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Abstract 

Contrary to the conventional wisdom that less constrained investors achieve superior returns, 

existing studies find little evidence that the use of leverage enhances hedge fund performance. To 

reconcile this puzzle, we extend the model of Berk and Green (2004) and empirically test its 

predictions including 1) Hedge funds reap leverage-based economic rents via fees; 2) Adverse 

conditions prompt funds to simultaneously reduce leverage and increase holding betas; and 3) A 

hedge fund leverage tightness factor predicts asset returns, especially during periods with reduced 

hedge fund leverage. Our results provide a leverage-based framework for hedge funds with 

important asset pricing implications.  
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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 

investments and asset returns. More recently, Frazzini and Pedersen (2014) indicate that 

constrained investors tilt their portfolios toward high-beta assets, causing low-beta strategies to 

deliver abnormal returns. Boguth and Simutin (2018) consider mutual funds as a representative 

example of constrained investors and show that a leverage constraint factor constructed from their 

holding betas is priced in the cross-section of stock returns. Empirical evidence further shows that 

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

returns (Adrian, Etula, and Muir 2014; He, Kelly, and Manela 2017; Asness et al. 2020). 

Despite the efforts in the literature to examine constrained investors and certain leveraged 

financial intermediaries, the impact of hedge funds, the quintessential levered investors, has 

received limited attention. This gap is surprising given the more substantial variation and impact 

of hedge fund leverage compared to those of other types of institutional investors, particularly 

during financial crises (e.g., the Long-Term Capital Management episode).1 Even more puzzling, 

existing hedge fund studies find little evidence that leverage is related to superior performance 

(e.g., Agarwal and Naik 2004; Lo 2008; Liang and Qiu 2019), which challenges an important tenet 

of the literature: that less constrained investors should outperform their constrained counterparts.2 

This finding also raises doubts about why hedge funds employ leverage in the first place.  

This paper aims to reconcile these apparent contradictions by examining the role of leverage 

in shaping the hedge fund industry and influencing asset returns through hedge fund policies. Our 

key intuition is that unconstrained investors may seek to exploit their leverage advantage through 

delegated portfolio management—referred to as delegated leverage—by setting up hedge funds 

and raising capital from investors who are unable to borrow. As we will detail shortly, this 

framework not only provides a leverage-based theory for hedge funds but also sheds light on the 

intricate relationship between hedge fund leverage, performance, and asset returns. 

 
1 See, among others, Banque de France (2007) for detailed discussions. 
2 Recent studies on leveraged buyout (LBO) funds, another important type of institutional investors using leverage, have also failed 
to observe a positive relationship between leverage and fund performance (see, e.g., Hüether, Schmid, and Steri 2022). 
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We formalize this intuition by extending Berk and Green’s (2004) model to incorporate the 

asset pricing framework of Black (1972) and Frazzini and Pedersen (2014). In our model, a 

representative hedge fund raises capital from long-only investors who are unable to borrow. The 

hedge fund determines not only its fees, as in Berk and Green (2004), but also its leverage and 

portfolio betas based on the benefits and costs of leverage, which we will loosely refer to as funding 

conditions. In equilibrium, the tightness (i.e., the Lagrange multiplier) of hedge fund leverage 

constraints further influences expected asset returns.  

Our model puts forth three novel predictions that can be empirically tested. First, if hedge fund 

leverage is an endogenous choice, higher leverage should lead to superior returns. However, in 

line with Berk and Green (2004), fund managers do not pass these benefits on to investors. Instead, 

they collect economic rents generated by leverage through fees, leading to a positive relationship 

between leverage and fees, but not necessarily between leverage and after-fee performance, which 

has been the focus of existing literature.  

Secondly, our model predicts an important relationship between delegated leverage and 

investment policies. When facing adverse funding conditions, hedge funds will simultaneously 

reduce their leverage and shift their investments toward high-beta stocks. This prediction addresses 

a critical missing link in the literature: despite the theoretical prediction that more constrained 

investors should invest in higher beta stocks (e.g., Frazzini and Pedersen 2014; Boguth and Simutin 

2018), there is a lack of investor-level evidence establishing a relationship between leverage and 

betas. Our model fills this gap by proposing a testable leverage-beta relationship. 

Our final prediction relates to the asset pricing implications of delegated leverage. Intuitively, 

adverse funding shocks not only lead to reduced leverage and increased holding betas for hedge 

funds, but also tighten the leverage constraints of these funds. Hence, our model predicts a positive 

relationship between hedge fund holding betas and the tightness of constraints. Consequently, we 

can follow the literature to construct a tightness factor, using hedge fund holding betas, that 

predicts the cross-section of asset returns. A unique feature of the hedge fund tightness factor is 

that its pricing power is concentrated in periods of reduced hedge fund leverage. 
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To test these predictions, we use data provided by three databases (TASS, HFR, and 

BarclayHedge) to compile a list of hedge fund companies, which we also refer to as hedge fund 

“families.” We then track the holdings of matched hedge fund companies, as reported in form 13F. 

While the hedge fund 13F filings allow us to infer holding betas, hedge funds do not disclose their 

leverage directly.3 To address this issue, we propose a novel measure of leverage as 13F equity 

holdings scaled by assets under management (AUM), which we refer to as asset-implied leverage. 

Although this measure has limitations, such as the lack of information on short positions and 

derivatives, it aligns well with our model and the industry definition of leverage.4 As the 13F 

holding information is available at the hedge fund company level, we construct this measure for 

each hedge fund company. It provides a reasonable estimation of relative leverage ranks and 

changes in leverage over time, after accounting for time-invariant characteristics and positions. 

Any remaining estimation noise would work against finding leverage-related effects.  

We first use this measure to examine whether hedge funds with higher leverage collect more 

economic rents in the form of fees. Following the literature (Agarwal, Daniel, and Naik 2009; 

Jorion and Schwarz 2014; and Yin and Zhang 2023), we calculate before-fee for hedge funds, and 

we refer to the difference between the before-fee returns and after-fee returns (reported by hedge 

funds) as “dynamic fees.”  

At the beginning of each quarter, we sort hedge fund companies into quintiles based on their 

asset-implied leverage and track the dynamic fees for each quintile. We find an almost 

monotonically increasing pattern in dynamic fees. Consistent with our model's prediction, fund 

families in quintiles with higher leverage earn higher dynamic fees. For example, the top-quintile 

fund companies generate an average annual dynamic fee of 1.98%, which is approximately 42% 

higher than what the bottom-quintile fund companies collect. This fee spread is statistically and 

economically significant and is robust to risk adjustments using Fung and Hsieh's (2004) seven-

 
3 Because of this issue, previous studies use estimated or static leverage ratios (e.g., Lo 2008) or proprietary data (e.g., Ang, 
Gorovyy, and van Inwegen 2011). These measures lack the power to test the asset pricing impact of the entire hedge fund industry. 
4 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 (as discussed by Banque de France 2007; Ang, Gorovyy, and van Inwegen 2011, among others). Our 
measure captures the net equity part well, though the 13F holdings may miss some information about short and derivative positions. 
Nonetheless, it offers a reasonable and consistent measure of leverage for all hedge fund families.  
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factor model. Moreover, top-quintile fund companies exhibit a higher Sharpe Ratio without 

bearing more left-tail risk. They outperform the bottom-quintile companies as judged by the seven-

factor adjusted before-fee returns, but not after-fee returns. Multivariate regression analyses further 

confirm the positive relationship between leverage and dynamic fees. These findings provide 

support for our model's prediction that hedge funds generate leverage-based economic rents and 

capture them through fees. 

Next, we investigate how hedge funds adjust their leverage and investment policies in response 

to adverse funding conditions. To accomplish this, we focus on active changes in hedge fund 

leverage and holding beta, accounting for the influence of stock price movements. Poor fund 

returns reveal adverse investment and funding conditions, which may trigger margin call-type 

funding shocks. Our model, therefore, predicts that hedge funds will respond to poor returns by 

reducing leverage and simultaneously increasing holding beta. As a result, past fund returns should 

be positively associated with leverage changes and negatively associated with holding beta 

changes. Our empirical analysis confirms these relationships. Furthermore, we find evidence that 

these adjustments occur simultaneously and in opposite directions. Panel regression analysis 

indicates that a 1% reduction in past performance increases the likelihood of simultaneous and 

opposite leverage-beta adjustments by approximately 0.33%.5 

Thus far, our empirical results confirm the model’s predictions on hedge fund policies. Given 

that hedge fund characteristics may also influence investment and leverage policies, we next 

examine their impact on fund policies. Two important observations emerge. First, we find that the 

relations predicted by our model are stronger for single-fund companies than for multiple-fund 

companies. This finding is reasonable because multiple-fund companies may face coordination 

issues across their affiliated funds and have the flexibility to adopt more complex leverage 

strategies that may not be fully captured by our leverage measure. 

Second, investor flows do not seem to be related to fee policies or the simultaneous active 

adjustments of leverage and holding betas, suggesting that investors play a lesser role in 

 
5 In contrast, past returns have no relationship with the simultaneous same-direction change in leverage and holding betas. This 
placebo test suggests that our analysis has the right power to detect simultaneous fund policy adjustments. 
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determining fund policies than managers do.6 This lack of influence contrasts with the mutual fund 

industry. Hitzemann, Sokolinski, and Tai (2022) documented that mutual fund investors’ demand 

for leverage strongly impacts fund fee policies. Their findings offer an alternative, investor-driven 

mechanism to explain fund policies. To further investigate this alternative mechanism, we gather 

information on hedge fund investors from Preqin and examine how their leverage preferences 

affect hedge fund policies. We observe a very limited impact, confirming that leverage and fee 

policies remain primarily under the control of hedge fund managers, consistent with our model.7  

Finally, we delve into the asset pricing implications of delegated leverage. We adopt the 

approach of Boguth and Simutin (2018) to construct a delegated leverage constraint tightness 

(DLCT) factor based on hedge fund holding betas. Since the leverage of single-fund companies is 

measured with less noise, we aggregate the holding betas of these families as our primary empirical 

proxy. Our DLCT factor cannot be explained by traditional or supply-side funding factors, such as 

the LIBOR rate or the intermediary capital risk factor of He, Kelly, and Manela 2017, suggesting 

that it captures a novel source of risk. Indeed, when we sort stocks into quintiles based on their 

exposure to the factor, the top and bottom quintile stocks exhibit a significant and economically 

sizeable return spread of 0.58% per month (or 7.2% per year). The results remain significant when 

using risk-adjusted returns from the Fama-French-Carhart four-factor model and the Pastor-

Stambaugh liquidity-enhanced five-factor model.  

To formally assess the pricing power of the DLCT factor, we conduct Fama-MacBeth 

regressions and control for a large set of factors known to affect asset returns. Across all 

specifications, higher exposure to the hedge fund DLCT factor predicts significantly lower returns. 

The economic magnitude is substantial: a one-standard-deviation increase in factor exposure 

corresponds to a 0.19% reduction in monthly return (2.27% per year).  

Furthermore, as predicted in our model, the pricing power of the hedge fund DLCT factor is 

concentrated in periods when hedge funds tighten their leverage, suggesting that the pricing power 

 
6 This observation can be explained by investors chasing past returns, which allows returns to absorb the effect of flows. 
7 In other words, our results are consistent with a competitive supply of investor capital regardless of their leverage preferences. 
This property is similar to the original assumption of Berk and Green (2004) that is adopted by our model. We thank Darrell Duffie 
for suggesting this test on hedge fund investors (i.e., limited partners) to differentiate alternative models. 
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of the DLCT factor is driven by hedge fund leverage constraints. Additional robustness tests show 

that the exclusion of penny stocks and the inclusion of exposure to the mutual fund leverage 

constraint tightness (LCT) factor do not change our results.  

More broadly, hedge funds may affect asset prices through two channels in our model. First, 

the tightness of hedge fund leverage constraints, if priced, affects expected asset returns by 

flattening the security market line (as shown in Black 1972 and Frazzini and Pedersen 2014). This 

channel is investigated and supported by the aforementioned DLCT tests. Second, disruptions in 

hedge fund capital may also alter the exposure of hedge fund-invested stocks to the hedge fund 

DLCT factor. While the microfoundation of risk exposure is not the primary focus of the literature 

(or our paper), we nonetheless provide an in-depth event study on Lehman Brothers’ bankruptcy, 

which can offer insights into how hedge funds differ from other institutions through this second 

channel. The bankruptcy triggered a liquidity crunch among funds that relied on Lehman as a 

prime broker (Aragon and Strahan 2012). We observe that greater holdings by Lehman-connected 

hedge funds significantly increased stocks’ exposure to the hedge fund DLCT factor immediately 

after bankruptcy. In contrast, mutual fund holdings and other non-hedge fund institutional holdings 

partially offset this effect. Collectively, the Lehman event identifies a unique role that hedge funds 

play in affecting assets during a period of substantial funding shocks. 

This study contributes to asset pricing literature in several ways. To our knowledge, we are the 

first to examine the impact of leverage on both delegated portfolio management and asset prices. 

Existing asset pricing studies often treat the frictions of delegated management, such as leverage 

constraints, as exogenous. However, the equilibrium conditions in the securities market and 

delegated portfolio management affect each other and should be jointly determined (Gârleanu and 

Pedersen 2018). Our analysis applies this insight to leverage. By extending Berk and Green’s 

(2004) model to the asset pricing framework of Black (1972) and Frazzini and Pedersen (2014), 

we demonstrate that certain investors launch hedge funds to exploit their leverage advantage. Our 

model provides the first leverage-based framework for hedge funds, which also sheds light on the 

effect of delegated leverage on asset prices.  
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We also contribute to the literature on the economic underpinnings of hedge funds.8 Agarwal 

and Naik (2004) point out that some hedge fund strategies resemble those of a short put option on 

the market index. Jylha and Suominen (2011) show that hedge funds arise endogenously to 

mitigate market segmentation. We introduce hedge fund leverage into the economics of the hedge 

fund industry and explain several puzzling results about hedge fund leverage.  

Our study also contributes to the literature on the impact of leverage on asset pricing. Prior 

research focuses on two types of agents: leveraged financial intermediaries and constrained 

investors. For instance, He and Krishnamurthy (2012; 2013) suggest that the borrowing limits of 

financial intermediaries affect asset prices.9 On the investor side, Boguth and Simutin (2018) and 

Hitzemann, Sokolinski, and Tai (2022) extend the framework of Frazzini and Pedersen (2014) to 

propose a mutual fund-based LCT factor and a positive beta-fee relationship for high beta mutual 

funds.10 Our approach extends Berk and Green (2004) to examine delegated leverage and proposes 

a new measure of portfolio-level leverage. This measure is crucial for leverage-related studies but 

is difficult to observe for other types of investors.  

This paper is structured as follows: Section I presents the model of delegated leverage and its 

testable hypotheses. Section II describes the data used in our analysis. Section III examines the 

role of leverage in delegated portfolio management. Section IV investigates the asset pricing 

implications of the hedge fund factor. Section V explores alternative explanations for our findings. 

Section VI provides concluding remarks. 

 
8 In the literature, 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 et al. (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, Wang, and Yang (2013) examine the fee structure, 
which impacts fund leverage. Barth, Hammond, and Monin (2020) report a weak relationship between hedge fund leverage and 
portfolio risk and a strong influence of the market 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 (2022) document that hedge funds 
with better investment opportunities utilize lower liquidity buffers (such as cash). 
9 For instance, He, Kelly, and Manela (2017) document the empirical pricing power of the equity capital ratio of primary dealers. 
Adrian, Etula, and Muir (2014) and Asness et al. (2020) show that the leverage and margin debt of broker-dealers proxy for the 
stochastic discount factor.. 
10 Several studies also estimate the shadow cost of capital from passive leveraged funds (e.g., Frazzini and Pedersen 2022 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). Given 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. 
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I. Theoretical Framework 

This section presents a framework to examine delegated leverage and its implications for asset 

pricing. Our model is built upon the work of Berk and Green (2004; hereafter BG) and leverage-

constrained asset pricing frameworks (e.g., Black 1972; Frazzini and Pedersen 2014, hereafter FP).  

A. Assumptions on Securities and Investors  

Consider a two-period economy with one risk-free asset and N risky assets. The risk-free asset 

pays a second-period gross return 𝑅!, while risky assets 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. Denote the covariance matrix of the 

𝑁 assets by 𝚺 (an 𝑁 × 𝑁 matrix). Further assume that risky assets are in positive net supply, while 

the supply of the risk-free asset is elastic. In this framework, a continuum of investors holds a total 

amount of endowed capital, 𝑊, which they can invest in the first period. To focus on the role of 

leverage, we assume that all investors have the same quadratic utility function with risk aversion 

𝛾. While investors cannot take leverage on their own, they can delegate their investment to a hedge 

fund that has the ability to take leverage by borrowing using the risk-free asset. The hedge fund 

does not have endowed capital. Hence, to benefit from its leverage advantage, the hedge fund (h) 

raises capital, denoted as 𝑊#, from investors in the first period. It invests this capital (potentially 

leveraged) in the risky assets in the second period. A representative long-only investor (l) then 

invests the remaining capital, 𝑊$ = 𝑊 −𝑊#, in risky assets. By the end of the second period, asset 

returns are realized. The hedge fund manager needs to decide how to share leverage-generated 

economic rents with investors—an issue we will visit later. 

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 
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assets are 𝜃%' = 𝕝(𝜽%  and 𝑊%
' = 𝜃%'𝑊% , respectively. Investors are subject to heterogeneous 

borrowing constraints:  

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

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

1 to be endogenously determined for the hedge fund.  

We further assume that the hedge fund manager invests according to the risk aversion of fund 

investors, precluding moral hazard effects in our model. This assumption allows us to focus on the 

role of leverage. 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)	

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

clears, following the FP model:  

																																																																		 B 𝑊%𝜽%
%∈{#,$}

= 𝑊'𝑿' ,																																																														(3)	

where 𝑊' is the total amount of wealth that all 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 equal to the 

total wealth that investors initially had, due to the presence of hedge fund leverage.11 

Second, as in the BG model, the market for delegated portfolio management equilibrates. 

Specifically, the hedge fund manager, based on her investment policy, determines the optimal fee 

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

to include leverage and a quadratic cost function of leverage. The hedge fund manager solves the 

following problem:  

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

where 𝑓 is the management fee as a percentage of the capital raised. Since fund investors have the 

option to withdraw capital and invest it with the long-only investor, the fund needs to deliver the 

expected return of the long-only investor, 𝑟̅$, to its investors, and then split any additional economic 

 
11 From Eq. (3), we have 𝑊! = 𝜃"!𝑊" + 𝜃#!𝑊#, whereas the total wealth is 𝑊 =𝑊" +𝑊#.  
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rents between the fund manager and investors.  In a market with competitive capital supply, the 

fund delivers the following per-dollar returns to investors (in addition to 𝑟̅$): 

																																																														𝛿# − 𝑓 − 𝑏𝑊# −	
1
2 𝑐𝑚#

* = 0.																																																						(5) 

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

advantage. Specifically, 𝛿# = 𝔼[𝜽#( 𝑹"] − 𝔼[𝜽$(𝑹"] ≡ 𝑟̅# − 𝑟̅$ , where 𝑟̅#  and 𝑟̅$  refer to the 

expected returns of the hedge fund and the long-only investor.12 Next, 𝑏 is operational costs due 

to diseconomies of scale, as described in Berk and van Binsbergen (2015, 2017). Finally, 𝑐 denotes 

the cost of taking leverage, which may include borrowing fees, collateral requests, and other 

restrictions that fund brokers may impose.  

Economically speaking, 𝛿# is the leverage-derived excess performance delivered by the hedge 

fund over the returns of the long-only investor, after accounting for fees and costs. When fund 

investors are unable to leverage their investments individually and compete to supply capital to 

the market, they receive long-only returns, while the hedge fund manager retains the economic 

rents generated through leverage. This equilibrium condition allows the market for delegated 

portfolio management to stabilize via fund size. 

Our model extends the BG model to establish delegated portfolio management and generalizes 

their model in two important ways. First, BG does not model the source of successful managers’ 

abilities. We explicitly consider leverage as a tool that enables hedge fund managers to generate 

economic rents. This allows us to examine how leverage affects the distribution of economic rents 

between the manager and investors. Second, the BG model assumes that managers’ actions do not 

affect the prices of the underlying assets. We allow managerial decisions to affect asset prices. 

 
12 The variable 𝛿#  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. 
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Overall, our model introduces a mechanism through which successful managers’ abilities, 

including their skill in utilizing leverage, affect asset prices.13 

B. Asset Prices and Fund Policies in Equilibrium  

We now describe the equilibrium asset prices and fund policies. In the equilibrium, investors 

maximize their utility functions as defined in Eq. (2), subject to their leverage constraints of Eq. 

(1) and the security market-clearing condition of Eq. (3). In addition, the hedge fund manager 

solves the optimization problem of Eq. (4), subject to the sharing rule of Eq. (5). The following 

lemma describes the asset prices of the economy. 

 

Lemma 1: Assume that investors make 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" , 𝑅123)/𝑣𝑎𝑟(𝑅123) is the 

vector of asset covariance with the market scaled by the variance of market returns, and 𝜓 is the 

average Lagrange multiplier, measuring the market-wide tightness of leverage constraint. 

Mathematically, 𝜓 = ∑ \4"
5
] 𝜙%% , where 𝜙% (𝑘 ∈ {ℎ, 𝑙}) refers to the Lagrange multiplier faced 

by each type of investor.14  

Our Online Appendix provides the proof of Lemma 1 and subsequent propositions. Lemma 1 

establishes a leverage-enhanced CAPM model, which has been widely explored in the literature 

(e.g., FP). The main idea behind this asset pricing framework is that the borrowing constraints of 

investors impact the cross-section of expected asset returns through 𝜓; as a result, the value of 𝜓 

 
13 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).  
14 In other words, the i-th asset satisfy 𝔼[𝑟%] = 𝛽%(𝔼[𝑅&'$] − 𝜓) + 𝜓. When we allow for heterogeneity in risk aversion, Eq. (6) 
still holds with 𝜓 = ()

*
∑ 2+!,!

(!
3' , where	-

()
= -

+
∑ +!

(!' . 
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reflects the tightness of leverage constraints. The novelty of the economy described in this model 

centers on the presence of delegated leverage and the hedge fund. We summarize the fund’s 

policies in the following proposition. 

 

Proposition 1: Assume that the hedge fund manager maximizes her economic rents and 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 outperforms the long-only investor. Moreover, the hedge fund’s outperformance 

increases with the leverage it takes. Denoting hedge fund leverage as 𝑚# and the marginal benefit 

of leverage as 𝜌 = 𝕝#𝚺$𝟏𝑹&
𝕝#𝚺$𝟏𝕝

, which is determined by the investment opportunity of risky assets, the 

hedge fund’s outperformance is given by: 

 

																																																														𝛿# = 𝑟̅# − 𝑟̅$ = 𝜌 × (𝑚# − 1).																																																					(7) 

2) When 0 < 9
*:
\;

'

*<
− 𝜌] < 𝑊, the fund adopts the following optimal policies:15 

 

																																																															𝑚#
∗ =

𝜌
𝑐 ;	𝑓

∗ =
1
2c
𝜌*

2𝑐 − 𝜌d,																																																								(8) 

 

Note that optimal hedge fund leverage increases with the marginal benefit of leverage (𝜌) and 

decreases with the cost of leverage.  

Proposition 1 focuses on the case when the leverage constraint of the long-only investor is 

binding, allowing the hedge fund to retain all economic rents. It offers essential insights into our 

model’s economy. First, a leverage advantage can be transformed into performance. This property 

restores the conventional wisdom that less constrained investors should make superior investments. 

In our setup, the strict binding of the long-only investor’s leverage constraint restricts the potential 

 
15 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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returns the investor can attain. In contrast, the flexibility of taking leverage allows the hedge fund 

manager to outperform leverage-constrained investors.16  

Secondly, aligning with the rationale presented by BG, when investors competitively supply 

capital to the delegated portfolio management market, the economic rents generated by leverage 

primarily accrue to the hedge fund manager. In other words, the hedge fund serves as a means for 

the manager to capitalize on her leverage advantage.17 This property reconciles the importance of 

leverage and the insignificant relationship between leverage and the after-fee performance that 

investors receive (e.g., Agarwal and Naik 2004; Liang and Qiu 2019). 

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

provides better investment opportunities for investors with a leverage advantage—favorable 

marginal benefit of leverage-based investment and lower borrowing costs. In our model, the 

marginal benefit is captured by the parameter 𝜌 = 𝕝#𝚺$𝟏𝑹&
𝕝#𝚺$𝟏𝕝

; a higher value reflects a greater 

investment advantage enjoyed by the hedge fund, when compared to that of the long-only investor. 

In contrast, higher leverage costs imposed by the securities lending market or fund brokers reduces 

optimal leverage. We can interpret the marginal benefit and cost (of leverage-based investment) 

as funding-condition state variables, which allow us to examine how asset prices and hedge fund 

leverage vary across different states. 

Overall, Proposition 1 provides the rationale for the emergence of delegated leverage and 

hedge funds in the economy. It also lays out the groundwork for us to understand two important 

implications of delegated leverage. First, in the existing literature, the asset pricing implications of 

Proposition 1 are tested using security betas or investors’ holding betas, but there is a lack of direct 

evidence regarding the relationship between investors’ beta choices and leverage. Our framework 

of delegated leverage bridges this gap. Second, if hedge funds serve as the marginal investor in the 

economy, it is expected that asset returns would be influenced by the tightness of delegated 

 
16 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. 
17 When the market exhibits friction in capital flows (see, e.g., Cao, Farnsworth, and Zhang 2021), the hedge fund manager may 
have incentives to share the economic rents. 
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leverage constraints. Our model addresses these issues by establishing a direct link between hedge 

fund leverage, its holding beta, and the tightness of delegated leverage constraints.  

In our model, 𝛽# = 𝜷(𝜽# and 𝛽̅# = 𝜷(𝜽#/𝑚# denote the levered and leverage-adjusted betas 

of the hedge fund holdings, respectively. Between the two holding betas, the latter better reflects 

the tilting of the holding portfolio toward high beta stocks.18 To simplify notation, we refer to the 

leverage-adjusted holding beta as “hedge fund holding beta” or simply “hedge fund beta” when 

there is no confusion. The following proposition describes the relationship between hedge fund 

leverage, hedge fund holding beta, and the priced tightness of delegated leverage constraints. 

 

Proposition 2: An adverse shock in funding conditions (i.e., a declining marginal benefit of 

leverage, 𝜌, or a hiking funding cost, 𝑐) gives rise to the following three consequences: 

1) Tightened hedge fund leverage (i.e., smaller 𝑚#). 

2) Increased hedge fund holding beta (i.e., higher 𝛽̅#).  

3) Greater tightness of delegated leverage constraints (i.e., higher 𝜙#). 

 

Proposition 2 clarifies the interplay between hedge fund leverage policies, hedge fund 

investment policies (reflected in their holding betas), and the price impact of delegated leverage 

stemming from the priced tightness of delegated leverage constraints. As funding conditions vary, 

the first two outcomes of the proposition indicate a negative relationship between hedge fund 

leverage and its holding beta. This leads to a testable prediction regarding the relationship between 

investors’ investment and leverage policies. The second and third outcomes confirm that beta-

based factors (e.g., Frazzini and Pedersen 2014; Boguth and Simutin 2018) predict the cross-

section of asset returns in the context of delegated leverage. Hence, we will follow the literature 

to explore the asset pricing power of hedge fund beta-based factors. The difference between our 

 
18 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)/ 
and 𝜽𝒉 = (1, 1)/. 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 𝜽𝒉/ = (1.5, 0.5)/ 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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factor and existing factors arises from the special role hedge fund leverage plays in determining 

asset prices and the extra restriction introduced by the first prediction.  

C. Development of Testable Hypotheses 

We now highlight a few properties of our model that guide our empirical analysis. The first 

implication of the model is that leverage enables hedge funds to outperform leverage-constrained 

investors. However, the resulting economic rents are earned by fund managers via fees, as 

predicted by Proposition 1. We summarize this implication in the following hypothesis. 

 

Hypothesis 1: Higher leverage allows hedge funds to achieve superior before-fee 

performance and collect more fees.  

 

Testing the above hypothesis poses an empirical challenge since hedge funds do not disclose 

their leverage. Our model suggests an empirical proxy to address this issue. Specifically, 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. Although our model assumes that hedge funds only invest in stocks and use 

the risk-free asset to borrow capital, in practice, funds may use derivatives and other borrowing 

methods to build up leverage. Nonetheless, this measure provides a first-order proxy to link our 

model to real data.  

Next, we move to the beta-leverage relationship as predicted in Proposition 2. In our model, 

hedge fund leverage depends on leverage-related investment benefits (𝜌) and borrowing costs (𝑐). 

While these parameters are not directly observable, we can use realized hedge fund returns to infer 

their combined impact. Since successful hedge funds persistently deliver superior performance, a 

negative return signifies a deteriorating investment opportunity, an increased cost, or a 

combination of both. In such cases, we anticipate that the hedge fund will reduce its leverage after 

experiencing poor performance. Proposition 2 further suggests that the hedge fund will adjust its 

holdings toward high-beta stocks when reducing leverage, leading to simultaneous adjustments in 
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leverage and investment policies. These contemporaneous changes in leverage and beta lead to the 

following hypothesis. 

 

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

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

 

The recent literature utilizes securities betas and holding betas to formulate asset pricing factors 

that reveal the tightness of leverage constraints. Examples include FP’s betting-against-beta (BAB) 

factor and Boguth and Simutin’s (2018) mutual fund leverage constraint tightness (LCT) factor. 

Proposition 2 suggests that hedge fund betas can likewise serve as a basis for creating factors.  

Note that the hedge fund tightness factor provides two research benefits. First, the holding 

betas of long-only investors lack variation when their leverage constraints are binding. In contrast, 

hedge fund policies have the potential to convey more information about funding conditions as 

they vary across different states. Secondly, the first property of Proposition 2 enhances the power 

of our tests. Specifically, the influence of the hedge fund beta factor on asset prices, if originating 

from leverage constraints, should be concentrated in periods when hedge funds tighten their 

leverage. Should the data validate this additional prediction, it would provide evidence to support 

the argument that delegated leverage is the economic rationale underpinning the pricing power of 

the hedge fund beta factor. The above discussion leads to the following hypotheses:  

 

Hypothesis 3A: Hedge fund holding beta factor is a priced factor that can explain asset returns.     

 

Hypothesis 3B: The pricing power of the hedge fund beta factor increases in states with tighter 

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

A. Data Sources 

For our empirical tests, we gather data from various databases. First, we obtain hedge fund holding 

information from 13F filings reported to the Securities and Exchange Commission (SEC). Since 

1978, institutional investors managing at least one hundred million U.S. dollars have been required 

to file 13F forms with the SEC each quarter. These filings provide details for U.S. equity holdings 

of more than $200,000 dollars or more than 10,000 shares.  

To identify hedge fund management companies, we utilize multiple hedge fund databases 

following the approach of Brunnermeier and Nagel (2004) and Griffin and Xu (2009). We compile 

a master list of hedge fund company names by combining data from the TASS, HFR, and 

BarclayHedge databases, and then match this list with the names of institutions listed in Thomson 

Reuters Institutional Holdings (13F) to identify hedge fund companies. Subsequently, we 

manually review the SEC ADV forms of the matched institutions and require an institution to have 

more than 50 percent of its investments listed as “other pooled investment vehicles”, or more than 

50 percent of its clients listed as “high net worth individuals” for inclusion in our hedge fund 

sample. Finally, we check the websites of each institution that satisfies the above requirements to 

ensure its primary business is related to hedge funds. Through this process, we identify around 

1100 hedge fund management companies, which we refer to as hedge fund companies or families 

in our analysis. 

Our sample of stocks contains common stocks for which we have accounting and stock market 

information from CRSP and Compustat databases. We exclude American Depository Receipts 

(ADRs) and stocks with incomplete information. The sample period of this study spans from 1994 

to 2019. 
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B. Main Variables 

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

company i in quarter t is its aggregate holding assets divided by its aggregate AUM in quarter t.  

																																																		𝐿>,& =
𝐴𝑠𝑠𝑒𝑡𝑠>,&
𝐴𝑈𝑀>,&

=
∑ ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒>,?,&?

𝐴𝑈𝑀>,&
,																																													(9) 

where ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒>,?,& refers to the value of shares held by hedge fund company 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 is typically below 20. We 

therefore cap asset-implied leverage at the level of 20 (our results are robust to the use of 

alternative caps or no thresholds). 

To identify leverage changes that reflect the active portfolio investment or discretionary 

decisions of the hedge fund company, we further construct a measure of Active Leverage Change 

as follows: 

																																																															Δ𝐿>.& = (𝐿>,& − 𝐿r>,&)/𝐿>,&A9,																																																							(10)	  

where 𝐿r>,&  is the counterfactual leverage, 𝐿r>,& =
∑ #C$D>EF	GH$I"(,*,+$,×(9L?&C<%	M"&IME*,+)*

OP1(,+$,
, which 

measures the stock price-induced leverage variations when the hedge fund company sits on its 

portfolio without trading. By netting out this counterfactual influence, our measure captures the 

changes in leverage due to active portfolio adjustments made by the hedge fund company. 

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

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

																																											𝐻𝐵>,& =B
ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒>,?,&
∑ ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒>,?,&?

× 𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎?,&
?

.																													(11) 

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

investment decision of the hedge fund company, we construct a measure of Active Holding Beta 

Change as: 
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																																																																ΔHB>,& = 𝐻𝐵>,& − 𝐻𝐵rrrr>,& ,																																																												(12)  

where 𝐻𝐵rrrr>,& = ∑ #C$D>EF	GH$I"(,*,+$,×(9L?&C<%	M"&IME*,+)
∑ #C$D>EF	GH$I"(,*,+$,×(9L?&C<%	M"&IME*,+)*

× 𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎?,&A9?  is the counterfactual 

holding beta that reflects the effect of stock price changes without trading. 

Next, we construct proxies using the before-fee returns of hedge funds to capture the economic 

rents reaped by fund managers. Since hedge fund returns provided by various databases are 

reported after-fees (net), we follow the method proposed in the literature (e.g., Agarwal, Daniel 

and Naik 2009; Jorion and Schwarz 2014; and Yin and Zhang 2023) to estimate the before-fee 

returns. The method considers investors' assets as call options on the fund's assets, where the strike 

prices are determined by the high watermark and hurdle provisions of the fund, as well as the 

timing of each investor's entry into the fund. We track the value and strike price of each investor 

over time and equate the percentage change in the fund's after-fee market value each month to the 

fund's after-fee realized returns. We solve, numerically, for the before-fee returns of each fund in 

each month. The difference between the before-fee and after-fee returns is the dynamic fee 

collected by the hedge fund. Since the asset-implied leverage is estimated at the hedge fund 

company level, we aggregate the before-fee returns, after-fee returns, and dynamic fees of each 

fund at the hedge fund company level. 

We also construct a set of control variables to capture hedge fund company characteristics. 

These variables include the number of funds in the hedge fund company, the number of stocks 

held by the hedge fund company, and the fund flows received by the family. The last variable is 

calculated as dollar flows normalized by the lagged AUM multiplied by (1 + 𝑟>,&), where 𝑟>,& is the 

return for funds managed by hedge fund company 𝑖 in quarter 𝑡: 

																															𝐻𝐹	𝑓𝑙𝑜𝑤>,& =
𝐴𝑈𝑀>,& − 𝐴𝑈𝑀>,&A9 × y1 + 𝑟>,&z

𝐴𝑈𝑀>,&A9 × y1 + 𝑟>,&z
,																																														(13) 

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

the literature, including Market equity, Book-to-market, Profits-to-assets, Asset growth, Stock 

return run up, Reversals, and Idiosyncratic volatility.  



 

 
 

20 

Table 1 reports the descriptive statistics of the variables mentioned above at the hedge fund 

company-quarter panel level. The average value of 13F-reported holding assets in logarithm is 

$19.93 billion, while the average of logarithmic AUM is $19.82 billion. The self-reported after-

fee return aggregated at the company level averages 1.39% per quarter, with a standard deviation 

of 7.36%, and exhibits moderate right skewness. The standard deviation and skewness of the 

before-fee returns are similar to those of the after-fee returns. In comparison, the average before-

fee return is 1.73% per quarter. The dynamic fees average 0.35% per quarter. On average, each 

family manages 5 funds and holds 229 stocks. 

Table 1 also presents summary statistics of asset-implied leverage, with a mean of 3.44 times, 

a median of 1.22 times, and a standard deviation of 5.10.19  There is substantial variation in asset-

implied leverage across hedge fund companies, ranging from 0.50 (the 25th percentile) to 3.72 (the 

75th percentile). The holding beta averages 1.13 with a median of 1.06 and a standard deviation of 

0.61. In the cross-section of hedge fund companies, the variation in holding beta ranges from 0.89 

(the 25th percentile) to 1.31 (the 75th percentile). In the next section, we empirically test the effect 

of delegated leverage on the performance of hedge funds. 

III. Hedge Fund Company-Level Evidence 

We conduct portfolio and regression analysis to examine the extent to which hedge funds retain 

economic rents from leverage. In addition, we investigate whether hedge funds simultaneously 

change their leverage and holding beta policies when facing adverse funding conditions. 

A. The Economic Rents of Leverage  

We start by analyzing leverage through the lens of portfolio analysis. At the beginning of each 

quarter, we sort hedge fund companies into five quintiles based on their asset-implied leverage 

levels during the preceding quarter. Next, we aggregate the equal-weighted average of returns and 

 
19 Note that the average leverage does not equal to the average value of assets reported in the 13F scaled by the average AUM due 
to Jensen’s Inequality. 
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dynamic fees generated by hedge fund companies within 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 obtain risk-adjust performance 

and dynamic fees for the sorted portfolios. To conserve space, we report results based on the Fung 

and Hsieh (2004) seven-factor model, though alternative models yield consistent risk-adjusted 

returns. 

Panel A of Table 2 tabulates the average value of several characteristics of the sorted portfolios, 

including asset-implied leverage, log-assets, log-AUM, Sharpe Ratio, and skewness (obtained by 

using before-fee returns) within each sorted portfolio. Hedge fund companies exhibit significant 

variation in asset implied leverage, ranging from 0.18 in the lowest quintile to 10.36 in the top 

quintile. The first number (0.18) suggests that the bottom-quintile families do not invest their entire 

AUM in stocks, whereas the second number (10.36) implies that, for each dollar received from 

investors, families in the top-quintile borrow an additional $9.36 to invest in stocks. The difference 

between the top and bottom quintiles of families suggests that our asset-implied leverage captures 

important variations across hedge fund investment policies. 

The AUM of hedge fund companies decreases over the leverage quintiles, suggesting that 

leverage may serve as a substitute for investors’ capital. To ensure that the impact of leverage is 

not solely explained by fund size effects, such as diseconomies of scale, we include company fixed 

effects and total assets as control variables in subsequent regression analyses. Furthermore, fund 

companies with high leverage also exhibit higher Sharpe Ratios, suggesting that fund managers 

use leverage to generate economic rents.  

One potential concern is that these high Sharp Ratio funds may load on downside risk to 

manipulate Sharpe Ratios (Goetzmann, Ingersoll, Spiegel, and Welch 2007). In addition, Agarwal 

and Naik (2004) show that many equity-oriented hedge fund strategies exhibit payoffs resembling 

a short put option on the market index. Hence, a general concern about hedge fund leverage is that 

it may simply reflect the result of holding these implicit short positions. Although short positions 

in puts allow a fund to build up leverage—e.g., by collecting the option premium up front and 

investing it in other risky assets—these positions come at the cost of significant left-tail risk. 
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Therefore, it is important to examine whether hedge funds with high asset-implied leverage bear 

more left-tail risk. 

The last column addresses this concern. It reports that fund companies with top-quintile 

leverage exhibit positive skewness and thus lower left-tail risk. Downside risk seems randomly 

distributed across the leverage quintiles. Collectively, this result rejects downside risk as an 

alternative channel to explain leverage-related performance and economic rents, at least for top-

quintile hedge fund companies that benefit the most from leverage.  

Moving to Panel B of Table 2, we investigate the economic rents of leverage. Column (1) 

presents the average of dynamic fees generated by hedge fund companies within each asset-

implied leverage quintile. In Column (2), we present the risk-adjusted dynamic fees using Fung 

and Hsieh's (2004) seven-factor model. Both columns show an almost monotonic increasing 

pattern in dynamic fees when hedge fund companies are sorted based on past asset-implied 

leverage. Quintiles with higher leverage obtain higher dynamic fees compared to quintiles with 

lower leverage. On average, top-quintile fund companies earn 0.49% dynamic fees per quarter (or 

1.98% per year), which is 42% more than what bottom-quintile fund companies collect (0.34% per 

quarter or 1.40% per year). This difference is both statistically significant and economically sizable. 

Using a value-weighted average of dynamic fees or alternative factor models does not change our 

results (see Panel A of Table IN1 in our Online Appendix). These results strongly support our first 

hypothesis that leverage enables hedge funds to obtain economic rents and retain them through 

dynamic fees.  

The last two columns of Panel B report the risk-adjusted before-fee and after-fee returns of the 

sorted portfolio while controlling Fund and Hsieh’s (2004) seven factors for hedge fund returns. 

Top-quintile fund companies generate a significant risk-adjusted before-fee performance of 1.13% 

per quarter, whereas bottom-quintile families make only 0.68% per quarter. This leads to an annual 

performance spread of 1.83%. By contrast, the spread of after-fee returns is not significant. These 

findings are consistent with the notion that hedge funds generate economic rents by using leverage, 
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allowing hedge funds with top leverage to both generate the highest before-fee performance and 

capture these economic rents via fees.20  

Our Online Appendix (Table IN1, Panel B) documents the transition matrix of hedge fund 

leverage across quintiles. We observe that hedge fund leverage is quite persistent over time. For 

instance, a top-quintile hedge fund company has a high probability of 89.5% of remaining in the 

top leverage-quintile in the next quarter. This persistence is consistent with the notion that some 

hedge fund companies are skillful in harnessing leverage-related benefits.  

It is important to note that the asset-implied leverage is calculated as equity holdings of a fund 

company scaled by the AUM of all funds within the hedge fund company. This empirical strategy 

accounts for the possibility of using bond AUM as collateral for equity investments, thereby 

making bond AUM relevant to the overall leverage of a family. As a robustness check, we also 

use narrower definitions of asset-implied leverage by focusing solely on equity-oriented AUMs. 

We achieve this by utilizing three subsamples of fund AUMs to scale equity investments. The first 

subsample excludes fund AUMs from categories such as "Convertible Arbitrage," "Fixed Income 

Arbitrage," and "Managed Futures" reported by the TASS database. For other databases, we map 

their reported fund categories to corresponding TASS categories. In the second and more 

restrictive subsample, we exclude the "Global Macro," "Options Strategy," and "Fund of Funds" 

categories. Finally, in the most restrictive subsample, we consider only the AUMs of "Long/Short 

Equity" hedge funds. The Online Appendix (Table IN2) presents the sorting results of dynamic 

fees and seven-factor adjusted fees using these alternative leverage measures. The results 

demonstrate the robustness of our findings across different leverage measures. Overall, our 

portfolio sorting tests consistently indicate that leverage enables hedge funds to capture leverage-

generated economic rents.  

Since family characteristics may have an impact on leverage in our portfolio sorting tests, we 

perform regression analyses that control these characteristics. Specifically, we estimate a panel 

regression model at a quarterly frequency as follows: 

 
20 In practice, hedge funds may still share some leverage-generated economic rents with their investors. Hence, the spread of after-
fee returns remains positive. 
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																𝐷𝑦𝑛𝑎𝑚𝑖𝑐	𝑓𝑒𝑒>.& = 𝛼 + 𝛽 × 𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒>,&A9 + 𝛿 ×𝑀>,&A9 + 𝜖>,& ,																											(14) 
 

where 𝐷𝑦𝑛𝑎𝑚𝑖𝑐	𝑓𝑒𝑒>.& refers to the dynamic fee collected by hedge fund company 𝑖 in quarter 𝑡, 

𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒>,&A9 is the asset-implied leverage of the family in the previous quarter, and the vector 

𝑀>,&A9 includes a list of hedge fund company characteristics in quarter t-1 as control variables (e.g., 

after-fee returns, the value of holding assets, hedge fund flows, the number of funds in the family 

and the number of stocks invested by the family). All specifications include hedge fund company 

fixed effects and time (year-quarter) fixed effects. Hence, estimation captures the within-company 

variation related to leverage.  

The results of regression analysis are presented in Table 3. The first column shows that hedge 

fund dynamic fees are positively associated with lagged asset-implied leverage. The coefficient on 

leverage is positive and significant (T-statistic=3.54). The economic implication is that a one-

standard-deviation increase in lagged leverage is associated with 14.72% (=0.01% x 5.1/0.35%) 

increase in dynamic fees.21 Given the skewed distribution of leverage and dynamic fees, this 

magnitude likely underestimates the advantages for high-leverage families, as evidenced by our 

previous portfolio analysis. These findings confirm the results from the portfolio analysis and 

highlight the substantial benefits of leverage for hedge funds. The coefficient on the lagged fund 

return is positive and significant, thus, higher return in the preceding quarter is positively 

associated with higher dynamic fees. Finally, the coefficient on the lagged value of asset holdings 

is negative and significant, indicating a negative relationship between asset holdings and dynamic 

fees. 

Columns (2) and (3) of Table 3 report the effect of leverage in two subsamples: single-fund 

companies and multi-fund companies. Comparing these subsamples, we find that the coefficient 

of leverage for single-fund companies more than doubles that of multi-fund companies, suggesting 

that leverage plays an even more prominent role for single-fund companies. In Columns (4) to (6) 

 
21 The standard deviation of asset-implied leverage ratio is 5.1% and the average quarterly dynamic fees is 0.35% (see Table 1).  
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of Table 3, we report results after controlling Fung and Hsieh’s (2004) seven factors for hedge 

fund returns and find that the results are consistent with those in Columns (1)-(3). Again, the 

coefficient on lagged asset-implied leverage is significant and positive for the full sample, and the 

magnitude of this coefficient for the single-fund family subsample is larger compared to the multi-

fund family subsample. These observations suggest that single-fund families better fit the leverage-

fee relationship than multiple-fund companies. This difference is reasonable because multiple-

fund companies face coordination issues across their affiliated funds and may adopt more complex 

leverage strategies. As a result, our asset-based leverage measure becomes a nosier proxy for the 

leverage condition of their operations. 

In summary, both portfolio-based and regression-based analyses provide strong evidence to 

support our first hypothesis that leverage enables hedge funds to generate economic rents through 

dynamic fees. 

B. Active Changes in Leverage and Holding Beta 

We now examine how adverse investment and funding shocks, as indicated by poor past returns, 

affect the active leverage policy of hedge fund companies by estimating the following panel 

regression: 

																																							Δ𝐿>.& = 𝛼 + 𝛽	 × 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛>,&A9 + 𝛿 ×𝑀>,&A9 + 𝜖>,& ,																															(15) 

where Δ𝐿>.&  denotes the active change in leverage of hedge fund company 𝑖  in quarter 𝑡  and 

𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛>,&A9 is the lagged return of family 𝑖 in quarter 𝑡 − 1. To allow for the accumulation of 

funding condition deterioration over a longer period, we also use lagged semi-annual returns as an 

independent variable. The vector 𝑀>,&A9 includes a list of control variables as defined in Equation 

(14).  

The regression results are presented in Table 4. Columns (1) and (2) report the effect of lagged 

quarter returns (labeled 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛&A9  in the table) and lagged semi-annual returns (labeled 

𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛	&A9,Q"/>OEEIH$), respectively, on the active change in leverage for the entire sample of 



 

 
 

26 

fund companies. In both specifications, the coefficients on lagged hedge fund returns are positive 

and significant (T-statistics = 3.95 and 4.90), suggesting that hedge funds actively reduce leverage 

when the lagged returns are poor. Among the control variables, lagged holding assets and the 

number of stocks are negatively associated with the active change in leverage, while the 

relationship is positive for lagged fund flow. Results of sub-sample analyses for single-fund and 

multi-fund families are tabulated in Columns (3)-(6). They are qualitatively similar to those 

reported for the full sample. Thus, the positive relationship between the change in leverage and 

lagged hedge fund returns holds for both single and multi-fund companies.  

Next, we examine how adverse funding conditions affect active changes in the holding beta of 

hedge fund companies by estimating the following panel regression model:  

																																				Δ𝐻𝐵>.& = 𝛼 + 𝛽	 × 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛>,&A9 + 𝛿 ×𝑀>,&A9 + 𝜖>,& ,																															(16) 

where Δ𝐻𝐵>.& is the change in holding beta of company i in quarter t. All other variables are defined 

as in Equation (15).  

The results are presented in Table 5. Columns (1) and (2) show that the change in holding beta 

is negatively associated with lagged hedge fund returns in the full sample, regardless of whether 

we use the previous quarter’s return or previous 6-month return as an independent variable. We 

also perform the above analysis for the two sub-samples. Interestingly, Columns (3) and (5) report 

that the coefficient on the lagged 3-month return is negative and significant for the subsample of 

single-fund families but insignificant (while the coefficient is still negative) for another subsample 

of multi-fund families. In contrast, the coefficients on the lagged 6-month return are negative and 

significant for both types of families.  

Overall, the results reported in Table 4 provide supporting evidence that hedge funds actively 

reduce (increase) leverage when realized returns reveal deteriorated (improved) funding conditions. 

This result is apparent for both single-fund and multi-fund families. The results in Table 5 are 

consistent with the prediction of our model that hedge funds actively increase (decrease) their 

holding betas when funding conditions deteriorate (improve). Although both types of fund families 
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adjust holding betas according to changes in funding conditions, single-fund families do so more 

promptly than multi-fund families.  

C. Simultaneous Changes in Leverage and Holding Beta 

In this section, we investigate the extent to which hedge funds adjust their leverage and holding 

beta simultaneously in response to adverse shocks in funding conditions, particularly when poor 

performance is observed. Our previous results have provided evidence to support the hypothesis 

that hedge funds reduce leverage and increase holding beta in such situations. 

To examine the simultaneous changes in leverage and holding beta, we introduce dummy 

variables to describe the four possible actions that hedge funds can take: 

 

(1) I{ΔL<0, ΔHB>0}, a dummy variable that takes a value of one if a hedge fund company 

reduces leverage and increases holding betas simultaneously;  

(2) I{ΔL>0, ΔHB>0}, a dummy variable that takes a value of one if the company increases 

leverage and holding betas simultaneously;  

(3) I{ΔL>0, ΔHB<0}, a dummy variable that takes a value of one if the company increases 

leverage and decreases holding betas simultaneously; and  

(4) I{ΔL<0, ΔHB<0}, a dummy variable that takes a value of one if the company decreases 

leverage and holding betas simultaneously.  

 

We find that each scenario occurs with nearly equal likelihood of 25% throughout fund 

operations. However, our model predicts that only scenarios (1) and (3), in which leverage and 

beta move in opposite directions, occur when funds face adverse shocks in funding conditions. To 

test this prediction, we regress these dummy variables on lagged fund returns using the following 

panel regression:  

										𝐷{𝑆𝑖𝑚𝑢𝑙𝑡𝑎𝑛𝑢𝑜𝑢𝑠	𝐶ℎ𝑎𝑛𝑔𝑒}>.& = 𝛼 + 𝛽 × 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛>,&A9 + 𝛿 ×𝑀>,&A9 + 𝜖>,& ,						(17) 
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where 𝐷{𝑆𝑖𝑚𝑢𝑙𝑡𝑎𝑛𝑢𝑜𝑢𝑠	𝐶ℎ𝑎𝑛𝑔𝑒}>.&  denotes one of the four dummy variables for hedge fund 

company i in quarter t. We use lagged fund return as an independent variable but with two 

modifications. First, we use the lagged semiannual return as the independent variable since our 

previous results suggest that it takes longer (up to 6 months) for multi-fund companies to adjust 

holding beta. Second, we decompose semi-annual returns into two signed components to assess 

whether hedge funds react differently to positive and negative past performance. The positive part 

is calculated as 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛L = 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛 × 𝐼{𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛 > 0} , where 𝐼{. }  is an indicator 

function. That is, 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛L = 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛 when 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛 > 0 and zero when the realized 

return is negative. Likewise, the negative part of the returns is calculated as 

𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛A=𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛 × 𝐼{𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛 ≤ 0}	. Each of the four dummy variables is regressed 

on the positive and negative parts of lagged hedge fund returns.  

In Panel A of Table 6, we present the results for the full sample, with each column representing 

one of the four dummy variables as the dependent variable. The most notable findings are reported 

in Columns (1) and (3). Column (1) reports a significant and negative coefficient on lagged 

negative fund returns (labeled 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛	&A9,Q"/>OEEIH$A  in the table). This result indicates that 

hedge funds simultaneously reduce leverage and increase holding betas following periods of 

negative returns in the previous two quarters. 

Moreover, the negative coefficient suggests that the more negative the returns are, the more 

likely hedge funds are to adopt the strategy of reducing leverage and increasing holding beta. 

Roughly speaking, each 1% additional negative return increases these adjustments by 0.33%. 

These results provide evidence to support our second hypothesis. In contrast, the coefficient on the 

positive part of the return, 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛	&A9,Q"/>OEEIH$L , is insignificant, suggesting that positive 

lagged fund returns do not affect the simultaneous changes in leverage and betas in this case. In 

other words, the simultaneous deleverage policy is predominantly used in response to negative 

return shocks, which indicates deteriorating funding conditions. 

Column (3) of Panel A reports that lagged fund returns affect policies of simultaneous leverage 

increase and holding beta decrease. We notice that the coefficient of 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛	&A9,Q"/>OEEIH$A  is 
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positive and significant. Since 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛	&A9,Q"/>OEEIH$A  carries a negative sign, a positive 

coefficient suggests that more negative lagged returns reduce the likelihood of hedge funds 

increasing leverage and decreasing beta. Furthermore, positive shocks (𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛	&A9,Q"/>OEEIH$L ) 

increase the likelihood of simultaneous leverage increase and holding beta decrease. These results 

support the predictions of our model.  

Panel A of Table 6 also provides results for the two scenarios when changes in leverage and 

beta are in the same direction. Columns (2) and (4) indicate that past returns do not affect 

simultaneous changes in leverage and beta in this case. This result is reasonable as these policies, 

although prevalent in the data, are unrelated to the effects studied in our model.  

Panels B and C of Table 6 present results for single-fund families and multi-fund families. 

Regarding simultaneous policy changes in opposite directions, single-fund families appear to be 

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

lagged returns. Moreover, the effect remains largely insignificant for simultaneous changes in 

leverage and beta that are in the same direction. Taken together, these results reveal a difference 

between policy changes in the same direction and those in opposite directions.  

Finally, we conduct the same analysis using a narrower definition of leverage. In the Online 

Appendix (Table IN3), we present the results when asset-implied leverage is constructed based on 

a sample excluding funds in the "Convertible Arbitrage," "Fixed Income Arbitrage," and 

"Managed Futures" categories. The results confirm that hedge funds still simultaneously adjust 

leverage and beta policies and that our findings are robust to alternative leverage measures. 

Overall, the results presented in this section and the previous section provide support for 

Proposition 2, which posits that adverse shocks in funding conditions, as indicated by poor fund 

performance, lead hedge funds to simultaneously reduce leverage and increase holding beta. 

IV. Asset Pricing Implications 

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

and examines whether hedge fund holding beta can serve as a priced risk factor in the economy.  
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A. The Hedge Fund DLCT Factor 

We construct a leverage constraint tightness factor from hedge fund holding betas, following the 

methodology of Boguth and Simutin (2018). In our model, hedge fund holding betas serve as a 

proxy for a priced factor due to the observed negative relationship between leverage and beta. 

Empirically, hedge fund beta provides a more precise measure than leverage to assess the tightness 

of hedge fund leverage constraints. 22 We refer to our factor as the hedge fund delegated leverage 

constraint tightness (DLCT) factor. 

To construct the DLCT factor, we value-weight hedge fund company holding betas as follows: 

																																				𝐻𝐹_𝑏𝑒𝑡𝑎& =B
ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒RS,?,&
∑ ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒RS,?,&?

× 𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎?,&
?

,																								(18) 

where ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒RS,?,&  refers to the aggregated value of shares held by all hedge fund 

companies for stock 𝑠 in month 𝑡, and 𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎?,& is the market beta of the stock s estimated 

from the stock’s daily returns within month 𝑡. When estimating betas, we adjust for asynchronous 

trading using the method of Dimson (1979) and Lewellen and Nagel (2006).  

Given that the leverage of single-fund companies is better grounded and measured, we 

aggregate the holding betas of these families as our primary empirical proxy. Specifically, we 

estimate an AR(1) model that regresses 𝐻𝐹_𝑏𝑒𝑡𝑎& on 𝐻𝐹_𝑏𝑒𝑡𝑎&A9 using all available data up to 

and including month 𝑡 to avoid any look-ahead bias. We refer to the innovations derived from the 

AR(1) model as the DLCT factor (or Δ&
RS_:"&H). As a robustness check, we will use all hedge fund 

companies to construct an alternative factor and report results in a later section. This alternative 

factor does not alter our main conclusions because all hedge fund companies are likely to face 

common investment opportunities and frictions related to delegated leverage. 

We present evidence in Table IN4 to show that well-known risk factors are unable to explain 

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

 
22 This is because many leverage instruments used by hedge funds are not observable, which adds noise to the asset-implied leverage 
measure. On the other hand, hedge fund equity holdings as well as the corresponding holding beta can be measured with greater 
accuracy. 
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on the Fama and French (1993) three factors, including the market (Mkt-RF), size (SMB) and 

value (HML) factors, as well as Carhart’s (1997) momentum and Pastor and Stambaugh’s (2003) 

liquidity factors. The results in Columns (1) and (4) show that these risk factors are not significant 

and there is no overlapping between the DLCT and the well-known risk factors.  

We also regress the DLCT factor on several funding liquidity factors, including the 

Intermediary Capital Risk factor (He, Kelly and Manela 2017), the 3-month LIBOR Rate (Ang, 

Gorovyy and van Inwegen 2011), the percentage of loan officers tightening credit standards for 

commercial and industrial loans – the Loan Tighten factor (Lee 2013), the Term Spread (Ang, 

Gorovyy and van Inwegen 2011), the TED Spread (Gupta and Subrahmanyam 2000), the Credit 

Spread (Adrian, Etula and Muir 2014), the VIX index (Ang, Gorovyy and van Inwegen 2011), the 

mutual fund LCT factor (Boguth and Simutin 2018), and the betting-against-beta (BAB) factor 

(Frazzini and Pedersen 2014).  

While the single-family DLCT factor exhibits a significant correlation with the credit spread 

and VIX, the significance diminishes when considering the all-family DLCT factor. Next, although 

the mutual fund LCT factor shows a significant correlation with the DLCT factor, the joint 

explanatory power of funding liquidity factors, mutual fund LCT, and BAB on the single-family 

DLCT factor only amounts to 34.4%. In other words, these factors fail to explain the majority of 

time variation in this DLCT factor. Even for the noisier all-family DLCT factor, the joint 

explanatory power is still below half.  

Collectively, these findings strongly suggest that the DLCT factor captures a novel state 

variable that extends beyond the scope of existing asset pricing and funding liquidity factors. 

Economically speaking, the DLCT factor differs from traditional factors because it reflects the 

tightness of capital from the demand side, specifically from hedge funds. In contrast, known 

funding liquidity factors either come from the supply side (e.g., the intermediary factor) or reflect 

the equilibrium prices (e.g., the TED spread) that synchronize both demand and supply. The only 

factor from the demand side is mutual fund LCT, which explains its relatively high correlation 

with the DLCT factor. However, even this factor can only explain a small portion of DLCT time 
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variation because, among other reasons, hedge funds and mutual funds play very different 

economic roles during high-stress periods, as we will show later.  

B. Portfolio Analysis  

In this section, we examine whether the DLCT factor is priced in the cross-section of stock returns. 

We conduct portfolio analysis by sorting stocks into quintiles based on their return exposure to the 

factor. ExposureDLCT is the time-series loadings of each stock on the DLCT factor, which we 

estimate using a 12-month rolling regression of the stock’s excess returns on market excess returns 

and the DLCT factor. Then stocks are assigned into five groups at the end of each month 𝑡, and the 

equal-weighted portfolios are held in month 𝑡 + 1. We report the performance of these portfolios 

in Table 7.  

Examining the average excess return of the five portfolios, we find a decreasing pattern in 

excess returns associated with stocks' exposure to the DLCT factor. The bottom quintile, which is 

comprised of stocks with the lowest exposure, has an average excess return of 0.94% per month, 

with a T-statistic of 2.61. In contrast, the top quintile displays a significantly lower average excess 

return of 0.36% per month, with a T-statistic of 1.02. A strategy that takes a long position in the 

bottom portfolio and a short position in the top portfolio (i.e., Low-minus-High) generates a 

significant return spread of 0.58% per month (or, 7.2% per year). 

We also estimate the alphas of the portfolios using different factor models (e.g., the CAPM 

model, the Fama-French three-factor model, the Carhart four-factor model and the Pastor and 

Stambaugh five-factor model) The return spread between portfolios with high and low factor 

exposure remains significant both statistically and economically. For instance, the risk-adjusted 

return spread for the Low-minus-High strategy is 0.56% per month (or, 6.9% per year), using the 

Fama-French three-factor model. Moreover, alphas of the Carhart four-factor model and the 

Pastor-Stambaugh liquidity augmented five-factor model have similar economic magnitudes. 

These findings provide compelling evidence to support the hypothesis that the DLCT factor, which 

is derived from hedge fund holdings, captures a distinct economic dimension that significantly 

influences stock returns. 
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C. Cross-Sectional Analysis  

We conduct Fama-MacBeth regression analysis to test whether the DLCT factor is priced in the 

cross-section of stock returns. Every month, we regress stock return in month 𝑡 + 1 on the stocks’ 

exposure to the DLCT factor (ExposureDLCT). As before, ExposureDLCT is estimated for each stock 

from a 12-month rolling window ended in month t. We also include a list of characteristics that 

are known to affect stock returns, including the stock’s lagged market equity, book-to-market ratio, 

profits-to-assets ratio, asset growth rate, stock return run up, reversals, and idiosyncratic volatility. 

All independent variables, as defined in Appendix A, are normalized to have a cross-sectional 

standard deviation of one. Thus, the regression coefficients indicate the return predictivity 

associated with a one-standard-deviation change in stock characteristics.  

The results are presented in Table 8. The coefficients of ExposureDLCT are consistently negative 

and significant across all specifications. This result indicates that higher exposure to the hedge 

fund DLCT factor predicts significantly lower returns. For instance, in Column (1), the coefficient 

of ExposureDLCT is –0.19 with a significant T-statistic of –3.41. This implies that a one-standard-

deviation increase in the stock’s exposure to the DLCT factor corresponds to a 0.19% reduction in 

the monthly stock return (or 2.27% in annualized return).  

Additional characteristics do not absorb the predictive power of the DLCT factor loading. The 

economic magnitude ranges from 1.13% in Column (6) to 2.27% per annum in Column (4). 

Collectively, these results provide support to Hypothesis 3A that the DLCT factor is priced in the 

cross-section.  

V. Analyses of Alternative Mechanisms 

Thus far, we have shown that leverage provides an important rationale for the creation of hedge 

funds and that its associated DLCT factor has significant power to predict stock returns in the 

cross-section. This section conducts a battery of analyses to further investigate these economic 

mechanisms. We first explore the potential impact of limited partners’ leverage on fund policies. 

Next, we examine whether the pricing power of hedge fund DLCT factor is concentrated in states 
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with reduced hedge fund leverage, as predicted by our model. Lastly, we utilize the Lehman 

bankruptcy event to illustrate how stocks were exposed to our DLCT factor through hedge fund 

ownership.  

A. The Impact of LP Leverage on Fund Policies 

We start with alternative explanations of hedge fund policies. It is important to note that our model 

is built upon the assumption that investor capital is competitively supplied in the market and that 

this assumption allows fund managers to capture the economic rents (Berk and Green, 2004). An 

alternative channel is that investors may have different preferences regarding leverage. In the 

presence of such heterogeneous investors, fund policies, including fees, could also be affected. 

Indeed, Hitzemann, Sokolinski, and Tai (2022) find evidence suggesting that investor leverage 

demand allows mutual fund managers to charge higher fees. Could investors' leverage preferences 

play a similarly important role within the hedge fund industry to overturn our model predictions? 

We use the information provided by the Preqin database on limited partners (LPs) to answer 

this question. Preqin reports how LPs invest in general partners (GPs) within the hedge fund 

industry. In our analysis, LPs represent hedge fund investors and GPs correspond to hedge fund 

companies. We manually match the names of Preqin GP with those in the merged TASS-HFR-

BarclayHedge database and construct a sample of LPs investing in hedge fund companies. We 

then calculate each LP’s leverage as the average leverage employed by the hedge fund companies 

in which the LP has made investment. If an LP possesses a specific leverage preference, the 

average leverage of the hedge fund companies she has invested in indicates—in a revealed 

preference approach—her leverage preference.  

This measure allows us to link hedge fund fee policies to the average LP leverage for each 

hedge fund company, with the latter serving as the representative LP’s leverage preference faced 

by fund managers. We tabulate results in Online Appendix (Table IN5) and discuss main findings 
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here.23 The average LP leverage ratio is 4.45 and the median is 2.74. We observe that, in isolation, 

LP leverage does not affect the fee policies of hedge funds (see Panel A). Even when we interact 

LP leverage with hedge fund leverage or fund flows, the interactive terms are still insignificant. 

Similarly, hedge fund flow and its interaction with hedge fund leverage fail to impact fee policies. 

Panel B presents results when we use the Fung and Hsieh’s seven-factor adjusted dynamic fees as 

the dependent variable. The results are similar to those reported in Panel A. Collectively, investors 

do not play an active role in shaping hedge fund fee policies, even though there is a difference in 

the limited partners’ preference for leverage.  

Next, we examine the impact of LP leverage on simultaneous and opposite leverage-beta 

adjustments. We present results in Online Appendix (Table IN6) and discuss the main findings 

here. For the case of deleveraging (i.e., I{ΔL<0, ΔHB>0}), LP leverage once again has 

insignificant effects when used alone or when interacted with the negative part of past returns (i.e., 

𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛	&A9,Q"/>OEEIH$A ). 24  

For the case of leverage increases (i.e., I{ΔL>0, ΔHB<0}), LP leverage has insignificant 

effects on the above indicator variable when used alone or when interacted with the positive 

component of past returns. The interactive term between LP leverage and the negative component 

of past returns has a negative and significant coefficient. However, the economic magnitude of 

this effect is modest. Even an LP leverage of 10 only offsets 37% of the return impact, implying 

the limited influence of LPs on hedge fund leverage policies. 

In summary, our findings suggest that LP leverage does not have a significant impact on fee 

policies within the hedge fund industry. This implies that investor capital is competitively supplied 

in the hedge fund industry when fund managers determine the fee policies–a conclusion that aligns 

with the key assumption of Berk and Green (2004) and our model. We leave the exploration of the 

remaining bargaining power of LPs to future research. 

 
23 Preqin contains the information for approximately 5935 funds, out of which 1924 can be identified as hedge funds covered by 
our databases. Approximately 38% of hedge fund families have valid LP information. To ensure a comparable sample size, we use 
a dummy variable I{LP Info} to absorb the fee policies of families for which there is no LP information.  
24 Although we observe a negatively significant interaction between LP leverage and the positive component of past returns, its 
coefficient is economically small (0.0012). For instance, even an LP leverage of 10 can only add 0.012 to the impact of positive 
returns, which is negligible compared to the impact of negative returns (which is 0.346 in this regression). 
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B. Controlling Penny Stocks and Mutual Fund LCT Factor 

In this section, we address concerns that the pricing power of beta-related factors may be driven 

by penny stocks. Among all the stocks in our sample, approximately 4% of them are penny stocks. 

To alleviate this concern, we exclude all the penny stocks from our sample and re-conduct the 

Fama-MacBeth regression analysis. The results are reported in Column (1) of Table 9. Even after 

excluding penny stocks, the coefficient of ExposureDLCT remains negative and significant, and has 

a magnitude similar to that reported in Column (6) of Table 8.  

In Column (2) of Table 9, we control for the mutual fund LCT factor proposed by Boguth and 

Simutin (2018). 25  Specifically, we include stocks’ exposure to the mutual fund LCT factor 

(ExposureMF_LCT) in the Fama-MacBeth regressions, alongside their exposure to our hedge fund 

DLCT factor (ExposureDLCT). We find that the coefficient of ExposureDLCT remains negative and 

significant, with a magnitude on par with previous results. Unreported results also show that the 

predicting power of the hedge fund DLCT factor is not affected by stocks’ exposure to the bet-

against-beta (BAB) factor of Frazzini and Pedersen (2014). 

Overall, these results indicate that the pricing power of the hedge fund DLCT factor remains 

robust when controlling for penny stocks. In addition, this factor captures distinct economic 

information beyond that explained by the mutual fund LCT factor. 

C. The Pricing Power of DLCT Conditioning on Hedge Fund Leverage 

We now move on to the additional prediction unique to our model as stated in Hypothesis 3. That 

is, the pricing power of the hedge fund beta factor should be concentrated in states with reduced 

hedge fund leverage. To test this hypothesis, we estimate the AUM-weighted aggregate leverage 

of the hedge fund industry as 𝐻𝐹U"G"MHF"-./,+ = ∑ OP1(,+
∑ OP1(,+(

× 𝐿>,&> , where 𝐴𝑈𝑀>,& refers to AUM of 

company 𝑖 in quarter 𝑡. We then estimate the innovations in hedge fund industry leverage using an 

AR(1) process, which allows us to identify periods when this leverage measure is relatively 

 
25 We thank Boguth and Simutin for making their LCT factor available. We employ their published mutual fund LCT factor 
whenever possible. For later periods spanning from 2015 to 2019, we extend the factor using their methodology. 
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tightened. Specifically, we divide our sample period into two subperiods: one characterized by 

reduced hedge fund leverage (below-medium innovations) and the other by enhanced hedge fund 

leverage (above-medium innovations). 

 We revisit the Fama-MacBeth regressions in each sub-period, excluding penny stocks from 

our sample, and report results in Columns (3) and (4) of Table 9. The coefficient of the variable 

ExposureDLCT (e.g., stocks’ exposure to the DLCT factor) is negative, but only significant in the 

subperiod with reduced hedge fund leverage. Thus, the pricing power of the hedge fund DLCT 

factor is concentrated in periods in which hedge funds reduce their leverage.  

D. Alternative Hedge Fund DLCT Factor 

So far, our empirical proxy for the hedge fund DLCT factor is constructed by aggregating the 

holdings of single-fund companies, and this proxy is a cleaner one. As a robustness check, we use 

the holdings of all hedge fund companies to construct an alternative DLCT factor. The Fama-

MacBeth regression results are presented in the Online Appendix (Table IN7). Across all 

specifications, we find that the coefficients of the alternative hedge fund DLCT factor are negative 

and significant after controlling for other firm characteristics. Hence, using the holdings of all 

hedge fund companies to construct the asset-implied leverage and the DLCT factor does not change 

our main conclusions, because all hedge fund companies are subject to common shocks of 

delegated leverage.  

E. The Lehman Bankruptcy Event  

We investigate the asset pricing impact of hedge fund leverage by taking a closer look at the 

Lehman bankruptcy that occurred on September 15, 2008. Aragon and Strahan (2012) document 

that hedge funds using Lehman as a prime broker faced a decline in funding liquidity after its 

bankruptcy. As a result, this event unexpectedly disrupted trading and hindered access to funding 

for Lehman-connected hedge funds. This episode serves as an ideal laboratory, in which a funding 

shock exogenously tightens the capital for delegated leverage. 
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Although many institutional investors face leverage constraints, hedge funds, as quintessential 

levered investors, play a unique role in affecting asset prices during this episode through two 

economic channels. Our previous tests show that the DLCT factor exhibits more pronounced 

pricing power during such distressed periods. In addition, disruptions in hedge fund capital may 

also affect the exposure of hedge fund-invested stocks to the hedge fund DLCT factor. Since this 

second channel is novel, we will use the Lehman shock to investigate it. 

Hypothetically, stocks held by Lehman-connected funds should be more susceptible to the 

DLCT factor that captures the aggregate funding shock. This is because the Lehman bankruptcy 

directly disrupted the flow of capital from leveraged investors to these stocks, which subsequently 

affected stock returns, reduced the co-movement of an affected stock to the market, and increased 

its co-movement with other stocks similarly affected by the disruption.26  In other words, in 

addition to a higher level of capital tightness created by the Lehman shock across the entire 

economy, stocks held by Lehman-connected hedge funds should particularly experience a greater 

impact manifested through enhanced exposure to the DLCT factor. 

To test this hypothesis, we examine the relationship between stocks’ exposures to the DLCT 

factor and their holdings by Lehman-connected hedge funds in the following pooled regression: 
 

Δ𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒>,&VU3W = 𝛼 + 𝛽1 × 𝐿𝑒ℎ𝑚𝑎𝑛	𝐻𝐹	ℎ𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖,2008.06	
+	𝛽2 ×𝑁𝑜𝑛𝐿𝑒ℎ𝑚𝑎𝑛𝐻𝐹	ℎ𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖,2008.06 + 𝛽3 ×𝑀𝐹	ℎ𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖,2008.06	
+	𝛽4 ×𝑂𝑡ℎ𝑒𝑟	𝐼𝑛𝑠𝑡𝑖𝑡𝑢𝑡𝑖𝑜𝑛𝑎𝑙	ℎ𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖,2008.06 + 𝜖𝑖,𝑡,																																				(19)	 

 

where Δ𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒>,&VU3W  refers to the change in the exposure of stock 𝑖 to the DLCT factor in month 

𝑡. It is calculated as the stock’s exposure to the DLCT factor estimated from daily returns in month 

𝑡  minus its exposure in the previous month. 𝐿𝑒ℎ𝑚𝑎𝑛	𝐻𝐹	ℎ𝑜𝑙𝑑𝑖𝑛𝑔𝑠>,*XXY.XZ  refers to the 

percentage of shares of stock i held by Lehman-connected hedge funds in June 2008, as defined in 

 
26 Mathematically, Equation (6) of our model suggests that the exposure of a particular stock to the aggregate DLCT factor is 1 −
𝛽, where 𝛽 = 𝑐𝑜𝑣(𝑅1 , 𝑅234)/𝑣𝑎𝑟(𝑅234)  is the covariance between the stock returns and the market return. When the Lehman 
disruption disturbs the stock returns, it reduces the market beta of the stock and increases its exposure to the aggregate DLCT factor. 
Since we do not explicitly model the impact of deteriorating funding conditions on β, we interpret this effect as an empirical 
implication consistent with our model rather than a direct prediction of it. 
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Aragon and Strahan (2012). We also include the percentage of shares of stock i held by non-

Lehman-connected hedge funds (Non-Lehman HF holdings), the percentage of shares of stock i 

held by mutual funds (MF holdings), and the percentage of shares of stock i held by other types of 

institutions (Other-Institutions holdings) in June 2008. Time (year-month) fixed effects are 

included to control for the overall market conditions each month. 

The results are reported in Table 10. The first three columns show the impact of Lehman-

connected hedge fund holdings in three consecutive periods: January to April, May to August, and 

September to December of 2008. The last period corresponds to the Lehman bankruptcy period. 

We examine the three periods separately because the first two periods provide an ideal placebo 

test for validating our results during the Lehman bankruptcy period.  

Our main findings are threefold. First, we observe that the coefficient of Lehman-connected 

hedge fund holdings is positive and significant during—and only during—the Lehman bankruptcy 

period. Economically, this result indicates that greater holdings by Lehman-connected hedge funds 

in June 2008 significantly increased a stock's exposure to the hedge fund DLCT factor. As a 

placebo test, we further observe that non-Lehman-connected hedge fund ownership does not 

exhibit a similar effect. This insignificance highlights the differences between Lehman- and non-

Lehman-connected hedge funds during the period of stress during Lehman’s bankruptcy.  

Second, the coefficients on mutual fund holdings and other institutional holdings are 

significant during the Lehman bankruptcy period. However, these coefficients have the opposite 

sign compared to that of Lehman-connected hedge fund holdings, suggesting that mutual funds 

and other non-hedge fund institutions mitigated the impact of Lehman-connected hedge funds. In 

other words, when Lehman-connected hedge funds suffered from the funding shock, mutual funds 

and other institutional investors stepped in to supply capital, helping to stabilize the market. It is 

worth noting that, in economic terms, the coefficient on hedge fund holdings is five times larger 

than that of mutual fund holdings. Hence, mutual funds and other institutions only partially 

alleviate the impact of Lehman-connected hedge funds. This difference suggests that hedge funds 

are an important marginal investor to affect asset prices.  
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Third, in Column (4) of Table 10, we provide another placebo test by replacing the hedge fund 

DLCT factor with the mutual fund LCT factor during the Lehman bankruptcy period. The results 

indicate that Lehman-connected hedge fund ownership does not affect stock’s exposure to mutual 

fund LCT. This finding supports the notion that the hedge fund DLCT factor effectively captures 

the market-wide price impact of the tightness of leverage constraints during the specific period of 

the Lehman bankruptcy, considering the known liquidity challenges posed by Lehman-connected 

hedge funds for stocks. 

Taken together, our tests concerning Lehman's bankruptcy shed light on how stocks become 

susceptible to a large aggregate funding shock. The three main results suggest that hedge funds 

and mutual fund-type non-hedge fund institutional investors play very different roles during high-

stress periods such as Lehman's bankruptcy. Overall, the Lehman event identifies a unique role 

that hedge funds play in affecting assets through the risk exposure channel during a period of 

substantial funding shocks. 

VI. Conclusion 

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

intuition is that capable investors exploit their leverage advantage through delegated portfolio 

management in the spirit of Berk and Green (2004), rather than directly employing leverage 

(within exogenously determined constraints) to enhance the return of their own endowed capital. 

We formulate this intuition into a stylized model in which a hedge fund raises capital from 

constrained investors to exploit its leverage advantage, which provides an economic rationale for 

leverage-based delegated portfolio management. Our model suggests that fund managers reap the 

totality of these economic rents. This perspective also helps explain the otherwise puzzling 

empirical observation that the relationship between leverage and performance of hedge funds is 

insignificant, as reported in previous studies. Furthermore, asset prices are influenced by the 

tightness of capital constraints faced by hedge fund managers. 
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We test a collection of novel predictions of the effects of leverage on delegated portfolio 

management and asset prices. First, in line with our model, we find that hedge funds with higher 

asset-implied leverage collect higher fees. Second, deteriorating funding conditions—proxied by 

recent poor fund returns—prompt hedge funds to simultaneously reduce leverage and increase 

their holdings in high-beta stocks. The above results enable us to construct a risk factor, the hedge 

fund delegated leverage constraint tightness (DLCT) factor, based on hedge fund holding betas. 

We demonstrate that the DLCT factor explains the cross-section variation of stock returns, with its 

pricing power concentrated in periods characterized by reduced hedge fund leverage. Furthermore, 

our case study on the Lehman bankruptcy highlights how hedge fund investment impacts stock 

exposure to the DLCT factor during periods of distress. 

In summary, our analyses propose that hedge funds can be viewed as mechanisms for delegated 

leverage and validate their importance in determining asset prices. These results provide an 

economic basis by which to understand hedge fund incentives and fee policies. They also allow us 

to construct a priced risk factor, the hedge fund DLCT (the delegated leverage constraint tightness) 

factor, that affects expected stock returns and has explanatory power above and beyond existing 

factors. Compared to the traditional approach of proposing factors from model premises, the 

provision of an asset pricing factor grounded in a concrete micro foundation has the advantage that 

it can be subject to both theoretical and empirical scrutiny. Our empirical results suggest that 

leverage-motivated delegated portfolio management in general, and the leverage choice of hedge 

funds in particular, play an important role in financial markets.  
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Appendix A: Variable Definitions 
 

Panel A: Hedge Fund Company-Level Variables 

Assets 
The aggregated holding assets (from 13F) of the hedge fund company i in quarter t 
𝐴𝑠𝑠𝑒𝑡0,1 = ∑ ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒0,2,12 , where holding value is the value of shares held by 
hedge fund company i in stock s in quarter t. 

AUM The aggregated AUM (assets under management) of hedge fund company i in quarter t 
HF Return The value-weighted returns of all hedge funds of hedge fund company i in quarter t 

HF Flow 
The capital flow ratio for each hedge fund company in quarter t based on its performance 
and AUM: 3𝐴𝑈𝑀0,1 − 𝐴𝑈𝑀0,134 × 81 + 𝑟0,1;< / 3𝐴𝑈𝑀0,134 × 81 + 𝑟0,1;<. 

N_Funds The number of funds in the hedge fund company 
N_Stocks The log number of stocks held by the hedge fund company 

Leverage 
Leverage refers to the asset-implied leverage for the hedge fund company (family) i in 
quarter t, calculated as the ratio between the family’s holding value as reported by 13F 
and the AUM of its affiliated funds. Mathematically, 𝐿0,1 =

522612!,#
578!,#

= ∑ :;<=0>?	AB<C6!,$,#$
578!,#

. 

Active Leverage 
Change 

The active change of hedge fund company i’s leverage in quarter t, calculated as Δ𝐿0.1 =
(𝐿0,1 − 𝐿A0,1)/𝐿0,134,	where 𝐿A0,1 is the counterfactual leverage calculated as  
𝐿A0,1 =

∑ :;<=0>?	AB<C6!,$,#%&×(4G21;HI	J61CJ>$,#)$
578!,#%&

. 

Holding Beta 

The average stock beta of the hedge fund company i’s aggregate holdings in quarter t, 
calculated as 𝐻𝐵0,1 = ∑ :;<=0>?	AB<C6!,$,#

∑ :;<=0>?	AB<C6!,$,#$
× 𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎2,12 ,	where 𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎2,1 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. 

Active Holding Beta 
Change 

The active change of hedge fund company i’s holding beta i in quarter t, calculated as 
ΔHB0,1 = 𝐻𝐵0,1 −𝐻𝐵AAAA0,1, where 𝐻𝐵AAAA0,1 is the counterfactual holdingbeta,  
𝐻𝐵AAAA0,1 = ∑ :;<=0>?	AB<C6!,$,#%&×(4G21;HI	J61CJ>$,#)

∑ :;<=0>?	AB<C6!,$,#%&×(4G21;HI	J61CJ>$,#)$
× 𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎2,1342 .  

 
Panel B: Aggregate Level Variables or Stock Variables 

DLCT 

The hedge fund delegated leverage constraint tightness factor. We first estimate the 
weighted sum of market betas of individual stocks in aggregated hedge funds’ holdings 
as 𝐻𝐹_𝑏𝑒𝑡𝑎1 = ∑ :;<=0>?	AB<C6'(,$,#

∑ :;<=0>?	AB<C6'(,$,#$
× 𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎2,12 ,	where ℎ𝑜𝑙𝑑𝑖𝑛𝑔	𝑣𝑎𝑙𝑢𝑒LM,2,1 is the 

aggregated value of shares held by the aggregate (single-fund) hedge fund companies in 
stock s in month t and	𝑠𝑡𝑜𝑐𝑘	𝑏𝑒𝑡𝑎2,1 is the monthly beta of each stock, estimated from 
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 companies 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 DLCT factor as the innovations in an AR(1) regression of 𝐻𝐹_𝑏𝑒𝑡𝑎1.  

MF_LCT MF_LCT is the aggregate mutual fund beta, which is estimated from mutual fund 
holding betas following the methodology of Boguth and Simutin (2018).  
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HF_Leverage_DLCT 

HF_Leverage_DLCT is the aggregate hedge fund leverage, which is estimated by the 
weighted sum of leverage of individual hedge funds. I.e., 𝐷𝐿𝐶𝑇1

LM	N6A6JB?6 =
∑ 578!,#

∑ 578!,#!
× 𝐿0,10 , where 𝐴𝑈𝑀0,1 and 𝐿0,1  refer to the aggregate AUM and leverage of the 

hedge fund company 𝑖 in quarter 𝑡.  

ExposureDLCT 
ExposureDLCT is the time-series loadings of each stock on the DLCT factor, estimated 
from a 12-month rolling regression of the stock’s excess returns on market excess returns 
and the DLCT factor. 

ExposureMF_LCT 
𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒2,18M	NOP is the time-series loadings of each stock on the MF_LCT factor, 
estimated from a 12-month rolling regression of the stock’s excess returns on market 
excess returns and the MF_LCT factor. 

ExposureHF_Leverage LCT 
𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒2,1

LM	N6A6JB?6	NOP is the time-series loadings of each stock on the HF Leverage 
LCT factor, estimated from a 12-month rolling regression of the stock’s excess returns on 
market excess returns and the HF Leverage LCT factor. 

Market Equity 𝐿𝑜𝑔(1 + 𝑃𝑟𝑖𝑐𝑒2,1 × 𝑆ℎ𝑟𝑜𝑢𝑡2,1) 
Book-to-Market  𝐿𝑜𝑔(1 + 𝐵𝑜𝑜𝑘	𝑒𝑞𝑢𝑖𝑡𝑦2,1/𝑀𝑎𝑟𝑘𝑒𝑡	𝑒𝑞𝑢𝑖𝑡𝑦2,1) 
Profits-to-Assets 𝑃𝑟𝑖𝑓𝑖𝑡𝑠2,1/𝑇𝑜𝑡𝑎𝑙𝐴𝑠𝑠𝑒𝑡𝑠2,1 

Asset Growth 
𝑇𝑜𝑡𝑎𝑙𝐴𝑠𝑠𝑒𝑡𝑠2,1
𝑇𝑜𝑡𝑎𝑙𝐴𝑠𝑠𝑒𝑡𝑠2,134

− 1 

Stock Return Run up 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 model regression of daily returns 
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Table 1: Summary Statistics for Hedge Fund Companies 
This table presents quarterly summary statistics for the hedge fund companies included in our study. Assets (Log) is 
the logarithm of the asset value reported by fund companies through 13F filings. AUM (Log) is the logarithm of assets 
under management (AUM) reported by the fund families to the data providers. Hedge fund return (HF Return) is 
quarterly return of the hedge fund company. After-fee returns are reported by hedge funds. We follow Agarwal, Daniel 
and Naik (2009) to estimate the before-fee returns from the reported after-fee returns. Dynamic fee is the difference 
between the before-fee and after-fee returns. 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 and N_Stocks the number of stocks 
reported in the 13F filings for the fund companies. Leverage refers to the asset-implied leverage, computed by dividing 
the value of the 13F reported assets by the AUM of each family. Active leverage change is the change in asset-implied 
leverage resulting from transactions and flows within the family, netting out the effect of performance. Holding beta 
represents the value-weighted beta of the stocks reported in the 13F filings. Active holding beta change is the change 
in holding beta resulting from the active action or discretionary investment decision of the family, netting out the 
effect of stock price changes. 
 

Variables: Mean Std. Dev. 25% 50% 75% 
Assets (Log) 19.93 1.90 18.72 19.69 20.95 
AUM (Log) 19.82 1.78 18.68 19.73 20.76 
HF Return (Before-fee)  1.73% 7.87% -1.38% 1.71% 4.96% 
HF Return (After-fee) 1.39% 7.36% -1.31% 1.51% 4.34% 
Dynamic Fee  0.35% 0.76% 0.00% 0.11% 0.54% 
HF Flow 2.38% 22.68% -4.58% -0.06% 4.90% 
N_Funds 4.93 9.36 1 3 5 
N_Stocks 228.69 470.80 34 74 219 
Leverage  3.44 5.10 0.50 1.22 3.72 
Active Leverage Change 0.02 0.26 -0.08 0.00 0.11 
Holding Beta 1.13 0.61 0.89 1.06 1.31 
Active Holding Beta Change -0.01 0.80 -0.22 0.00 0.21 
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Table 2: Hedge Fund Portfolios Sorted by Asset-Implied Leverage 
This table reports portfolio characteristics of hedge fund companies sorted by their asset-implied leverage. We 
measure asset-implied leverage as the reported value of equity holdings from 13F filings, scaled by the corresponding 
assets under management (AUM) each quarter. Following Agarwal, Daniel and Naik (2009), we use monthly after-
fee returns and characteristics of each hedge fund to estimate its monthly before-fee returns. The dynamic fees are the 
differences between the before-fee and after-fee returns of each fund. We aggregate the dynamic fees, before-fee 
returns, and after-fee returns at the fund company level each quarter. At the beginning of each quarter, we sort hedge 
fund companies into 5 quintiles, based on their asset-implied leverage during the previous quarter, and we calculate 
the equal-weighted average of quarterly dynamic fees and performance. Panel A presents averages of leverage, log-
Asset holdings, log-AUM, Sharpe ratio and skewness of before-fee returns for hedge fund companies in each quintile. 
Panel B reports averages of dynamic fees, the risk-adjusted dynamic fees, the risk-adjusted before-fee returns and 
after-fee returns. All risk-adjustment is done by using the Fung and Hsieh’s (2004) seven-factor model. T-statistics 
are reported in parentheses. Statistical significance at the 1%, 5%, and 10% levels is denoted by ***, **, and *, 
respectively. 
 

Panel A: Leverage, Log-Asset, Log-AUM. Sharpe Ratio and Skewness 
Portfolio Sorted by 
Leverage Leverage Log-Assets Log-AUM Sharpe Ratio 

(Before-Fee) 
Skewness 

(Before-Fee) 
1 (Low) 0.1804 18.8891 20.9672 0.1506 -0.3234 
2 0.5624 19.5924 20.2110 0.1542 0.2110 
3 1.1556 19.5896 19.4815 0.1829 0.1400 
4 2.6598 20.4108 19.4985 0.1616 -0.3096 
5 (High) 10.3663 21.2177 18.8848 0.2158 0.2363 

 
Panel B: Dynamic fees, Risk-adjusted dynamic Fees, Before-fee and After-fee Returns 

Portfolio Sorted by 
Leverage 

Dynamic Fees (Quarterly, in %)  Before-Fee 
Return  After-Fee 

Return 

Unadjusted 7-Factor 
Adjusted  7-Factor 

Adjusted  7-Factor 
Adjusted 

1 (Low) 0.3474*** 0.3068***  0.6797***  0.3729* 
 (9.60) (11.49)  (3.13)  (1.86) 
       
2 0.3603*** 0.3033***  0.6131**  0.3098 
 (8.28) (9.35)  (2.34)  (1.32) 
       
3 0.4089*** 0.3454***  0.9047***  0.5594*** 
 (9.62) (11.57)  (4.49)  (3.07) 
       
4 0.4139*** 0.3484***  0.7077***  0.3593** 
 (8.30) (9.96)  (3.56)  (2.03) 
       
5 (High) 0.4912*** 0.4115***  1.1339***  0.7224*** 
 (9.32) (9.66)  (4.50)  (3.35) 
       
High – Low 0.1438*** 0.1047***  0.4541*  0.3494 
 (4.01) (3.14)  (1.91)  (1.66) 
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Table 3: The Effect of Asset-implied Leverage on Dynamic Fees 
 
This table reports the results of regressing quarterly dynamic fees on asset-implied leverage. The panel regression 
model is 
 

Dynamic	fee0.1 = 𝛼 + 𝛽 × 𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒0,134 + 𝛿 ×𝑀0,134 + 𝜖0,1 , 
 
where 𝐷𝑦𝑛𝑎𝑚𝑖𝑐	𝑓𝑒𝑒0.1 denotes the dynamic fee (in %) of hedge fund company 𝑖 in quarter 𝑡, which is calculated as 
the differences between the before-fee and after-fee returns; 𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒0,134 represents the asset-implied leverage of 
hedge fund company 𝑖 in quarter 𝑡 − 1, which is estimated as the value of asset holdings of each hedge fund company 
reported in 13F filings scaled by reported assets under management each quarter; and the vector 𝑀0,134 includes a list 
of control variables in quarter 𝑡 − 1, including hedge funds returns, the value of asset holdings (log dollar), hedge 
fund flows, the number of funds in the company, as well as the number of stocks invested by the company. Columns 
(1) and (4) present results for the full sample; Columns (2) and (5) for a sub-sample of single-fund companies, while 
Columns (3) and (6) for a sub-sample of multi-fund companies. We include the hedge fund company (HF family) 
fixed effects and time (year-quarter) fixed effects in all specifications. T-statistics are reported in parentheses. 
Statistical significance at the 1%, 5%, and 10% levels is denoted by ***, **, and *, respectively. 
 

Dependent Variable: Quarterly Dynamic Fees 
Unadjusted (in %) 

Quarterly Dynamic Fees 
7-Factor Adjusted (in %) 

 Full Sample Single-Fund 
Company 

Multi-Fund 
Company Full Sample Single-Fund 

Company 
Multi-Fund 
Company 

  (1) (2) (3) (4) (5) (6) 
Leveraget–1 0.0101*** 0.0189*** 0.0095*** 0.0089*** 0.0200*** 0.0079** 
 (3.54) (2.81) (2.64) (3.30) (3.18) (2.33) 
HF Returnt–1 1.0237*** 0.9594*** 0.9090*** 0.6773*** 0.6289** 0.6134*** 
 (6.20) (3.05) (4.98) (4.87) (2.23) (4.04) 
Assetst–1 -0.0279*** -0.0437 -0.0214* -0.0224** -0.0418 -0.0178* 
 (-2.73) (-1.54) (-1.93) (-2.42) (-1.60) (-1.79) 
HF Flowt–1 0.0137 0.0114* 0.0118 0.0134 0.0077** 0.0130 
 (0.88) (1.95) (0.55) (0.87) (2.19) (0.61) 
N_Fundst–1 -0.0006   -0.0002   
 (-0.44)   (-0.19)   

N_Stockst–1 -0.0037 -0.0102 -0.0106 -0.0048 -0.0262 -0.0050 
 (-0.21) (-0.23) (-0.54) (-0.31) (-0.67) (-0.29) 
       

Time FE Yes Yes Yes Yes Yes Yes 
HF Family FE Yes Yes Yes Yes Yes Yes 
N 11590 3084 8483 11590 3084 8483 
adj. R-sq 0.232 0.227 0.243 0.188 0.187 0.197 
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Table 4: Leverage Policies vs. Lagged Returns 
 
This table reports the results of regressing active leverage changes on lagged returns. The panel regression model is 
 

Δ𝐿0.1 = 𝛼 + 𝛽 × 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛0,134 + 𝛿 ×𝑀0,134 + 𝜖0,1 , 
 
where Δ𝐿0.1 denotes the active leverage change of hedge fund company 𝑖 in quarter 𝑡; 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛0,134 is the return of 
hedge fund company 𝑖  over the previous quarter; 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛0,134,Q6R05>>CB<  represents the cumulative returns of 
hedge fund company 𝑖 over the previous 6 months; and the vector 𝑀0,134 includes a list of control variables in quarter 
𝑡 − 1, including hedge funds returns, the value of asset holdings (log dollar), hedge fund flows, the number of funds 
in the company, as well as the number of stocks invested by the company. Columns (1) and (2) present results for the 
full sample; Columns (3) and (4) for a sub-sample of single-fund companies, while Columns (5) and (6) for a sub-
sample of multi-fund companies. We include the hedge fund company (HF family) and time (year-quarter) fixed 
effects in all specifications. T-statistics are reported in parentheses. Statistical significance at the 1%, 5%, and 10% 
levels is denoted by ***, **, and *, respectively. 
 

Dependent Variable: Active Leverage Change Δ𝐿0.1 
 Full Sample  Single-Fund Company  Multi-Fund Company 
  (1) (2)  (3) (4)  (5) (6) 
HF Returnt–1 0.1180***   0.1391***   0.1012***  
 (3.95)   (2.74)   (2.72)  
HF Returnt–1,SemiAnnual  0.0948***   0.1283***   0.0739*** 
  (4.90)   (3.53)   (3.00) 
Assetst–1 -0.0127*** -0.0128***  -0.0184** -0.0185**  -0.0114*** -0.0115*** 
 (-3.76) (-3.78)  (-2.21) (-2.23)  (-2.96) (-2.97) 
HF Flowt–1 0.0039*** 0.0038***  0.0026* 0.0025*  0.0047*** 0.0046*** 
 (2.96) (2.93)  (1.88) (1.89)  (2.79) (2.76) 
N_Fundst–1 0.0004 0.0004       
 (0.70) (0.74)       
N_Stockst–1 -0.0324*** -0.0322***  -0.0391*** -0.0383***  -0.0336*** -0.0335*** 
 (-5.10) (-5.06)  (-2.88) (-2.83)  (-4.31) (-4.29) 
         
Time FE Yes Yes  Yes Yes  Yes Yes 
HF Family FE Yes Yes  Yes Yes  Yes Yes 
N 13906 13906  3633 3633  10273 10273 
adj. R-sq 0.163 0.163  0.116 0.118  0.190 0.190 
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Table 5: Investment Policies (Holding Betas) vs. Lagged Returns 
 
This table reports the results of regressing the change in active holding beta on the lagged returns. The panel regression 
model is 
 

Δ𝐻𝐵0.1 = 𝛼 + 𝛽 × 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛0,134 + 𝛿 ×𝑀0,134 + 𝜖0,1 
 
where Δ𝐻𝐵0.1 denotes the change in active holding beta of hedge fund company 𝑖 in quarter 𝑡; 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛0,134 is the 
return of hedge fund company 𝑖 over the previous quarter; 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛0,134,Q6R05>>CB<  is the cumulative returns of 
hedge fund company 𝑖 over the previous 6 months; and the vector 𝑀0,134 includes a list of control variables in quarter 
𝑡 − 1, including hedge funds returns, the value of asset holdings (log dollar), hedge fund flows, the number of funds 
in the company, as well as the number of stocks invested by the company. Columns (1) and (2) present results for the 
full sample; Columns (3) and (4) for a sub-sample of single-fund companies, while Columns (5) and (6) for a sub-
sample of multi-fund companies. We include the hedge fund company (HF family) fixed effects and time (year-quarter) 
fixed effects in all specifications. T-statistics are reported in parentheses. Statistical significance at the 1%, 5%, and 
10% levels is denoted by ***, **, and *, respectively. 
 

Dependent Variable: Active Holding Beta Change (ΔHB0,1) 
 Full Sample  Single-Fund Company  Multi-Fund Company 
  (1) (2)  (3) (4)  (5) (6) 
HF Returnt–1 -0.2228**   -0.4350*   -0.0995  
 (-2.17)   (-1.95)   (-0.92)  
HF Returnt–1,SemiAnnual  -0.2017***   -0.2585**   -0.1604** 
  (-3.01)   (-1.96)   (-1.99) 
Assetst–1 0.0012 0.0014  0.0393 0.0389  -0.0046 -0.0047 
 (0.15) (0.17)  (1.40) (1.39)  (-0.60) (-0.60) 
HF Flowt–1 -0.0025 -0.0023  0.0015 0.0016  -0.0058 -0.0055 
 (-1.01) (-0.95)  (0.63) (0.66)  (-1.44) (-1.38) 
N_Fundst–1 0.0001 0.0001       
 (0.08) (0.04)       
N_Stockst–1 -0.0071 -0.0075  -0.0558 -0.0562  0.0103 0.0102 
 (-0.39) (-0.41)  (-1.18) (-1.19)  (0.48) (0.48) 
         
Time FE Yes Yes  Yes Yes  Yes Yes 
HF Family FE Yes Yes  Yes Yes  Yes Yes 
N 13906 13906  3633 3633  10273 10273 
adj. R-sq 0.056 0.056  0.042 0.041  0.071 0.072 
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Table 6: Simultaneous Adjustments in Leverage and Investment Policies 
 
We construct dummy variables that correspond to four different scenarios: (1) I{ΔL<0, ΔHB>0}, an indicator variable 
that takes a value of one if a hedge fund company reduces leverage and increases holding betas simultaneously; (2) 
I{ΔL>0, ΔHB>0}, which indicates an increase in leverage and holding beta simultaneously; (3) I{ΔL>0, ΔHB<0}, 
which indicates an increase in leverage and a decrease in holding beta simultaneously; and (4) I{ΔL<0, ΔHB<0}, 
which indicates a decrease in leverage and holding beta simultaneously. The panel regression model is 
 

𝐷{𝑆𝑖𝑚𝑢𝑙𝑡𝑎𝑛𝑢𝑜𝑢𝑠	𝐶ℎ𝑎𝑛𝑔𝑒}0.1 = 𝛼 + 𝛽 × 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛0,134,Q6R05>>CB< + 𝛿 ×𝑀0,134 + 𝜖0,1 , 
 
where 𝐷{𝑆𝑖𝑚𝑢𝑙𝑡𝑎𝑛𝑢𝑜𝑢𝑠	𝐶ℎ𝑎𝑛𝑔𝑒}0.1 denotes the four dummy variables in Columns (1) to (4), respectively; 
𝐻𝐹	𝑅𝑒𝑡𝑢𝑟𝑛0,134,Q6R05>>CB< refers to the cumulative returns of hedge fund company 𝑖 over the previous 6 months. In 
our regressions, we decompose the lagged semi-annual returns into two signed components. The positive component 
is calculated as 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛G = 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛 × 𝐼{𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛 > 0} , where 𝐼{. }  is an indicator function, and the 
negative component is calculated as 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛3 = 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛 × 𝐼{𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛 ≤ 0}. In this way, we obtain the 
positive signed part (𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛0,134,Q6R05>>CB<G ) and the negative signed part (𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛0,134,Q6R05>>CB<3 ) of the 
lagged semi-annual returns. The vector 𝑀0,134 includes a list of control variables in quarter 𝑡 − 1, including hedge 
funds returns, the value of asset holdings (log dollar), hedge fund flows, the number of funds in the company, and the 
number of stocks invested by the company. Results in Panel A are based on the full sample of hedge fund companies, 
while results in Panel B (C) are based on the sub-sample of single-fund (multi-fund) companies. We include the hedge 
fund company (HF family) fixed effects and time (year-quarter) fixed effects in all specifications. T-statistics are 
reported in parentheses. Statistical significance at the 1%, 5%, and 10% levels is denoted by ***, **, and *, 
respectively. 

Panel A: Regressions with the Full Sample 
Dependent Variable: 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–1,SemiAnnual 0.0073 -0.0291 0.1048** -0.0990 
 (0.16) (-0.70) (2.26) (-1.38) 
HF Return– t–1,SemiAnnual -0.3313*** 0.0882 0.2934*** -0.0645 
 (-3.48) (1.01) (3.43) (-0.71) 
Assetst–1 0.0108** -0.0064 -0.0109*** 0.0063 
 (2.50) (-1.55) (-2.81) (1.38) 
HF Flowt–1 -0.0019 0.0024 0.0022 -0.0029 
 (-0.69) (0.76) (0.72) (-1.09) 
N_Fundst–1 0.0010 -0.0011 0.0004 -0.0002 
 (0.85) (-0.93) (0.35) (-0.19) 
N_Stockst–1 0.0043 -0.0254*** -0.0039 0.0277*** 
 (0.48) (-2.79) (-0.43) (2.93) 
     
Time FE Yes Yes Yes Yes 
HF Family FE Yes Yes Yes Yes 
N 13906 13906 13906 13906 
adj. R-sq 0.046 0.043 0.065 0.044 
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Panel B: Regressions with the Single-Fund HF Company Sub-sample 
Dependent Variable: I{ΔL<0, ΔHB>0} I{ΔL>0, ΔHB>0} I{ΔL>0, ΔHB<0} I{ΔL<0, ΔHB<0} 
 Single-Fund Company 
 (1) (2) (3) (4) 
HF Return+ t–1,SemiAnnual -0.1916** 0.0153 0.1915** 0.0272 
 (-2.15) (0.19) (2.20) (0.33) 
HF Return– t–1,SemiAnnual -0.2819* 0.1857 0.1967 -0.1509 
 (-1.65) (1.52) (1.62) (-1.18) 
Assetst–1 0.0504*** -0.0140* -0.0107 0.0063 
 (3.29) (-1.75) (-1.51) (0.80) 
HF Flowt–1 -0.0022 0.0046 0.0043 -0.0044 
 (-1.15) (1.21) (0.98) (-1.00) 
N_Stockst–1 -0.0163 -0.0417** -0.0019 0.0282 
 (-0.71) (-2.25) (-0.11) (1.57) 
     
Time FE Yes Yes Yes Yes 
HF Family FE Yes Yes Yes Yes 
N 3633 3633 3633 3633 
adj. R-sq 0.040 0.035 0.054 0.018 

 
Panel C: Regressions with the Multi-Fund HF Company Sub-sample 

Dependent variable: I{ΔL<0, ΔHB>0} I{ΔL>0, ΔHB>0} I{ΔL>0, ΔHB<0} I{ΔL<0, ΔHB<0} 
 Multi-Fund Company 
 (1) (2) (3) (4) 
HF Return+ t–1,SemiAnnual 0.0850 -0.0523 0.0888 -0.1402 
 (1.41) (-1.08) (1.58) (-1.61) 
HF Return– t–1,SemiAnnual -0.3504*** 0.0400 0.3142*** -0.0324 
 (-3.02) (0.36) (2.91) (-0.29) 
Assetst–1 0.0073 -0.0040 -0.0088** 0.0049 
 (1.57) (-0.89) (-2.15) (1.04) 
HF Flowt–1 -0.0006 0.0019 0.0017 -0.0035 
 (-0.13) (0.45) (0.44) (-0.96) 
N_Stockst–1 0.0019 -0.0142 -0.0098 0.0254** 
 (0.18) (-1.38) (-0.92) (2.37) 
     
Time FE Yes Yes Yes Yes 
HF Family FE Yes Yes Yes Yes 
N 10273 10273 10273 10273 
adj. R-sq 0.051 0.044 0.069 0.051 
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Table 7: Performance of Stock Portfolios Sorted by Exposure to DLCT Factor 
 
This table reports the average excess returns and alphas, in percent per month, for portfolios of stocks sorted by their 
exposure to the DLCT factor. For each stock, we obtain a time-series of loadings (ExposureDLCT ) of the stock on the 
hedge fund DLCT (the delegated leverage constraint tightness) factor, estimated using rolling-window regressions of 
the stock’s excess returns on market excess returns and the DLCT factor. The DLCT factor is the innovations in the 
variable DLCT from an AR (1) model. We use the aggregate holdings of single-fund hedge fund companies to 
construct DLCT factor. Stocks are assigned into groups at the end of month t, and portfolios are held during month t 
+ 1. We report results of average excess returns and alphas using the CAPM model, the Fama-French (1993) 3-factor 
model, the Carhart (1997) 4-factor model and the Pastor-Stambaugh (2003) 5-factor model. The Newey and West 
(1987) T-statistics are reported in parentheses.  Statistical significance at the 1%, 5%, and 10% levels is denoted by 
***, **, and *, respectively. 
 

Portfolio Sorted by Excess Return  Alphas from factor models 
ExposureDLCT (Monthly, in %)  CAPM 3-Factor 4-Factor 5-Factor 
1 (Low) 0.9403  0.0620 0.0686 0.1091 0.1090 
2 0.8385  0.1608 0.1451 0.1335 0.1335 
3 0.7018  0.0840 0.0751 0.0673 0.0668 
4 0.5835  -0.1041 -0.1055 -0.0973 -0.0964 
5 (High) 0.3582  -0.5251 -0.4900 -0.4323 -0.4314 
       
Low – High 0.5821**  0.5871** 0.5586** 0.5414** 0.5404** 
  (2.45)  (2.44) (2.34) (2.24) (2.23) 
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Table 8: Fama-MacBeth Regressions of Monthly Stock Returns  
on Exposure to the DLCT Factor 

 
This table reports the results of Fama-MacBeth regressions of monthly stock returns on their exposures to the hedge 
fund DLCT (the delegated leverage constraint tightness) factor. Stock returns (in percent) in month 𝑡 + 1 are regressed 
on ExposureDLCT computed as of month t, which is the stock’s exposure to the DLCT factor. The variable DLCT is the 
aggregate hedge fund beta, estimated by using the value-weighted hedge fund holding betas. The DLCT factor is the 
innovations in the variable DLCT from an AR (1) model. We use the aggregate holdings of single-fund companies to 
construct DLCT. Other independent variables include the stock’s market equity, book-to-market ratio, profits-to-assets 
ratio, asset growth rate, stock return run up, reversals, and idiosyncratic volatility in month t. All independent variables 
are normalized to have a cross-sectional standard deviation of one and are defined in Appendix A. Reported are the 
average coefficients and Newey and West (1987) T-statistics (in parentheses). Statistical significance at the 1%, 5%, 
and 10% levels is denoted by ***, **, and *, respectively. 
 

Dependent Variable: Stock Returnt + 1 (Monthly, in %) 
 Specifications 
 (1) (2) (3) (4) (5) (6) 
ExposureDLCTt -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 Equityt  -0.1923 -0.1976* -0.2090* -0.1638 -0.1767** 
   (-1.61) (-1.66) (-1.77) (-1.47) (-2.16) 
Book to Market Ratiot  0.2061** 0.2182** 0.1652* 0.1969** 0.1882** 
   (2.25) (2.37) (1.88) (2.33) (2.43) 
Profits_to_Assetst   0.5246** 0.4949** 0.5120** 0.4986** 
    (2.43) (2.27) (2.33) (2.37) 
Asset_Growtht    -0.3663*** -0.4438*** -0.4352*** 
     (-3.43) (-4.06) (-4.03) 
Stock Return Run Upt     0.0403 0.0655 
      (0.35) (0.61) 
Reversalst     -0.5314*** -0.5453*** 
      (-5.98) (-6.02) 
Idiosyncratic Volatilityt      -0.0372 
       (-0.27) 
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Table 9: Fama-MacBeth Regressions of Monthly Stock Returns  
on Exposure to the DLCT Factor: Additional Specifications  

 
This table reports the results of Fama-MacBeth regressions of monthly stock returns on their exposures to the hedge 
fund DLCT (the delegated leverage constraint tightness) factor with additional specifications. Stock returns (in percent) 
in month 𝑡 + 1  are regressed on ExposureDLCT computed as of month 𝑡, which is the stock’s exposure to the DLCT 
factor. The variable DLCT is the aggregate hedge fund beta, estimated by the value-weighted hedge fund holding 
betas. The DLCT factor is the innovations in the variable DLCT from an AR (1) model. We use the aggregate holdings 
of single-fund hedge fund companies to construct DLCT. In Column (1), we exclude all the penny stocks in our sample. 
In Column (2), we further control for ExposureMF_LCT, which is the stock’s exposure to the mutual fund LCT factor 
(Boguth and Simutin 2018). In Columns (3) and (4), we further divide our sample period into two subperiods: one 
characterized by reduced hedge fund leverage (below-medium innovations) and the other by enhanced hedge fund 
leverage (above-medium innovations). Other independent variables include the stock’s market equity, book-to-market 
ratio, profits-to-assets ratio, asset growth rate, stock return run up, reversals, and idiosyncratic volatility in month 𝑡. 
All independent variables are normalized to have a cross-sectional standard deviation of one. Reported are the average 
coefficients and Newey and West (1987) T-statistics (in parentheses). Statistical significance at the 1%, 5%, and 10% 
levels is denoted by ***, **, and *, respectively. 
 

Dependent Variable: Stock Returnt + 1 (Monthly, in %) 

 Dropping Penny Stocks 
Controlling for Mutual Fund LCT  Subperiods by Implied Leverage 

Innovations 
    Below Medium Above Medium 
 (1) (2)  (3) (4) 
ExposureDLCTt -0.0883** -0.1082**  -0.1101** -0.0660 
  (-2.46) (-2.00)  (-2.14) (-1.46) 
ExposureMF_LCTt  -0.0916    
  (-1.30)    
Market Equityt -0.1248* -0.1408*  -0.1298 -0.1198 
  (-1.73) (-1.94)  (-1.35) (-1.00) 
Book to Market Ratiot 0.2000** 0.1947**  0.2196** 0.1799 
  (2.58) (2.52)  (2.02) (1.53) 
Profits_to_Assetst 0.5267** 0.5247**  0.5203 0.5332** 
  (2.51) (2.53)  (1.50) (2.03) 
Asset_Growtht -0.3999*** -0.3976***  -0.3742*** -0.4261*** 
  (-3.82) (-3.79)  (-2.82) (-3.08) 
Stock Return Run Upt 0.1084 0.1090  -0.0121 0.2313** 
  (1.13) (1.14)  (-0.07) (2.33) 
Reversalst -0.3072*** -0.3137***  -0.3564*** -0.2569*** 
  (-4.42) (-4.29)  (-2.77) (-2.81) 
Idiosyncratic Volatilityt -0.3591** -0.3437**  -0.4820** -0.2337 
  (-2.45) (-2.36)  (-2.05) (-1.17) 
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Table 10: Exposures to DLCT Factor and Lehman HF Holdings 
 
This table presents results of regressing the change in stocks’ exposures to the hedge fund DLCT factor on holdings 
by Lehman-connected hedge funds. We estimate the following panel regression model:  
 

Δ𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒0,1SNOP = 𝛼 + 𝛽4 × 𝐿𝑒ℎ𝑚𝑎𝑛	𝐻𝐹	ℎ𝑜𝑙𝑑𝑖𝑛𝑔𝑠0,TUUV.UW	
+	𝛽T ×𝑁𝑜𝑛N6:RB>𝐻𝐹	ℎ𝑜𝑙𝑑𝑖𝑛𝑔𝑠0,TUUV.UW + 𝛽X ×𝑀𝐹	ℎ𝑜𝑙𝑑𝑖𝑛𝑔𝑠0,TUUV.UW	
+	𝛽Y × 𝑂𝑡ℎ𝑒𝑟	𝐼𝑛𝑠𝑡𝑖𝑡𝑢𝑡𝑖𝑜𝑛𝑎𝑙	ℎ𝑜𝑙𝑑𝑖𝑛𝑔𝑠0,TUUV.UW + 𝜖0,1 ,																																					 

 
where Δ𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒SPNZ	[61B0,1  denotes the change in the exposure of stock i to the DLCT factor in month	𝑡. The 
variable DLCT is the aggregate hedge fund beta, estimated by using the value-weighted hedge fund holding betas. The 
DLCT factor is the innovations in the variable DLCT from an AR (1) model. We use the aggregate holdings of single-
fund hedge fund companies to construct the DLCT factor. 𝐿𝑒ℎ𝑚𝑎𝑛	𝐻𝐹	ℎ𝑜𝑙𝑑𝑖𝑛𝑔𝑠0,TUUV.UW refers to the percentage of 
shares held by Lehman-connected hedge funds in June 2008, as defined in Aragon and Strahan (2012). We also include 
the percentage of shares held by non-Lehman-connected hedge funds (Non-Lehman HF holdings), shares held by 
mutual funds, and by other non-MF and non-MF institutions (Other-institutions holdings) in June 2008. In Columns 
(1)-(3), the dependent variables are changes in stock’s exposure to the hedge fund DLCT factor for the three time 
periods, 2008/01-2008/04, 2008/05-2008/08 and 2008/09-2008/12. The first two periods are prior to the Lehman 
bankruptcy and the last one is during the Lehman bankruptcy. In Column (4), the dependent variable is the change in 
stock’s exposures to the mutual fund LCT factor in the time period of 2008/09-2008/12. We include time (year-month) 
fixed effects in all specifications. T-statistics are reported in parentheses. Statistical significance at the 1%, 5%, and 
10% levels is denoted by ***, **, and *, respectively. 
 

Dependent Variable: ΔExposureDLCT  ΔExposureMF_LCT 

 [2008.01, 
2008.04] 

[2008.05, 
2008.08] 

[2008.09, 
2008.12]  [2008.09, 

2008.12] 
 (1) (2) (3)  (4) 
Lehman HF Holdings2008.06 0.0433 0.1201 0.2667***   -0.0813 
 (0.35) (0.99) (3.21)  (-1.16) 
Non-Lehman HF Holdings2008.06 -0.0301 -0.0392 0.0104  0.0134 
 (-0.99) (-1.39) (0.61)  (0.76) 
MF Holdings2008.06 0.0229 -0.0124 -0.0588***  0.0260** 
 (1.19) (-0.67) (-4.96)  (2.35) 
Other-Institutions Holdings2008.06 0.0161 -0.0277 -0.0582***  0.0005 
 (0.79) (-1.42) (-4.80)  (0.05) 
      
Time FE Yes Yes Yes  Yes 
N 23365 23895 23702  23702 
adj. R-sq 0.001 0.012 0.025  0.004 
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Delegated Leverage and Asset Prices: 

Evidence from the Hedge Fund Industry 
 

This Online Appendix consists of two parts. Part 1 presents the proof of the model. Part 2 tabulates 

the results of a list of additional empirical analyses discussed in the main text. 
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Part 1: Appendix for the Proofs of the Model 
 
Proof (Lemma 1): The optimal demand can be written as 

                                                      					𝜽2 =
3
45
𝚺5𝟏(𝔼[𝑹7] − 𝜙2𝕝)			  (A1) 

where 𝜙2 ≥ 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: 

𝑿8 = ∑ 95
96 𝜽2

:
2;3 . Applying (A1) to it, we have 𝑿8 = ∑ 95

496 𝚺5𝟏(𝔼[𝑹7] − 𝜙2𝕝)2 = 3
<64

𝚺5𝟏(𝔼[𝑹7] −

𝜙2𝕝).  Denoting 𝛾8 = 𝜃8𝛾,	we have:	

                                                        𝑿8 = 3
46
𝚺5𝟏(𝔼[𝑹7] − 𝜓𝕝).	 	 (A2)	

Eq. (A2) describes the market portfolio of the economy, from which we further get: 

                                                          𝔼[𝑹7] = 𝛾8𝚺𝑿8 + 𝜓𝕝.	 	 (A3)	

It is noted that 𝚺𝑿8 = cov(𝑹7 , 𝑅=:>), we have: 

                                                       𝔼[𝑹7] = 𝛾8cov(𝑹7 , 𝑅=:>) + 𝜓𝕝.	 	 	 (A4)	

Since	𝔼[𝑅?2@] = (𝑿8)A𝔼[𝑹7],	we can multiply the transpose of 𝑿8 on both sides of (A4) to derive the 

condition for the market portfolio. We have:  

                                         𝔼[𝑅?2@] = 𝛾8𝑿8A𝚺𝑿8 + 𝜓 = 𝛾8𝑣𝑎𝑟(𝑅=:>) + 𝜓.	  	 (A5)	

Plugging this expression back into (A4), we get Eq. (6). ■ 

 

Proof (Proposition 1): We can rewrite investors’ optimal investment policy (A1) as the part related to 

market portfolio (A2) and a tilting portfolio as follows: 

𝜽2 =
1
𝛾
𝚺5𝟏(𝔼[𝑹7] − 𝜙2𝕝)	

=
1
𝛾
𝚺5𝟏(𝔼[𝑹7] − 𝜓𝕝 − (𝜙2 − 𝜓)𝕝)	

=
𝛾8

𝛾
𝑿8 +

(𝜓 − 𝜙2)
𝛾

𝚺5𝟏𝕝 

                                                           = 𝜃8𝑿8 + (C5D5)
4

𝚺5𝟏𝕝. 	 (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[𝑹7]): 



 

Online Appendix: Page 3 
 

𝑟̅2 = 𝔼[𝜽2A 𝑹7] = 𝜃8(𝑿8)A𝔼[𝑹7] +
(𝜓 − 𝜙2)

𝛾
𝕝A𝚺5𝟏𝑹7 

                                              = 𝜃8𝔼[𝑅?2@] +
(C5D5)

4
𝕝A𝚺5𝟏𝑹7 ,						 	 (A7)	

where in the last line we have plugged in the market return 𝔼[𝑅?2@] = (𝑿8)A𝔼[𝑹7].  Next, multiplying 𝕝A 

to both sizes of (A6) and noticing that 𝕝A𝑿8 = 1 for the market portfolio, we have 

                                                   𝜃28 = 𝕝A𝜽2 = 𝜃8 + (C5D5)
4

𝕝A𝚺5𝟏𝕝.	 	 (A8)	

Plugging (A8) into (A7) to replace	(𝜓 − 𝜙2)/𝛾, we have: 

                                                   𝑟̅2 = 𝜃8𝔼[𝑅?2@] + 𝜌 × (𝜃28 − 𝜃8),	 	 (A9)	

where the parameter 𝜌 = 𝕝7𝚺8𝟏𝑹:
𝕝7𝚺8𝟏𝕝

 is a scalar that synchronizes the marginal leverage benefit from the 

security market. Eq. (A9) suggests that the expected returns of hedge funds and long-only investors satisfy 

the following relationship: 

                                          𝑟̅I = 𝑟̅J + 𝐵 × h𝜃I8 − 𝜃J8i = 𝑟̅J + 𝜌 × (𝑚I − 1).	 	 (A10)	

The second half of (A10) plugs in the binding leverage conditions of the hedge fund (i.e.,	𝜃I8 = 𝑚I) and 

the long-only investor (i.e., 𝜃J8 = 1). Rearranging terms proves the first property of Proposition 2. 

To prove the second property, we notice that the BG condition (5) now becomes 𝜌(𝑚I − 1) − 𝑓 −

𝑏𝑊I −	
3
K
𝑐𝑚I

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

                                                 𝑊I =
3
L
n𝜌(𝑚I − 1) −	

3
K
𝑐𝑚I

K − 𝑓o.	 	 (A11)	

Hence, the manager’s problem becomes:  

                                      𝑀𝑎𝑥M,?;			𝑈?OP =
3
L
× 𝑓 × n𝜌(𝑚I − 1) −	

3
K
𝑐𝑚I

K − 𝑓o,			 	 (A12)	

which can be solved as follows. First, conditioning on fund leverage, optimal fund fee can be solved from 

the FOC (i.e., QR<=>

QM
= 0) as 𝑓∗ = 𝜌(𝑚I − 1) −	

3
K
𝑐𝑚I

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

𝑈?OP(𝑚I , 𝑓∗) =
3
TL
n𝜌(𝑚I − 1) −	

3
K
𝑐𝑚I

Ko
K

. Its FOC gives out 𝑚I
∗ = 𝜌/𝑐 = 3

U
× 𝕝7𝚺8𝟏𝑹:

𝕝7𝚺8𝟏𝕝
. Hence, 𝑓∗ =

3
K
nV

?

KU
− 𝜌o and 𝑊I =

3
KL
nV

?

KU
− 𝜌o. When 3

KL
nV

?

KU
− 𝜌o < 𝑊, the hedge fund can attract the optimal amount 

of capital based on its optimal fee and leverage strategy. ■ 
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Proof (Proposition 2): From Proposition 1 and Equation (8), it is trivial that a declining marginal benefit 

of leverage or a hiking funding cost tightens hedge fund leverage (i.e., leading to smaller 𝑚I). We mainly 

focus on the second part of the proposition. Here, we want to prove that 𝑚I is negatively correlated with 

hedge fund beta as well as the tightness of capital constraints (i.e., 𝜙I). Hence, adverse funding shocks 

reducing the value of 𝑚I will increase hedge fund beta and the level of 𝜙I. 

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

                                   𝛽I = 𝜃8𝜷A𝑿8 + (C5D;)
4

𝜷A𝚺5𝟏𝕝 = 	𝜃8 + (C5D;)
4

𝜷A𝚺5𝟏𝕝,			 	 (A13)	

where we have used the property that the market portfolio has a holding beta of one (𝜷A𝑿8 = 𝟏). Next, Eq. 

(A8) implies that  

																																																																							
(𝜓 − 𝜙I)

𝛾
=
𝜃I8 − 𝜃8

𝕝A𝚺5𝟏𝕝
,																																																																					(A14) 

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

                                                     𝛽I =	𝜃8 +
𝜷7𝚺8𝟏𝕝
𝕝7𝚺8𝟏𝕝

h𝜃I8 − 𝜃8i.				 	 (A15)	

Dividing both sides of (A15) by 𝜃I8, we have:  

                                                     𝛽̅I =
𝜷7𝚺8𝟏𝕝
𝕝7𝚺8𝟏𝕝

+ <6

<;
6 n1 −

𝜷7𝚺8𝟏𝕝
𝕝7𝚺8𝟏𝕝

o.		 	 (A16)	

In (A16), the first part is a constant. The second part is positively related to <
6

<;
6 when 𝕝A𝚺5𝟏𝕝 > 𝜷A𝚺5𝟏𝕝. 

The latter condition holds under 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 returns as 

𝑹7 = 𝜷(𝑅?2@ − 𝜓) + 𝜓𝕝 + 𝒆, where 𝒆 is the vector of idiosyncratic risk of stock returns. In this case,  

                                                            𝚺 = 𝜷𝜷A𝜎?K + 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 = x
𝑒 0 0
0 ⋱ 0
0 0 𝑒

z; hence 𝚺𝐞5𝟏 also has non-zero 

diagonal elements that equal to 𝑒53).1 Applying the Sherman-Morrison formula to (A17), we have 𝚺5𝟏 =

𝚺𝐞5𝟏 −
𝚺𝐞8𝟏𝜷𝜷7𝚺𝐞8𝟏

Y<? Z𝜷7𝚺𝐞8𝟏𝜷
. Hence,  

 
1 This assumption can be relaxed. The condition holds as long as B𝚺𝐞A𝟏D%% = B𝚺𝐞A𝟏DBB > B𝚺𝐞A𝟏D%B = B𝚺𝐞A𝟏DB%, where the subscripts 
𝑖𝑗 refers to the 𝑖-th row and 𝑗-th column element of 𝚺𝐞A𝟏. In this case, when 𝛽% > 𝛽B, B𝚺𝐞A𝟏𝜷D𝒊 > B𝚺𝐞A𝟏𝜷D𝒋, because B𝚺𝐞A𝟏𝜷D𝒊 −
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                     𝚺5𝟏𝕝 = 𝚺𝐞5𝟏𝕝 −
𝚺𝐞8𝟏𝜷𝜷7𝚺𝐞8𝟏𝕝
𝝈𝒎𝟐 Z𝜷7𝚺𝐞8𝟏𝜷

= 𝚺𝐞5𝟏𝕝 − n
𝜷7𝚺𝐞8𝟏𝕝

𝝈𝒎𝟐 Z𝜷7𝚺𝐞8𝟏𝜷
o × 𝚺𝐞5𝟏𝜷 = 𝚺𝐞5𝟏𝕝 − 𝜂𝚺𝐞5𝟏𝜷	 	 (A18)	

Importantly, 𝜂 = 𝜷7𝚺𝐞8𝟏𝕝
𝝈𝒎𝟐 Z𝜷7𝚺𝐞8𝟏𝜷

 is a scalar. From (A18), 𝕝A𝚺5𝟏𝕝 = \
7
− ]

7
𝕝A𝜷  and 𝜷A𝚺5𝟏𝕝 = \

7
− ]

7
𝜷A𝜷  (we 

have used the properties that 𝕝A𝕝 = 𝑁 and 𝜷A𝕝 = 𝑁). Easy to see, the condition 𝕝A𝚺5𝟏𝕝 > 𝜷A𝚺5𝟏𝕝 holds as 

long as 𝜷A𝜷 > 𝕝A𝜷. The latter condition holds under reasonable distributions of asset betas. For instance, 

when betas are symmetrically distributed around one, the latter condition holds because of Jensen’s 

inequality. Hence, 𝛽̅I is positively related to <
6

<;
6 under these reasonable assumptions.  

We now get back to (A16). Noticing that 𝜃8 = 9;<;
6Z9G<G

6

9;Z9G
, 𝜃J8 = 1, and 𝜃I8 = 𝑚I, we have:  

                                                      <
6

<;
6 = 1 + 9G

9
<G
6

<;
6 = 1 + 9G

9
3
?;
.	 	 (A19)	

Since both 𝑊J and 3
?;

 decreases in 𝑚I, <
6

<;
6 and 𝛽̅I are decreasing functions of 𝑚I. This proves the negative 

leverage-beta relationship. 

Finally, we examine how hedge fund’s leverage policy is related to the tightness of capital constraints. 

From (A8), we have:  

                                                       𝜃I8 − 𝜃8 =
(C5D5)

4
𝕝A𝚺5𝟏𝕝.	 	 (A20)	

Since 𝜃8 = 9;<;
6Z9G<G

6

9;Z9G
 and 𝜓 = 9;D;Z9GDG

9;Z9G
, we have: 

                                                        𝜃I8 − 𝜃8 =
9G(<;

65<G
6)

9;Z9G
,	 	 (A21)	

                                                       and	𝜓 − 𝜙I =
9G(DG5D;)
9;Z9G

.	 	 (A22)	

Hence,  

                                                       𝜃I8 − 𝜃J8 = (𝜙J − 𝜙I)𝕝A𝚺5𝟏𝕝,	 	 (A23)	

 
B𝚺𝐞A𝟏𝜷D𝒋 = B𝚺𝐞A𝟏D%%𝛽% + B𝚺𝐞

A𝟏D%B𝛽B − IB𝚺𝐞
A𝟏DB%𝛽% + B𝚺𝐞

A𝟏DBB𝛽BJ = 2B𝚺𝐞A𝟏D%% − B𝚺𝐞
A𝟏D%B3 × B𝛽% − 𝛽BD > 0.  When betas are 

symmetrically distributed around one, we can examine a pair of betas such that 𝛽% = 1 + 𝑏 and 𝛽B = 1 − 𝑏. Jensen’s inequality 
implies that 𝛽%B𝚺𝐞A𝟏𝜷D𝒊 + 𝛽BB𝚺𝐞

A𝟏𝜷D𝒋 > B𝚺𝐞A𝟏𝜷D𝒊 + B𝚺𝐞
A𝟏𝜷D𝒋. Summing up all possible beta pairs leads to 𝜷/𝚺𝐞A𝟏𝜷 > 𝕝/𝚺𝐞A𝟏𝜷 and 

thus, due to (A18), 𝕝/𝚺A𝟏𝕝 > 𝜷/𝚺A𝟏𝕝. 
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which implies 𝑚I = (𝜙J − 𝜙I)𝕝A𝚺5𝟏𝕝 + 1 when 𝜃J8 = 1 and 𝜃I8 = 𝑚I. It is easy to see that 𝑚I and 𝜙I 

are negatively related (i.e., QD;
Q?;

< 0). ■ 
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Part 2: Additional Tables 
 

Table IN1: Dynamic Fees and Transition Matrix of HF Portfolios Sorted by Leverage 
 
Panel A reports value-weighted dynamic fees of hedge fund company portfolios sorted by their asset-implied leverage. 
Panel B reports the transition matrix of hedge fund companies, where the transition from 𝑖  to 𝑗  represents the 
probability that a hedge fund family classified into quintile 𝑖 in the current quarter is classified into quintile 𝑗 in the 
next quarter. Asset-implied leverage is the value of equity holdings of each hedge fund company, as reported in 13F 
filings, scaled by assets under management in each quarter, Following Agarwal, Daniel and Naik (2009), we use the 
monthly after-fee returns and characteristics of hedge funds to back out the monthly before-fee returns. Dynamic fees 
are the differences between the before-fee and after-fee returns for each fund. We aggregate the dynamic fees, the 
before-fee returns and after-fee returns of each fund to the fund company level each quarter. At the beginning of each 
quarter, we sort hedge fund companies into 5 quintiles, based on their level of asset-implied leverage during the past 
quarter, and we calculate the value-weighted average of dynamic fees and quarterly returns for hedge fund companies 
in each quintile. We present unadjusted dynamic fees, and risk-adjusted dynamic fees by using the CAPM model, the 
Fama and French (1993) three-factor model, the Carhart (1997) four-factor model, the Pastor-Stambaugh (2003) five-
factor model, and the Fung and Hsieh’s (2004) seven-factor model. T-statistics are reported in parentheses. Statistical 
significance at the 1%, 5%, and 10% levels is denoted by ***, **, and *, respectively.  

Panel A: Value-Weighted Dynamic Fees 
Portfolio Sorted by Dynamic Fees (Quarterly, in %) 

Leverage Unadjusted 1-Factor 
Adjusted 

3-Factor 
Adjusted 

4-Factor 
Adjusted 

5-Factor 
Adjusted 

7-Factor 
Adjusted 

1 (Low) 0.3486 0.3268 0.3346 0.3189 0.3202 0.3079 
 (9.44) (10.18) (10.97) (11.08) (11.14) (11.23) 
       
2 0.3584 0.3044 0.3046 0.2881 0.2893 0.3011 
 (8.21) (8.71) (9.66) (9.70) (9.76) (9.27) 
       
3 0.4075 0.3525 0.3523 0.3399 0.3392 0.3445 
 (9.57) (10.58) (11.42) (11.38) (11.43) (11.54) 
       
4 0.4137 0.3581 0.3604 0.3402 0.3393 0.3478 
 (8.19) (9.13) (9.22) (9.53) (9.52) (9.86) 
       
5 (High) 0.4877 0.4258 0.4246 0.3995 0.4006 0.4093 
 (9.17) (9.30) (9.55) (9.89) (9.93) (9.43) 
       
High – Low 0.1390*** 0.0990** 0.0900** 0.0806** 0.0804** 0.1014*** 
 (3.77) (2.65) (2.36) (2.28) (2.27) (2.94) 

 
Panel B: Transition matrix 

HF Company Sorted  Transition Rates of HF Company across Quintiles (%) 
by Leverage 1 2 3 4 5 
1 (Low) 85.61 12.32 1.54 0.31 0.22 
2 12.40 73.04 13.28 1.28 0.00 
3 1.09 12.89 72.57 12.80 0.65 
4 0.40 1.49 12.12 76.46 9.53 
5 (High) 0.18 0.40 0.72 9.21 89.49 
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Table IN2: Hedge Fund Portfolios Sorted by Asset-Implied Leverage: 
Excluding AUMs of Fixed-income Oriented Funds 

 
This table reports the average dynamic fees of hedge fund company portfolios sorted by their asset-implied leverage, 
excluding the AUM of fixed-income oriented funds. Asset-implied leverage is the value of equity holdings of each 
hedge fund company, as reported in 13F filings, scaled by assets under management in each quarter, In Columns (1) 
and (2), AUM sub-sample 1 uses the total AUM of all hedge funds within each company, excluding "Convertible 
Arbitrage", "Fixed Income Arbitrage" and "Managed Futures" funds. In Columns (3) and (4), AUM sub-sample 2 
includes the total AUM of all hedge funds withing each company, excluding "Convertible Arbitrage", "Fixed Income 
Arbitrage", "Managed Futures", "Global Macro", "Options Strategy" and "Fund of Funds" funds. In Columns (5) and 
(6), AUM sub-sample 3 uses the total AUM of "Long/Short Equity Hedge" funds within each company. Following 
Agarwal, Daniel and Naik (2009), we use the monthly after-fee returns and characteristics of hedge funds to estimate 
the monthly before-fee returns. Dynamic fees are the differences between the before-fee and after-fee returns for each 
fund. We aggregate the dynamic fees, the before-fee returns and after-fee returns of each fund to the fund company 
level each quarter. At the beginning of each quarter, we sort hedge fund companies into 5 quintiles, based on their 
level of asset-implied leverage during the past quarter. We present value-weighted average of dynamic fees, and the 
Fung and Hsieh (2004) seven-factor adjusted dynamic fees for each quintile. T-statistics are reported in parentheses. 
Statistical significance at the 1%, 5%, and 10% levels is denoted by ***, **, and *, respectively. 
 

Portfolio 
Sorted by 
Leverage 

Dynamic Fees (Quarterly, in %) 
Average 

Fee 
7-Factor 
Adjusted  Average 

Fee 
7-Factor 
Adjusted  Average 

Fee 
7-Factor 
Adjusted 

AUM Sub-Sample 1  AUM Sub-Sample 2  AUM Sub-Sample 3 
 (1) (2)  (3) (4)  (5) (6) 
1 (Low) 0.3482*** 0.2994***  0.3499*** 0.2975***  0.3513*** 0.2986*** 
 (7.34) (8.92)  (7.38) (8.91)  (7.40) (8.92) 
         
2 0.4057*** 0.3392***  0.4009*** 0.3414***  0.4002*** 0.3405*** 
 (8.32) (9.37)  (8.15) (9.35)  (8.14) (9.34) 
         
3 0.3955*** 0.3338***  0.3975*** 0.3343***  0.4028*** 0.3400*** 
 (9.91) (12.36)  (9.66) (12.07)  (9.83) (12.38) 
         
4 0.4320*** 0.3584***  0.4335*** 0.3571***  0.4298*** 0.3531*** 
 (7.94) (9.29)  (8.19) (9.66)  (8.14) (9.58) 
         
5 (High) 0.4823*** 0.4099***  0.4797*** 0.4081***  0.4832*** 0.4113*** 
 (8.55) (8.88)  (8.30) (8.51)  (8.35) (8.58) 
         
High – Low 0.1304*** 0.1066***  0.1260*** 0.1066***  0.1281*** 0.1088*** 
 (4.23) (3.56)  (4.06) (3.44)  (4.12) (3.51) 
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Table IN3: Simultaneous Leverage-Beta Adjustments in the Same or Opposite Directions: 
Excluding AUMs of Fixed-income Oriented Funds 

 
This table provides results of panel regressions similar to those in Table 6, with one exception. To obtain asset-implied 
leverage, we use the asset under management (AUM) of all hedge funds within each fund company, but exclude 
AUMs of "Convertible Arbitrage", "Fixed Income Arbitrage" and "Managed Futures" funds. We construct dummy 
variables that correspond to four different scenarios: (1) I{ΔL<0, ΔHB>0}, an indicator variable that takes a value of 
one if a hedge fund company reduces leverage and increases holding betas simultaneously; (2) I{ΔL>0, ΔHB>0}, 
which indicates an increase in leverage and holding beta simultaneously; (3) I{ΔL>0, ΔHB<0}, which indicates an 
increase in leverage and a decrease in holding beta simultaneously; and (4) I{ΔL<0, ΔHB<0}, which indicates a 
decrease in leverage and holding beta simultaneously. We report the results of the following panel regression: 
 

𝐷{𝑆𝑖𝑚𝑢𝑙𝑡𝑎𝑛𝑢𝑜𝑢𝑠	𝐶ℎ𝑎𝑛𝑔𝑒}0.1 = 𝛼 + 𝛽 × 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛0,134,Q6R05>>CB< + 𝛿 ×𝑀0,134 + 𝜖0,1 , 
 
where 𝐷{𝑆𝑖𝑚𝑢𝑙𝑡𝑎𝑛𝑢𝑜𝑢𝑠	𝐶ℎ𝑎𝑛𝑔𝑒}0.1denotes dummy variables in scenarios (1) and (3); 𝐻𝐹	𝑅𝑒𝑡𝑢𝑟𝑛0,134,Q6R05>>CB< 
refers to the cumulative returns of hedge fund company 𝑖 over the previous two quarters. In our regressions, we 
decompose the lagged semi-annual returns into two signed components. The positive component is calculated as 
𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛G = 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛 × 𝐼{𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛 > 0}, where 𝐼{. } is an indicator function, and the negative component is 
calculated as 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛3 = 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛 × 𝐼{𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛 ≤ 0} . In this way, we obtain the positive signed part 
(𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛0,134,Q6R05>>CB<G ) and the negative signed part (𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛0,134,Q6R05>>CB<3 ) of the lagged semi-annual 
returns. The vector 𝑀0,134 includes a list of control variables in quarter 𝑡 − 1, including hedge funds returns, the value 
of asset holdings (log dollar), hedge fund flows, the number of funds in the company, as well as the number of stocks 
invested by the company. We include the hedge fund company (HF family) fixed effects and time (year-quarter) fixed 
effects in all specifications. T-statistics are reported in parentheses. Statistical significance at the 1%, 5%, and 10% 
levels is denoted by ***, **, and *, respectively. 
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Dependent Variable: I{ΔL<0, 
ΔHB>0} 

I{ΔL>0, 
ΔHB<0}  I{ΔL<0, 

ΔHB>0} 
I{ΔL>0, 
ΔHB<0}  I{ΔL<0, 

ΔHB>0} 
I{ΔL>0, 
ΔHB<0} 

 Full Sample  Single-Fund company  Multi-Fund company 
  (1) (2)  (3) (4)  (5) (6) 
HF Return+ t–1,SemiAnnual 0.0064 0.0991**  -0.1730** 0.1983*  0.0772 0.0702 
 (0.15) (2.10)  (-2.05) (1.91)  (1.34) (1.20) 
HF Return– t–1,SemiAnnual -0.2856*** 0.3614***  -0.2351 0.2637*  -0.2943*** 0.3827*** 
 (-3.15) (4.08)  (-1.43) (1.74)  (-2.68) (3.43) 
Assetst–1 0.0089*** -0.0118***  0.0341** -0.0371**  0.0074** -0.0099** 
 (3.19) (-2.72)  (2.39) (-2.31)  (2.50) (-2.16) 
HF Flowt–1 -0.0023 0.0017  -0.0022 0.0020  -0.0016 0.0018 
 (-0.83) (0.58)  (-1.16) (0.53)  (-0.34) (0.44) 
N_Fundst–1 -0.0003 0.0011       
 (-0.34) (0.85)       
N_Stockst–1 0.0127* -0.0030  -0.0004 0.0257  0.0122 -0.0055 
 (1.67) (-0.31)  (-0.02) (1.01)  (1.35) (-0.48) 
         
Time FE Yes Yes  Yes Yes  Yes Yes 
HF Family FE Yes Yes  Yes Yes  Yes Yes 
N 13906 13906  3633 3633  10273 10273 
adj. R-sq 0.111 0.112  0.150 0.147  0.120 0.122 
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Table IN4: The Hedge Fund DLCT Factor, Risk Factors, and Funding Liquidity Factors  
 
This table presents results of regressing the hedge fund DLCT factor on well-known risk factors and funding liquidity 
factors. We estimate the following time-series regression:  
 

	𝐷𝐿𝐶𝑇	𝑓𝑎𝑐𝑡𝑜𝑟1	 = 	𝛼 + 𝛽 × 𝑅𝑖𝑠𝑘	𝑓𝑎𝑐𝑡𝑜𝑟𝑠1	 + 𝜃 × 𝐹𝑢𝑛𝑑𝑖𝑛𝑔	𝑓𝑎𝑐𝑡𝑜𝑟𝑠1	 	+	𝜀1, 
 
The dependent variable 𝐷𝐿𝐶𝑇	𝑓𝑎𝑐𝑡𝑜𝑟1	 is constructed as the innovation in aggregate hedge fund beta in month 𝑡 from 
an AR(1) model. We use holdings of single-fund companies and all fund companies to construct DLCT and report 
results in Columns (1)-(3) and Columns (4)-(6). The vector of 𝑅𝑖𝑠𝑘	𝑓𝑎𝑐𝑡𝑜𝑟𝑠	includes the Fama and French three 
factors, the momentum factor, and Pastor-Stambaugh (2003) liquidity factor. The vector of funding liquidity risk 
factor includes the intermediary capital risk factor (He, Kelly, and Manela 2017), 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 
term spread (Ang et al. 2011), the TED spread (Gupta and Subrahmanyam 2000), the credit spread (Adrian et al. 2014), 
and the VIX (Ang et al. 2011). In Columns (3) and (6), we include Boguth and Simutin’s (2018) mutual fund holdings-
beta based leverage constraint tightness (LCT_MF) factor, and FP’s betting-against-beta (BAB) factor. T-statistics are 
reported in parentheses. Statistical significance at the 1%, 5%, and 10% levels is denoted by ***, **, and *, 
respectively. 
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Dependent Variable: DLCT Factor 
 Single-fund Companies  All-fund Companies 
 (1) (2) (3)  (4) (5) (6) 
Mkt – RF 0.0005    0.0001   
 (0.25)    (0.09)   
SMB 0.0002    0.0006   
 (0.07)    (0.44)   
HML -0.0009    -0.0005   
 (-0.32)    (-0.34)   
MOM -0.0012    -0.0004   
 (-0.70)    (-0.38)   
Liquidity 0.0608    0.0169   
 (0.44)    (0.23)   
Intermediary Capital Risk  -0.0976 -0.0316   -0.0212 -0.0027 
  (-0.75) (-0.28)   (-0.29) (-0.05) 
LIBOR Rate  0.0008 -0.0036   0.0051 0.0028 
  (0.13) (-0.63)   (1.40) (1.03) 
Loan Tighten  -0.0001 -0.0001   -0.0000 -0.0000 
  (-0.13) (-0.20)   (-0.13) (-0.00) 
Term Spread  0.0071 -0.0018   0.0111* 0.0055 
  (0.66) (-0.20)   (1.87) (1.25) 
TED Spread  0.0020 -0.0138   -0.0059 -0.0236* 
  (0.06) (-0.51)   (-0.34) (-1.79) 
Credit Spread  0.0709** 0.0544**   0.0202 0.0101 
  (2.14) (1.97)   (1.11) (0.75) 
VIX  -0.0052*** -0.0026*   -0.0014 0.0002 
  (-3.22) (-1.89)   (-1.55) (0.30) 
LCT_MF   0.8838***    0.5859*** 
   (11.41)    (15.46) 
BAB   0.1196    -0.0901 
   (0.65)    (-1.00) 
Constant -0.0410*** -0.0214 -0.0006  -0.0147*** -0.0368 -0.0186 
 (-4.89) (-0.46) (-0.01)  (-3.22) (-1.43) (-0.97) 
        
N 300 300 300  300 300 300 
adj. R-sq 0.003 0.049 0.344  0.002 0.018 0.469 
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Table IN5: LP Leverage and Dynamic Fees 
 
This table reports the results of regressing quarterly dynamic fees on asset-implied leverage of hedge fund companies 
and its interaction with leverage of limited partners (LPs). The panel regression model is: 
 
Dynamic	fee0.1 = 𝛼 + 𝛽 × 𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒0,134 + 𝛾 × 𝐿𝑃	𝑙𝑒𝑣𝑒𝑟𝑎𝑔𝑒0,134 + 𝜃 × 𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛	𝑡𝑒𝑟𝑚 + 	𝛿 ×𝑀0,134 + 𝜖0,1 , 

 
where 𝐷𝑦𝑛𝑎𝑚𝑖𝑐	𝑓𝑒𝑒0.1 denotes the dynamic fee (in %) of hedge fund company 𝑖 in quarter 𝑡, which is calculated as 
the differences between the before-fee and after-fee returns; 𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒0,134 represents the asset-implied leverage of 
hedge fund company 𝑖 in quarter 𝑡 − 1; 𝐼{𝐿𝑃	𝐼𝑛𝑓𝑜}0 is an indicator that equals one if the LP leverage information is 
available for hedge fund company 𝑖; 𝐿𝑃	𝑙𝑒𝑣𝑒𝑟𝑎𝑔𝑒0 denotes the average leverage of all LPs that have made investment 
in company 𝑖. The vector 𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛	𝑡𝑒𝑟𝑚 includes the interaction terms between 𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒0,134, 𝐼{𝐿𝑃	𝐼𝑛𝑓𝑜}0, and 
𝐿𝑃	𝑙𝑒𝑣𝑒𝑟𝑎𝑔𝑒0. The vector 𝑀0,134 includes a list of control variables in quarter 𝑡 − 1, including hedge funds returns, 
the value of asset holdings (log dollar), hedge fund flows, the number of funds in the company, as well as the number 
of stocks invested by the company. We include the hedge fund company (HF family) fixed effects and time (year-
quarter) fixed effects in all specifications. Panels A and B report results by using unadjusted and the 7-factor adjusted 
dynamic fees as dependent variables. T-statistics are reported in parentheses. Statistical significance at the 1%, 5%, 
and 10% levels is denoted by ***, **, and *, respectively. 
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Panel A: Quarterly Dynamic Fees  
Dependent Variable: Quarterly Dynamic Fees (in %) 
  (1) (2) (3) (4) (5) (6) 
Leveraget–1 0.0103*** 0.0104*** 0.0106*** 0.0107*** 0.0103*** 0.0107*** 
 (3.41) (3.42) (3.50) (3.52) (3.40) (3.53) 
       
LP Leveraget–1 -0.0002 0.0010 -0.0002 0.0011 -0.0003 0.0010 
 (-0.09) (0.37) (-0.08) (0.39) (-0.12) (0.38) 
       
Leveraget–1 × I{LP Info} -0.0005 0.0062 -0.0006 0.0061 -0.0005 0.0059 
 (-0.07) (0.56) (-0.09) (0.56) (-0.07) (0.54) 
       
Leveraget–1 × LP Leveraget–1  -0.0005  -0.0005  -0.0005 
  (-0.87)  (-0.88)  (-0.90) 
       
Leveraget–1 × HF Flowt–1   -0.0023 -0.0023  -0.0029 
   (-0.82) (-0.82)  (-0.98) 
       
LP Leveraget–1 × HF Flowt–1     0.0018 0.0010 
     (0.55) (0.24) 
       
Leveraget–1 × LP Leveraget–1      0.0003 
× HF Flowt–1      (0.67) 
       
HF Returnt–1 0.9571*** 0.9576*** 0.9571*** 0.9576*** 0.9576*** 0.9580*** 
 (5.96) (5.97) (5.96) (5.97) (5.97) (5.97) 
Assetst–1 -0.0277*** -0.0284*** -0.0278*** -0.0285*** -0.0276*** -0.0284*** 
 (-2.71) (-2.75) (-2.72) (-2.76) (-2.70) (-2.76) 
HF Flowt–1 0.0139 0.0139 0.0203 0.0203 0.0130 0.0207 
 (0.89) (0.89) (0.97) (0.97) (0.80) (0.97) 
N_Fundst–1 -0.0005 -0.0006 -0.0006 -0.0007 -0.0006 -0.0007 
 (-0.38) (-0.44) (-0.41) (-0.48) (-0.38) (-0.48) 
N_Stockst–1 -0.0039 -0.0040 -0.0042 -0.0044 -0.0038 -0.0043 
 (-0.22) (-0.23) (-0.24) (-0.25) (-0.22) (-0.25) 
       

Time FE Yes Yes Yes Yes Yes Yes 
HF Family FE Yes Yes Yes Yes Yes Yes 
N 11590 11590 11590 11590 11590 11590 
adj. R-sq 0.231 0.231 0.231 0.231 0.231 0.231 
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Panel B: 7-Factor Adjusted Quarterly Dynamic Fees 

Dependent Variable: Quarterly Dynamic Fees 
7-Factor Adjusted (in %) 

  (1) (2) (3) (4) (5) (6) 
Leveraget–1 0.0089*** 0.0090*** 0.0092*** 0.0093*** 0.0089*** 0.0093*** 
 (3.18) (3.19) (3.28) (3.30) (3.18) (3.30) 
       
LP Leveraget–1 0.0008 0.0017 0.0008 0.0018 0.0008 0.0018 
 (0.36) (0.68) (0.38) (0.71) (0.36) (0.71) 
       
Leveraget–1 × I{LP Info} -0.0003 0.0045 -0.0004 0.0044 -0.0003 0.0043 
 (-0.04) (0.43) (-0.07) (0.42) (-0.04) (0.42) 
       
Leveraget–1 × LP Leveraget–1  -0.0004  -0.0004  -0.0004 
  (-0.66)  (-0.68)  (-0.70) 
       
Leveraget–1 × HF Flowt–1   -0.0027 -0.0027  -0.0031 
   (-1.14) (-1.14)  (-1.23) 
       
LP Leveraget–1 × HF Flowt–1     -0.0002 -0.0006 
     (-0.05) (-0.15) 
       
Leveraget–1 × LP       0.0002 
Leveraget–1 × HF Flowt–1      (0.68) 
       
HF Returnt–1 0.6459*** 0.6462*** 0.6459*** 0.6462*** 0.6458*** 0.6462*** 
 (4.80) (4.81) (4.80) (4.80) (4.80) (4.80) 
Assetst–1 -0.0223** -0.0228** -0.0224** -0.0229** -0.0223** -0.0229** 
 (-2.42) (-2.45) (-2.43) (-2.46) (-2.41) (-2.46) 
HF Flowt–1 0.0135 0.0135 0.0211 0.0211 0.0135 0.0215 
 (0.88) (0.88) (1.03) (1.03) (0.84) (1.03) 
N_Fundst–1 -0.0003 -0.0003 -0.0003 -0.0004 -0.0003 -0.0004 
 (-0.20) (-0.25) (-0.25) (-0.30) (-0.20) (-0.30) 
N_Stockst–1 -0.0049 -0.0050 -0.0053 -0.0055 -0.0049 -0.0054 
 (-0.32) (-0.33) (-0.34) (-0.35) (-0.32) (-0.35) 
       

Time FE Yes Yes Yes Yes Yes Yes 
HF Family FE Yes Yes Yes Yes Yes Yes 
N 11590 11590 11590 11590 11590 11590 
adj. R-sq 0.187 0.187 0.187 0.187 0.187 0.187 
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Table IN6: LP Leverage and Simultaneous Adjustments  
in Leverage and Investment Policies 

 
This table reports the results of regressing hedge funds' simultaneous adjustments in leverage and investment policies 
on hedge funds' past returns, the leverage of limited partners (LPs), and their interactions. We construct dummy 
variables that correspond to four different scenarios: (1) I{ΔL<0, ΔHB>0}, an indicator variable that takes a value of 
one if a hedge fund company reduces leverage and increases holding betas simultaneously; (2) I{ΔL>0, ΔHB>0}, 
which indicates an increase in leverage and holding beta simultaneously; (3) I{ΔL>0, ΔHB<0}, which indicates an 
increase in leverage and a decrease in holding beta simultaneously; and (4) I{ΔL<0, ΔHB<0}, which indicates a 
decrease in leverage and holding beta simultaneously. This table reports the results of the following panel regression: 
 

𝐷{𝑆𝑖𝑚𝑢𝑙𝑡𝑎𝑛𝑢𝑜𝑢𝑠	𝐶ℎ𝑎𝑛𝑔𝑒}0.1 = 𝛼 + 𝛽 × 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛0,134,Q6R05>>CB< + 𝛾 × 𝐿𝑃	𝑙𝑒𝑣𝑒𝑟𝑎𝑔𝑒0,134 
+𝜃 × 𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛	𝑡𝑒𝑟𝑚 + 𝛿 ×𝑀0,134 + 𝜖0,1 , 

 
where 𝐷{𝑆𝑖𝑚𝑢𝑙𝑡𝑎𝑛𝑢𝑜𝑢𝑠	𝐶ℎ𝑎𝑛𝑔𝑒}0.1 denotes the two dummy variables in scenarios (1) and (3); 
𝐻𝐹	𝑅𝑒𝑡𝑢𝑟𝑛0,134,Q6R05>>CB< refers to the cumulative returns of hedge fund company i over the previous 6 months. We 
decompose the lagged semi-annual returns into two signed components. The positive component is calculated as 
𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛G = 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛 × 𝐼{𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛 > 0}, where 𝐼{. } is an indicator function, and the negative component is 
calculated as 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛3 = 𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛 × 𝐼{𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛 ≤ 0} . In this way, we obtain the positive signed part 
(𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛0,134,Q6R05>>CB<G ) and the negative signed part (𝐻𝐹	𝑟𝑒𝑡𝑢𝑟𝑛0,134,Q6R05>>CB<3 ) of the lagged semi-annual 
returns. 𝐼{𝐿𝑃	𝐼𝑛𝑓𝑜}0 is an indicator that equals one if the LP leverage information is available for hedge fund company 
i. 𝐿𝑃	𝑙𝑒𝑣𝑒𝑟𝑎𝑔𝑒0  denotes the average leverage of all LPs that have made investment in company 𝑖 . The vector 
𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛	𝑡𝑒𝑟𝑚  includes the interaction terms between 𝐻𝐹	𝑅𝑒𝑡𝑢𝑟𝑛0,134,Q6R05>>CB< , 𝐼{𝐿𝑃	𝐼𝑛𝑓𝑜}0 , and 
𝐿𝑃	𝑙𝑒𝑣𝑒𝑟𝑎𝑔𝑒0. The vector 𝑀0,134 includes a list of control variables in quarter 𝑡 − 1, including hedge funds returns, 
the value of asset holdings (log dollar), hedge fund flows, the number of funds in the company, as well as the number 
of stocks invested by the company. We include the hedge fund company (HF family) fixed effects and time (year-
quarter) fixed effects in all specifications. T-statistics are reported in parentheses. Statistical significance at the 1%, 
5%, and 10% levels is denoted by ***, **, and *, respectively. 
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Dependent Variable: I{ΔL<0, ΔHB>0} I{ΔL>0, ΔHB<0} 
 (1) (2) (3) (4) (5) (6) 
HF Return+ t–1,SemiAnnual 0.0353 0.0348 0.0316 0.0822 0.0819 0.0859 
 (0.64) (0.64) (0.58) (1.57) (1.56) (1.64) 
HF Return– t–1,SemiAnnual -0.3475*** -0.3462*** -0.3600*** 0.2472** 0.2531*** 0.2514** 
 (-3.13) (-3.12) (-3.22) (2.56) (2.61) (2.56) 
HF Return+ t–1,SemiAnnual -0.1043 -0.0846 -0.0815 0.0928 0.0893 0.0866 
× I{LP Info} (-1.18) (-0.95) (-0.92) (0.95) (0.90) (0.87) 
       
HF Return– t–1,SemiAnnual 0.0498 0.0504 0.0486 0.1484 0.2281 0.2291 
× I{LP Info} (0.30) (0.29) (0.28) (0.98) (1.50) (1.51) 
       
HF Return+ t–1,SemiAnnual  -0.0012** -0.0013**  0.0005 0.0005 
× LP Leveraget–1  (-2.34) (-2.37)  (1.41) (1.45) 
       
HF Return– t–1,SemiAnnual  -0.0003 -0.0001  -0.0094** -0.0094** 
× LP Leveraget–1  (-0.08) (-0.03)  (-2.31) (-2.31) 
       
HF Return+ t–1,SemiAnnual   0.0438   -0.0452 
× HF Flowt–1   (0.97)   (-1.54) 
       
HF Return– t–1,SemiAnnual   -0.2947   0.0118 
× HF Flowt–1   (-1.44)   (0.06) 
       
LP Leveraget–1 -0.0000 0.0001 0.0001 -0.0001 -0.0003*** -0.0003*** 
 (-0.19) (0.52) (0.53) (-1.10) (-2.94) (-2.95) 
Assetst–1 0.0107** 0.0108** 0.0108** -0.0108*** -0.0108*** -0.0108*** 
 (2.49) (2.50) (2.50) (-2.80) (-2.79) (-2.79) 
HF Flowt–1 -0.0019 -0.0019 -0.0051 0.0022 0.0021 0.0043 
 (-0.69) (-0.69) (-1.47) (0.71) (0.69) (1.23) 
N_Fundst–1 0.0010 0.0009 0.0009 0.0004 0.0004 0.0004 
 (0.84) (0.82) (0.82) (0.36) (0.35) (0.35) 
N_Stockst–1 0.0043 0.0048 0.0048 -0.0035 -0.0035 -0.0034 
 (0.47) (0.53) (0.53) (-0.39) (-0.38) (-0.38) 
       
Time FE Yes Yes Yes Yes Yes Yes 
HF Family FE Yes Yes Yes Yes Yes Yes 
N 13906 13906 13906 13906 13906 13906 
adj. R-sq 0.046 0.046 0.046 0.065 0.065 0.065 
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Table IN7: Fama-MacBeth Regressions of Monthly Stock Returns on Exposure to the 
DLCT Factor (Constructing the DLCT Factor Using All Hedge Fund Companies) 

 
This table reports the results of Fama-MacBeth regressions of monthly stock returns on their exposures to the hedge 
fund DLCT (the delegated leverage constraint tightness) factor. Stock returns (in percent) in month t + 1 are regressed 
on ExposureDLCT computed as of month t, which is the stock’s exposure to the DLCT factor. The variable DLCT is the 
aggregate hedge fund beta, estimated by using the value-weighted hedge fund holding betas. The DLCT factor is the 
innovations in the variable DLCT from an AR (1) model. We use the aggregate holdings of all hedge fund companies 
to construct DLCT. Other independent variables include the stock’s market equity, book-to-market ratio, profits-to-
assets ratio, asset growth rate, stock return run up, reversals, and idiosyncratic volatility in month t. All independent 
variables are normalized to have a cross-sectional standard deviation of one. Reported are the average coefficients and 
the Newey and West (1987) T-statistics. Statistical significance at the 1%, 5%, and 10% levels is denoted by ***, **, 
and *, respectively. 
 

Dependent Variable: Stock Returnt + 1 (Monthly, in %) 
 Full Sample 
 (1) (2) (3) (4) (5) (6) 
ExposureDLCTt -0.1370*** -0.0991** -0.0922* -0.1066* -0.1154** -0.0962** 
 (-2.84) (-1.97) (-1.86) (-1.90) (-2.16) (-2.04) 
Market Equityt  -0.2220* -0.2265* -0.2386** -0.1810 -0.1857** 
   (-1.83) (-1.87) (-2.00) (-1.62) (-2.26) 
Book to Market Ratiot  0.2043** 0.2159** 0.1619* 0.1957** 0.1896** 
   (2.21) (2.32) (1.82) (2.32) (2.45) 
Profits_to_Assetst   0.4999** 0.4696** 0.5068** 0.4988** 
    (2.30) (2.14) (2.30) (2.35) 
Asset_Growtht    -0.3743*** -0.4518*** -0.4424*** 
     (-3.48) (-4.11) (-4.08) 
Stock Return Run Upt     0.0571 0.0750 
      (0.50) (0.70) 
Reversalst     -0.5365*** -0.5562*** 
      (-5.85) (-5.97) 
Idiosyncratic Volatilityt      -0.0215 
            (-0.15) 

 
 
 

 
 


