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ABSTRACT

This paper examines how market frictions influence the managerial incentives
and organizational structure of new hedge funds. We develop a stylized model in
which new managers search for accredited investors and have stronger incentives
to acquire managerial skill when encountering low investor demand. Fund families
endogenously arise to mitigate frictions and weaken the performance incentives
of affiliated new funds. Empirically, based on a TASS-HFR-BarclayHedge merged
database, we find that ex ante identified cold inceptions facing low investor demand
outperform existing hedge funds and hot inceptions facing high demand and that cold
stand-alone inceptions outperform all types of family-affiliated inceptions.

THE HEDGE FUND INDUSTRY HAS EXPERIENCED dramatic growth over the
last few decades. For example, worth less than $100 billion prior to the
1990s, it ballooned to $3 trillion in assets under management (AUM) by
2019. Although capital flows to both existing and new funds are important
in explaining the rapid growth of the hedge fund industry, the literature has
focused primarily on the former. The pioneering work of Aggarwal and Jorion
(2010) on hedge fund inceptions presents evidence of outperformance during
the first two or three years of existence. They also find strong evidence that
early performance by individual hedge funds is persistent. Since a competitive,
frictionless market allows capital to flow freely across fund types and receive
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comparable risk-adjusted returns (see Berk and Green (2004), Berk and van
Binsbergen (2015, 2017)), these findings raise important questions: do market
frictions hinder the flow of capital in the hedge fund industry and, if so, do
these frictions shape the managerial incentives and organizational structures
of the hedge fund industry.

In this paper, we address these questions by analyzing one of the most im-
portant types of market frictions faced by new hedge fund managers, namely,
the need to search for accredited investors. Prior work shows that search fric-
tions are important for mutual funds (see Sirri and Tufano (1998), Choi, Laib-
son, and Madrian (2010) for empirical evidence and Hortaçsu and Syverson
(2004), Gârleanu and Pedersen (2018) for theoretical treatments). Because
hedge funds face many marketing restrictions, search frictions may play an
even more important role for these funds. However, the burden of search for
hedge funds differs from that of mutual funds: instead of investors using pub-
lic information to search, as discussed in mutual fund studies, new hedge fund
managers often must find accredited investors and persuade them to invest.

We develop a stylized model in which we incorporate into the model of Berk
and Green (2004) the need for a new manager to raise capital. In the spirit of
Rubinstein and Wolinsky (1985) and Duffie, Gârleanu, and Pedersen (2005,
2007), we model fund-raising as a two-step search-and-bargaining process.
This framework delivers several novel predictions and sheds light on the crit-
ical role played by search frictions in the hedge fund industry. The need to
search for investors not only influences managerial incentives of new funds
but also drives the formation of fund families.

To see how search frictions influence managerial incentives, we note that
the total capital raised is determined by two margins: the extensive margin,
which refers to the investors and initial capital that the manager identifies
via search, and the intensive margin, the fraction of capital that the manager
retains after bargaining with the investors. While the extensive margin is re-
lated primarily to investor demand, the intensive margin can be influenced by
the merit of the fund: by investing in costly credible skills necessary to deliver
superior (expected) performance, the manager can persuade a larger fraction
of matched investors to contribute.

Importantly, the two margins act as substitutes, which impacts managerial
incentives. A high extensive margin reduces a manager’s incentive to use su-
perior performance to persuade investors in the bargaining step. A novel and
testable implication arises. If we refer to new funds launched using a “hot”
strategy (i.e., a hedge fund strategy that is popular among investors at the
time) as hot inceptions and those launched using a “cold” strategy (an unpopu-
lar strategy) as cold inceptions, our model predicts that cold inceptions should
outperform hot inceptions.

Search frictions also provide an economic rationale for a key organizational
feature of the industry: hedge fund families. Two types of family-affiliated in-
ceptions arise in our model. First, family structures emerge to allow affiliated
new funds to benefit from existing funds’ investor pool. These investors may
invest in the new fund or may introduce other accredited investors to the fund.
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The latter networking effect reduces new funds’ search costs and is consistent
with the effects of social networks (e.g., Jackson and Rogers (2007)). However,
the search advantage provided by family structures reduces the performance
incentive of affiliated new managers. Our model therefore predicts that family-
affiliated inceptions deliver poorer performance than stand-alone inceptions.

The second channel giving rise to family-affiliated inceptions is diseconomies
of scale, a widely observed feature of hedge funds. In our model, search frictions
amplify diseconomies of scale. Thus, when investor demand for existing funds
experiences a positive shock, fund families have incentives to launch clone in-
ceptions that closely mimic existing funds to absorb the excess demand. Clone
inceptions are de facto hot and unlikely to contribute new skills and deliver
superior performance.

We test these model predictions using a comprehensive sample of hedge
funds that we obtain by merging three leading commercial hedge fund
databases—Lipper TASS, HFR, and BarclayHedge—over the period 1994 to
2016. Specifically, we conduct three tests to investigate the performance differ-
ence between cold and hot inceptions.

First, we exploit variation in the popularity of hedge fund strategies among
investors. Since investors chase past performance, we use recent strategy re-
turns and flows to capture strategy popularity. Empirically, we find that cold
inceptions deliver better performance than both existing funds and hot incep-
tions. Over the 60-month holding period after initial inception, cold inceptions
outperform hot inceptions by 0.24% per month (or 3% annually) on a risk-
adjusted basis.

Second, we explore the role of hedge fund families. We find that stand-alone
inceptions outperform family-affiliated inceptions by 0.23% per month (or 2.8%
per year) on a risk-adjusted basis. For family-affiliated nonclone funds, cold
inceptions outperform hot ones by 4.3% annually. In contrast, we do not find a
performance difference between cold and hot clone inceptions.

The above results suggest that an empirical strategy combining cold stand-
alone and hot clone inceptions will have the most power to identify the effects of
extensive-margin advantages because this strategy incorporates the influences
of both strategy demand and family structure. The performance gap between
cold stand-alone inceptions and hot clone inceptions is as high as 0.55% per
month (or 6.8% annually), which is statistically and economically significant.
Due to its appealing economic interpretation, we adopt this empirical strategy
in several tests below. The results provide strong support to the prediction
that superior-performing new hedge funds can be identified ex ante based on
an understanding of the effects of investor demand and family structures.

Since our model applies best to new fund managers (experienced managers
may have access to more investors), we also conduct a test focusing on the
inceptions of new managers. To do so, we exclude inceptions run by managers
who have previously managed other funds. The results using this sample are
similar to those of our main tests but have larger economic magnitudes.

We next examine the economic source of cold inceptions’ outperformance. In
our model, superior performance is driven by investment in managerial skills.
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However, a leading concern about hedge fund performance is that greater
exposure to illiquidity or deliberate return-smoothing may allow some funds
to inflate performance (e.g., Getmansky, Lo, and Makarov (2004)). We conduct
a battery of tests to investigate the source of the performance difference be-
tween cold and hot inceptions and the extent to which it reflects genuine skill.

We first examine the security-selection and market-timing skills (e.g.,
Treynor and Mazuy (1966)) of cold and hot inceptions. We find that managers
of cold inceptions exhibit significant skill in security-selection but no skill in
market-timing. In contrast, managers of hot inceptions demonstrate negative
(incorrect) market-timing ability and weaker selection skill, with the net effect
that they do not deliver alpha.

Next, since persistence analysis provides a powerful test for managerial skill
(e.g., Carhart (1997)), we examine whether there is any difference in perfor-
mance persistence between cold and hot inceptions. We find that the perfor-
mance of cold inceptions is highly and significantly persistent over time, while
hot inceptions exhibit negative or insignificant persistence.

Finally, we show that the performance gap between hot and cold inceptions
cannot be attributed to illiquidity or return-smoothing. Additionally, it cannot
be explained by risk factors beyond the Fung and Hsieh (2004) seven factors, by
fund characteristics, or by fund policy choices. Rather, our subsample analysis
of convertible arbitrage (CA) funds suggests that cold inceptions exploit more
sophisticated economic sources than market-wide risk or well-known arbitrage
opportunities.

Backfill bias is an important concern in hedge fund research. It arises when
managers joining a database have the option of reporting performance between
inception and the initial report date. Because funds may not report if early per-
formance is poor, reported returns from the backfill period exhibit an upward
bias. To account for this bias, in all tests we use the approach of Jorion and
Schwarz (2019) to identify the add dates and we delete all observations before
this date.

This study builds on and extends the work of Aggarwal and Jorion (2010),
who use a novel event-time approach and careful controls for backfill bias to
show that new funds deliver alpha and performance persistence during the
first two to three years. Their findings highlight the importance of new tal-
ent entering the industry but also strongly suggest that market frictions ex-
ist that hinder the efficiency of capital flows to new funds. Sun, Sun, and
Zheng (2020) study whether investor sentiment affects the decision to start
new funds and document a significant positive impact. We develop a model to
explore these issues and show that search frictions affect portfolio manage-
ment through family structure and negative demand-performance incentives.
Both mechanisms are novel to the literature and play an important role in
determining the cross-section of new hedge fund performance. Unlike in Ag-
garwal and Jorion (2010), these mechanisms lead us to explore and document
significant performance heterogeneity across various types of hot and cold
inceptions.

An emerging literature examines the influence of market frictions, par-
ticularly search frictions, on delegated portfolio management. Theoretical
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treatments of search frictions concentrate on the costs that investors bear in
searching for funds (e.g., Hortaçsu and Syverson (2004), Gârleanu and Peder-
sen (2018)).1 We complement these studies by examining the influence of new
hedge fund managers’ need to search for accredited investors. Building on the
work of Berk and Green (2004) and the search framework of Rubinstein and
Wolinsky (1985) and Duffie, Gârleanu, and Pedersen (2005, 2007), we show
that this friction critically influences the incentives of new managers and the
organizational structure of the industry. Our model is tractable and its predic-
tions are consistent with the data.

Finally, this study extends the literature on hedge fund and mutual fund
families. Although family structures are widely observed in both hedge fund
and mutual fund industries, the underlying economic rationales differ between
these industries. Our model suggests that hedge fund families can arise to
mitigate search frictions or to address search-enhanced diseconomies of scale.
The predictions of the model are supported in our empirical findings.

The remainder of the paper proceeds as follows. Section I presents a model
of hedge fund inceptions and its testable hypotheses. Section II describes the
hedge fund data that we use in our analysis. Section III examines the determi-
nants of hedge fund inception probability. Section IV studies the influence of
strategy demand and family structure on the performance of inceptions. Sec-
tion V explores alternative explanations for our findings. Finally, Section VI
concludes.

I. Theoretical Framework for Hedge Fund Inceptions

In this section, we develop a stylized model of hedge fund startups. We ex-
tend the model of Berk and Green (2004; hereafter, BG) by incorporating a key
feature that affects hedge fund inceptions, namely, managers’ need to search
for accredited investors.2

A. The BG Benchmark of Existing Funds in the Same Strategy Category

Before we examine the launch of a new fund in a given strategy, we describe
existing funds in the same strategy category. For tractability, existing funds
in the strategy are represented by a benchmark fund whose operation and

1 Hortaçsu and Syverson (2004) show that investors’ search costs help explain the puzzling fee
dispersion among S&P 500 index funds. Gârleanu and Pedersen (2018) examine the asset pricing
implications of an extended Grossman-Stiglitz (1980) model in which investors search for mutual
funds. In addition to search frictions, Jylhä and Suominen (2011) show that, in a two-country
model, hedge funds arise endogenously to mitigate market segmentation, while Glode and Green
(2011) model the bargaining process between hedge fund managers and investors.

2 Indeed, raising money is widely regarded as one of the most difficult tasks of a new hedge
fund (see, e.g., the discussion on how to start a hedge fund at https://www.lifeonthebuyside.com/
start-a-hedge-fund/). In practice, new managers often need to actively search for potential in-
vestors, for instance, through networking. Even when potential accredited investors are found,
it is not an easy task to raise capital, as many such investors have professional teams to aid in-
vestment (e.g., the family office of wealthy families).

https://www.lifeonthebuyside.com/start-a-hedge-fund/
https://www.lifeonthebuyside.com/start-a-hedge-fund/
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dynamics follow BG, except for an additional search term that we specify below.
Although the BG model was originally designed for mutual funds, its two key
features—diseconomies of scale in fund operation and the equilibrium of the
industry achieved through fund size—apply well to the hedge fund industry.
In particular, as Berk and van Binsbergen (2015, 2017) point out, the market
for mutual funds equilibrates in quantity as the price for funds is fixed by the
market value of the funds’ underlying assets. In that context, fund size proxies
for managerial skill. In our model, the hedge fund industry achieves a similar
equilibrium with an additional key influence—search frictions.

Following the notation of BG, we assume that in a given investment period t,
a benchmark hedge fund is endowed with the skill to generate a risk-adjusted
strategy benchmark return of Rt,with expected value φt−1,which is observable
to investors.3 Further, we assume that the fund distributes a cost-adjusted re-
turn of rt = Rt − c(qE

t ) − s(qE
t ), where qE

t denotes fund size of existing funds,
E. The variable c(qE

t ) = b × qE
t + f is the fund-size-normalized cost function

following Berk and van Binsbergen (2015, 2017), where b and f denote opera-
tional costs (with diseconomies of scale) and management fees.4 The last term,
s(qE

t ), we introduce in the model to describe the size-normalized search cost
that the fund incurs to raise capital qE

t . The search cost can be thought of as
a networking and marketing cost that can be deducted from the payoff of the
fund (we specify the cost below).

When investors receive zero net-of-fee returns, we have the following search-
enhanced BG equilibrium condition (hereafter, the BG condition):

E (rt+1) = φt − c
(
qE

t

) − s
(
qE

t

) = 0. (1)

This condition says that the fund industry equilibrates in fund size and that
the fund manager earns the economic rents that she creates. We assume this
split of the benchmark fund’s economic rents to highlight new funds’ incen-
tive problem. Adjusting the split will not affect the incentive difference across
different types of funds.

To model managerial incentives, we follow BG and assume that a fund man-
ager benefits from more capital: she derives a utility gain of g(qt ) = f × q(t) by
managing a fund of size q(t). Here, we remove the superscript E because the
utility applies to both new and existing funds. At the same time, the manager
can enhance a fund’s expected risk-adjusted return by δ if she pays a linear

3 More explicitly, the fund can generate a risk-adjusted return of Rt = α + εt , where α ∼
N(φ0, η

2), based on known information, denotes the performance of the strategy (i.e., risk-adjusted
return funds in this strategy category deliver) and εt ∼ N(0, σ 2) is noise. Investors do not observe
the true distribution of managerial skill. Rather, they use the realized return to update their prior,
and expect that the benchmark fund will deliver an expected return of φt−1 ≡ E(Rt |Rt−1, . . . , R1)
in period t.

4 BG assumes that the dollar cost of operation exhibits diseconomies of scale; c(qE
t ) is the dollar

cost scaled by fund size.
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private learning cost, L(δ) = L0 × δ, where L0 is a positive coefficient.5 The
manager can then deliver δ to investors to attract more capital.6

The trade-off between the marginal benefits and marginal costs determines
the optimal level of performance that the manager wants to deliver. Although
this trade-off resembles BG, the critical difference is that fund managers also
face search frictions, which we examine next.7

B. Capital-Raising as a Search-and-Bargaining Process

Search can go in two directions: investors can search for managers, and man-
agers can search for investors. A close look at an investor-search BG model
and its comparison to the data (see Section II of the Internet Appendix) sug-
gests that new hedge funds may benefit from actively reaching out to investors,
giving rise to manager-initiated search. We therefore adopt the search frame-
work of Rubinstein and Wolinsky (1985) and Duffie, Gârleanu, and Pedersen
(2005, 2007) to examine how manager-initiated search affects the incentives
of new funds.8 To do so, we introduce three sets of assumptions that help ex-
tend BG under these frictions: investor heterogeneity in supplying capital to
hedge funds, capital-raising as a search-and-bargaining process, and family
affiliation as a source of capital.

We first describe investor heterogeneity and capital. For a given category,
its full set of existing and potential investors can be classified into four types,
denoted by � = {ho, hn, lo, ln}, based on two sets of characteristics: “h” (high)
and “l” (low) refer to an investor’s intrinsic preference for the hedge fund strat-
egy (i.e., investors with a high (low) preference are willing (unwilling) to invest
in hedge funds in that strategy), while “o” and “n” refer to “old” investors of
the existing fund and noninvestors who have not invested. For instance, “hn”
refers to investors who have not invested in the existing fund of the strategy
but are willing to do so if a fund in that strategy solicits capital from them.

We normalize the total mass of all investors to one (there is a continuum
of investors) and assume that investors carry with them an amount of capi-
tal to invest in period t, z(t). The variable z(t) describes investors’ aggregate
demand for the strategy, which is exogenous to the new fund by assumption.
Hence, if we denote the fraction of type-σ investors (σ ∈ �) by μσ (t), such that

5 Although learning costs are often assumed to be convex, this assumption is not necessary in
our model because the benefit of learning is concave in alpha. Having convex learning costs does
not affect our main conclusions, as we will see below.

6 The fund can of course distribute only a fraction of alpha to investors and use the remaining
alpha either to enlarge fund size as in the BG condition or it can retain the remaining alpha as
incentive fees. The Internet Appendix shows that our main predictions remain valid in these cases.
The Internet Appendix is available in the online version of this article on The Journal of Finance
website.

7 Another difference is that hedge funds can use leverage, which we do not explicitly examine
in this paper. Hence, we can interpret qt as leverage-adjusted fund size when hedge funds have
already taken the maximum amount of leverage. We thank the Associate Editor for this intuition.

8 Duffie (2010) provides more discussions on the mechanisms of imperfect move of capital.
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μho(t) + μhn(t) + μlo(t) + μln (t) = 1, we can interpret μσ (t) as the mass of type
σ investors, who carry with them μσ (t) × z(t) of capital.

Next, we assume that capital-raising occurs at the beginning of period t,
during which the existing fund and a new fund sequentially raise capital. The
existing fund moves first. Once its steady state (characterized by stabilized
μσ (t)) is achieved, the fund collects capital from its investors (i.e., of type σ ∈
{ho, lo}).9 The new manager then seeks to raise capital from the remaining
investors in the market (i.e., of type σ ∈ {hn, ln}). Both funds invest the capital
raised during the period and deliver cost-adjusted payoffs to investors at the
end of the period.

We explicitly model capital-raising as a search-and-bargaining procedure.
Take the new fund as an example. In the search step, the new manager tries
to find investors in the market. We assume that by paying a total search
cost of TS, a new fund can be matched with investors with an intensity of
ρN, where the superscript N denotes new funds, and paying a higher search
cost allows the manager to be matched with a higher intensity of investors,
that is, ρN = a × TS, where a is a positive constant. The extensive margin of
capital-raising is then the total amount of matched capital in the search step,
ρN (μhn(t) + μln(t))z(t).

Next the new manager bargains with investors, trying to persuade them
to invest. Of matched investors, the hn-type will immediately invest due to
their high intrinsic preference, but ln-type investors are unwilling to do so.
However, the manager can use her fund-specific performance, δ, to bargain.
Since ln-investors receive an expected abnormal return of δ, traditional finan-
cial theories (e.g., the CAPM) suggest that their optimal asset allocation in the
new fund would be in proportion to δ. Hence, without loss of generality, we as-
sume that ln-investors can be persuaded with probability ξ (δ) = ξ0 × δ, ξ0 > 0,
which allows the manager to raise capital in the amount of ρNμln(t)ξ (δ)z(t)
from ln-investors.10 Superior performance, therefore, increases the fraction of
capital that the manager can retain under the intensive margin of the capital-
raising process.

9 Note that the value of μσ (t) is determined in the steady-state by the expected performance
φt of the existing fund, the search cost it pays, and the probabilities of h- and l-type investors
switching preferences—we provide details on the search process and the steady-state of the old
fund in Lemma IA.2 in the Internet Appendix. For now, we note that investors remain in the
market from whom the new fund can raise capital.

10 There is no information asymmetry about δ in our model. It is worth noting that the second
step in our model is equivalent to the bargaining process of a typical search-based asset pricing
model in determining the equilibrium conditions. The difference is that in asset pricing models
investors typically bargain for price (e.g., Duffie, Gârleanu, and Pedersen (2005, 2007)), while
in our model the manager bargains for the quantity of capital to be invested when the price is
fixed. This notion of bargaining (for capital) is consistent with both the BG equilibrium concept
and the take-it-or-leave-it Nash bargaining models widely used in the search literature (see, e.g.,
McMillan and Rothschild (1994) for a survey on such models). The Internet Appendix (at the end
of the proof of Lemma 3) sketches a general search framework that generates the assumption
of having two types of investors with heterogeneous intrinsic preferences and the assumption of
increasing bargaining power based on superior performance.
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In economic terms, the search and bargaining steps capture the extensive
and intensive margins of the capital-raising process, during which a total of
ρN (μhn(t) + μln(t)ξ (δ))z(t) can be raised. When the amount of capital is greater
than or equal to the optimal fund size, q(t), the manager stops searching and
locks in the capital for investment:

ρN (μhn (t) + μln (t) ξ (δ)) z (t) ≥ q (t) . (2)

The capital-raising process above applies to both new and existing funds.
Notably, the existing fund has an advantage of existing investors for which its
search cost is zero. Thus, it searches for new investors as a replacement for
withdrawals by existing investors. In contrast, the burden of new funds is to
find all new investors. When the search process is costly, this difference gives
rise to performance heterogeneity across funds.

If the existing fund benefits from its existing investors, a family structure
can endogenously arise to allow some new funds to benefit from these investors
as well. To capture this effect, we assume that new hedge funds can be either
stand-alone or affiliated with the existing fund through a family structure, and
we separately examine the incentives and performance of these two types of
new funds. We assume that a family structure enhances the mass of high-type
investors available to its affiliated new managers, that is, μN′

hn (t) = μhn(t) +
γhμ

E
ho(t), where μE

ho(t) is the high-type investors of the existing fund and γh(> 0)
describes the networking effect of the existing investors in supplying capital,
referring new investors, and providing relevant information.11

Conditioning on the additional assumptions above, a fund manager maxi-
mizes her utility by optimizing search cost and fund-specific performance as
follows:

max
s(t), δ

U (s (t) , δ) = g (qt ) − L (δ) (3)

s.t. (1) and (2).

C. The Incentives of Stand-Alone New Funds in Generating Fund-Specific
Alpha

We first derive a closed-form solution to the managerial problem of stand-
alone inception. Easy access to capital during the search step of the fund-
raising process (a high extensive margin) influences the incentive to generate
extra performance. The extensive margin is associated with investor demand,
z(t), which is exogenous to the new fund. The impact of demand on managerial
incentives is as follows.

11 Existing investors may also help managers reduce the intensity of low-type investors, that is,
μN′

ln (t) = μN
ln(t) − γlμ

E
lo(t), where γl is a positive parameter. Adding this effect does not affect our

main conclusions.
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PROPOSITION 1: When a new manager solves the general problem (3) subject
to the conditions specified in (1) and (2), the following properties hold:

(i) The optimal level of fund-specific alpha is δ∗ =
Max{0, f

1
2 (L0bμln(t)ξ0azt )

− 1
2 − μhn(t)

μln(t)ξ0
}.

(ii) When the new manager encounters high investor demand, that is, a
larger value of z(t), the level of fund-specific alpha δ∗ decreases as a
first-order effect.

(iii) Having a convex learning cost does not affect property (ii).

The extensive margin has a profound effect on the incentive of new managers
to generate additional performance. When new managers encounter high in-
vestor demand in the search phase (i.e., when z(t) is high), the incentive for
managers to generate additional performance to retain matched investor capi-
tal (the intensive margin) declines.12 The interplay between the extensive and
intensive margins is one of the most fundamental tradeoffs that new managers
face in an economy with search frictions.

This trade-off highlights an important difference between mutual fund and
hedge fund startups. In the original BG equilibrium, capital supplied to the
mutual fund industry is competitive, leading a more skillful fund to enjoy a
larger size in realizing its economic rents. In the Internet Appendix, we show
that this positive capital-skill relationship holds even when investors bear
search costs (and thus compete) for managerial skill—investors still get zero
economic rents after search costs. For hedge fund startups, however, managers
search (and thus compete) for accredited investors. In this case, investors can
obtain economic rents, and a negative capital-skill relationship can arise, re-
flecting the substitution between the extensive and intensive margins.

We now discuss two concerns related to the generality of Proposition 1. The
first is that the new fund may not distribute all fund-specific alpha (δ∗) to
investors. The retained part can be used to pay for the operation and search
costs of the fund or can be kept as incentive fees. Lemma IA.1 in the Internet
Appendix demonstrates that neither case will change property ii of Proposition
1. The intuition is that while both cases change the division of rents between
the manager and investors, neither eliminates the interplay between the two
margins during the search-and-bargaining process.

The second concern is how the search-and-bargaining process shapes the
incentives of the existing fund. Lemma IA.2 in the Internet Appendix shows
that, under reasonable conditions, the existing fund optimally chooses not to
deliver any additional performance. The result is intuitive: as old funds have a
much smaller search burden due to existing investors, they have less incentive

12 The fraction of optimistic investors of the hn type, μhn, can also achieve a similar effect as z(t).
However, unlike z(t), μhn is determined by the steady-state of the existing fund and can be further
influenced by an endogenous family structure. Hence, in this proposition we focus on z(t); we
examine μhn in later sections. Thus, in Proposition 1 we assume that new funds are independent
(i.e., stand-alone).
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to resort to performance as a bargaining tool to attract new capital even when
new funds have the necessity of doing so.

D. Hedge Fund Families and Implications

We now examine the inception of new funds affiliated with the existing fund.
The following proposition shows that family structure has a profound effect on
the incentives and performance of new managers in the presence of search
frictions.

PROPOSITION 2: When an affiliated new manager solves the optimization
problem in equation (3), the following properties hold:

(i) A family-affiliated inception pays a lower search cost than a stand-alone
inception.

(ii) The optimal level of fund-specific alpha chosen by the family-affiliated
inception is lower than that of a stand-alone inception.

(iii) Property (ii) of Proposition 1 remains valid for family-affiliated incep-
tions: high investor demand reduces the level of optimal alpha.

The first property suggests that a positive networking effect reduces the
search cost of a new fund affiliated with a family, which provides the rationale
for the endogenous emergence of family structure. The next two properties
describe the influence of the family structure on the incentives of a new fund
manager. Since the family structure makes it easier for its affiliated new funds
to find capital in the extensive margin, the incentive to generate performance
to improve the intensive margin is reduced. However, this does not eliminate
the interplay between the extensive and intensive margins. High investor de-
mand still reduces performance incentives for an affiliated fund. In the Inter-
net Appendix, we further prove that convex learning costs and the retention of
a fraction of rents will not change this demand-performance trade-off.

Note that the proposition above applies to a new fund that has a different
investment strategy than its affiliated existing fund—hence investors of the
latter are interested in supplying capital to the new fund as a networking ef-
fect. In practice, however, new clone funds are often launched with the same
strategy as the affiliated existing fund(s). The existence of clone funds is puz-
zling because a fund family could have asked its existing funds to absorb the
capital instead. What prevents fund families from doing so—and what can we
say about the performance of clone funds?

Lemma IA.3 in the Internet Appendix sheds light on the underlining eco-
nomics by examining a second channel through which search frictions give
rise to family-affiliated inceptions, namely diseconomies of scale. This channel
is widely regarded as a binding constraint for hedge funds (e.g., Goetzmann,
Ingersoll, and Ross (2003), Getmansky, Lo, and Makarov (2004), Fung et al.
(2008)). In particular, Lemma IA.3 in the Internet Appendix shows that the
optimal search cost paid by an existing fund exhibits a diminishing benefit as
fund size increases. The intuition is that funds need to search for new investors
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when old investors withdraw. A larger fund size (more search costs spent) re-
duces the mass of high-type noninvestors remaining in the market because
they are converted to high-type investors. This decreases the marginal benefit
of spending on search. Since search costs reduce the capital that can other-
wise be used to relax the diminishing returns to scale (the BG condition), they
amplify the fund’s diseconomies of scale.

This amplification of diseconomies-of-scale offers one rationale for the incep-
tion of clone funds: when an existing fund encounters enthusiastic investors,
the launch of a clone fund provides a cost-effective way to retain the capital
for future periods. Since the goal of the clone fund is to provide an investment
opportunity identical to the existing fund, its performance will not exceed that
of the existing fund. For a clone fund created due to diseconomies of scale con-
siderations, its inception reveals the excess demand the fund family faced, re-
gardless of whether the clone fund is launched using a hot or cold strategy.
Hence, as a first-order effect, we expect clone funds to deliver poorer perfor-
mance than nonclones, regardless of whether they arise in hot or cold strategy
categories.

E. A Numerical Example and Empirical Hypothesis on Hedge Fund Startups

The predictions of our model about the incentives of new fund managers
can be demonstrated in a numerical example. We set parameters to match
the observed size and performance of existing and new funds. Specifically,
we calibrate the steady-state distribution of investor types (i.e., μσ for σ ∈
{ho, lo,hn, ln}) for the existing fund according to Lemma IA.2 in the Internet
Appendix, and then apply the corresponding intensity of noninvestors (i.e., μhn
and μln) to inceptions according to Proposition 1. Table IA.I in the Internet
Appendix tabulates the parameter values, which provide a baseline case to de-
scribe the existing and new funds. As can be seen, the baseline case closely
matches the observed size and performance of existing and new funds.

In Figure 1, we show how the incentives of a new hedge fund change when its
extensive margin deviates from the baseline case. Incentives are captured by
the model-implied optimal fund-specific performance that the new fund man-
ager is willing to deliver. Variation in the extensive margin is quantified by the
ratio z(t)/z, where z is the value of z(t) used in the baseline case. We refer to
this ratio as the investor demand index. A high (low) z(t)/z ratio indicates cases
in which investors provide more (less) capital to the hedge fund industry. Note
that variation in z(t)/z is exogenous to new managers. This figure plots the
optimal performance, δ∗, of stand-alone inceptions, family-affiliated nonclone
inceptions, and family-affiliated clone inceptions according to Proposition 1,
Proposition 2, and Lemma IA.3 in the Internet Appendix.

Figure 1 demonstrates the negative relation between investor demand along
the extensive margin and performance incentives along the intensive mar-
gin. This negative relation applies to both stand-alone and family-affiliated
inceptions. Family-affiliated inceptions have less incentive to deliver perfor-
mance than stand-alone inceptions. As discussed in the Internet Appendix, the
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Figure 1. Optimal alpha of stand-alone and family-affiliated inceptions. This figure plots
the relationship between investor demand during the search step and inception performance that
the new fund manager delivers. Variation in investor demand is given by the ratio of z(t)/z, where z
is the value of z(t) used in the baseline case of the numerical example provided in the Internet Ap-
pendix. The optimal performance of stand-alone inceptions, family-affiliated nonclone inceptions,
and family-affiliated clone inceptions is calculated according to Proposition 1, Proposition 2, and
Lemma IA.3, respectively, in the Internet Appendix.

performance of cold and hot hedge fund inceptions in our empirical analyses
can be generated from reasonable ranges of demand changes.

To better describe the empirical implications of the model visualized above,
we develop hypotheses that can be tested in the data. According to Proposi-
tion 1, our first hypothesis is that the incentive for new managers to deliver
performance differs according to variation in the extensive margin related to
investor demand. Our model predicts that hot inceptions deliver poorer per-
formance than cold inceptions in the cross-section. To test this empirically, we
notice that hot strategies can be proxied by recent high flows and high per-
formance (since hedge fund investors chase past performance) in a strategy
category. Accordingly, we have the following hypothesis.

HYPOTHESIS 1 (Two types of inceptions): Hot inceptions (following high cat-
egory performance and flows) differ from cold inceptions in their incentive to
deliver performance. On a risk-adjusted basis, cold inceptions deliver supe-
rior performance in general and outperform hot inceptions in particular.
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The null hypothesis is that all hedge fund inceptions are ex ante identical
and, as a result, deliver similar performance ex post. We can also compare the
performance of new funds to that of existing funds. The two propositions above
and Lemma IA.2 in the Internet Appendix imply that only managers of cold
inceptions have the incentive to deliver performance above and beyond the
benchmark performance of old funds. This novel heterogeneity is summarized
in the following hypothesis.

HYPOTHESIS 2 (Value-creating inceptions): Inceptions are value-creating
and associated with better performance than existing funds. However, this
value-creation effect concentrates in cold inceptions only.

Our model suggests that family structure arises endogenously in a market
with search frictions, and influences the performance of inceptions. Proposition
2 predicts that family structure affects the performance incentives of affiliated
nonclone inceptions compared to stand-alone inceptions. Lemma IA.3 in the In-
ternet Appendix suggests that search-friction-amplified diseconomies of scale
give rise to the inception of clone funds. These predictions can be summarized
in the following hypotheses.

HYPOTHESIS 3 (The impact of family structure on inception performance):
Hedge fund inceptions within existing families deliver poorer performance
than stand-alone inceptions.

HYPOTHESIS 4 (Two types of inceptions within family-affiliated funds):
Within family-affiliated nonclone funds, cold inceptions outperform hot in-
ceptions. Clone inceptions, by contrast, deliver poor performance regardless
of being launched in cold or hot categories.

The two hypotheses above propose that search-friction-motivated family
structures critically influence inception performance. In the mutual fund lit-
erature, researchers have identified several important mechanisms for fam-
ily structure, including the convenience of reduced within-family switching
fees (Massa (2003)), the efficiency of within-family resource allocation (Fang,
Kempf, and Trapp (2014), Berk, van Binsbergen, and Liu (2017)), the flexi-
bility of cross-subsidization (e.g., Bhattacharya, Lee, and Pool (2013), among
others), and the star-creation strategy of attracting flows (Nanda, Wang, and
Zheng (2004)). Our model suggests that the hedge fund industry is instead
dominated by search frictions and associated with a different rationale for the
creation of fund families.

II. Data Description

We use monthly hedge fund data formed by merging fund and return in-
formation from three sources: Lipper TASS, HFR, and BarclayHedge. Fund
counts for our merged database, the constituent databases, and the degree of
overlap are reported in Table IA.II in the Internet Appendix. After the merge,
we have a total of 31,402 funds. Our sample includes both live and defunct
funds to mitigate survivorship bias and spans the 1994 to 2016 period. We
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restrict attention to funds reporting at least 12 monthly return observations
and therefore retrieve inception information from the merged database up to
the end of 2015. Funds reporting the same management company are consid-
ered to be from the same fund family. Because funds may come from different
databases, we cross-reference family affiliations across databases.

Because funds have the option of reporting backfilled returns at the time
they start reporting to a commercial database, hedge fund data are prone to
backfill bias. We use the method proposed in Jorion and Schwarz (2019) to esti-
mate the date when each fund began reporting returns based on the sequential
assignment of fund IDs within databases. This is necessary for BarclayHedge,
which does not provide information on which returns are backfilled. In addi-
tion, TASS has not updated the fund add-date field since 2011, so we apply this
method to TASS returns where necessary. HFR reports complete and reliable
information on fund add dates, so estimation is not necessary. We minimize the
impact of backfill bias by excluding fund returns prior to the fund’s add date.
Each database also reports each fund’s inception date.

Unless otherwise specified, we report returns in excess of the risk-free rate.
We use the seven-factor model from Fung and Hsieh (2001, 2004) to compute
the risk-adjusted return (alpha). The factors are constructed following the in-
structions from David Hsieh’s Hedge Fund Data Library.13

The databases provide strategy classifications for each fund, but each
database uses a different categorization methodology. For the purposes of this
paper, we use the TASS strategy classification criteria. TASS provides 10 gen-
eral hedge fund strategies—CA, dedicated short bias (DS), event-driven (ED),
emerging markets (EM), equity market neutral (EMN), fixed income arbitrage
(FI), global macro (GM), long/short equity (LS), managed futures (MF), and
multi-strategy (MS)—which provide a reasonable cross-section to examine in-
ception incentives.14 To map reported strategy categories from HFR and Bar-
clayHedge to the TASS definitions, we use fund merge information. For each
fund that appears in both TASS and one of the other databases, we record the
mapping from the database classification into the TASS classification. Each
database classification can then be assigned to a TASS strategy based on a ma-
jority relationship. The resulting strategy mapping is reported in Table IA.III
in the Internet Appendix.

Table I reports the number of funds reporting a valid AUM at the end of each
year in selected hedge fund strategies. Section III in the Internet Appendix
provides a more complete version of the table, which reports the number for
each of the 10 hedge fund strategies. We exclude funds reporting other, minor,
strategies and funds of funds. The total number of funds has steadily increased
over time. We also report the number of distinct families. Over time, the aver-
age number of funds per family has increased from 1.67 at the beginning of our

13 See https://faculty.fuqua.duke.edu/∼dah7/HFRFData.htm.
14 The two other databases have, relatively speaking, too broad tier-one strategy categories

and too detailed tier-two strategies for our testing purposes. In contrast, the TASS classification
achieves a sensible balance between the number of strategies and the number of funds within each
strategy.

https://faculty.fuqua.duke.edu/%7Edah7/HFRFData.htm
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sample to 2.87 by the end. The fraction of management families with multiple
funds has also increased, from 30% in 1994 to 40% at the end of 2016. Both ob-
servations suggest that family structure plays an increasingly important role
in the hedge fund industry.

Table II reports total inceptions per year and total funds reporting in De-
cember of the given year. The proportion of the universe represented by new
funds increased from 18% in 1994 to 22% in 2003 and then decreased there-
after. We also report the total AUM of new funds raised each year (Inception
AUM) and the AUM of our whole sample. We consider the inception AUM to
be the first nonmissing reported AUM in the first three months of its life. In-
ception AUM grew from $2.8 billion in 1994 to $47.1 billion in 2006 and was
volatile thereafter. We also report flows to existing funds each year. Flows are
computed from performance and AUM according to

Flowi,t = AUMi,t − AUMi,t−1 · (1 + ri,t ), (4)

where fund flows and AUM are reported in U.S. dollars (we convert any AUM
reported in another currency to U.S. dollars). The variable ri,t represents the
return to fund i in month t. Compared to flows to existing funds, inception
AUM is much less volatile, suggesting that new hedge funds play a unique and
important role in attracting capital to the hedge fund industry.

In the sixth column, we report the number of inceptions that are stand-alone.
The difference between the first column and this column indicates the number
of inceptions affiliated with an existing family. In the last column, among the
family-affiliated inceptions, we report how many are clones of other funds. An
inception in an existing family is categorized as a clone if it is in the same
strategy category as an existing fund in the family and if the fund has a return
correlation with the previously existing fund of 90% or greater. Where treated
separately, a “nonclone” inception in an existing family is the first fund in a
strategy within that family. Overall, 10,620 inceptions in our sample were the
first in their management companies and 17,564 are inceptions in existing
families. Of the inceptions in existing families, 8,950 are classified as clone
funds. Overall, our sample contains 28,184 inceptions.

Using monthly returns, we construct the raw and risk-adjusted performance
of funds and portfolios of funds. In each case, we measure raw performance by
computing the 60-month excess returns of each fund over the risk-free rate.
Risk-adjusted returns are computed as the intercept (alpha) from a 60-month
regression of fund excess returns on the seven hedge fund risk factors proposed
by Fung and Hsieh (2004). The regression equation is

rp,t = αp + βp,1MKTt + βp,2SMBt + βp,3YLDCHGt + βp,4BAAMTSYt
+ βp,5PTFSBDt + βp,6PTFSFXt + βp,7PTFSCOMt + εp,t,

(5)

where rp,t is the monthly excess return to portfolio p in month t, MKT is the ex-
cess return to the market, SMB is the small-minus-big size factor, YLDCHG is
the change in the 10-year Treasury constant-maturity yield, BAAMTSY is the
change in Moody’s Baa yield less the 10-year Treasury constant-maturity yield,
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and the other three variables are trend-following factors available on Hsieh’s
website: PTFSBD (bond), PTFSFX (currency), and PTFSCOM (commodity).

III. Determinants of Hedge Fund Inception Probability

Before categorizing inceptions as cold or hot, we examine how various char-
acteristics of hedge fund strategy classifications and fund families affect the
incentives of inceptions. This analysis provides intuition to help us identify
different types of inceptions.

We start with a logistic regression specification of the incidence of hedge
fund inception by date, strategy category, and family, linking the incentives of
launching new hedge funds to a list of category and family characteristics. The
dependent variable is set to 1 when a family had an inception in a given year
and strategy category and 0 otherwise. The regression equation is

Inceptionj,k,t = 
(
α + β × Xj,t−1 + ψ × Yk,t−1

) + ε j,k,t, (6)

where (·) represents the logistic function, Xj,t−1 is a vector of strategy ex-
planatory variables for strategy category j and year t – 1, Yk,t−1 a vector of
family explanatory variables for family k and year t – 1, Strategy return is the
average monthly return of an equal-weighted portfolio of funds in each strat-
egy category in year t – 1, Strategy volatility is computed from equal-weighted
portfolios of funds over the 24 months prior to year t, Strategy AUM is the sum
of reported AUM in December of year t – 1, Strategy inceptions is the number
of inceptions by strategy category j in year t – 1, normalized by the number of
funds in strategy category j at the end of year t – 2, and Family return, Family
volatility, and Family AUM are defined following the corresponding strategy
variables. In addition, Family assets in same strategy is the sum of assets in
strategy j and family k at the end of year t – 1, Strategy large family open is set
to 1 if one of the largest eight hedge fund families had an inception in strategy
category j in year t – 1, Family inceptions is the count of inceptions in family
k in year t – 1. In all models, year fixed effects are included as yearly dummy
variables in the regression.

Table III reports the estimation results. Specifications (1) through (3) focus
on strategy-level controls. Specifications (4) through (6) add family-level con-
trols. In specification (7), we include an interaction term between the returns
of the strategy and the assets that a family already has in that strategy. This
test examines whether there is a nonlinear effect of the family already having
a strong presence in a given strategy at the time that the strategy becomes
popular. This would be a likely time for a family to initiate a fund to take
advantage of investor demand for that strategy.

The estimation results in specifications (1) and (2) show that lagged strat-
egy returns and lagged strategy flows are positively associated with inceptions
in a family/year/strategy, with coefficients of 24.2 and 11.8, respectively (t-
statistic = 14.15 and 7.44). Lagged inceptions in the strategy are also related to
inceptions (t-statistic = 19.09) in specification (3). These results are highly
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robust in specifications (4) through (7). Other strategy-level variables that
are positively associated with subsequent inceptions include volatility, strat-
egy AUM, and the strategy having a recent inception from a very large family.

The positive relations between strategy return, flow, and inceptions and sub-
sequent inceptions are relevant to our analysis. We employ lagged strategy re-
turns and lagged strategy flow as proxies for investor demand for that strategy.
We use these proxies to identify cold and hot strategies and use lagged strategy
inceptions as an alternative proxy in a robustness check.

Although family flows are related to the inception of new funds (see specifica-
tion (7)), family returns are insignificant after we control for strategy returns.
This difference between family and strategy returns suggests that the family
structure and strategy-level demand operate on inceptions through different
channels. The positive relation between family assets in a strategy and subse-
quent inceptions in the strategy (i.e., clone inceptions) reveals that clone funds
can be launched when families are unwilling or unable to use existing funds to
efficiently absorb more capital due to diseconomies of scale. Finally, specifica-
tion (7) reports an interaction effect: families with high assets in the previous
year in strategy categories that had good returns are particularly likely to have
an inception (t-statistic = 6.30).

Taken together, both strategy-level variables related to investor demand and
the presence of a family structure facilitate the inception of new hedge funds.
These results motivate our identification strategies, which we use to examine
the performance of the two types of inceptions.

IV. Performance Difference between Cold and Hot Inceptions

In this section, we test our hypotheses by constructing cold and hot inception
portfolios and examining their performance differences.

A. Inceptions in Hot and Cold Strategy Categories

We start by analyzing inception performance in hot and cold strategy cate-
gories. To determine whether an inception is in a hot or cold strategy, we use
two measures: the 36-month (prior to inception) flows into a given strategy
and the 36-month (prior to inception) returns to the strategy. Each month, we
rank the 10 hedge fund strategies using these two lagged variables. Strategy
categories with a high rank (eight or greater) in both measures are defined as
“hot,” whereas strategies with a low rank (three or lower) in both measures
are defined as “cold.” New hedge funds employing a hot (cold) strategy are
accordingly classified as hot (cold) inceptions.

In each month, portfolios are formed from new hedge fund inceptions over
the prior three-month period. Among these inceptions, cold and hot inceptions
are identified and included in their respective inception portfolios while ex-
isting funds alive during that period are included in the noninception portfo-
lio. Each inception is held in its portfolio for a 60-month holding period after
its inception. Holding periods follow actual fund inception dates. We exclude
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backfilled returns and require at least 12 monthly return observations for an
inception to be included. Funds within portfolios are equally weighted. Since
the inception portfolios of a given type are created in each month and held
for 60 months to assess their performance, we follow Jegadeesh and Titman
(1993) and equal-weight overlapped inception portfolios in each month to cre-
ate the final holding portfolio for the inception type. Portfolio returns are then
regressed on the seven Fung and Hsieh (2004) risk factors to obtain the risk-
adjusted alpha (see equation (5) for the regression specification).

These portfolio regression results are in the first three columns of Table IV.
The portfolio of cold inceptions has a significant alpha of 0.376% monthly or
4.6% per year (t-statistic = 4.95), as can be seen in the first column, whereas
that of hot inceptions in the second column does not have a significant alpha
(t-statistic = 1.1). Furthermore, the monthly spread between the two portfo-
lios (labeled “Cold-Hot”) is 0.242% per month, or 2.9% per year (t-statistic =
2.36). These estimates are economically sizable and support our first hypothe-
sis, suggesting that cold inceptions deliver superior risk-adjusted performance
in general and outperform hot inceptions in particular.

The next three columns report the performance of existing funds (labeled
“Old funds”), as well as the spread between cold/hot inceptions and existing
funds. Existing funds also deliver significant risk-adjusted performance (α =
0.224% per month, or 2.7% annually). This result is consistent with the litera-
ture documenting that hedge funds deliver abnormal performance (see, among
others, Fung and Hsieh (1997), Ackermann, McEnally, and Ravenscraft (1999),
Agarwal and Naik (2004), Getmansky, Lo, and Makarov (2004), Kosowski,
Naik, and Teo (2007), Agarwal, Daniel, and Naik (2009, 2011), Aragon and
Nanda (2012), Sun, Wang, and Zheng (2012), Cao et al. (2013), Jiao, Massa,
and Zhang (2016)).

More importantly for our purposes, the last two columns show that cold in-
ceptions outperform existing funds by 0.152% per month or 1.8% per year (t-
statistic = 2.35), whereas hot inceptions do not deliver a significant alpha over
existing funds (nor do they deliver a significant alpha overall). Hence, our re-
sults support Hypothesis 2, which predicts that the value-creation effect of new
funds is concentrated in cold inceptions.

B. Family-Affiliated Inceptions in Hot and Cold Strategy Categories

We now examine the effect of family structure on inception performance.
We first examine the general difference between stand-alone inceptions (or
new family inceptions, as each inception effectively creates a new family) and
family-affiliated inceptions. For each group of inceptions, we form inception
portfolios as above and regress portfolio returns (and pairwise and corner
spreads) on hedge fund risk factors to obtain the risk-adjusted alpha.

The alphas of stand-alone inceptions and family-affiliated inceptions are re-
ported in Table V. Stand-alone inceptions generate a risk-adjusted alpha of
0.458% per month (5.7% annually) with a t-statistic of 8.49. The alpha of
family-affiliated inceptions is smaller, at 0.233% per month (2.8% annually),
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although it is still significant (t-statistic = 3.77). Stand-alone inceptions out-
perform family-affiliated inceptions by as much as 0.225% per month or 2.8%
per year (t-statistic = 9.51), supporting the prediction in Hypothesis 3 that
stand-alone inceptions outperform family-affiliated inceptions.

To further understand the impact of inception conditions, we combine fam-
ily structure with strategy-based cold and hot inception measures. We create
three groups of inceptions based on their family affiliation: new family incep-
tions, family-affiliated nonclone inceptions, and family-affiliated clone incep-
tions. Within each group, we further differentiate between cold and hot incep-
tions. For each of these six types of inceptions, we form portfolios and regress
portfolio returns (as well as pairwise and corner spreads) on hedge fund risk
factors to obtain alpha.

Columns (4) to (6) report the spread between cold and hot inceptions within
each type of family inceptions. Cold inceptions significantly outperform hot in-
ceptions when the inceptions are stand-alone (by 0.31% per month) or nonclone
(by 0.35% per month). These results support Hypotheses 1 and 4. In contrast,
the performance difference between cold and hot clones is insignificant, which
also supports the prediction in Hypothesis 4, that clone funds are de facto hot
and deliver poor performance irrespective of whether they arise in hot or cold
conditions.

In the last two columns ((7) and (8)), we examine two groups that synchro-
nize the influence of family structure (Hypotheses 3 and 4) and hot/cold incep-
tion conditions (Hypothesis 1). Column (7) reports the performance difference
between family-affiliated nonclone inceptions in cold strategies and clone in-
ceptions in hot strategies. The performance spread, 0.41% per month, is posi-
tive and significant at the 1% level. The last column reports the difference be-
tween cold stand-alone inceptions and hot clone inceptions. The performance
difference is 0.55% per month (6.8% annually), which is not only economically
and statistically significant, with a t-statistic of 4.77, but also the largest port-
folio spread of all those that we report in Table V. Since the corner spread
portfolio (cold stand-alone minus hot clone inceptions) best captures the im-
pact of family and demand conditions on inception performance, below we use
this specification to examine the economic source of the performance difference
between cold and hot inceptions. Figure 2 illustrates the performance differ-
ence between cold stand-alone funds and hot clones in event time. The cold-hot
spread lasts for at least 10 years, suggesting that strategy demand conditions
and family structure have long-term effects on the performance of new funds.

Panel A of Table VI summarizes the matrix of alpha coefficients for these
six types of inceptions. The first and second rows report the alphas of in-
ceptions launched in cold and hot strategies, respectively. The alpha of the
spread portfolio is reported in the third row. Focusing on cold inceptions, we see
an interesting pattern: stand-alone (new family) inceptions deliver the high-
est alpha, followed by family-affiliated nonclone inceptions and then family-
affiliated clone inceptions. A similar pattern emerges for hot inceptions. This
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Figure 2. Cumulative abnormal returns after inception by inception type. This figure
plots cumulative abnormal returns in event time for cold and hot inception portfolios. We classify
a strategy as hot (cold) if its past 36-month returns and flows are among the top (bottom) 30% of
all strategies, and focus on the average postinception returns that can be generated by new stand-
alone funds incepted in cold strategies (cold inceptions) and by new clone funds incepted in hot
strategies (hot inceptions).

result further supports our previous conclusion on the performance gap be-
tween stand-alone and family-affiliated inceptions.

Tabulated alphas provide additional evidence to support the view that clone
inceptions are de facto hot: clone inceptions in cold strategies generate an al-
pha (0.22% per month) that is on par with the alpha of the new family hot
inceptions (0.29% per month), suggesting that even clone funds launched in
cold strategies are likely to encounter an extensive margin that is as high as
stand-alone funds launched in hot strategies. To further investigate whether
clone funds are launched to absorb the extra demand for the preceding fund,
we compare policies of clone funds and affiliated preceding funds related to
fees (both incentive and fixed), redemption notice, and lockup periods. We do
not find any significant difference between the policies of clone funds and pre-
ceding funds. The average incentive fee for the preceding nonclone funds is
15.6%, compared to 15.5% for the follow-up clone funds; the difference is in-
significant (t-statistic = 0.896). Thus, clone inceptions do not deviate much
from their preceding funds’ policies.

In Panel B, we see that for the corner portfolios (cold nonclone minus hot
clone inceptions and cold stand-alone minus hot clone inceptions), the alphas
are 0.41% and 0.55% per month (or 5% and 6.8% annually), respectively. Both
alphas are economically large and statistically significant, suggesting that
both stand-alone and family-affiliated cold inceptions outperform hot clone
inceptions. If cold inceptions are not affiliated with existing families, they
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Table VI
Strategy Demand and Family Structure: Risk-Adjusted Performance

This table presents a two-way summary of the risk-adjusted returns (alphas) of different types
of inception portfolios. Each portfolio’s alpha is estimated by using the Fung-Hsieh (2004) seven-
factor model. We form inception portfolios based on (i) the family structure of each inception (i.e.,
the stand-alone inception, or family-affiliated inception including nonclone inceptions and clone
inceptions), and (ii) the strategy-based identification of each inception (i.e., cold or hot inception).
In any month, inception portfolios are formed from new hedge fund inceptions of a given family
structure and strategy identification over the prior three months. Each inception is held in its cor-
responding portfolio for a 60-month holding period after its inception. The holding period follows
the actual inception date of each fund. Within the holding period, we exclude backfilled returns
and require at least 12 monthly return observations for an inception to be included in any incep-
tion portfolio. Funds are equally weighted and rebalanced at the beginning of each month. The
regression equation is presented in Table IV. t-Statistics are in parentheses.

Panel A: Portfolio Alphas by Family Structure and Hot/Cold Strategy Identification

Stand-Alone
(New Family) Family-Affiliated Inceptions

Inceptions Nonclone Clone

Cold inceptions 0.600% 0.463% 0.221%
(7.446) (4.638) (1.903)

Hot inceptions 0.293% 0.113% 0.050%
(2.059) (0.952) (0.504)

Cold minus hot spread 0.307% 0.350% 0.172%
(2.344) (2.593) (1.255)

Panel B: Cold-Hot Corner Portfolio Spreads

Cold nonclone minus hot clone spread 0.413%
(3.557)

Cold stand-alone minus hot clone spread 0.551%
(4.767)

outperform hot clone inceptions by a larger margin than family-affiliated cold
inceptions.

Overall, the predictions of our hypotheses are well supported by the data.
In later tests, we focus on estimated alphas, and we use the two-way display
of Table VI as a template to analyze performance differences between various
types of inceptions.

C. Managerial Experience

A manager with previous experience running a hedge fund may have a pre-
existing network of investors from whom to raise capital and has an advantage
in the persuading/bargaining step. Since we have identified hot inceptions us-
ing only strategy information and family structure, differences in manager ex-
perience may confound our measurement. To eliminate effects that managerial
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experience may have on our results, we identify and exclude experienced man-
agers.

The TASS, HFR, and BarclayHedge databases report the fund managers or
principals for each fund. After cleaning these names by removing honorifics
and similar features (“Ph.D.,” “Doctor,” “Jr.,” etc.), we identify the funds asso-
ciated with each manager. Inceptions with a manager associated with a prior
fund are marked as having an “experienced” manager. For stand-alone, family-
affiliated nonclone, and clone funds, the proportions of funds with experienced
managers are 4%, 13%, and 17%, respectively. We remove funds managed by
experienced managers and replicate Table VI using the sample of inexperi-
enced managers only.

Table VII presents the results. Overall, the results are similar to those re-
ported in Table VI: hot inception portfolios underperform their cold inception
peers, particularly among stand-alone inceptions (the spread portfolio’s alpha
is 0.434% monthly with a t-statistic of 2.83) and nonclone inceptions (alpha =
0.336% monthly, t-statistic = 2.39). As reported in the last line of Panel B, the
performance spread between cold stand-alone inceptions and hot clone incep-
tions is economically large: 0.723% per month (or 9.0% per year) compared to
0.551% per month (or 6.8% per year) in the unrestricted sample (see Table VI).
Thus, our results are slightly stronger when using this restricted sample. By
removing experienced managers who might start a new fund for reasons be-
yond our stylized model, such as reputation, the remaining pool of inceptions
managed by new managers better fit the setting—and therefore predictions—
of our model.

One caveat of this test is that there could be matching errors in our identifi-
cation of experienced managers. For instance, since funds only report a snap-
shot of fund managers to the databases, some managers may be missed from
the list of names that we can empirically identify. This could lead to the failure
to exclude some experienced managers. For this reason, we include this analy-
sis as an additional test, rather than the main specification. Since the removal
of experienced managers sharpens our results, if our exclusion methodology
is improved (e.g., due to the availability of more precise data) we expect our
primary results to be even stronger.

D. Market-Timing and Security-Selection Ability

Thus far, our results are consistent with our model predictions on the
impact of investor strategy demand and family structure on inception per-
formance. But what is the nature of the performance difference between
cold and hot inceptions? That is, what kind of managerial skills or strate-
gies deliver outperformance? Superior performance could come from gen-
uine managerial skills, such as security-selection or market-timing ability.
Alternatively, it may be driven by nonstandard risk exposure or it may be
an artifact of return-smoothing (e.g., Getmansky, Lo, and Makarov (2004),
Cao et al. (2013) (2016)). In this and subsequent sections, we address
these questions by examining: (i) what skills managers of cold inceptions
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Table VII
Strategy Demand and Family Structure: Risk-Adjusted Performance

using the Sample of Inexperienced Managers
This table presents two-way summary of the risk-adjusted returns (alphas) of different types of
inception portfolios after excluding funds with experienced managers. Each portfolio’s alpha is
estimated by using the Fung-Hsieh (2004) seven-factor model. For each fund, we identify the set
of principal managers for the fund. If a fund has at least one manager that is associated with a
fund with an earlier inception date, we mark the fund as having an “experienced” manager. We
exclude these funds from this analysis. Using only funds with “inexperienced” managers, we form
inception portfolios based on (1) the family structure of each inception (i.e., the stand-alone incep-
tion, or family-affiliated inception including nonclone inceptions and clone inceptions); and (2) the
strategy-based identification of each inception (i.e., cold or hot inception). In any month, inception
portfolios are formed from new hedge fund inceptions of a given family structure and strategy
identification over the prior three months. Each inception is held in its corresponding portfolio
for a 60-month holding period after its inception. The holding period follows the actual inception
date of each fund. Within the holding period, we exclude backfilled returns and require at least
12 monthly return observations for an inception to be included in any inception portfolio. Funds
are equally weighted and rebalanced at the beginning of each month. The regression equation is
presented in Table IV. t-Statistics are in parentheses.

Panel A: Portfolio Alphas by Family Structure and Hot/Cold Strategy Identification

Stand-Alone
(New Family) Family-Affiliated Inceptions

Inceptions Nonclone Clone

Cold inceptions 0.638% 0.407% 0.177%
(7.675) (3.971) (1.427)

Hot inceptions 0.204% 0.071% −0.085%
(1.253) (0.571) (−0.771)

Cold minus hot spread 0.434% 0.336% 0.263%
(2.825) (2.387) (1.708)

Panel B: Cold-Hot Corner Portfolio Spreads

Cold nonclone minus hot clone spread 0.492%
(3.889)

Cold stand-alone minus hot clone spread 0.723%
(6.029)

possess, (ii) whether there is any difference in performance persistence be-
tween cold and hot inceptions, and (iii) how illiquidity and return-smoothing
are related to the performance of cold and hot inceptions.

We first examine the security-selection and market-timing skills of cold and
hot inceptions. In the literature, the Treynor and Mazuy (1966) model has been
used to evaluate market-timing skills while the Fung and Hsieh (2004) seven-
factor model has been used to assess security-selection ability. Here, we use
the Treynor and Mazuy (1966) model augmented with Fung and Hsieh’s seven
risk factors. Specifically, we estimate the following model separately for the
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portfolios of cold stand-alone and hot clone inceptions:

rp,t = αp + βp,1MKTt + γpMKT2
t + βp,2SMBt + βp,3YLDCHGt + βp,4BAAMTSYt

+βp,5PTFSBDt + βp,6PTFSFXt + βp,7PTFSCOMt + εp,t, (7)

where for portfolio p the parameters of interest are αp, the selection ability, and
γp, the market-timing ability of the fund manager. The coefficient γp measures
market-timing skill, that is, how market beta changes, with market condition
forecasts. If a hedge fund manager possesses market-timing ability, she will
increase (decrease) her market exposure before the market goes up (down) and
the timing coefficient γp will be positive.

The abnormal return of portfolio p includes two components: αp and γpM,
where M is the long-term mean of MKT2

t . To assess the statistical significance
of the selection coefficient (αp), the timing coefficient (γp), and the abnormal re-
turn in the presence of both selection and timing skill (αp + γp × M), we appeal
to the bootstrap procedure proposed by Kosowski et al. (2006) and Fama and
French (2010). Details on our bootstrap procedure are outlined in Section III
of the Internet Appendix. In Table VIII, we present the bootstrapped results
to evaluate the significance of αp, γp, and (αp + γp × M). Figure 3 graphically
illustrates the distribution of bootstrapped αp, γp, and (αp + γp × M) and the
estimates from our data.

We find that cold inceptions exhibit positive and significant skill in security-
selection, but not in market-timing. The selection skill performance (alpha)
is 0.54% monthly (6.7% annually) and its bootstrapped p-value is 0, but the
market timing coefficient is insignificant (the bootstrapped p-value is 0.28). By
contrast, hot inceptions exhibit weaker selection skill (alpha = 0.26% monthly,
3.1% annually), and negative (incorrect) and significant market-timing abil-
ity, leading to overall insignificant skill-based performance (p-value = 0.54).
Cold inceptions significantly outperform hot ones along all three dimensions—
selection skill (αp), timing ability (γp), and combined skill (αp + γp × M)—with
bootstrapped p-values less than 5%. Hence, it is the superior security-selection
skills possessed by cold-inception managers and incorrect market-timing of
hot-inception managers that drive the performance difference.

An alternative market-timing model is proposed by Henriksson and Mer-
ton (1981). To cross-validate our findings, we use the Henriksson and Mer-
ton model, augmented with the Fung and Hsieh seven factors, to assess the
security-selection and market-timing skills of cold and hot inceptions. We find
qualitatively similar results.

E. Performance Persistence

Since performance persistence provides a powerful test of managerial skill,
we perform three tests to estimate the degree of performance persistence in
hot clone inceptions and cold stand-alone inceptions. A higher degree of per-
formance persistence among cold stand-alone inceptions over annual horizons
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Table VIII
Bootstrapped Security-Selection and Market-Timing Regression

Coefficients
This table presents the bootstrapped results of security-selection and market-timing analysis for
cold stand-alone inceptions and hot clone inceptions. The following security-selection and market-
timing regression is applied to each portfolio:

rp,t = αp + βp,1MKTt + γpMKT2
t + βp,2SMBt + βp,3YLDCHGt + βp,4BAAMTSYt

+βp,5PTFSBDt + βp,6PTFSFXt + βp,7PTFSCOMt + εp,t ,

where rp,t is the excess return on portfolio p in month t. The independent variables are the market
excess return (MKT), a size factor (SMB), the monthly change in the 10-year Treasury constant
maturity yield (YLDCHG), the monthly change in Moody’s Baa yield less the 10-year Treasury
constant maturity yield (BAAMTSY), and three trend-following factors: PFTSBD (bond), PFTSFX
(currency), and PFTSCOM (commodity). We also compute the time-series average of MKT2

t , which
we denote by M. Bootstrapped p-values corresponding to a two-sided test against the null hypoth-
esis of (i) no security-selection skill (e.g., α = 0), (ii) no market-timing skill (e.g., γ = 0), and (iii) no
security-selection and market-timing skills (e.g., α = 0 and γ = 0 jointly) are reported in square
brackets.

α γ γ ∗ M α + γ ∗ M

Cold stand-alone
inceptions

0.541% 0.300 0.056% 0.598%

[p-value] [0.000] [0.278] [0.278] [0.000]
Hot clone inceptions 0.258% −1.062 −0.199% 0.058%
[p-value] [0.023] [0.002] [0.002] [0.541]
Cold stand-alone

minus hot clone
spread

0.284% 1.362 0.256% 0.540%

[p-value] [0.034] [0.001] [0.001] [0.000]

would suggest that the outperformance in these funds is attributable to man-
agerial skill.

We start by dividing the 60-month holding period for each fund into an early
period (1–30 months) and late period (months 31–60). Within each period, we
compute the alpha of each fund using the Fung and Hsieh seven-factor model
and rank funds into quintiles based on their alpha for cold stand-alone and
hot clone inceptions. Table IX reports the transition matrix of quintile-based
ranks. For instance, Panel A reports that the first-period top-quintile cold and
hot inceptions receive a second-period rank of 3.71 and 3.09, respectively,. If
managers have persistent skill, funds ranked high in the first period should
receive higher ranks in the second period as well, leading to a positive (cross-
period) rank correlation. We can see that cold inceptions exhibit this persis-
tence. For cold inceptions, the second-period ranks of funds monotonically in-
crease in their first-period ranks with a significant Spearman rank of 30.95%
with a p-value of virtually 0. By contrast, hot inceptions exhibit a negative rank
correlation (significant at the 10% level). We obtain the same conclusion using
the Spearman test on the ranks directly (without sorting into quintiles). These
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Figure 3. Estimated alphas (gammas) versus bootstrapped alpha (gamma) distribu-
tions. We plot kernel density estimates of (1) the bootstrapped (α), security skill, distribution,
(2) the bootstrapped gamma (γ ), market-timing skill, distribution, and (3) the bootstrapped dis-
tribution of (α + γ ∗ M), the combined skill. We present the bootstrapped distribution for three
inception portfolios: the cold stand-alone portfolio, the hot clone portfolio, and the spread portfolio.
The vertical lines indicate the parameter estimates from the data.

results suggest that high-performing cold inceptions are likely to continue to
have high performance, while the same cannot be said of high-performing hot
inceptions.

Panel B reports results of the performance persistence test proposed by
Brown and Goetzmann (1995), which is a nonparametric test based on con-
tingency tables. Annual fund returns for cold and hot inceptions are classified
as winners (W) or losers (L) based on being above or below the median for
that group. Consecutive years for each fund are then classified as Winner-
Winner, Winner-Loser, Loser-Winner, or Loser-Loser. Performance persistence
for the group is characterized by more WW and LL than WL and LW. The cross-
product ratio (CPR) is the odds ratio of the number of repeat performers to the
number of those that do not repeat, that is, CPR = (WW × LL)/(WL × LW ).
Under the null of no performance persistence, the standardized log(CRP) fol-
lows a normal distribution with mean 0 and variance 1. Our sample of cold
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Table IX
Tests of Performance Persistence: Cold versus Hot Inceptions

This table presents results of three performance persistence analyses for hot and cold inceptions.
In Panel A, we report the rank persistence over the first 60 months of funds’ lives. For each cold
stand-alone and hot clone inceptions, we divide fund performance over the first 60 months into
the early period (months 1 to 30) and the late period (months 31 to 60). Within each period, we
compute the Fung and Hsieh (2004) alpha of each fund. We then rank funds into quintiles based
on their alpha within the period (inceptions with larger alpha values receive high ranks). Panel
A reports the average late-period rank for each early-period quintile. For each group, we also
report the Spearman rank coefficient of the funds’ early- and late-period ranks (calculated as
1 − (6

∑
d2

i )/(n3 − n), where di is the difference in quintiles between the early- and late-period for
fund i). Panel B reports annual performance persistence using the test from Brown and Goetzmann
(1995), who classify annual fund returns as winners or losers and calculate the average logarithm
of the odds ratio for cold stand-alone inceptions and hot clone inceptions. Under the null of no
performance persistence, the log of the odds ratio would be 0. The standard error of the log odds

ratio is given by σCPR =
√

1
WW + 1

LL + 1
LW + 1

WL and the Z-statistic is ln(CPR)
σCPR

. Panel C reports
results of the persistence test from Aggarwal and Jorion (2010), who use a one-factor model to
compute annual risk-adjusted returns r∗

i,t = ri,t − β ∗ MKTb
t , where MKTb

t is the excess return on
the market portfolio in year t and β is estimated from the first-year monthly returns of each fund.
Risk-adjusted returns for either cold stand-alone inceptions or hot clone inceptions over their five-
year inception period are then pooled to estimate the AR1 coefficient. The regression equation is
r∗
{i,t} = α + AR1 × r∗

{i,t−1} + εi,t .

Panel A: Spearman Test of Early/Late Alpha Persistence

Early-period rank
Cold Inceptions

Late-Period Rank
Hot Inceptions

Late-Period Rank

1 2.21 3.33
2 2.65 2.97
3 2.81 2.37
4 2.95 2.47
5 3.71 3.09
Rank correlation 30.95% −13.88%
[p-value] [0.000] [0.055]

Panel B: Brown-Goetzmann Annual Persistence Test

Cold Inceptions Hot Inceptions

Log odds ratio 0.30 −0.10
Z-statistic 5.75 −1.67
[p-value] [0.000] [0.090]

Panel C: Aggarwal-Jorion Annual Persistence Test

Cold Inceptions Hot Inceptions

AR1 0.167 −0.003
[p-value] [0.000] [0.891]
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Table X
Additional Evidence from Convertible Arbitrage Funds

This table presents results on how market conditions of convertible bond issuance influence the
performance of inceptions in the convertible arbitrage strategy category. For each inception i in the
convertible arbitrage strategy category, we perform the Fung and Hsieh (2004) seven-factor regres-
sion to obtain fund specific alpha, denoted by ai. We then use two variables to describe convertible
bond market conditions: AveNewIssue and AveTotAssets, calculated as the average market cap of
newly issued convertible bonds and the average total market cap of outstanding convertible bonds
in the same 60-month period that we measure the performance of a fund. We then regress fund
alpha on three dummy variables, Dcold,i, Dhot,i, and Dothers,i. The dummy variable Dcold,i takes the
value of 1 if inception i is a cold inception. The other two dummy variables are defined similarly.
The regression equation is

αi = b1 × Dcold,i + b2 × Dhot,i + b3 × Dothers,i + b4 × AvgNewIssuei + b5 × AvgTotAssetsi + νi.

Since the coefficients on the market condition variables are very small, we scale AvgNewIssue and
AvgTotAssets by 103. This scaling does not affect the significance of our results. t-Statistics are in
parentheses. Statistical significance at the 1%, 5%, and 10% levels is denoted by ***, **, and *,
respectively.

(1) (2) (3) (4)

DCold 0.638*** 0.534*** 0.899*** 0.774***
(6.067) (4.46) (7.31) (6.05)

DHot −0.277 −0.348 0.032 −0.018
(−0.92) (−1.15) (0.10) (−0.06)

DOthers 0.216*** 0.115* 0.446*** 0.319***
(9.30) (1.89) (7.16) (4.36)

AvgNewIssue (Bn) 14.093* 26.236***
(1.81) (3.25)

AvgTotAssets (Bn) −0.337*** −0.427***
(−3.98) (−4.82)

Adjusted R2 14.50% 14.80% 16.20% 17.30%
Observations 715 715 715 715

stand-alone inceptions has an odds ratio of 0.30 that is positive and signifi-
cant (p-value = 0.00), in line with performance persistence among these funds.
Hot clone funds, in contrast, have a log odds ratio of −0.10, with an associated
p-value of 0.09. Robustness tests that repeat this experiment using 24-month
returns yield the same inference, so we relegate these results to the Internet
Appendix.

Panel C of Table IX reports results of our third persistence test, based on the
methodology proposed by Aggarwal and Jorion (2010). In this test, we examine
inception returns in event time over the first 60 months of the fund’s life (e.g.,
year 1 runs from the inception month to 12 months later). In each fund-year,
we compute the risk-adjusted annual return for that fund from a one-factor
model by subtracting the factor return times the fund’s beta from the fund’s
return. We then estimate a pooled AR(1) model as follows:

r∗
i,t = α + AR1 × r∗

i,t−1 + εi,t, (8)
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where r∗
i,t is the risk-adjusted return for fund i in year t, and the estima-

tion pools all fund-year risk-adjusted returns for cold stand-alone inceptions
or hot clone inceptions in their five-year inception period. A positive AR1 co-
efficient indicates performance persistence at the annual frequency. For cold
stand-alone funds, the AR1 coefficient is 0.167, which is statistically signifi-
cant with a p-value of essentially 0. Conversely, there is no significant evidence
of performance persistence among our hot clone sample.

In summary, the results of the three tests above indicate that the perfor-
mance of cold stand-alone inceptions is persistent over time and that these in-
ceptions deliver skill-based performance. In contrast, we do not find evidence of
performance persistence among hot clone inceptions. Taken together, the tests
on the managerial skills related to security-selection and market-timing and
the test on performance persistence point to the same conclusion: cold incep-
tions deliver outperformance based on genuine managerial skill.

V. Additional Analysis and Alternative Explanations

In this section, we conduct additional analysis to shed light on the nature of
managerial skill and to evaluate the robustness of our main findings to alter-
native risk factors, fund policies, and empirical specifications.

A. Evidence from CA Funds

We first provide additional evidence on the level of sophistication associated
with managerial skill using the subsample of CA funds. Convertible bonds
tend to be underpriced at issue, which provides an arbitrage opportunity for
hedge fund managers (see Chan and Chen (2007), Choi et al. (2010, hereafter
CGHT)). Thus, the convertible bond market provides an ideal laboratory in
which to evaluate whether cold CA inceptions benefit mostly from the well-
known arbitrage opportunity of bond issuance or whether they derive alpha
from plausibly more sophisticated managerial skills.

We collect convertible bond data from Mergent FISD and SDC from 1989
to 2016 and calculate the market cap of newly issued convertible bonds by
summing the dollar value of proceeds in each month. This variable quantifies
the market-wide arbitrage opportunities associated with new bond issuance.
In periods overlapping with CGHT, our variable is very similar to what CGHT
plot. We also calculate the total market cap of outstanding convertible bonds to
examine whether the total market size influences hedge fund performance.15

15 One empirical issue in constructing this variable is that we do not observe the conversion de-
cisions of all bondholders. Both Chan and Chen (2007) and Choi et al (2010) argue that hedge funds
typically hold convertible bonds for a long period of time because the convergence of underpriced
bonds to fundamental value takes a long time. We follow the literature to obtain a reasonable
proxy for the total market cap by assuming that all bonds are held until maturity.
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Our sample includes 715 CA inceptions. Of these inceptions, 33 are classi-
fied as cold and four as hot in our previous analysis.16 Due to this distribution,
we focus our analysis on whether cold CA inceptions outperform all other (i.e.,
neither hot nor cold) CA inceptions and whether the outperformance origi-
nates from the issuance of convertible bonds. For each inception, i, in the CA
strategy, we use the Fung and Hsieh (2004) seven-factor regression to obtain
the fund’s alpha, denoted by ai. We use two variables to describe convertible
bond market conditions: AveNewIssue and AveTotAssets, the average market
cap of newly issued convertible bonds and the average total market cap of out-
standing convertible bonds over the fund’s 60-month performance period. We
then regress alpha on three dummy variables, Dcold,i, Dhot,i, and Dothers,i. Each
dummy takes the value of 1 if i belongs to the corresponding inception group.
The regression equation is

αi = b1 × Dcold,i + b2 × Dhot,i + b3 × Dothers,i

+ b4 × AvgNewIssuei + b5 × AvgTotAssetsi + νi. (9)

Table X presents the results of these cross-sectional regressions. In specifi-
cation (1) we observe a cold-others spread of 0.42% per month (or, 5.1% an-
nually), inferred from the difference between the coefficients on “Cold” and
“Others,” with an F-test p-value of 0.00), confirming that cold convertible bond
inceptions deliver better performance than other types of inceptions. In spec-
ification (2), we include the market cap of newly issued convertible bonds.
Convertible bond issuance is positively related to fund alpha, indicating that
CA funds benefit from this well-known arbitrage opportunity. Importantly, the
cold-others spread remains largely unchanged (about 0.42%) after controlling
for bond issuance, suggesting that bond issuance conditions do not drive the
outperformance of cold inceptions.17 Specification (3) replaces new issuance
with total market size, which leaves the magnitude of the cold-others spread
almost unchanged (i.e., about 0.45%). Finally, in specification (4) we control for
both issuance and total market conditions and find that the cold-others spread
remains economically larger and significant, 0.46% monthly (5.7% annually)
with an F-test p-value of 0.00.

Although these results focus on a subsector of the hedge fund industry,
they provide evidence that cold CA inceptions generate outperformance from
sources other than simple reliance on well-known arbitrage opportunities.

16 The paucity of hot CA inceptions may appear surprising but is reasonable because cold and
hot inceptions are defined across strategy categories over time. The performance of the CA strategy
has been relatively smooth during our sample period, and hence the likelihood has been small that
CA would become a category that encounters high investor demand. By contrast, there are periods
in which CA was relatively cold and other categories attracted more capital.

17 Summary statistics further show that cold inceptions on average encounter less issuance of
convertible bonds than other funds during their performance generating period: the difference in
proceeds is about $15.4 billion, with a significant t-statistic of 3.57. If anything, therefore, cold
inceptions encounter fewer arbitrage opportunities than other inceptions.
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B. Alternative Explanations: Return-Smoothing, Risk Factors, and Fund
Policies

To test the robustness of our results, we first examine a leading alternative
explanation for the performance difference between cold and hot inceptions:
exposure to illiquidity or return-smoothing. To address this concern, we follow
Getmansky, Lo, and Makarov (2004) and Cao et al. (2017) to assess the serial
correlation associated with illiquidity and return-smoothing. We then compare
the degree of return-smoothing for hot and cold inceptions.

In the interest of space, we summarize our findings here, reporting the for-
mal tests in Table IA.IV in the Internet Appendix. We find that both types of
inceptions exhibit return-smoothing. However, hot inceptions have a signifi-
cantly higher degree of return-smoothing than cold inceptions do, suggesting
that the returns of hot inceptions benefit more from illiquidity and smoothing.
The difference holds not only in summary statistics but also in cross-sectional
analysis detailed in the Internet Appendix. Hence, the superior performance
of cold over hot inceptions is unlikely to be due to return-smoothing.

Next, although the seven-factor model of Fung and Hsieh (1997) is widely
used in the hedge fund literature to evaluate risk-adjusted returns, funds can
nonetheless be exposed to additional risk factors related to liquidity (Pástor
and Stambaugh (2003), Sadka (2010)), correlation risk (Buraschi, Kosowski,
and Trojani (2014)), economic uncertainty (Bali, Brown, and Caglayan (2014)),
and volatility-of-volatility (Agarwal, Arisoy, and Naik (2017)). A study of the
influence of these factors is important because they can be exploited by hedge
fund managers seeking risk-based returns, and we thank the respective au-
thors for providing the data. In addition, since nonsynchronous trading of illiq-
uid assets can lead to biased estimates of fund beta (see Scholes and Williams
(1977)), we include lagged market returns as an additional factor.

In Table IA.V in the Internet Appendix, we start from the seven-factor model
explaining the alpha of the spread portfolio between cold stand-alone and hot
clone inceptions and add additional factors one at a time. Most factors—except
for the liquidity factor of Sadka (2010)—do not have significant power in ex-
plaining the inception portfolio return spread. Sadka’s liquidity factor is likely
relevant because it is constructed from variables related to informed trading.
We also find that, after the inclusion of the Sadka liquidity factor, our con-
clusions from Tables V and VI do not change. The coefficient estimate of risk-
adjusted spread (alpha) is close to that reported in column (8) of Table V. We
conclude that our results are not explained by alternative risk factors.

In Table IA.VI in the Internet Appendix, we further examine whether our re-
sults can be explained by fund characteristics. We control for fund return char-
acteristics, including two measures of risk (market beta, return volatility), two
measures on how distinctive a fund’s strategy is with respect to other hedge
funds in the same strategy category or with respect to common risk factors in
the market (the Strategy Distinctiveness Index [SDI] of Sun, Wang, and Zheng
(2012) and the R2 of Amihud and Goyenko (2013)), as well as operational pol-
icy choices related to incentive fees, management fees, the redemption notice
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period, and redemption frequency (we express redemption frequency in days—
a larger value indicates a more restrictive redemption policy).

To achieve this goal, we conduct a cross-sectional analysis by linking fund-
specific alpha to a dummy variable indicating the type of an inception (i.e.,
whether is it a cold stand-alone inception) as well as fund characteristics. The
Internet Appendix provides more details of the analysis. Our main finding is
that the cold stand-alone dummy is associated with a significant and positive
coefficient in this cross-sectional regression, and that fund characteristics do
not absorb this significance. For instance, although SDI is positively related to
fund alpha, our main result remains unchanged (cold stand-alone inceptions
are associated with higher alphas). Controlling for other characteristics and
policies yields a very similar result.

Taken together, our findings suggest that the outperformance of cold incep-
tions cannot be attributed to exposure to return-smoothing, additional risk fac-
tors, characteristics of fund returns, fund policy choices, or flows. These results
lend further support to our conclusion that cold inceptions deliver performance
because managers of these inceptions possess genuine skill.

C. Alternative Holding Periods and Definitions of Cold and Hot inceptions

Next, we use alternative holding periods and alternative definitions of cold
and hot inceptions to investigate their impact on our main findings. Since there
is a trade-off between the length of a holding period and the number of funds
available, our baseline analysis adopts a holding period of 60 months, which
is often used in the literature to estimate portfolios’ dynamic risk exposure.
We re-do Table VI using a shorter holding period of 48 months (Panels A1 and
B1 of Table IA.VII in the Internet Appendix) and a longer period of 72 months
(Panels A2 and B2 of Table IA.VII in the Internet Appendix). We see that the
main features of Table VI remain unchanged. It is perhaps not surprising to
see the robustness of our results over different testing horizons considering our
previous finding that cold inceptions are associated with persistent managerial
skills that are superior to hot inceptions.

We also examine the impact of alternative definitions of cold and hot incep-
tions. In our main analysis, inceptions are classified as hot when they invest
in strategies with high investor demand as proxied by high strategy category
return and flows. Since (past) category inceptions provide another observable
signal of investor demand, we can also define hot inceptions as those invested
in strategies with high recent strategy category inceptions. A strategy is clas-
sified as hot (cold) if its normalized inceptions are among the top (bottom) 30%
of all strategies over the 36 months prior to inception. Inceptions are normal-
ized by dividing by the number of funds in that strategy at the beginning
of the given period. We form inception portfolios based on both family struc-
ture and this alternative strategy identification. The results are reported in
Table IA.VIII in the Internet Appendix. Our main conclusions from Table VI
remain largely unchanged.
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D. The Impact of Data Biases

The seminal papers of Fung and Hsieh (1997, 2000) and Jorion and Schwarz
(2019) document biases (e.g., survivorship bias, backfill bias, and selection
bias) in hedge fund data and their impact on hedge fund performance. Here,
we address concerns related to these biases. The Internet Appendix provides
additional discussion regarding the bias related to voluntary reporting to
databases.

To mitigate survivorship bias, we include both live and defunct funds from
each of the three databases. To minimize measurement errors caused by funds
reporting after they have been alive for some time, we measure inception pe-
riods from the true inception date (not the date at which the fund starts re-
porting to the database nor the date of the first available return for the fund).
As mentioned in Sections II and IV, we address the backfill bias (caused by
funds choosing to backfill their returns only if they are proud of their early
performance) using the method developed in Jorion and Schwarz (2019). This
involves estimating the date at which each fund is added to the database using
information from the cross-section of fund IDs for each database, then mark-
ing returns before the add date for each fund as missing. Jorion and Schwarz
(2019) show that this is a more effective method of eliminating the backfill
bias than deleting early performance (12 or 24 months) from all funds, as is
frequently done in the literature.

VI. Conclusion

In this paper, we explore the economics of hedge fund inceptions in the pres-
ence of search frictions. To do so, we incorporate into the Berk and Green (2004)
model one of the most important types of frictions in the hedge fund industry,
namely, new managers’ need to search for accredited investors. The novel in-
tuition from our stylized model is that investor demand and performance in-
fluence the search-and-bargaining process associated with raising capital for
new funds. The substitution effect between the extensive and intensive mar-
gins of capital-raising gives rise to two different types of inceptions: hot in-
ceptions that replicate the strategy of existing funds and cold inceptions that
deliver new skills and superior performance. Moreover, family structure arises
endogenously to reduce the search frictions, but negatively affects the perfor-
mance incentives of affiliated nonclone inceptions. Since search frictions am-
plify diseconomies of scale, they also motivate the inception of clone funds.

Empirically, we develop proxies for strategy popularity among investors and
for family structure. We find that funds arising in strategies with high investor
demand (i.e., hot inceptions) subsequently underperform those facing demand
headwind at inception (i.e., cold inceptions) on a risk-adjusted basis. We fur-
ther find that cold inceptions, but not hot inceptions, outperform existing funds
and that family-affiliated inceptions underperform stand-alone inceptions.
Using an identification involving both strategy popularity and family struc-
ture, we sharpen our results by identifying cold stand-alone inceptions and
hot clone inceptions that exhibit a risk-adjusted performance spread as high as
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6.8% per year. We further show that the performance difference is attributable
to genuine managerial skills that managers of cold inceptions bring into the
hedge fund industry, as opposed to loading on alternative sources of risk such
as illiquidity or return-smoothing. Cold inceptions also exhibit significant per-
formance persistence, suggesting that their performance is skill-based. Finally,
tests excluding experienced managers lead to stronger results with larger eco-
nomic performance differences between cold stand-alone and hot clone incep-
tions.

Overall, our findings suggest that market frictions are an important eco-
nomic mechanism that drives cross-sectional variation in the risk-adjusted
performance of hedge fund inceptions and leads to the formation of family
structure in the industry. Importantly, we show that it is possible to distin-
guish ex ante new funds that provide genuine innovations to the industry. Our
model, methodology, and empirical analysis have important normative impli-
cations that may also apply to other fast-growing markets in which managers
need to actively search for capital. Private equity funds and private pension
funds are two examples. Although our analysis focuses on the cross-section of
hedge fund strategies, the search mechanism may also impact time-series pat-
terns of fund returns. Our results call for more attention to market frictions
that new funds face as we seek to better understand the incentives and overall
value of the hedge fund industry.
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