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Abstract

This is the first paper to investigate and quantify how prime brokers help connect in-

vestors with hedge funds. I analyze the impact of the prime broker channel on fund flows

and performance. I find that, among hedge funds that share a prime broker, top performing

funds enjoy 15.43 percentage points higher fund flows over the next year. This result con-

trols for overall performance and demonstrates that the prime broker channel is important

for fund flows. In addition, hedge funds that receive the largest flows tend to subsequently

underperform by 3.05 percentage points. This result is stronger for hedge funds that pay

higher fees to prime brokers. Overall, my results suggest that prime brokers act as gatekeep-

ers for less-sophisticated investors and actively affect capital allocation in the hedge fund

market.
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1 Introduction

One of the most difficult aspects of running a hedge fund is raising capital from investors.

This is especially challenging due to regulatory restrictions on hedge fund advertising,1 which

limit communication with investors. Prime brokers, typically large investment banks that

provide daily operational support to hedge funds, offer a potential solution called “capital

introduction.” Capital introduction is a complimentary service where prime brokers intro-

duce investors to hedge funds.2 Neither hedge funds nor investors directly compensate prime

brokers for capital introduction.

This leads to an interesting incentive problem between investors and prime brokers. It is

costly for investors to search for hedge funds and to discern manager quality. Prime brokers

connect investors with hedge funds, but have discretion over which funds to refer. Certain

hedge funds, those that trade more frequently, pay higher transaction fees to prime brokers.3

Prime brokers may therefore introduce investors to high-cost funds, which are profitable for

the prime broker but provide lower returns to investors.

In this paper, I document three sets of facts about the allocative role of prime brokers.

I confirm that the prime broker channel helps hedge funds attract capital. Controlling for

overall performance, a prime broker’s top performing hedge fund clients receive dispropor-

tionately higher fund flows in the future. I also find that while investors are generally good

at picking hedge funds, capital that flows through the prime broker channel tends to go to

1Hedge funds typically rely on Rule 506 of Regulation D, which provides a “safe harbor” from the
registration requirements of the Securities Act of 1933. Under Rule 506(b), hedge funds cannot engage in
general solicitation or advertising. After the Jumpstart Our Business Startups (JOBS) Act of 2012, the
SEC amended Regulation D to include Rule 506(c) which allows advertising, but shifts more liability onto
funds that choose to advertise. As of December 2015, only 100 hedge funds have filed under 506(c). This
represents 0.72% of all hedge funds that file under Regulation D. (Source: Form ADV filings)

2Tocco (2015) surveyed 368 institutional investors of J.P. Morgan, representing about 30% of the AUM
in the hedge fund industry. She reports that over two-thirds of respondents indicate that they use capital
introduction teams as a resource for sourcing hedge fund managers.

3These transaction fees are a valuable source of profit for investment banks. A 2005 estimate finds that
more than one out of every eight dollars of investment bank revenue comes from hedge fund clients, see
“Investment Banks are Too Dependent on Hedge Funds,” Bloomberg News, March 21, 2005. The average
hedge fund pays $33 million in trading fees, versus $16 million for the average mutual fund, see “Hey Big
Spender, Analysts on Call,” International Herald Tribune, March 6, 2007.
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hedge funds that subsequently underperform. Moreover, I find evidence that capital is more

likely to be directed into hedge funds that generate more fees for the prime broker.

These results demonstrate that prime brokers perform an important allocative role in the

hedge fund market. The first result shows that prime brokers connect investors with hedge

funds. The second result implies that investors experience lower returns when they rely on

prime broker referrals. The third result provides evidence that prime brokers are actively

directing capital toward certain high-fee paying clients. Together, these results suggest that

prime brokers act as gatekeepers for less-sophisticated investors, and that prime brokers may

benefit from this by directing capital into funds that pay more fees.

The core empirical challenge of this paper is that capital introduction is not observable.

To study this channel, I exploit prime broker-hedge fund relationships. Specifically, most

hedge funds do not bank with more than one prime broker. Therefore, I form peer groups

of hedge funds that share the same prime broker, and identification comes from differences

between prime broker peer groups.

I build two measures, based on peer group rank, to shed light on the prime broker

channel. One captures funds likely to benefit from capital introduction in the future, and is

measured as within-broker performance rank.4 This is motivated by anecdotal evidence that

suggests that prime brokers promote their top-performing hedge fund clients. Funds that

have recently performed well relative to peers will rank highly under this measure. I expect

that this measure will be positively related to future flows at the hedge fund level.

The second measure captures funds likely to have benefited from capital introduction

in the past. It is measured as within-broker fund flow rank,5 and represents an ex-post

measure of capital introduction. Funds that have received a disproportionate share of flows

in a prime broker peer group will rank highly by this measure. I use this measure to explore

the future performance of funds that are likely to have received capital through the prime

4I calculate a hedge fund’s percentile performance-rank among all funds that share the same prime broker,
using past 12-month raw returns.

5I calculate a hedge fund’s percentile flow-rank among all funds that share the same prime broker, using
past 12-month fund flows as a percentage of assets-under-management.
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broker channel.

I identify prime broker effects by exploiting differences across peer-group rankings. That

is, differences between funds that rank the same overall, but rank differently at their respec-

tive prime brokers. If prime brokers do not matter for fund flows, then within-broker rank

should not matter.

To conduct the empirical exercise, I build a panel of hedge fund-prime broker connec-

tions using twelve snapshots of the TASS hedge fund database, downloaded between 2000 and

2015.6 The snapshots I use span a longer range than previous studies.7 To my knowledge, no

commercially available hedge fund database offers a panel of hedge fund-prime broker con-

nections. I measure funds flows and performance using monthly assets-under-management

(“AUM”) and return data, also from TASS.

My empirical tests shed light on the allocative role of prime brokers in the hedge fund

market. I first ask whether prime brokers affect fund flows. I find that funds likely to benefit

from capital introduction–those in the top tercile of within-broker performance rank–tend

to receive higher fund flows over the next year, and the magnitude of this effect increases

with performance rank. I emphasize that this result controls for overall fund performance.

For example, consider two funds, “A” and “B”, that have experienced the same past returns

but use different prime brokers (Goldman Sachs and Morgan Stanley, respectively). Suppose

fund A is in the top bin8 of performance rank at Goldman Sachs, and fund B is in the median

bin of performance rank at Morgan Stanley. That is, fund A has performed better relative

to peers at Goldman Sachs. My results imply that fund A will, on average, receive 15.43

percentage points (p.p.) higher fund flows over the next year. This effect is in addition to

6I use a similar methodology to Aragon and Strahan (2012) and Chung and Kang (2016). To identify
prime broker connections I use a collection of 12 snapshots from May 2000, September 2002, April 2005,
December 2007, January 2008, February 2009, June 2011, September 2012, three from 2013 (March, May,
and October), and April 2015.

7Aragon and Strahan (2012) build their panel using snapshots from 2002 to 2009, and Chung and Kang
(2016) use snapshots from 2007 through 2012.

8To aid in interpreting the regression results, funds are divided by rank into 9 equally sized bins. I use an
odd number of bins because one bin will be collinear with the rest, and will be dropped. I drop the median
bin (5), which normalizes the effect of prime brokers relative to funds in the median bin of performance rank.
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any overall performance rank effects, and is due to within-broker performance rank.

I next investigate the performance of hedge funds that have received capital through the

prime broker channel. I find that funds likely to have benefited from capital introduction–

those in the top tercile of within-broker flow rank–tend to experience lower returns over

the next year, and this effect is stronger as rank increases. For example, consider again

funds A and B, which have experienced the same past returns and fund flows, but differ

in that they use Goldman Sachs and Morgan Stanley, respectively. Suppose that fund A

is in the top bin of flow rank at Goldman Sachs, and that fund B is in the median bin of

flow rank at Morgan Stanley. These funds have received the same flows overall, but fund A

has received more flows relative to its peers at Goldman Sachs. My results imply that fund

A will underperform fund B by an average of 3.05 p.p. over the next year. These results

suggest that capital allocated through the prime broker channel goes to hedge funds that

subsequently underperform.

Two theoretical settings can help explain the first result–that high performance rank

leads to high fund flows. One is a world in which investors have limited attention and chase

returns. If investors do not observe all hedge funds in the TASS universe, then capital

introduction brings a subset of funds to their attention, and they will chase the top per-

formers.9 The second theoretical framework is one where prime brokers actively promote

their best performing hedge fund clients. Investors are swayed by such promotion, leading

to fund flows.10 While both mechanisms can explain the first result, the second result–that

the prime broker channel directs capital to hedge funds that subsequently underperform–is

more consistent with the second framework of active promotion by prime brokers.

Furthermore, I find evidence that investors who do not rely on prime brokers experience

higher returns on their hedge fund investments. That is, a hedge fund’s overall fund flow

9Return chasing is well documented in the hedge fund market (Goetzmann, Ingersoll, and Ross, 2003;
Agarwal, Daniel, and Naik, 2004; Baquero and Verbeek, 2005; Getmansky, Liang, Schwarz, and Wermers,
2015b).

10See Jenkinson, Jones, and Martinez (2015) for an example of intermediary recommendations leading to
fund flows in the mutual fund market.
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rank (i.e., among all funds in the TASS universe) is positively related to future returns.

These direct investors are “smart” when allocating money to hedge funds.11 This suggests

that there are two types of investors: more-sophisticated investors, who invest in hedge funds

directly; and less-sophisticated investors, who invest indirectly using prime brokers. This is

consistent with theory (Stoughton, Wu, and Zechner, 2011) which predicts that interme-

diaries act as gatekeepers for less-sophisticated investors in the market for fund managers.

It is also consistent with the empirical findings of Agarwal, Nanda, and Ray (2013) that

smaller institutional investors, who may be less-sophisticated, experience lower returns on

their hedge fund investments than larger institutional investors.

Finally, I find evidence that the underperformance result is related to prime broker profits.

Specifically, the result is weaker for hedge fund styles with lower transaction costs (i.e., styles

that are less profitable for the prime broker), and the result is stronger for hedge funds that

belong to large parent companies (i.e., funds from large clients). I also find that these

valuable clients tend to receive disproportionately higher fund flows relative to peers at the

same prime broker. This provides evidence that prime brokers are actively directing capital

to certain valuable hedge fund clients.

This is the first paper to investigate and quantify how prime brokers help hedge funds

attract capital. I find that the prime broker channel is economically important for fund

flows, but that hedge funds that receive capital through the prime broker channel tend

to subsequently underperform. This is evidence that prime brokers act as gatekeepers for

less-sophisticated investors, and that prime broker incentives affect capital allocation in the

hedge fund market.

The remainder of this paper is organized as follows. Section 2 continues with a review

of the related literature and a discussion of institutional details. Section 3 discusses the

data. Section 4 analyzes fund flows through the prime broker channel. Section 5 investigates

the subsequent performance of funds that receive capital through the prime broker channel.

11See Zheng (1999) for evidence of smart money in the mutual fund market, and Baquero and Verbeek
(2005) for evidence of smart money in the hedge fund market.

5



Section 6 presents robustness tests. Section 7 concludes.

2 Literature Review and Institutional Details

2.1 Literature Review

This paper contributes to several strands of literature. Most directly, it adds to a recent

body of work investigating the role of prime brokers. It also relates to the literature on the

role of intermediaries between portfolio managers and investors. More broadly, it contributes

to the growing literature on the channels of hedge fund advertising.

With respect to hedge fund prime brokers, most closely related to my paper are Chung

and Kang (2016), Gerasimova (2014), Klaus and Rzepkowski (2009), and Goldie (2011)

all of whom study the relationship between prime brokers and hedge fund performance.

Chung and Kang (2016) and Gerasimova (2014) find strong co-movement in the returns of

hedge funds that share a prime broker. Klaus and Rzepkowski (2009) find that an increase

in prime broker distress is related to a decline in hedge fund performance. Goldie (2011)

studies merger arbitrage, and finds that hedge funds are more likely to invest in a deal if

their prime broker is an advisor to the deal.

More generally related to the literature on prime brokers are Aragon and Strahan (2012),

Eren (2015), and Gerasimova and Jondeau (2016). Aragon and Strahan (2012) use the

bankruptcy of Lehman Brothers as a shock to their hedge fund clients. They show that

stocks held by these funds experienced a subsequent decrease in liquidity, compared with

other stocks. Eren (2015) uses the fact that prime brokers can net trades and reuse collateral

between hedge fund clients to estimate the value of prime broker specialization. Gerasimova

and Jondeau (2016) builds a model of equilibrium hedge fund leverage by modeling the

strategic interaction of prime brokers and hedge funds.

My paper is closely related to the literature on the role of intermediaries between portfolio

managers and investors. Stoughton et al. (2011) argues that investment advisors exist to
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help less sophisticated investors cover the fixed cost of vetting managers. In their model, only

small investors use advisors and they receive lower returns. Christoffersen, Evans, and Musto

(2013) and Agarwal et al. (2013) find support for this model in the mutual fund and hedge

fund markets respectively. In particular, Agarwal et al. (2013) finds that small institutional

investors underperform large investors both through direct and indirect (through fund of

funds) hedge fund investments.

My results are consistent with Jenkinson et al. (2015) which studies investment consultant

recommendations in the actively managed mutual fund market. They find that recommen-

dations are not related to performance, that recommendations lead to fund flows, and that

recommendations do not add value to investors. My results differ in that the intermedi-

ary channel depends on past performance, and that this channel is related to subsequent

underperformance.

Finally, my paper is also related to the growing literature on hedge fund advertising.

Lu, Mitra, Musto, and Ray (2015) investigates indirect advertising by hedge fund parent

companies and related mutual funds. They find that abnormally low hedge fund inflows

predict advertisements at the parent/sibling level, and that these advertisements lead to

inflows. Jorion and Schwarz (2014) find that management companies strategically list their

small, best-performing funds across multiple databases, but wait to list other funds. In-

vestors are not fooled and react rationally to these listings based on the predictability of

past performance.

2.2 Institutional Details

Due to regulatory restrictions, hedge funds have a difficult time communicating with the

public. Prime brokers are large intermediaries that can help bridge the gap between investors

and hedge funds. The structure of prime broker incentives aligns their interests with hedge

funds, and not necessarily with investors.

The market for hedge funds is a classic example of the principal-agent problem (Ross,
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1973, 2005). Managers have unobservable skill, and it is difficult for investors to distinguish

good managers from bad. Under Regulation D, hedge funds avoid registration under the

Securities Act of 1933, and are allowed to engage in opaque trading strategies. To limit

the ability of fraudulent funds from taking advantage of the investing public, Rule 506(b)

of Regulation D prohibits hedge funds from general solicitation and advertising. 12 This

creates substantial search costs between investors and hedge funds.

To mitigate these search costs, hedge funds rely on four main channels to market their

funds: capital introduction by prime brokers, personal networks, third-party marketers, and

publicly available (i.e., for purchase) databases.

Prime brokers are large broker-dealers and investment banks that provide hedge funds

with a suite of services. These services are integral to the day-to-day operation of the fund,

and typically include some combination of: clearing, custody, and asset servicing; securities

lending; financing and leverage; customized technology; and operational support. The prime

broker earns lucrative fees on transactions, which generally come from one of three services:

execution, shorting, and lending.

As large investment banks, prime brokers also provide banking and brokerage services

to large institutional and individual investors. They offer a complimentary service called

“capital introduction” through which they introduce their investor clients to their hedge

fund clients. Neither the investors nor the hedge funds compensate the prime brokers for

this service. Capital introduction is carried out either on an individual, or group basis. If an

investor is interested in investing in hedge funds, a prime broker may provide it with a list of

recommended funds. Additionally, capital introduction teams hold events, either quarterly

or semi-annually, where they invite their investors and hedge funds to network. At these

events, the prime broker arranges one-on-one short meetings between investors and hedge

12The Jumpstart Our Business Startups (JOBS) Act of 2012 has partially lifted the ban on hedge fund
advertising. Hedge funds can file an exemption (Form 506(c)) with the SEC to advertise to the public.
However, advertising increases the liability of hedge fund, and as such, few funds have chosen to advertise.
As of the end of 2014, only 100 funds of the nearly 13,900 funds registered with the SEC have filed 506(c)
exemptions (Source: Form ADV and Form D filings).
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funds.

As capital introduction is not compensated, it is important to ask what are the incentives

of the prime broker for providing this service. Ultimately, the prime broker benefits from fees

collected on services provided to hedge funds. These fees are proportional to the size of the

fund, and the frequency and complexity of the fund’s trades. For example, a fund-of-funds

does not actively trade and will not have a need for execution services. On the other hand,

a long-short equity fund will actively trade, take short positions, and also take leverage. For

the prime broker, an additional dollar in the second fund is more valuable than in the first.

In this regard, prime brokers are incentivized to grow their hedge fund clients, particularly

clients that trade frequently. Prime brokers also seek stability in their revenue source. A fund

from a multi-fund family will be more valuable than a fund from a single-fund family. For

example, a fund from PIMCO is important because the entire PIMCO business is valuable.

These incentives align prime broker interests with hedge funds, but creates a potential

conflict of interest with investors. This conflict of interest is standard with financial inter-

mediaries (Mehran and Stulz, 2007). Prime brokers provide a channel for investors, but are

better informed than these investors. Investors may not have the ability to verify whether

recommendations are good or bad. Why might investors trust prime broker recommenda-

tions?

One possibility is that reputational concerns discipline the prime broker (Fang, 2005).

If the prime broker makes poor recommendations, investors will update their beliefs on

the value of capital introduction, and it will be more difficult to recommend funds in the

future. This, however, does not appear to be a first order effect because I find evidence that

recommended funds subsequently underperform.

Another possibility is that investors gain even from what look like bad recommendations.

There has been a growing share of institutional investors in the hedge fund market over

the past two decades. These institutions are not made equal. Some may lack sufficient

resources to conduct due diligence. In such a case, the investor may rely on prime brokers
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for a certification role. Prime broker provide an implicit monitoring service because they

interact with their hedge fund clients on a daily basis. In effect, the prime broker channel

may help insure investors against fraudulent funds.13

Hedge funds face high search costs when looking for new investors. Prime brokers are not

directly compensated for connecting investors with hedge funds, but they indirectly benefit

from growing hedge fund assets. This aligns interests with hedge funds, but not necessarily

with investors.

3 Hedge Fund Data

To implement the empirical tests, I require information on hedge fund-prime broker con-

nections, fund flows, and performance data over time. I use the Lipper TASS database for

hedge fund data. TASS provides a time-series of return and assets under management, as

well as fund characteristics, including self-reported prime brokers. TASS reports funds in

either the “alive” folder, or the “graveyard” folder. When a fund ceases to report to TASS,

either because of fund failure or choice, it is moved to the “graveyard” folder.

TASS data is updated daily, and snapshots of the dataset can be downloaded from the

company’s website. A snapshot includes a time-series of performance data, but does not

include a time-series of company characteristics. As such, from a single snapshot, there is no

way to know when a fund hired a prime broker, and whether the prime broker has changed

over time.

To build a panel of characteristics over-time, I use a collection of 13 snapshots from May

2000, September 2002, April 2005, December 2007, January 2008, February 2009, June 2011,

September 2012, three from 2013 (March, May, and October), April 2015, and May 2016.

TASS reports service provider relationships (e.g. administrator, auditor, bank, custodian,

management firm, legal, and prime broker) in the “Companies.txt” file. Prime brokers are

identified with the “Prime Broker” string in the “Company Type” field. I identify 1, 210

13For example, Bernie Madoff’s fund did not have a prime broker.
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unique strings, and of these, identify 426 unique prime broker families. Prime brokers are

self reported, and as such, may be coded differently. I also roll subsidiaries up to their parent

company, for example “Pershing” is a subsidiary of “BNY Mellon,” and I consider these to

be the same prime broker family.

The 426 unique prime broker families may include some instances of errors. For example,

some funds report discount brokerages such as “E*Trade,” and others report law firms as

prime brokers. I restrict attention to prime brokers that have at least one month of data

with at least 10 clients. This leaves me with 62 prime broker families, which represent 90.6%

of the entire market share of prime brokers. At each date, I define a fund as being connected

with a specific prime broker if it reports that prime broker in the immediately preceding

TASS snapshot.

3.1 Summary Statistics

Table 1 reports the top 10 prime brokers by number of hedge fund clients at each snapshot

from May 2000 to April 2015. The ordinal rankings are fairly consistent after the financial

crisis. Aragon and Strahan (2012) find a decrease in the concentration of market share among

the top three prime brokers after the crisis, and this data appears to be consistent with their

report. The TASS data is is a subsample of U.S. and non-U.S. funds. The distribution of

prime brokers is roughly consistent with the universe of SEC registered funds.14 The top

prime brokers are representative of the bulge bracket investment banks: Bank of America

Merrill Lynch, Barclays, Citigroup, Credit Suisse, Deutsche Bank, Goldman Sachs, J.P.

Morgan, Morgan Stanley, and UBS.

Table 3 reports the number of prime brokers per hedge fund by snapshot date. In the

first half of the sample, about 22% of funds report a prime broker. After the financial

14Title IV of the Dodd-Frank Act requires hedge fund management companies to register as investment
advisers with the SEC. As a registered investment adviser, hedge funds with over $100 million in gross
assets under management must file Form ADV with the SEC on an annual basis. The first such filing was
required by March 30, 2012 to cover fiscal year 2011. For more information see: https://www.sec.gov/

rules/final/2011/ia-3221.pdf. Table 2 reports the top 20 prime brokers for all hedge funds registered
with the SEC.
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crisis, this increases to an average of about 34%. In general, the number of hedge funds in

TASS declines after the financial crisis, but the prevalence of funds reporting prime brokers

increases. Most hedge funds with a prime broker report only one prime broker. This allows

for cleaner identification of the prime broker channel.

The need for a prime broker differs by hedge fund style. For example, fund of funds,

which do note actively participate in markets, have less of a need for a prime broker.15 Table

4 reports heterogeneity in the prevalence of prime brokers by hedge fund style. In 2000,

only 10% of fund of funds reported a prime broker. While this has increased over time, in

2015 only 23% report a prime broker. Long-short equity hedge funds, which tend to have a

greater need for prime broker services, are more likely to have a prime broker (68% in 2005).

Table 5 reports hedge fund AUM broken down by prime broker client network. Prime

brokers appear to have more or less equivalent breakdowns by size. Barclays is an outlier

that tends to have larger hedge fund clients. Together with the previous table, these tables

demonstrate that there is not a significant difference in the hedge fund clients of prime

brokers.

Table 6 reports summary statistics for variables used in the regression specifications of

Sections 4 and 5.

3.2 Bias Corrections

I take a number of steps to address the documented biases (Getmansky, Lee, and Lo, 2015a)

that may arise when working with voluntary, self-reported data.

The first such bias – “Backfill bias” – is present in the data because funds choose when

to start reporting to TASS. When they do, they have the option of providing backfilled data,

which is data prior to the date they joined the database. Fung and Hsieh (2000) have found

that funds seem to join TASS after a period of outperformance, and estimate that backfill

bias of 1.4% per year in TASS using a sample from 1994 to 1998. To control for backfill bias,

15Some fund of funds actively hedge currency risk, and will thus have a need for a prime broker.
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I only use performance data from after a fund joins TASS. A major drawback of the TASS

database is that the DateAddedtoTASS variable is largely missing for funds that join after

March 2011.16 To mitigate this problem, I create a conservative estimate of the date added

to TASS for these funds with missing data. For these funds, I only use observations after

the date of the first snapshot where the fund is reported as being alive.

“Extinction bias” arises because funds can choose to delist from the database. This bias

is problematic because funds may delist for different reasons, producing different biases.

Managers typically delist for one of two reasons. One, the fund has performed well and

managers decide to close the fund to new investment, or two, the fund has performed poorly

and is shut down. Getmansky, Lo, and Mei (2004) argue that over 90% of funds that delist

do so because of liquidation. In order to correct for this in tests involving future performance,

I project returns forward for funds that leave the database. For example, if a fund has 5%

returns after three months and then leaves, I calculate the yearly rate of return as (1.05)4−1.

This allows me to capture both funds that do well and leave, and funds that do poorly and

exit. My main results also hold if I do not make this correction.

Patton, Ramadorai, and Streatfield (2015) analyze the reliability of hedge fund databases,

and find that historical return series are routinely revised. The revisions are not random,

funds that revise significantly and predictably underperform those that do not. To mitigate

this, I use performance data (at the date-level) from it’s earliest snapshot record. For exam-

ple, December 2001 data will be reported all snapshots after the September 2002 snapshot,

however, I only use the amount reported in September 2002.

3.3 Data Cleaning

In addition to the bias corrections above, the TASS dataset requires some careful cleaning

before it can be used in analysis. I follow the cleaning guides recommended by Bhardwaj,

Gorton, and Rouwenhorst (2014) and Getmansky et al. (2015a).

16As per correspondence with a TASS representative.

13



Following Bhardwaj et al. (2014), I: 1) adjust foreign currency funds to USD, 2) remove

backfill data, 3) remove funds that report returns gross of fees, and 4) remove funds with

missing AUM.

Following Getmansky et al. (2015a), I: 1) recompute returns as changes in net-asset-

value (NAV), 2) use reported return when NAV is missing, 3) only include funds that report

monthly, 4) remove funds that start and stop reporting more than four times, and 5) reject

four types of “suspicious looking” data. These are: 1) monthly returns less than −100%,

2) monthly returns greater than 200%, 3) monthly returns equal to the past two monthly

returns (stale observations), and 4) AUM figures that appear to be reported in inconsistent

units. To test for inconsistent units, I remove funds that have an increase in AUM of over

two orders of magnitude, followed by a decrease of over 100% within three months. There

are a few such cases, most of which around the year end.

4 The Capital Introduction Channel and Future Fund

Flows

In this section, I investigate whether the prime broker channel matters for hedge fund flows.

Anecdotal evidence suggests that capital introduction is more valuable for hedge funds that

have recently performed well. Building on this intuition, I create a measure that captures

funds likely to benefit from capital introduction in the future. I show that these funds end

up enjoying higher fund flows over the next year. As rank may have non-linear effects, I also

investigate the shape of the flow-performance rank relationship, and find it is flat over the

first two terciles, and increasing in the third tercile.

4.1 Funds Likely to Benefit from Capital Introduction

To capture the idea that recent good performers benefit from capital introduction, I group

funds by prime broker and then calculate fund-level performance rank within peer groups.
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That is, suppose fund i is connected to prime broker p. I define fund i’s peer group per-

formance rank, PBRetRanki,p,t, as fund i’s percentile ranking at time t among all funds

k ∈ Ip,t, where Ip,t is the set of hedge funds connected to prime broker p at time t. Percentile

ranking is defined on [0, 1], and performance rank is measured using past 12-month raw

returns.

In this analysis, I only use funds that report one prime broker, thus I will drop the p

subscript and use PBRetRanki,t as the ex-ante measure of the capital introduction channel.

This reduces the sample of hedge funds by about 10%.

Because general flow-performance relationship is well documented (see Goetzmann et al.

(2003), Agarwal et al. (2004), Baquero and Verbeek (2005), and Getmansky et al. (2015b)),

I control for the overall flow-performance rank relationship by including a variable called

TASSRetRanki,t. This represents fund i’s percentile ranking among all funds in the TASS

universe at time t. Again, rank is defined on [0, 1] and measured using 12-month raw returns.

4.2 Future Fund Flows Regressed on Within-Prime Broker Performance-

Rank

In this section, I examine the relationship between future fund flows and within-prime bro-

ker performance-rank. This allows me to test whether, for two identical funds, peer-group

rankings matter for future fund flows.

I estimate the following fixed-effects regression specification:

Flowi,t,t+12 = β1PBRetRanki,t + β
′

2Xi,t + ai + at + ap + as × at + uitps (1)

Flowi,t,t+12 is the percentage fund flow of fund i from time t to t+12. PBRetRanki,t is fund

i’s percentile performance rank at time t, measured using past 12-month returns, relative

to peer funds that share the same prime broker. If β1 is statistically and economically

significant, this provides evidence that prime brokers matter for fund flows. Xi,t are fund
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level controls, including the logarithm of assets under management, the logarithm of fund age

in months, past fund flows, and past Sharpe ratio. Also included is TASSRetRanki,t, fund

i’s percentile performance rank, measured using past 12-month returns, relative to all funds

in TASS. ai, at, ap, and as are fund, time, prime broker, and style fixed effects respectively.

I cluster standard errors at the fund, time, style, and prime broker levels.

The results of this model are presented in Table 7. The first column reports the stan-

dard flow-performance relationship, and the second columns include the variable of interest,

PBRetRank. A fund’s peer group performance rank positively predicts future flows with a

coefficient of 0.1388, which is significant at the 5% level. Summary statistics of the dependent

and independent variables are included in Table 6. The interquartile range for PBRetRank

is 0.51,17 implying that for two otherwise identical funds, a fund at the 75th percentile of peer

group rank compared to a fund at the 25th percentile is expected to enjoy 7.1 p.p. higher

funds flows over the next year. That is, the fund is expected to grow its total AUM by an

additional 7.1% of AUM. These results confirm the intuition that recent strong performers

disproportionately benefit from the capital introduction channel.

4.3 The Shape of the Fund Flow and Performance Rank Relation-

ship

The observed relationship between future flows and performance rank may not be linear, and

in this section I analyze the shape of this relationship. I separate the PBRetRank variable

into 9-equally spaced bins. I then regress future fund flows on these bins. The results indicate

that the relationship is flat for the first two terciles of PBRetRank, and then are increasing

in the last tercile. I omit the median bin (5) so that all results are relative to the median

17I rank funds against the entire universe of peers. This is done before I drop hedge funds with only one
prime broker. Thus the interquartile range is not exactly 0.50.
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bin. I estimate the following fixed-effects regression:

Flowi,t,t+12 = β
′

1PBRetBini,t + β
′

2Xi,t + ai + at + ap + as × at + uitps (2)

Flowi,t,t+12 is the percentage fund flow of fund i from time t to t + 12. PBRetBini,t is the

vector of indicator variables for fund i’s performance bin, measured using past 12-month

returns, relative to peer funds that share the same prime broker. Xi,t are fund level controls,

including the logarithm of assets under management, the logarithm of fund age in months,

past fund flows, and past Sharpe ratio. Also included is TASSRetBini,t, which are indicator

variables for fund i’s performance bin, measured using past 12-month returns, relative to

all funds in TASS. ai, at, ap, and as are fund, time, prime broker, and style fixed effects

respectively. I cluster standard errors at the fund, time, style, and prime broker levels.

The results of this model are presented in Table 8. The first column reports the standard

flow-performance relationship, which shows that fund flows are increasing in overall per-

formance rank. The second column includes the variables of interest PBRetBini,t. Here,

the top tercile (bins 7, 8, and 9) of within-peer group performance rank are positive and

significant, while the rest are positive but insignificant from zero. This implies the shape of

the flow-peer rank relationship is flat at low and medium ranks, and increases in high ranks.

Since the median bin has been dropped, coefficients are interpreted relative to the median

bin. To add structure to the results, consider two funds that have had the same past return,

but use different prime brokers. If one of the funds is in the top bin of performance rank,

and the second is in the median rank, then the first will enjoy 15.43 p.p. higher fund flows

over the next year. Figure 1 plots the point estimates of PBRetBin.

4.4 Analysis

Taken together, these results confirm that the prime broker channel matters for fund flows.

Specifically, funds that rank highly at their prime broker disproportionately receive more
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fund flows.

These results highlight the importance of past performance on the capital introduction

channel. However, it does not capture flows that are unrelated to past performance. In this

sense, this measure provides a lower bound on the impact of capital introduction.

I also find evidence that performance rank is more important for smaller funds. Table 9

breaks down the flow and performance rank relationship by small and large funds. Within-

prime broker return-rank (PBRetRank) remains significant for the sample of small funds,

but is no longer significant for the subset of large funds.

This result could be driven by an attention story, or a promotion story. Under the

attention story, investors generally do not pay attention to small funds, but when introduced

to these funds, they chase after good past performers. Large funds are already on the radar

of investors and do not gain from additional exposure. Under the promotion story, prime

brokers promote good performing small funds. They may do this to help grow a small client

into a large client. They do not promote large funds because a large fund that performs well

can raise money on its own.

The TASS database is commercially available and investors can observe this data monthly.

If investors see all TASS funds then the attention story does not hold. It also cannot be

pure return chasing, otherwise the effect should be present in large funds too. Thus, it seems

likely that prime brokers are promoting their best performing smaller funds.

A few concerns may arise with these tests. One, within-prime broker performance-rank

is correlated with overall rank, which may cause spurious results. Two, fund flows may not

be an appropriate measure of fund flows. To address the first concern, I double-sort funds

on PBRetRank and TASSRetRank, and find that the results hold (Section 6.1). For the

second concern, I rerun the main tests using changes in market share instead of fund flows,

and the results hold (Section 6.3).
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5 The Capital Introduction Channel and Future Re-

turns

In this section I investigate the value of the capital introduction channel to investors. Prime

brokers interact daily with hedge funds. They provide trading and custodial services, as well

as leverage. They are in a position to pass private information on to investors. However,

prime broker profits are proportional to hedge fund AUM. Their incentives are aligned with

their hedge fund clients, and it is unclear whether the prime broker channel will add value

to investors.

To investigate the value of the prime broker channel, I first need to identify funds that

have benefited from capital introduction services. I build a measure that captures funds

likely to have benefited from capital introduction in the past. The measure ranks funds by

past fund flow within their prime broker network. This proxy measures whether a fund has

received a disproportionate amount of flows relative to its peers. Using this proxy, I show

that these funds subsequently experience lower returns. I also investigate the shape of the

return-flow rank relationship, and find it is flat over the first two terciles, and decreasing in

the third tercile.

5.1 Funds Likely to have Benefited from Capital Introduction

I build a measure to capture funds that have received a disproportionate amount of fund

flows relative to its peers. I first group funds by prime broker and then calculate fund flow

ranks. That is, suppose fund i is connected to prime broker p. I define fund i’s peer-group

fund flow rank, PBFlowRanki,p,t, as fund i’s percentile ranking at time t among all funds

k ∈ Ip,t, where Ip,t is the set of hedge funds connected to prime broker p at time t. Percentile

ranking is defined on [0, 1], and fund flows are measured using past 12-month percent fund

flows.

19



As in Section 4.1, I use funds that report only one prime broker, thus I will drop the p

subscript and use PBFlowRanki,t as the measure.

5.2 Future Returns Regressed on Within-Prime Broker Fund Flow-

Rank

In this section, I examine the relationship between future returns and peer-group fund flow

rank. Flow rank captures whether a fund has received more flows relative to its peers. This

test asks, for two funds with the same flows, whether the fund that was promoted relatively

more subsequently outperforms.

I estimate the following fixed-effects regression specification:

Returni,t,t+12 = β1PBFlowRanki,t + β
′

2Xi,t + ai + at + ap + as × at + uitps (3)

Returni,t,t+12 is the raw return of fund i from time t to t+12. PBFlowRanki,t is fund i’s fund

flow rank at time t, measured using past 12-month percentage fund flows, relative to peer

funds that share the same prime broker. If β1 is statistically and economically significant,

it provides evidence that prime broker recommendations have informational content for in-

vestors. Xi,t are fund level controls, including the logarithm of assets under management, the

logarithm of fund age in months, and past Sharpe ratio. Also included is TASSFlowRanki,t,

fund i’s percentile flow rank, measured using past 12-month percentage fund flows, relative

to all funds in TASS. ai, at, ap, and as are fund, time, prime broker, and style fixed effects

respectively. I cluster standard errors at the fund, time, style, and prime broker levels.

The results are presented in Table 10. The first column shows that overall flow rank

positively predicts future returns, implying that, in general, investors may have some ability

to forecast returns. The second column reports the variable of interest, β1, the coefficient on

PBFlowRank. A fund’s peer-group fund flow rank negatively predicts future returns with

a coefficient of −0.0726. This is statistically significant at the 1% level. Summary statistics
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of the dependent and independent variables are included in Table 6. The interquartile range

for PBFlowRank is 0.49, implying that for two otherwise identical funds, a fund at the

75th percentile of peer group rank compared to a fund at the 25th percentile is expected to

experience 3.6 p.p. lower returns.

These results provide evidence that capital is directed through capital introduction into

funds that subsequently underperform. This is not due to a capacity constraint story. The

test compares funds that have received the same fund flows, except one fund has captured

more funds relative to peers. This is a measure of prime broker promotion, and the test

holds total fund flows constant.

5.3 The Shape of the Return and Fund Flow Rank Relationship

The shape of the relationship between =fund flow rank and future returns may be non-

linear. To investigate the shape, I separate the percentile PBFlowRank variable into 9-

equally spaced bins. I then regress future returns on these bins. The results indicate the

relationship is flat for the first two terciles of PBFlowRank, and then decreases in the last

tercile.

I estimate the following fixed-effects regression:

Returni,t,t+12 = β
′

1PBFlowBini,t + β
′

2Xi,t + ai + at + ap + as × at + uitps (4)

Returni,t,t+12 is the return of fund i from time t to t + 12. PBFlowBini,t is the vector of

indicator variables for fund i’s fund flow bin, measured using past 12-month percentage fund

flow, relative to peer funds that share the same prime broker. Xi,t are fund level controls,

including the logarithm of assets under management, the logarithm of fund age in months,

and past Sharpe ratio. I also include TASSFlowBini,t, indicator variables for fund i’s fund

flow bin, measured using past 12-month percentage fund flows, relative to all funds in TASS.

ai, at, ap, and as are fund, time, prime broker, and style fixed effects respectively. I cluster
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standard errors at the fund, time, style, and prime broker levels.

The results of this model are presented in Table 11. All results are relative to funds

in the median bin (5). The first column reports the basic relationship between return and

fund flow. It shows that funds in the bottom bin subsequently underperform. This suggests

that in general, investors exit a fund prior to bad performance. The second column includes

the variables of interest PBFlowBini,t. Here, the top tercile (bins 7, 8, and 9) of within

peer-group fund flow rank are negative and statistically significant, while the other bins are

both positive and negative, and none are statistically significant. This implies the shape of

the return-peer flow rank relationship is flat at low and medium ranks, and decreases in high

ranks. Since the median bin is omitted, coefficients are interpreted relative to the median

bin. That is, for two otherwise identical funds, a fund in the top bin compared to a fund in

the median bin, will experience 3.05 p.p. lower returns over the next year. Figure 2 plots

the point estimates of PBFlowBin.

5.4 Analysis

These results provide evidence that flows received through capital introduction subsequently

underperform. This might be because some investors are less sophisticated and rely on prime

brokers to certify hedge funds. Investors indirectly “pay” for this certification through lower

returns. Prime broker incentives are closely aligned with their hedge fund clients. Certain

funds may be more profitable to the prime, even if these are not the best performing funds.

The prime broker will benefit more if it can direct capital into these funds.

Prime broker profits are generally proportional to hedge fund AUM, and are also related

to the trading strategies of these funds. Panel A of Table 12 shows that by style, funds that

incur more trading costs are more likely to be in the top tercile of prime broker flow rank.

That is, styles like long-short equity and equity market neutral occur in the top tercile more

than 33% of the time. Similarly, funds that have low profitability for prime brokers, such

as fund-of-funds occur in the top decile less than 33% of the time. This is consistent with
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capital introduction favoring styles that are more profitable for prime brokers.

Similarly, a prime broker may want to increase the AUM of its stable hedge fund clients.

Panel B of Table 12 shows that funds that belong to parent companies with larger total

AUM are more frequently in the top tercile of prime broker flow rank. This suggests that

prime brokers favor their larger clients.

To further investigate the profit motive, I estimate the return-flow rank relationship

using indicator variables for fund-of-funds, and for whether the fund belongs to a large

parent (a parent in the top tercile of total AUM). Table 13 reports these tests. The first

column includes the interaction of flow-rank with the fund-of-funds dummy variable. Here,

the effect of within-prime broker flow-rank is mitigated for fund-of-funds. Fund-of-funds

are less represented in the top tercile, and when they appear in the top tercile, exhibit less

underperformance. That is, less profitable funds appear to be promoted less, and do not

underperform as much.

The second column of table 13 second column includes the interaction with the large

parent dummy variable. Here the coefficient is negative and significant, indicating that the

underperformance effect is stronger for funds that belong to large parent companies. These

funds are more represented in the top tercile of fund flows, and when they appear in the top

tercile, exhibit more underperformance. These funds are likely to be valuable to the prime

broker because they belong to large clients.

Table 9 breaks down the return-flow rank relationship into small and large funds, and

finds the relationship is driven by large funds. The positive coefficient on overall flow rank

(TASSFlowRank) suggests that investors are generally smart when allocating flows, how-

ever, investors that allocate funds through prime brokers receive lower fund flows.

Taken together, these results imply that prime broker incentives are an important factor

in capital introduction. However, the underperformance result is still puzzling. Why would

investors trust capital introduction if it leads to lower returns?

The difference between overall flow-rank and within-prime broker flow-rank documented
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in Table 11 indicates that there might be two types of investors. Those that can identify

good funds, and those that cannot. The investors that cannot source funds through cap-

ital introduction. This is consistent with models of intermediaries between investors and

fund managers, where investors are heterogeneous and fund managers have private types

(Stoughton et al., 2011). Theory predicts that less sophisticated investors will invest through

intermediaries, and have lower returns. They rationally accept lower returns because they

cannot identify good funds on their own. The intermediary prevents them from investing in

fraudulent funds. In this sense, the prime broker plays a certification role.

Agarwal et al. (2013) provides evidence that these investors exist in the hedge fund

market. They show that small institutional investors are more likely to choose funds that

underperform, compared with large investors. I find results consistent with this story. Table

14 breaks down the return-flow rank analysis into two time periods: 2000-2008 and 2009-2016.

The table shows that the result is driven by the later period. This is designed to capture

two things. One, there has been a general trend towards more institutional investors, which

may exhibit differing levels of sophistication. Two, this roughly corresponds to the pre-

and post-Bernie Madoff years. That is, investors may be more willing to get prime broker

certification after updating their priors on the prevalence of fraudulent funds.

Less sophisticated investors seek to avoid fraudulent funds, and rely on capital intro-

duction. As capital introduction is complimentary, investors “pay” for this service through

lower returns. The prime broker benefits because it can direct flows into more profitable

strategies, or to build relationships with larger clients.

6 Robustness

In this section I show that both main results are robust to double-sorting on both overall

TASS rank and within-prime broker rank. I also show that the flow-performance rank

relationship is robust to using market-share instead of fund flows. Finally, I also show the
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results are robust to controlling for style-rankings.

6.1 Future Fund Flows on Double-Sort of Overall and Peer-Group

Performance-Rank

A concern with the main tests of Section 4 is that the proxy for ex-ante promotion, a

fund’s peer-group performance-rank, is correlated with its overall TASS ranking. In order

to disentangle the effect of prime broker rank from overall rank, I double-sort on overall and

within-prime broker rank.

I estimate the following fixed-effects regression specification:

Flowsi,t,t+12 = β
′
DoubleSorti,t + γ

′
Xi,t + ai + at + ap + as × at + uitps (5)

where Flowsi,t,t+12 is the percentage fund flow of fund i from time t to t+ 12. DoubleSorti,t

is a vector of 49 indicator variables representing different levels of TASSRetRank and

PBRetRank. Specifically, I rank funds into 7 bins based on TASSRetRank, and rank

funds into 7 bins based on PBRetRank. I then form 49 bins by taking the intersection

of the overall TASS rank sort and the within-peer group rank sort. Both rank variables

are calculated using raw returns over the past twelve months. Xi,t are fund level controls,

including the logarithm of assets under management, the logarithm of fund age in months,

past fund flows, and past Sharpe ratio. ai, at, ap, and as are fund, time, prime broker, and

style fixed effects respectively. I cluster standard errors at the fund, time, style, and prime

broker levels.

Table 15 reports the results of this specification. Panel A reports estimates of the control

variables, and Panel B reports estimates of the double-sort bins. TASSrank1 is the lowest

overall performance bin, and TASSrank7 is the highest overall performance bin. Similarly,

PBrank1 is the lowest peer group performance bin, and PBrank7 is the highest peer group

performance bin. The results are normalized at the median bin (TASSrank4 and PBrank4),
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and coefficients are reported relative to this median bin. Panel B is also visually represented

in a heatmap (Figure 3). In the heatmap, red indicates positive values and blue indicates

negative values; white corresponds to zero.

If the prime brokers have no effect, then when moving along rows, coefficients should

be fairly flat. For example, for funds in TASSrank6, the prime broker ranks PBrank5,

PBrank6, and PBrank7 should all have similar coefficients. This is not the case. Instead,

PBrank5 is not statistically different from zero, while the other two are positive and sta-

tistically significant. Generally, coefficients increase moving from left to right in the table.

This suggests the prime brokers do have an effect on fund flows.

Next, if the prime brokers had no effect, then a coefficient in a higher TASSrank should

be higher than a coefficient in a lower TASSrank. For example, on average funds in

TASSrank7 should have higher flows than funds in TASSrank5. However, the results

show that funds in the highest prime broker rank (PBrank7) tend to have higher flows than

funds that rank higher overall. For example, funds that rank in the fifth highest overall

bin (TASSrank5) but rank high in their prime broker set (PBrank7) have a statistically

significant coefficient of 0.1759, whereas funds in the highest overall bin (TASSrank7) but

are only in the fifth highest prime broker bin (PBrank5) have an insignificant coefficient of

0.0658.

PBrank7 funds generally receive positive fund flows, regardless of overall TASSrank.

Taken together this provides evidence that prime brokers promote their best performing

hedge funds.

6.2 Future Returns on Double Sort of Overall and Peer Group

Fund Flow Rank

The same concern – that the proxy for ex-post promotion, a fund’s peer group fund flow rank,

is correlated with it’s overall TASS flow ranking – exists for the test in Section 5. I therefore

address this concern in a similar manner, by double-sorting on overall and within-prime
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broker rank.

I estimate the following fixed-effects regression specification:

Returni,t,t+12 = β
′
DoubleSorti,t + γ

′
Xi,t + ai + at + ap + as × at + uitps (6)

where Returni,t,t+12 is the total raw return of fund i from time t to t + 12. DoubleSorti,t

is a vector of 49 indicator variables representing different levels of TASSFlowRank and

PBFlowRank. Specifically, I rank funds into 7 bins based on TASSFlowRank, and rank

funds into 7 bins based on PBFlowRank. I then form 49 bins by taking the intersection of

the TASS rank sort and the peer group rank sort. Both rank variables are calculated using

percentage fund flows over the past twelve months. Xi,t are fund level controls, including the

logarithm of assets under management, the logarithm of fund age in months, and past Sharpe

ratio. ai, at, ap, and as are fund, time, prime broker, and style fixed effects respectively. I

cluster standard errors at the fund, time, style, and prime broker levels.

Table 16 reports the results of this specification. Panel A reports estimates of the con-

trol variables, and Panel B reports estimates of the double-sort bins. TASSrank1 is the

lowest overall fund flow bin, and TASSrank7 is the highest overall fund flow bin. Similarly,

PBrank1 is the lowest peer group fund flow bin, and PBrank7 is the highest peer group

fund flow bin. The results are normalized at the median bin (TASSrank4 and PBrank4),

and coefficients are reported relative to this median bin. Panel B is also visually represented

in a heatmap (Figure 4). In the heatmap, red indicates positive values and blue indicates

negative values. White corresponds to zero.

In Section 5, it was shown that funds that received a disproportionate amount of fund

flows relative to their peers subsequently underperform. Here, this underperformance should

manifest as a decreasing trend along the rows of the matrix. The trend is qualitatively

present. At the very least, this is evidence that prime broker promotion does not add value

to investors.
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6.3 Aggregate Flows

The main empirical assumption of this paper is that percentage fund flows (dollar flows

divided by assets under management), are a function of hedge fund rank. If this assumption

holds, then it must be the case that aggregate flows depend on the performance of the

largest participants in the hedge fund industry. Spiegel and Zhang (2013) show that this

does not hold in the mutual fund industry, that the performance of large funds does not

affect aggregate flows.

In this section, I test whether the performance of large hedge funds affects aggregate

funds flows into the industry. I find conflicting evidence. Using a specification that controls

for AUM and rank linearly, I find no relation. However, when controlling for the covariance

of AUM and rank, I find a relation between large fund performance and future aggregate

fund flows.

The basic relation in Spiegel and Zhang (2013) is that fractional fund flows are a function

of hedge fund rank,

Flowsi,t,t+k

AUMi,t

= ψ(Ranki,t−j,t) (7)

where ψ(·) is a function that maps rank to flows. Rearranging equation (7) and summing

over all funds i, we have that aggregate flows depend on the distribution of fund size and

rank,

Flowst,t+k =
∑
i

AUMi,t × ψ(Ranki,t−j,t) (8)

That is, aggregate flows depend on how the largest hedge funds perform. I perform two tests,

suggested by Spiegel and Zhang (2013), to see whether aggregate flows do in fact depend on

the performance of the largest hedge funds. In the first test, I regress aggregate percent fund

flows on the sum of the product of hedge fund size and rank. I also calculate this product
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using squared rank to control for non-linearity. The test is then,

Flowt,t+12

AUMt

= α + β1
∑
i

AUMi,t

AUMt

× bini,t + β2
∑
i

AUMi,t

AUMt

× bin2
i,t + controls+ εi,t (9)

where at each month t, hedge funds are sorted into 20 bins based on past 12-month perfor-

mance. bini,t takes on integer values between 1 and 20, where 20 corresponds to the best

performing funds.

In the second test, I regress aggregate percent fund flows on the covariance of hedge

fund size and rank. I also include the covariance of size and rank squared to control for

non-linearity. The test is,

Flowt,t+12

AUMt

= α + β1COV (
AUMi,t

AUMt

, bini,t) + β2COV (
AUMi,t

AUMt

, bin2
i,t) + controls+ εi,t (10)

If aggregate fund flows depend on the performance of the largest hedge funds, then the β1

coefficient should be positive and significant. If this relationship is convex, the β2 coefficient

should be positive and significant.

The tests are reported in Table 17. Under the first test, β1 and β2 are both insignificant

from zero. This provides evidence that the fund flow specification is misspecified. However,

under the second test, β1 is positive and significant at the 1% level, and β2 is negative and

significant at the 1% level. Taken together this implies that fund flows are an increasing

function of rank, and that this relationship is concave. This test provides evidence that the

fund flow tests are correctly specified.

The second test is consistent with the findings of Feng, Sherman, and Kapadia (2011) who

find that large hedge funds tend to perform better. The positive loading on contemporaneous

market performance is also consistent with Wang and Zheng (2008), who find that aggregate

hedge fund flows depend on the overall market.

As a robustness check, Table 18 presents the ex-ante promotion tests using changes in

market share instead of percent fund flows. The results generally hold. High rankings are
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subsequently related to higher changes in market share, and lower rankings are subsequently

related to lower changes in market share. This suggests that perhaps prime brokers addi-

tionally direct flows out of hedge funds.

6.4 Style Rankings

The main test of Section 4 asks whether within-prime broker performance rank matters for

future fund flows. One concern is that prime brokers may specialize by style, and the results

may pick up style rankings. In this section, I show the main results are robust to controlling

for within-style ranking.

In untabulated results, I find that the distribution of hedge fund styles does not vary

largely by prime broker. I also create a variable called StyleRetRank defined as a hedge

fund’s performance rank among all funds that share the same style. Performance rank is

measured using past 12-month raw returns. Table 19 reports the results regressing future

fund flows on both PBRetRank and StyleRetRank. Here within-prime broker return rank

remains positive and significant. In untabulated results, I also include TASSRetRank in

this same analysis, and find that PBRetRank remains positive and significant.

7 Conclusion

This is the first paper to investigate and quantify how prime brokers help hedge funds attract

capital. I find that the prime broker channel is economically important for fund flows, but

that hedge funds that receive capital through the prime broker channel subsequently under-

perform. This contrasts with a general “smart money” effect among investors. Together,

this implies that prime brokers act as gatekeepers for less-sophisticated investors. I also

find evidence that the prime broker channel directs capital to hedge funds which are more

profitable from the prime broker’s point of view. This suggests that prime brokers play an

active role allocating capital in the hedge fund market.
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Figure 1. Effect Within-Prime Broker Return Rank on Future Fund Flows
This is a plot of the point estimates and 95% confidence intervals of the effect of peer group
performance rank on future fund flows (Table 8). Future 12-month flows are regressed on within-
peer group performance ranks. Ranks are divided into nine bins, where PBBin1 is the lowest and
PBBin9 is the highest.
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Figure 2. Effect Within-Prime Broker Fund Flow Rank on Future Returns
This is a plot of the point estimates and 95% confidence intervals of the effect of peer group fund
flow rank on future returns (Table 11). Future 12-month returns are regressed on within-peer group
fund flow ranks. Ranks are divided into nine bins, where PBBin1 is the lowest and PBBin9 is
the highest.
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Figure 3. Flow-Performance Rank Relationship, Coefficients of Double Sort
(TASS Rank and Peer Group Rank)
Cluster heat map reporting coefficients from the flow predictability (Table 15) tests. Future 12-
month flows are regressed on current peer group performance rankings. The rows represent a hedge
fund’s overall TASS rank using past 12 month returns. There are seven bins, where TASSrank1 is
the lowest and TASSrank7 is the highest. The columns represent a hedge fund’s rank within it’s
prime broker’s set of hedge funds, again using past 12 month returns. There are seven bins, where
PBrank1 is the lowest and PBrank7 is the highest. Each cell is colorized based on its impact on
future fund flows. Blue characterizes the lowest impact, and red the highest impact. Coefficients
are normalized to the median bin, TASSrank4 and PBrank4.
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Figure 4. Return-Flow Rank Relationship, Coefficients of Double Sort (TASS
Rank and Peer Group Rank)
Cluster heat map reporting coefficients from the return predictability (Table 16) tests. Future
12-month returns are regressed on current fund flow rankings. The rows represent a hedge fund’s
overall TASS rank using past 12-month fund flows. There are seven bins, where TASSrank1 is the
lowest and TASSrank7 is the highest. The columns represent a hedge fund’s rank within it’s prime
broker’s set of hedge funds, again using past 12-month fund flows. There are seven bins, where
PBrank1 is the lowest and PBrank7 is the highest. Each cell is colorized based on its impact
on future returns. Blue characterizes the lowest impact (negative), and red the highest impact
(positive). Coefficients are normalized to the median bin, TASSrank4 and PBrank4.

PBrank1 PBrank2 PBrank3 PBrank4 PBrank5 PBrank6 PBrank7

TASSrank1

TASSrank2

TASSrank3

TASSrank4

TASSrank5

TASSrank6

TASSrank7

37



Table 1. Prime Broker Hedge Fund Client Count by TASS Snapshot
This table presents the total number of hedge fund clients for each prime broker. The top ten prime brokers are presented as
of each TASS snapshot. Other is the sum total of all other prime brokers. The data comes from twelve snapshots of the Lipper
TASS dataset between 2000 and 2015. Only alive funds are included.

Rank 2000-05-31 2002-09-30 2005-04-30 2007-12-31 2008-01-31 2009-02-28 2011-06-30 2012-09-30 2013-03-31 2013-05-31 2013-10-31 2015-04-30

1
Bear

Stearns
Bear

Stearns
Morgan
Stanley

Morgan
Stanley

Morgan
Stanley

Morgan
Stanley

Morgan
Stanley

Morgan
Stanley

Morgan
Stanley

Morgan
Stanley

Morgan
Stanley

Morgan
Stanley

178 234 430 586 591 526 583 565 523 509 456 346

2
Morgan
Stanley

Morgan
Stanley

Goldman
Sachs

Goldman
Sachs

Goldman
Sachs

Goldman
Sachs

Goldman
Sachs

Goldman
Sachs

Goldman
Sachs

Goldman
Sachs

Goldman
Sachs

Goldman
Sachs

163 216 388 485 481 411 487 496 464 469 423 320

3
Goldman

Sachs
Goldman

Sachs
Bear

Stearns
Bear

Stearns
Bear

Stearns
J.P.

Morgan
UBS UBS UBS UBS UBS

Credit
Suisse

82 120 318 265 256 247 368 355 328 305 323 263

4
Merrill
Lynch

ING
Bank of
America

UBS UBS UBS
Credit
Suisse

Credit
Suisse

Credit
Suisse

Credit
Suisse

Credit
Suisse

UBS

65 82 145 228 239 228 287 298 280 290 281 248

5 ING
Merrill
Lynch

UBS Citigroup
Credit
Suisse

Bank of
America
Merrill
Lynch

Deutsche
Bank

Deutsche
Bank

Deutsche
Bank

Deutsche
Bank

Deutsche
Bank

J.P.
Morgan

57 80 101 124 123 167 240 241 243 253 221 192

6
Bank of
America

E.D. & F.
Man

Credit
Suisse
First

Boston

Credit
Suisse

Citigroup
Deutsche

Bank
J.P.

Morgan
J.P.

Morgan
J.P.

Morgan
J.P.

Morgan
J.P.

Morgan
Deutsche

Bank

34 66 77 112 121 117 205 204 213 219 202 184

7
E.D. & F.

Man
Bank of
America

ABN
AMRO

Bank of
America

Deutsche
Bank

Credit
Suisse

Bank of
America
Merrill
Lynch

Societe
Generale

Societe
Generale

Societe
Generale

Societe
Generale

Bank of
America
Merrill
Lynch

34 53 75 101 96 110 180 177 176 164 151 131

8 Citigroup Refco
Lehman
Brothers

Deutsche
Bank

Bank of
America

Citigroup Citigroup Citigroup

Bank of
America
Merrill
Lynch

Bank of
America
Merrill
Lynch

Citigroup Citigroup

23 41 65 98 96 110 150 153 143 135 125 99

9 Prudential UBS Citigroup
Lehman
Brothers

Lehman
Brothers

Societe
Generale

Societe
Generale

Bank of
America
Merrill
Lynch

Citigroup Citigroup

Bank of
America
Merrill
Lynch

Societe
Generale

21 40 63 84 88 89 136 139 136 131 124 97

10
Lehman
Brothers

Citigroup
Deutsche

Bank
Merrill
Lynch

Merrill
Lynch

HSBC HSBC Barclays Barclays Barclays Barclays Barclays

19 38 57 82 87 84 111 100 130 120 88 73

Other
283 485 417 512 496 702 1162 1199 1146 1129 984 920

Total 959 1455 2136 2677 2674 2791 3909 3927 3782 3724 3378 2873
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Table 2. Prime Broker Hedge Fund Client Count for All Funds Registered with
the SEC
This table presents the total number of hedge fund clients for each prime broker by fiscal
year. This data comes from annual snapshots of Form ADV. The ADV data is more focused
on U.S. funds than the TASS database. In total, there are 197 unique prime broker families.
The table is sorted in descending order by number of clients in fiscal year 2015. All prime
brokers with at least 10 hedge fund clients in 2015 are included in this table. Other is
the sum total of all other prime broker families. The data comes from yearly snapshots of
management company Form ADV filings. At the end of each fiscal year, a management
company reports the identities of all prime brokers for each of its hedge funds. All feeder
funds have been removed. There is some missing data for FY2015.

Broker Dealer Family Name FY2011 FY2012 FY2013 FY2014 FY2015

Goldman Sachs 2,185 2,224 2,222 2,341 2,095
Morgan Stanley 1,744 1,694 1,686 1,805 1,699
J.P. Morgan 1,511 1,608 1,630 1,758 1,540
Credit Suisse 1,056 1,093 1,157 1,229 983
Deutsche Bank 801 856 844 830 744
Bank of America Merrill Lynch 479 474 596 665 666
Citigroup 543 561 557 631 630
UBS 801 782 748 719 589
Barclays 412 446 458 513 451
BNP Paribas 329 295 292 309 320
Fidelity 275 277 278 281 312
BNY Mellon 264 230 219 234 245
Wells Fargo 125 114 123 175 221
Jefferies 186 183 196 215 181
Interactive Brokers 53 59 87 137 146
Societe Generale 111 103 110 132 125
BTIG 66 78 84 99 95
Convergex 28 29 36 40 49
Charles Schwab 57 43 50 52 48
Scotiabank 22 23 24 25 46
Nomura 30 20 28 30 39
Cantor Fitzgerald 25 29 29 24 38
HSBC 18 47 65 44 33
TD 22 32 33 30 29
State Street 13 5 4 13 28
RBC 28 20 25 27 27
Concept Capital 8 15 13 13 18
INTL FCStone 8 11 12 12 12
Northern Trust 2 2 1 6 12
SEB 5 4 6 6 12

Other 282 278 261 277 226
Total 11,489 11,635 11,874 12,672 11,659
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Table 3. Count of Hedge Funds by Number of Prime Brokers (TASS Database)
This table summarizes the number of prime brokers per hedge fund in the TASS database. Each row i reports the number of
hedge funds with i prime brokers. The data comes from twelve snapshots of the Lipper TASS dataset, between 2000 and 2015.
Only alive funds are included. The row “Various” refers to funds that report multiple prime brokers, but do not identify them.

Count of Hedge Funds

# Prime Brokers 2000-05-31 2002-09-30 2005-04-30 2007-12-31 2008-01-31 2009-02-28 2011-06-30 2012-09-30 2013-03-31 2013-05-31 2013-10-31 2015-04-30

0 2,348 4,227 5,997 8,441 8,382 7,603 6,079 5,097 4,567 4,465 4,203 3,284
1 772 533 1,962 2,107 2,053 2,081 2,701 2,683 2,477 2,419 2,195 1,779
2 39 27 6 101 114 93 215 202 183 164 162 134
3 5 5 0 23 21 29 46 57 68 86 76 78
4 2 1 0 13 13 8 36 56 59 59 38 26
5 0 0 1 0 0 1 38 40 39 39 38 33
6 0 0 0 1 1 0 10 8 4 4 4 4

Various 80 124 22 15 15 16 10 9 9 9 9 8
Total 3,246 4,917 7,988 10,701 10,599 9,831 9,135 8,152 7,406 7,245 6,725 5,346

Has PB 27.6% 14.0% 24.9% 21.1% 20.9% 22.7% 33.5% 37.5% 38.3% 38.4% 37.5% 38.6%
Has One PB 23.8% 10.8% 24.6% 19.7% 19.4% 21.2% 29.6% 32.9% 33.4% 33.4% 32.6% 33.3%40



Table 4. Fraction of Hedge Funds Reporting a Prime Broker (TASS Database)
This table reports the fraction of hedge funds in the TASS database who report having a prime broker. The data comes from
twelve snapshots of the Lipper TASS dataset, between 2000 and 2015. Only alive funds are included.

Fraction of Hedge Funds Reporting a Prime Broker

Hedge Fund Style 2000-05-31 2002-09-30 2005-04-30 2007-12-31 2008-01-31 2009-02-28 2011-06-30 2012-09-30 2013-03-31 2013-05-31 2013-10-31 2015-04-30

Convertible Arbitrage 0.38 0.22 0.58 0.55 0.53 0.52 0.52 0.46 0.73 0.77 0.68 0.72
Dedicated Short Bias 0.41 0.18 0.46 0.50 0.50 0.36 0.50 0.60 0.62 0.62 0.40 0.40
Emerging Markets 0.24 0.15 0.25 0.28 0.29 0.38 0.56 0.63 0.65 0.65 0.61 0.58
Equity Market Neutral 0.35 0.13 0.42 0.38 0.37 0.39 0.54 0.62 0.61 0.62 0.58 0.60
Event Driven 0.41 0.24 0.45 0.42 0.40 0.40 0.54 0.61 0.65 0.66 0.63 0.71
Fixed Income Arbitrage 0.20 0.08 0.31 0.28 0.29 0.18 0.25 0.36 0.32 0.31 0.27 0.37
Fund of Funds 0.10 0.04 0.04 0.04 0.03 0.09 0.21 0.25 0.24 0.25 0.24 0.23
Global Macro 0.22 0.10 0.33 0.26 0.22 0.28 0.25 0.31 0.34 0.34 0.34 0.34
Long/Short Equity Hedge 0.31 0.15 0.42 0.40 0.42 0.46 0.60 0.63 0.65 0.65 0.64 0.68
Managed Futures 0.42 0.28 0.33 0.26 0.29 0.33 0.42 0.47 0.48 0.46 0.46 0.51
Multi-Strategy 0.00 0.00 0.12 0.10 0.10 0.10 0.18 0.19 0.19 0.19 0.20 0.19
Options Strategy 0.00 0.00 0.00 0.00 0.00 0.62 0.39 0.60 0.50 0.40 0.38 0.61
Other 0.10 0.06 0.00 0.03 0.02 0.20 0.35 0.34 0.37 0.38 0.41 0.50

Total 0.26 0.12 0.25 0.21 0.21 0.23 0.33 0.37 0.38 0.38 0.37 0.38
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Table 5. Prime Broker Hedge Fund Client AUM Distribution
This table presents the distribution of hedge fund AUM by prime broker. It reports summary
statistics for the average assets under management in $ millions. For brevity, only the top
25 prime brokers by average market share are reported. Data comes from snapshots of the
Lipper TASS database. AUM are summarized only when a hedge fund is connected to its
prime broker.

Average Hedge Fund AUM in $ millions

Prime Broker N Mean Std Dev Min. 25 Perc. Median 75 Perc. Max.

ABN AMRO 103 140.66 339.47 0.18 9.94 36.12 171.50 3110.21
BNP Paribas 91 94.38 175.94 0.02 4.46 19.02 74.38 776.81
Bank of America 178 99.64 279.13 0.29 12.11 28.82 63.84 2670.15
Bank of America Merrill Lynch 185 141.36 329.99 0.02 9.46 29.86 111.67 2255.59
Barclays 135 448.25 740.06 0.15 25.96 245.47 519.09 6793.43
Bear Stearns 456 226.11 591.02 0.14 16.94 53.25 162.84 5810.18
Citigroup 253 210.51 382.96 0.14 18.77 59.70 205.67 2419.99
Credit Agricole 57 163.72 275.11 0.15 7.01 70.51 215.32 1713.78
Credit Suisse 269 287.02 679.07 0.01 19.14 70.59 234.73 7884.84
Credit Suisse First Boston 67 150.32 278.13 1.41 15.66 40.25 126.15 1594.86
Deutsche Bank 252 148.13 295.55 0.00 11.31 53.24 136.87 2419.99
E.D. & F. Man 45 63.23 207.22 0.01 4.17 10.48 42.26 1371.42
Fortis 37 370.72 747.78 1.19 15.79 57.44 244.52 3431.71
Goldman Sachs 894 201.39 500.65 0.01 16.03 58.98 184.90 7884.84
HSBC 109 108.30 236.31 0.01 2.94 31.69 86.65 1959.28
J.P. Morgan 341 256.23 641.23 0.06 13.11 55.15 181.38 5698.35
Lehman Brothers 89 284.04 792.02 0.19 13.04 39.04 178.22 4451.57
Man Group 89 189.53 479.26 0.14 11.65 34.19 122.71 2809.70
Merrill Lynch 122 242.05 612.00 0.10 13.17 64.11 187.83 4342.00
Morgan Stanley 901 181.36 391.60 0.00 15.35 54.32 176.60 5133.32
Paine Webber 11 80.04 237.26 0.62 3.80 4.37 15.04 794.98
SEB 37 157.74 324.55 0.18 4.38 22.66 100.85 1355.64
Societe Generale 206 93.20 229.60 0.00 3.12 15.02 64.20 2352.83
UBS 428 152.81 505.51 0.00 10.04 32.61 137.91 8429.87

Other 1,492 96.44 363.56 0.00 3.93 15.34 57.12 6728.00
No Prime Broker 10,021 89.99 310.44 0.00 5.75 21.66 72.02 18227.94
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Table 6. Summary Statistics For Main Tests
This table presents descriptive statistics for the sample of 2,774 funds used in the main tests.
Variables are reported at the fund-month level. Flows(t, j) are the fund flows from time t to
time j. Return(t, j) is the return of the fund from time t to time j. Sharpe(t, j) is the Sharpe
ratio of returns from time t to time j. DeltaMS(t, j) is the change in market share in basis
points for the fund, measured from time t to time j. ln(AUM) is the natural logarithm
of assets under management. ln(Age) is the natural logarithm of fund age in months.
TASSRetRank is the fund’s percentile performance rank, measured using past 12-month
returns, relative to all funds in TASS. PBRetRank is the fund’s percentile performance
rank, measured using past 12-month returns, relative to peer funds that share the same
prime broker. TASSFlowRank is the fund’s percentile fund flow rank, measured using past
12-month fund flows, relative to all funds in TASS. PBFlowRank is the fund’s percentile
fund flow rank, measured using past 12-month fund flows, relative to peer funds that share
the same prime broker.

Variable N Mean SD Min p25 p50 p75 Max
Flows(0,12) 86,046 0.08 1.08 -0.96 -0.28 -0.06 0.12 12.95
Return(0,12) 93,451 0.04 0.20 -0.77 -0.03 0.05 0.13 0.78
DeltaMS(0,12) 86,219 0.43 2.06 -4.72 -0.10 0.02 0.37 10.75
ln(AUM) 93,451 17.57 1.98 0.00 16.45 17.72 18.89 23.16
ln(Age) 93,451 4.29 0.61 1.61 3.89 4.32 4.73 6.05
Flows(-12,0) 93,451 0.25 1.46 -0.96 -0.23 -0.03 0.23 13.04
DeltaMS(-12,0) 93,451 0.52 2.10 -4.92 -0.08 0.04 0.48 11.14
Sharpe(-12,0) 93,451 0.22 0.51 -0.78 -0.09 0.18 0.46 5.88
TASSRetRank 93,451 0.50 0.31 0.00 0.21 0.51 0.78 1.00
PBRetRank 93,451 0.52 0.29 0.00 0.27 0.53 0.78 1.00
TASSFlowRank 93,451 0.50 0.28 0.00 0.25 0.50 0.74 1.00
PBFlowRank 93,451 0.53 0.29 0.00 0.29 0.54 0.78 1.00
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Table 7. Future Fund Flows Regressed on Within-Prime Broker Performance
Rank
This table tests whether within-prime broker performance rank is related to future fund
flows. I estimate the following fixed-effects regression: Flowsi,t,t+12 = β1PBRetRanki,t +
β

′
2Xi,t + ai + at + ap + as × at + uitps. Flowsi,t,t+12 is the percentage fund flow of fund i

from time t to t + 12. PBRetRanki,t is fund i’s percentile performance rank at time t,
measured using past 12-month returns, relative to peer funds that share the same prime
broker. Xi,t are fund level controls, including the logarithm of assets under management,
the logarithm of fund age in months, past fund flows, and past Sharpe ratio. Also included
is TASSRetRanki,t, fund i’s percentile performance rank, measured using past 12-month
returns, relative to all funds in TASS. ai, at, ap, and as are fund, time, prime broker, and
style fixed effects respectively. I cluster standard errors at the fund, time, style, and prime
broker levels.

Flows(0,12) Flows(0,12)

ln(AUM) -0.5540∗∗∗ -0.5542∗∗∗

(-12.23) (-12.26)

ln(Age) -0.5343∗∗∗ -0.5367∗∗∗

(-5.57) (-5.60)

Flows(-12,0) -0.0781∗∗∗ -0.0781∗∗∗

(-3.60) (-3.60)

Sharpe(-12,0) 0.1096∗ 0.1082∗

(2.08) (2.06)

TASSRetRank 0.3496∗∗∗ 0.2248∗∗

(5.06) (2.36)

PBRetRank 0.1388∗∗

(2.50)

Observations 86,004 86,004
R2 0.463 0.463
Adjusted R2 0.431 0.431
FE Yes Yes
Cluster Yes Yes

t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 8. Future Fund Flows Regressed on Within-Prime Broker Performance
Rank, Bins (9)
This table analyzes the shape for the flow-peer rank relationship. I estimate the following
fixed-effects regression: Flowsi,t,t+12 = β

′
1PBRetBini,t+β

′
2Xi,t+ai+at+ap+as×at+uitps.

Flowsi,t,t+12 is the percentage fund flow of fund i from time t to t+ 12. PBRetBini,t is the
vector of indicator variables for fund i’s binned performance rank, measured using past
12-month returns, relative to peer funds that share the same prime broker. Xi,t are fund
level controls, including the logarithm of assets under management, the logarithm of fund
age in months, past fund flows, and past Sharpe ratio. Also included is TASSRetBini,t,
indicator variables for fund i’s binned performance rank, measured using past 12-month
returns, relative to all funds in TASS. ai, at, ap, and as are fund, time, prime broker, and
style fixed effects respectively. I cluster standard errors at the fund, time, style, and prime
broker levels. Rank is divided into 9 bins, and normalized at bin 5.

Flows(0,12) Flows(0,12)

ln(AUM) -0.5537∗∗∗ (-12.26) -0.5540∗∗∗ (-11.73)
ln(Age) -0.5351∗∗∗ (-5.62) -0.5399∗∗∗ (-5.67)
Flows(-12,0) -0.0785∗∗∗ (-3.56) -0.0787∗∗∗ (-3.48)
Sharpe(-12,0) 0.1152∗∗ (2.26) 0.1097∗ (2.16)
TASSRetBin1 -0.1581∗∗∗ (-3.45) -0.1450∗∗∗ (-3.42)
TASSRetBin2 -0.1284∗∗ (-2.72) -0.1222∗∗ (-2.66)
TASSRetBin3 -0.1088∗∗ (-2.23) -0.1051∗∗ (-2.21)
TASSRetBin4 -0.0813∗ (-1.84) -0.0766 (-1.76)
TASSRetBin6 -0.0106 (-0.39) -0.0248 (-0.92)
TASSRetBin7 0.0498 (1.20) 0.0064 (0.15)
TASSRetBin8 0.0776∗∗ (2.39) 0.0014 (0.03)
TASSRetBin9 0.1626∗∗∗ (4.42) 0.0428 (0.63)
PBRetBin1 0.0028 (0.09)
PBRetBin2 0.0112 (0.48)
PBRetBin3 0.0171 (0.86)
PBRetBin4 0.0176 (0.72)
PBRetBin6 0.0245 (1.17)
PBRetBin7 0.0698∗∗ (2.71)
PBRetBin8 0.1021∗∗∗ (3.36)
PBRetBin9 0.1543∗∗∗ (3.08)

Observations 86,004 86,004
R2 0.463 0.464
Adjusted R2 0.431 0.431
FE Yes Yes
Cluster Yes Yes

t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 9. The Flow-Performance and Performance-Flow Relationships, By Fund
Size
This table breaks down the flow-performance relationship, and the performance-flow rela-
tionship by fund size. The flow-performance relationship is estimated as: Flowsi,t,t+12 =
β1PBRetRanki,t + β

′
2Xi,t + ai + at + ap + as× at + uitps. The performance-flow relationship

is estimated as: Returni,t,t+12 = β1PBFlowRanki,t + β
′
2Yi,t + ai + at + ap + as × at + uitps.

Flowsi,t,t+12 is the percentage fund flow of fund i from time t to t + 12. Returni,t,t+12 is
the return of fund i from time t to t+ 12. PBRetRanki,t is fund i’s percentile performance
rank at time t, measured using past 12-month returns, relative to peer funds that share
the same prime broker. PBFlowRanki,t is fund i’s percentile fund flow rank at time t,
measured using past 12-month fund flows, relative to peer funds that share the same prime
broker. Xi,t are fund level controls, including the logarithm of assets under management,
the logarithm of fund age in months, past fund flows, and past Sharpe ratio. Also included
is TASSRetRanki,t, fund i’s percentile performance rank, measured using past 12-month
returns, relative to all funds in TASS. Yi,t are fund level controls, including the logarithm
of assets under management, the logarithm of fund age in months, and past Sharpe ratio.
Also included is TASSFlowRanki,t, fund i’s percentile fund flow rank, measured using past
12-month fund flows, relative to all funds in TASS. ai, at, ap, and as are fund, time, prime
broker, and style fixed effects respectively. I cluster standard errors at the fund, time, style,
and prime broker levels.

Flows(0,12) Flows(0,12) Return(0,12) Return(0,12)
Subset of Funds Variable

All Funds Small TASSRetRank 0.5795∗∗∗

(9.31)
TASSFlowRank 0.0311∗∗∗

(3.04)

All Funds Large TASSRetRank 0.4665∗∗∗

(16.52)
TASSFlowRank 0.0349∗∗∗

(3.43)

Funds w/ PB Small TASSRetRank 0.2822∗∗∗ 0.1294
(3.05) (1.13)

PBRetRank 0.1706∗∗

(2.84)
TASSFlowRank 0.0335∗ 0.0948∗

(2.03) (2.10)
PBFlowRank -0.0612

(-1.52)

Funds w/ PB Large TASSRetRank 0.3490∗∗∗ 0.2790∗∗

(6.44) (2.76)
PBRetRank 0.0778

(1.12)
TASSFlowRank 0.0528∗∗∗ 0.0908∗∗∗

(7.01) (6.23)
PBFlowRank -0.0381∗∗∗

(-3.58)

t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 10. Future Returns Regressed on Within-Prime Broker Fund Flow Rank
This table tests whether within-prime broker fund flow rank is related to future returns. I
estimate the following fixed-effects regression: Returni,t,t+12 = β1PBFlowRanki,t +β

′
2Xi,t +

ai + at + ap + as × at + uitps. Returni,t,t+12 is the return of fund i from time t to t + 12.
PBFlowRanki,t is fund i’s percentile fund flow rank at time t, measured using past 12-
month fund flows, relative to peer funds that share the same prime broker. Xi,t are fund
level controls, including the logarithm of assets under management, the logarithm of fund age
in months, and past Sharpe ratio. Also included is TASSFlowRanki,t, fund i’s percentile
fund flow rank, measured using past 12-month fund flows, relative to all funds in TASS. ai,
at, ap, and as are fund, time, prime broker, and style fixed effects respectively. I cluster
standard errors at the fund, time, style, and prime broker levels.

Return(0,12) Return(0,12)

ln(AUM) -0.0441∗∗∗ -0.0438∗∗∗

(-4.71) (-4.72)

ln(Age) 0.0061 0.0077
(0.29) (0.36)

Sharpe(-12,0) -0.0513∗∗∗ -0.0513∗∗∗

(-4.37) (-4.34)

TASSFlowRank 0.0301∗∗∗ 0.1025∗∗∗

(3.26) (3.52)

PBFlowRank -0.0726∗∗∗

(-3.19)

Observations 93,451 93,451
R2 0.492 0.493
Adjusted R2 0.463 0.464
FE Yes Yes
Cluster Yes Yes

t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 11. Future Returns Regressed on Within-Prime Broker Fund Flow Rank,
Bins (9)
This table analyzes the shape for the performance-peer fund flow rank relationship. I es-
timate the following fixed-effects regression: Returni,t,t+12 = β

′
1PBFlowBini,t + β

′
2Xi,t +

ai + at + ap + as × at + uitps. Returni,t,t+12 is the return of fund i from time t to t + 12.
PBFlowBini,t is the vector of indicator variables for fund i’s binned fund flow rank, mea-
sured using past 12-month fund flow, relative to peer funds that share the same prime broker.
Xi,t are fund level controls, including the logarithm of assets under management, the log-
arithm of fund age in months, and past Sharpe ratio. Also included is TASSFlowBini,t,
indicator variables for fund i’s binned fund flow rank, measured using past 12-month fund
flows, relative to all funds in TASS. ai, at, ap, and as are fund, time, prime broker, and style
fixed effects respectively. I cluster standard errors at the fund, time, style, and prime broker
levels. Rank is divided into 9 bins, and normalized at bin 5.

Return(0,12) Return(0,12)

ln(AUM) -0.0446∗∗∗ (-4.90) -0.0446∗∗∗ (-4.92)
ln(Age) 0.0035 (0.18) 0.0045 (0.22)
Sharpe(-12,0) -0.0512∗∗∗ (-4.45) -0.0511∗∗∗ (-4.38)
TASSFlowBin1 -0.0289∗∗∗ (-4.11) -0.0384∗∗ (-2.66)
TASSFlowBin2 -0.0083 (-1.08) -0.0168 (-1.32)
TASSFlowBin3 -0.0036 (-0.57) -0.0091 (-0.98)
TASSFlowBin4 0.0013 (0.34) -0.0016 (-0.30)
TASSFlowBin6 0.0009 (0.33) 0.0094∗∗ (2.21)
TASSFlowBin7 0.0014 (0.48) 0.0169∗∗∗ (3.75)
TASSFlowBin8 0.0005 (0.10) 0.0220∗∗∗ (3.42)
TASSFlowBin9 0.0108 (1.10) 0.0369∗∗ (2.64)
PBFlowBin1 0.0043 (0.37)
PBFlowBin2 0.0062 (0.75)
PBFlowBin3 0.0010 (0.16)
PBFlowBin4 -0.0001 (-0.03)
PBFlowBin6 -0.0086 (-1.70)
PBFlowBin7 -0.0219∗∗∗ (-3.90)
PBFlowBin8 -0.0241∗∗∗ (-4.32)
PBFlowBin9 -0.0305∗∗∗ (-5.12)

Observations 99,435 99,435
R2 0.486 0.486
Adjusted R2 0.458 0.458
FE Yes Yes
Cluster Yes Yes

t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 12. Characteristics of Funds by Within-Prime Broker Flow Rank
This table describes certain charactersitics of hedge funds by their within-prime broker flow
rank. Data comes from snapshots of the Lipper TASS database. Panel A reports the distri-
bution of funds by style into the high- middle- and low-terciles of within-prime broker flow
rank. By style, the table reports what percentage of funds lie in each tercile. Panel B reports
the distribution of management companies (hedge fund parents) by within-prime broker flow
rank. The table reports the average size distribution by tercile, using the percentile rank of
AUM and raw AUM.

Panel A: Style Distribution of Within-Prime Broker Flow Rank

Style Total Low Med High

Convertible Arbitrage 3,053 37.70 34.43 27.87
Dedicated Short Bias 448 28.79 26.34 44.87
Emerging Markets 7,236 24.49 35.57 39.94
Equity Market Neutral 5,647 28.26 33.27 38.46
Event Driven 7,653 29.23 31.71 39.06
Fixed Income Arbitrage 3,024 31.51 31.68 36.81
Fund of Funds 12,352 33.82 36.09 30.09
Global Macro 3,654 27.61 26.74 45.65
Long/Short Equity Hedge 35,063 29.03 33.91 37.06
Managed Futures 8,069 29.30 36.84 33.86
Multi-Strategy 4,351 30.91 30.94 38.15
Options Strategy 227 34.80 42.73 22.47
Other 2,674 25.95 25.02 49.03

Panel B: Management Company Size Distribution of Within-Prime Broker Flow Rank

HF Parent AUM Low Med High

Mean Percentile Rank 0.56 0.57 0.63
Mean AUM ($M) 474.32 542.52 668.76
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Table 13. The Future Performance-Past Flow Relation, by Style and Parent
This table breaks down the performance-flow relationship by style and parent. The first test
interacts PBFlowRank with an indicator variable for fund-of-funds. The second test inter-
acts PBFlowRank with an indicator variable for whether the fund belongs to a large parent
company, as defined as being in the top tercile of AUM. The performance-flow relationship
is estimated as: Returni,t,t+12 = β1PBFlowRanki,t + β

′
2Xi,t + ai + at + ap + as × at + uitps.

Returni,t,t+12 is the return of fund i from time t to t + 12. PBFlowRanki,t is fund i’s per-
centile fund flow rank at time t, measured using past 12-month fund flows, relative to peer
funds that share the same prime broker. Xi,t are fund level controls, including the logarithm
of assets under management, the logarithm of fund age in months, and past Sharpe ratio.
Also included is TASSFlowRanki,t, fund i’s percentile fund flow rank, measured using past
12-month fund flows, relative to all funds in TASS. ai, at, ap, and as are fund, time, prime
broker, and style fixed effects respectively. I cluster standard errors at the fund, time, style,
and prime broker levels.

Return(0,12) Return(0,12)

ln(AUM) -0.0438∗∗∗ -0.0438∗∗∗

(-4.68) (-4.75)

ln(Age) 0.0072 0.0084
(0.33) (0.39)

Sharpe(-12,0) -0.0510∗∗∗ -0.0512∗∗∗

(-4.30) (-4.32)

TASSFlowRank 0.1062∗∗∗ 0.1031∗∗∗

(3.73) (3.47)

PBFlowRank -0.0799∗∗∗ -0.0585∗

(-3.40) (-2.09)

PBFlowRank×FundofFunds 0.0319∗∗

(2.33)

LargeParent 0.0164
(1.73)

PBFlowRank×LargeParent -0.0316∗

(-1.87)

Observations 93,451 93451
R2 0.493 0.493
Adjusted R2 0.464 0.464
FE Yes Yes
Cluster Yes Yes

t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 14. The Future Performance-Past Flow Relation, Pre- and Post-Madoff
Scandal
This table breaks down the performance-flow relationship by time period. The first time
period is 2000-2008, and the second is 2009-2016. The performance-flow relationship is
estimated as: Returni,t,t+12 = β1PBFlowRanki,t + β

′
2Xi,t + ai + at + ap + as × at + uitps.

Returni,t,t+12 is the return of fund i from time t to t + 12. PBFlowRanki,t is fund i’s
percentile fund flow rank at time t, measured using past 12-month fund flows, relative to peer
funds that share the same prime broker. Xi,t are fund level controls, including the logarithm
of assets under management, the logarithm of fund age in months, and past Sharpe ratio.
Also included is TASSFlowRanki,t, fund i’s percentile fund flow rank, measured using past
12-month fund flows, relative to all funds in TASS. ai, at, ap, and as are fund, time, prime
broker, and style fixed effects respectively. I cluster standard errors at the fund, time, style,
and prime broker levels.

Return(0,12) Return(0,12)

2000-2008 TASSFlowRank 0.0256 0.0311
(1.36) (0.62)

PBFlowRank -0.0054
(-0.16)

2009-2016 TASSFlowRank 0.0248 0.0930∗∗

(1.45) (2.38)

PBFlowRank -0.0692∗

(-1.91)

t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 15. Flow-Performance Rank Relationship, Double Sorted on TASS Rank
and Peer Group Rank
This table tests whether prime brokers help hedge funds attract funding. I estimate the
following fixed-effects regression: Flowsi,t,t+12 = β

′
DoubleSorti,t + γ

′
Xi,t + ai + at + ap +

as × at + uitps. Flowsi,t,t+12 are the percentage fund flows of fund i from time t to t + 12.
DoubleSorti,t is a vector of 49 indicator variables representing different levels of TASSrank
and PBrank. Specifically, I rank funds into 7 bins based on TASSrank, and rank funds
into 7 bins based on PBrank. I then form 49 bins by taking the intersection of the TASS
rank sort and the peer group rank sort. Both rank variables are calculated using raw returns
over the past twelve months. Xi,t are fund level controls, including the logarithm of assets
under management, the logarithm of fund age in months, past fund flows, and past Sharpe
ratio. ai, at, ap, and as are fund, time, prime broker, and style fixed effects respectively. I
cluster standard errors at the fund, time, style, and prime broker levels.

Panel A: Control Variables

Flows(0,12)

ln(AUM) -0.5544∗∗∗

(-10.94)

ln(Age) -0.5378∗∗∗

(-5.40)

Flows(-12,0) -0.0784∗∗∗

(-3.11)

Sharpe(-12,0) 0.1143∗∗

(2.09)

Observations 86,004
R2 0.464
Adjusted R2 0.432
FE Yes
Cluster Yes

t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Panel B: Double Sort on TASSrank and PBrank

PBrank1 PBrank2 PBrank3 PBrank4 PBrank5 PBrank6 PBrank7

TASSrank1 -0.1225∗∗ -0.1315∗∗ -0.1474∗∗ -0.0443 -0.0916 -0.0267 0.3438∗∗∗

(-2.54) (-2.64) (-2.29) (-0.72) (-1.20) (-0.33) (4.23)

TASSrank2 -0.0895 -0.1021∗ -0.0774∗ -0.0999 -0.0281 0.0281 0.1776∗

(-1.52) (-1.98) (-1.86) (-1.64) (-0.37) (0.46) (2.03)

TASSrank3 -0.1114 -0.0306 -0.0562∗ -0.0684 -0.0334 -0.1660∗∗ -0.2077∗

(-1.14) (-0.56) (-1.97) (-1.05) (-0.55) (-2.39) (-1.86)

TASSrank4 0.0604 -0.0624 0.0137 - 0.0243 0.1516∗∗ 0.5541∗∗∗

(0.56) (-1.65) (0.33) - (0.69) (2.75) (5.68)

TASSrank5 0.1826∗ -0.0707 0.0150 .0256 0.0505 0.0588 0.1759∗∗∗

(2.10) (-0.46) (0.26) (0.76) (1.73) (0.97) (3.34)

TASSrank6 0.0000 -0.1192 -0.0973 0.0419 0.0278 0.1045∗∗ 0.1343∗∗∗

(0.00) (-1.46) (-1.11) (0.78) (0.72) (2.62) (3.70)

TASSrank7 0.0000 0.0000 -0.1211 -0.0984 0.0658 0.1405∗∗ 0.1867∗∗∗

(0.00) (0.00) (-0.82) (-1.36) (0.97) (2.60) (5.84)

t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 16. Return-Flow Rank Relationship, Double Sorted on TASS Rank and
Peer Group Rank
This table tests whether the future performance of a hedge fund is impacted by its within-
prime broker rank. I estimate the following fixed-effects regression: Returni,t,t+12 =
β

′
DoubleSorti,t + γ

′
Xi,t + ai + at + ap + as × at + uitps. Returni,t,t+12 is the total raw

return of fund i from time t to t + 12. DoubleSorti,t is a vector of 49 indicator variables
representing different levels of TASSrank and PBrank. Specifically, I rank funds into 7
bins based on TASSrank, and rank funds into 7 bins based on PBrank. I then form 49
bins by taking the intersection of the TASS rank sort and the peer group rank sort. Both
rank variables are calculated using fund flows over the past twelve months. Xi,t are fund
level controls, including the logarithm of assets under management, the logarithm of fund
age in months, past fund flows, and past Sharpe ratio. ai, at, ap, and as are fund, time,
prime broker, and style fixed effects respectively. I cluster standard errors at the fund, time,
style, and prime broker levels.

Panel A: Control Variables

Return(0,12)

ln(AUM) -0.0443∗∗∗

(-4.67)

ln(Age) 0.0042
(0.20)

Sharpe(-12,0) -0.0504∗∗∗

(-3.69)

Observations 99,435
R2 0.487
Adjusted R2 0.459
FE Yes
Cluster Yes

t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Panel B: Double Sort on TASSrank and PBrank

PBrank1 PBrank2 PBrank3 PBrank4 PBrank5 PBrank6 PBrank7

TASSrank1 -0.0337∗∗∗ -0.0182∗ -0.0214 -0.0123 -0.1192∗∗ -0.6616∗∗∗ 0.0000
(-3.84) (-1.85) (-1.35) (-0.26) (-2.23) (-41.27) (0.00)

TASSrank2 0.0042 -0.0150 -0.0087 -0.0028 0.0060 0.0070 0.0585
(0.46) (-1.71) (-0.69) (-0.20) (0.32) (0.11) (1.66)

TASSrank3 0.0520∗∗ 0.0045 -0.0085 -0.0023 -0.0100 -0.0054 0.0170
(2.35) (0.60) (-1.64) (-0.31) (-0.98) (-0.45) (0.46)

TASSrank4 -0.0282 0.0168 0.0037 - -0.0147∗∗ -0.0283∗∗ -0.0314
(-1.66) (1.25) (0.46) - (-2.18) (-3.03) (-1.63)

TASSrank5 -0.0704∗∗ -0.0019 0.0134 0.0079 -0.0049 -0.0077 -0.0103
(-2.41) (-0.21) (1.27) (0.87) (-0.79) (-1.57) (-0.68)

TASSrank6 0.0000 -0.0118 0.0018 0.0118 0.0076 -0.0054 -0.0074
(0.00) (-0.61) (0.07) (0.63) (0.70) (-0.91) (-0.98)

TASSrank7 0.0000 0.0000 0.000 0.2311∗∗∗ 0.1283 0.0175 0.0028
(0.00) (0.00) (0.00) (3.57) (1.69) (1.26) (0.28)

t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 17. Aggregate Flows Regressed on Total AUM-based Measures
At each month funds are sorted into 20 bins based on past 12-month return performance. Ag-
gregate flows over the next 12 months are divided by current total AUM, and then regressed
on the following model: Flowt,t+12/TAUMt = α + β1

∑
i aumi,t × bini,t + β2

∑
i aumi,t ×

bin2
i,t + β3I × COV (aumi,t, bini,t) + β4I × COV (aumi,t, bin

2
i,t), where Flowt,t+12 is the total

aggregate dollar flows of funds in TASS alive at time t over the next 12 months. TAUMt is
the total AUM of funds in TASS at time t. aumi,t is fund i’s AUM as a percentage of the
total AUM of all funds. bini,t is the rank of fund i at time t based on past 12-month returns.
I is the total number of hedge funds alive (at time t). The market return MKT is measured
over the contemporaneous 12-month period with flows, and is in fractional values. Standard
errors are reported in parentheses. Asterisks indicate significance levels: ∗ = 10%, ∗∗ = 5%,
∗∗∗ = 1%

Agg.F lows Agg.F lows Agg.F lows Agg.F lows Agg.F lows

constant 0.03** -0.01 -0.19 -0.05* -0.15***
(0.01) (0.22) (0.39) (0.03) (0.03)∑

(aum× bin) 0.00 0.05
(0.02) (0.09)∑

(aum× bin2) -0.00
(0.00)

I × COV (aum, bin) 0.05** 0.57***
(0.02) (0.07)

I × COV (aum, bin2) -0.02***
(0.00)

MKT 0.21*** 0.21*** 0.23*** 0.23***
(0.05) (0.05) (0.05) (0.05)

lag MKT -0.03 -0.03 -0.03 0.04
(0.05) (0.05) (0.05) (0.04)

lag Agg.F lows 0.52*** 0.61*** 0.62*** 0.68*** 0.46***
(0.07) (0.08) (0.08) (0.07) (0.07)

N 179 176 176 176 176
R2 0.26 0.31 0.31 0.33 0.53
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Table 18. Changes in Market Share Regressed on Ex-Ante Performance Proxy
This table tests whether peer group performance rank is related to changes in market share.
I estimate the following fixed-effects regression: DeltaMSi,t,t+12 = β

′
1PBRetRanki,t +

β
′
2Xi,t + ai + at + ap + as × at + uitps. DeltaMSi,t,t+12 is the change in market share of

fund i from time t to t + 12, measured in basis points. PBRetRanki,t is fund i’s percentile
performance rank at time t, measured using past 12-month returns, relative to peer funds
that share the same prime broker. Xi,t are fund level controls, including the logarithm of
assets under management, the logarithm of fund age in months, past fund flows, and past
Sharpe ratio. Also included is TASSRetRanki,t, fund i’s percentile performance rank, mea-
sured using past 12-month returns, relative to all funds in TASS. ai, at, ap, and as are fund,
time, prime broker, and style fixed effects respectively. I cluster standard errors at the fund,
time, style, and prime broker levels. Rank is divided into 9 bins, and normalized at bin 5.

DeltaMS(0,12) DeltaMS(0,12)

ln(AUM) -0.3122∗∗∗ -0.3128∗∗∗

(-5.48) (-5.50)

ln(Age) -0.2150 -0.2226
(-1.14) (-1.18)

Flows(-12,0) 0.0602∗∗∗ 0.0603∗∗∗

(4.63) (4.65)

Sharpe(-12,0) 0.3246∗∗∗ 0.3204∗∗∗

(3.91) (3.93)

TASSRetRank 0.4526∗∗∗ 0.0752
(3.19) (0.52)

PBRetRank 0.4202∗∗

(2.26)

Observations 86,567 86,567
R2 0.549 0.549
Adjusted R2 0.522 0.522
FE Yes Yes
Cluster Yes Yes

t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 19. Future Fund Flows Regressed on Within-Prime Broker Performance
Rank, Controlling for Style Rank
This table tests whether within-prime broker performance rank is related to future fund
flows, and controls for within-style rank. I estimate the following fixed-effects regression:
Flowsi,t,t+12 = β1PBRetRanki,t + β

′
2Xi,t + ai + at + ap + as × at + uitps. Flowsi,t,t+12 is the

percentage fund flow of fund i from time t to t + 12. PBRetRanki,t is fund i’s percentile
performance rank at time t, measured using past 12-month returns, relative to peer funds
that share the same prime broker. Xi,t are fund level controls, including the logarithm
of assets under management, the logarithm of fund age in months, past fund flows, and
past Sharpe ratio. Also included is StyleRetRanki,t, fund i’s percentile performance rank,
measured using past 12-month returns, relative to all funds in it’s style. ai, at, ap, and as
are fund, time, prime broker, and style fixed effects respectively. I cluster standard errors at
the fund, time, style, and prime broker levels.

Flows(0,12) Flows(0,12)

ln(AUM) -0.5550∗∗∗ -0.5548∗∗∗

(-12.26) (-12.26)

ln(Age) -0.5365∗∗∗ -0.5387∗∗∗

(-5.55) (-5.63)

Flows(-12,0) -0.0780∗∗∗ -0.0780∗∗∗

(-3.62) (-3.61)

Sharpe(-12,0) 0.1171∗ 0.1133∗

(2.17) (2.12)

StyleRetRank 0.3352∗∗∗ 0.1671∗∗

(6.51) (2.99)

PBRetRank 0.1913∗∗∗

(3.11)

Observations 86,004 86,004
R2 0.463 0.463
Adjusted R2 0.430 0.431
FE Yes Yes
Cluster Yes Yes

t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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