0.49 -0.43 -0.43 
       
Low-High 0.5821  0.5871 0.5586 0.5414 0.5404 
  (2.45)   (2.44) (2.34) (2.24) (2.23) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

48 
 

Table 9: Fama-MacBeth regressions of monthly stock returns on exposure to LDPM Beta 
 
This table reports the results of Fama-MacBeth regressions of monthly stock returns. Stock returns in month 
t + 1 are regressed on ExposureLDPM-beta computed as of month t, which is the stock’s exposure to the LDPM-
beta factor. The LDPM-beta factor is the innovation in LDPM-beta estimated from an AR(1) process of 
LDPM-beta and we use the aggregate holdings of single-fund hedge fund families to construct LDPM-beta. 
Other independent variables include the stock’s market equity, book-to-market ratio, profits-to-assets ratio, 
asset growth rate, stock return runup, reversals, and idiosyncratic volatility. All independent variables are 
normalized to have a cross-sectional standard deviation of one. Reported are the average coefficients and 
the corresponding Newey and West (1987) t-statistics.  
 
Dependent Variables: Stock returnt + 1 

 Full sample 
 (1) (2) (3) (4) (5) (6) 
ExposureLDPM-beta -0.1869*** -0.1689*** -0.1651*** -0.1890*** -0.1174*** -0.0937** 
 (-3.41) (-3.33) (-3.29) (-3.49) (-2.83) (-2.48) 
Market equity  -0.1923 -0.1976* -0.2090* -0.1638 -0.1767** 
   (-1.61) (-1.66) (-1.77) (-1.47) (-2.16) 
Book_to_market ratio  0.2061** 0.2182** 0.1652* 0.1969** 0.1882** 
   (2.25) (2.37) (1.88) (2.33) (2.43) 
Profits_to_assets   0.5246** 0.4949** 0.5120** 0.4986** 
    (2.43) (2.27) (2.33) (2.37) 
Asset_growth    -0.3663*** -0.4438*** -0.4352*** 
     (-3.43) (-4.06) (-4.03) 
Stock return runup     0.0403 0.0655 
      (0.35) (0.61) 
Reversals     -0.5314*** -0.5453*** 
      (-5.98) (-6.02) 
Idiosyncratic volatility      -0.0372 
            (-0.27) 
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Table 10: Fama-MacBeth regressions of monthly stock returns: More specifications  
 
This table reports the results of Fama-MacBeth regressions of monthly stock returns with different 
specifications. Stock returns in month t + 1 are regressed on ExposureLDPM-beta computed as of month t, 
which is the stock’s exposure to the LDPM-beta factor. The LDPM-beta factor is the innovation in LDPM-
beta estimated by the residual from an AR(1) process of LDPM-beta. The LDPM-beta is the aggregate 
hedge fund beta, which is estimated by the weighted sum of market betas of individual stocks in aggregated 
hedge funds’ holdings. In Columns (1) to (4), the LDPM-beta is constructed by aggregate holdings of 
single-fund hedge fund families only, and in Columns (5) to (6), the LDPM-beta is constructed by aggregate 
holdings of all hedge fund families. In Columns (4) to (6) we control for ExposureMF_LCT, which is the 
stock’s exposure to innovations of MF_LCT constructed by aggregate holdings of mutual funds following 
Boguth and Simutin (2018). Other independent variables include the stock’s market equity, book-to-market 
ratio, profits-to-assets ratio, asset growth rate, stock return runup, reversals, and idiosyncratic volatility. All 
independent variables are normalized to have a cross-sectional standard deviation of one. Reported are the 
average coefficients and the corresponding Newey and West (1987) t-statistics.  
 

Dependent variables: Stock return (t+1) 

 
Subperiods by Leverage 

Innovation 
 Dropping Penny Stocks 

Controlling for Mutual 
Fund LCT 

 LCT from all Hedge 
Funds 

 Below 
Medium 

Above 
Medium 

      

 (1) (2)  (3)  (4)  (5) (6) 
ExposureLDPM-beta -0.1465** -0.0420  -0.0883**  -0.1082**  -0.2151** -0.1533** 
  (-2.51) (-0.89)  (-2.46)  (-2.00)  (-2.42) (-2.18) 
ExposureMF_LCT         -0.0916  -0.2120** -0.1356* 
         (-1.30)  (-2.23) (-1.76) 
Market equity -0.2496** -0.1053  -0.1248*  -0.1408*   -0.1324* 
  (-2.32) (-0.96)  (-1.73)  (-1.94)   (-1.84) 
Book_to_market ratio 0.2343** 0.1430  0.2000**  0.1947**   0.1943** 
  (2.14) (1.37)  (2.58)  (2.52)   (2.52) 
Profits_to_assets 0.5663* 0.4322  0.5267**  0.5247**   0.5349** 
  (1.73) (1.35)  (2.51)  (2.53)   (2.54) 
Asset_growth -0.5271*** -0.3451***  -0.3999***  -0.3976***   -0.3987*** 
  (-3.41) (-2.73)  (-3.82)  (-3.79)   (-3.82) 
Stock return runup -0.1178 0.2452***  0.1084  0.1090   0.1106 
  (-0.60) (2.66)  (1.13)  (1.14)   (1.16) 
Reversals -0.6425*** -0.4499***  -0.3072***  -0.3137***   -0.3145*** 
  (-4.76) (-3.68)  (-4.42)  (-4.29)   (-4.40) 
Idiosyncratic volatility -0.1204 0.0444  -0.3591**  -0.3437**   -0.3437** 
  (-0.63) (0.24)  (-2.45)  (-2.36)   (-2.36) 
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Online Appendix 
 

Table IN1: The LDPM-beta factor, risk factors, and funding liquidity factors  
 
This table examines the relationship between the LDPM-beta factor and other well-known risk and funding 
factors. We run the following time-series regression:  

	𝐿𝐷𝑃𝑀_𝑏𝑒𝑡𝑎	𝑓𝑎𝑐𝑡𝑜𝑟&	 = 	𝛼 + 𝛽 × 𝑅𝑖𝑠𝑘	𝑓𝑎𝑐𝑡𝑜𝑟𝑠&	 	+ 	𝜀&, 
𝐿𝐷𝑃𝑀_𝑏𝑒𝑡𝑎	𝑓𝑎𝑐𝑡𝑜𝑟&	 is the innovation in 	𝐿𝐷𝑃𝑀_𝑏𝑒𝑡𝑎&, which is estimated by the residual from an AR(1) 
process by regressing 𝐿𝐷𝑃𝑀_𝑏𝑒𝑡𝑎&	on 𝐿𝐷𝑃𝑀_𝑏𝑒𝑡𝑎&>6. 𝐿𝐷𝑃𝑀_𝑏𝑒𝑡𝑎&	is the aggregate hedge fund beta, 
which is estimated by the weighted sum of market betas of individual stocks in aggregated hedge funds’ 
holdings. In Columns (1) and (3), we use the aggregate holdings of single-fund hedge fund families to 
construct LDPM-beta, and in Columns (2) and (4), we use the aggregate holdings of all hedge fund families 
to construct LDPM-beta. 𝑅𝑖𝑠𝑘	𝑓𝑎𝑐𝑡𝑜𝑟𝑠&	include the Fama and French three factors and the Momentum 
factor in month 𝑡 in Columns (1) and (2). In Columns (3) and (4), 𝑅𝑖𝑠𝑘	𝑓𝑎𝑐𝑡𝑜𝑟𝑠&	include the following 
funding liquidity factors: the 3-month LIBOR rate (Ang et al. 2011), the percentage of loan officers 
tightening credit standards for commercial and industrial loans (Lee 2013), the swap spread (Asness et al. 
2013), the TED spread (Gupta and Subrahmanyam 2000), the term spread (Ang et al. 2011), the credit 
spread (Adrian et al. 2014), and the VIX (Ang et al. 2011). T-statistics are reported in parentheses and the 
superscripts of *, **, and *** indicate significance levels of 10%, 5%, and 1%, respectively. 
  



 

51 
 

 
 
Dependent 
variables: 

LDPM-beta factor 

 (1) (2) (3) (4) 
 Single-Family 

Factor 
All-Family 

Factor 
Single-Family 

Factor 
All-Family 

Factor 
Mkt-RF 0.0007 0.0002   
 (0.36) (0.15)   
SMB 0.0002 0.0006   
 (0.06) (0.44)   
HML -0.0009 -0.0005   
 (-0.33) (-0.34)   
MOM -0.0013 -0.0004   
 (-0.72) (-0.39)   
LIBOR Rate   -0.0031 0.0132*** 
   (-0.67) (3.52) 
Loan Tighten   -0.0004 -0.0006* 
   (-0.96) (-1.93) 
Swap Spread   0.0148 -0.0256 
   (0.38) (-0.81) 
TED Spread   -0.0057 -0.0027 
   (-0.18) (-0.11) 
Term Spread   -0.0050 0.0127* 
   (-0.58) (1.82) 
Credit Spread   0.0292 0.0216 
   (1.21) (1.09) 
VIX   -0.0011 -0.0011 
   (-0.80) (-0.96) 
Constant -0.0410*** -0.0147*** -0.0209 -0.0532** 
 (-4.89) (-3.22) (-0.72) (-2.24) 
     
N 300 300 189 189 
adj. R-sq -0.010 -0.011 -0.005 0.037 

 


