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Abstract: We examine how parent firm location influences therformance of
subsequent entrepreneurial spawns into the hedgkiidustry. We find that hedge fund
managers who previously worked for parent firmsated in the industry hubs—New
York and London—outperform their peers, regard#sshere the hedge fund is located.
These results are robust to controls for seledtivm job spells in New York/London
based on all observable individual and parent fiharacteristics. The evidence suggests
that agglomeration effects influence entreprenéspawns’ performance by increasing
the value of individuals’ human and social capitghen they are still nascent
entrepreneurs working for established firms.
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1. Introduction

Entrepreneurial spawning—the founding and managfngew external companies by employees
of established (“parent”) firms—is thought to bé&ey driver of entrepreneurial activity in the econo
(Bhide 2000), and an emerging stream of literahags shed light on entrepreneurial spawning and its
antecedents (Agarwal, Echambadi, Franco and Satkat; Gompers, Lerner and Scharfstein 2005). Yet
relatively little is known about how parent firmtrétutes influence the financial performance ofithe
spawns, perhaps because objective measures of ggatenmance are often difficult to observe. This
paper examines one parent firm attribute of padicinterest: whether parent firm location in an
industry’s geographical hub positively influencegsequent spawns’ performance. While there is a
significant body of literature examining agglomeévateffects and firm performance, including several
studies examining the impact of agglomeration ofregreneurial firms on the founding rates and
performance of new firm located in these centemsll(BO05; Saxenian 1994a, 1994b), little is known
about how agglomeration effects pre-founding impatithe post-founding performance of new firms.
However, it would seem important to the study dfepreneurship to better understand the pre-fogndin
factors influencing new venture performance.

This paper builds on and integrates research ampéirm determinants of entrepreneurial spawn
performance with research on agglomeration efféctgarticular, we examine how agglomeration effect
at the parent firm level increases the commerciles of the human and social capital of nascent
entrepreneurs when they are still employees of nmmmnt firms, ultimately leading to improved
performance outcomes when those individuals fourtbl@ad entrepreneurial spawns. As such, our study
makes a contribution to the entrepreneurship libeeaon the pre-founding determinants of new ventur
performance. Furthermore, by studying the origafisfirm performance differences this work also
contributes to the strategy literature on firm daliées, and thereby helps to explain the undedyi
heterogeneity in firm performance.

We propose and test a straightforward implicatibthe agglomeration economics literature in
the context of entrepreneurial spawninggeteris paribusentrepreneurial spawns should perform better if
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their founder or key manager previously workeddqrarent firm that is located in the relevant ingus
geographical hub. Agglomeration effects increase thlue of an individual's human capital when
working at the center of an industry exposes ongaloable ideas and techniques that others on the
periphery cannot observe (Marshall 1920/1890; @aext al. 1992). Furthermore, agglomeration ¢ffec
increase the value of an individual's social cdpitaen working in an industry hub allows one to elep
relationships with leading customers and supphen® can critically influence the success of a new
venture (Saxenian 1994a; Hellmann, 2007). Agglaten effects obtain at the level of the parentfir
when individuals who have worked in industry hubave their parent firms to lead an entrepreneurial
spawn, as these individuals take their unique kadgé and contacts with them, and can potentially
exploit these resources to improve the performasfcéheir new venture. Thus, the location of an
individual's parent firm influences the commercialue of their human and social capital with clear
implications for new venture performance when thows#viduals leave the parent firm to found or
manage and entrepreneurial venture.

We test the proposition that agglomeration effqmbsitively influence the performance of
entrepreneurial spawns by constructing a uniquasdaton hedge fund performance, hedge fund
managers and their employment histories. The héage industry provides a good setting for testing
agglomeration theories in the context of spawnagythe industry is characterized by two obviouslfoc
industry hubs, and high rates of entrepreneuriéiviac over the last three decades, and hedge fund
performance measures are well-defined and objdgtmeasureable even for young firms.

Our empirical tests show that hedge funds whoserkagagers were previously employed by
parent firms located in financial services indugttjps—New York or London—outperform other hedge
funds, regardless of the location of the hedge fuktedge fund spawns from parent firms based in
financial services hubs generate 1.2-1.7% higheoiabal returns per year for their investors nefiees.
Furthermore, parent firms located in New York ontlon are 40% more likely to produce a spawn, even
after controlling for firm size and industry, anabsvn more managers who subsequently lead hedge fund
compared to equivalent firms outside of industrpsitThe results are robust to alternative measafres
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performance, sample specification and controlsstdection effects through propensity score matching
The evidence suggests that agglomeration effegisowme spawn performance by increasing the value of

nascent entrepreneurial managers’ human and sag#hl.

2. Theory development

Several studies suggest that incumbent organizatiom often the starting point for the formation
of new ventures: Bhide (2000) finds that over 70%tentrepreneurs replicated or modified an idea
encountered in previous employment. Braun and MaellRl (1982) document that between 1957 and
1976 over a third of all entrants in the semi-cartduindustry were founded by previous employees of
Fairchild, nicknamed “Fairchildren” (Klepper, 2001)

The extant literature has developed some intriguimgights on parent firm determinants of
entrepreneurial spawning: for instance, Gompeas. ¢2005) find evidence that entrepreneurial spag/n
rates are higher for innovative and entreprenedifilmhs (“Fairchild view”) compared to large
bureaucratic firms (“Xerox view”). Their findingsuggest that both human and social capital
mechanisms drive entrepreneurial performance, disiduals who work for entrepreneurial incumbent
firms are exposed to a network of suppliers, custgmand venture capitalists, and participate @ th
entrepreneurial processes during their employmppear to be better equipped to found and manage
their own businesses. Other research focusing @ttplon human capital mechanisms has shown that
both technical and non-technical knowledge gainebugh previous employment can positively
influences spawning rates (Agarwal, Echambadi, ¢oaand Sarkar 2004; Klepper and Sleeper, 2005;
Chatterji 2009). Moreover, Klepper and Sleeper 80nhd evidence that parent firm location in the
industry’s geographical hub positively impacts thagnitude of entrepreneurial spawning. While the
foregoing literature suggests that agglomeratideces should contribute to spawns’ performance rge a
not aware of any papers that have explicitly tegexlimplication of the theory. This paper takestep
toward filling this gap in the literature by inviggtting the link between agglomeration effectstet t

parent firm level and subsequent spawn performance



This research also contributes to a literaturehenarigins of firm heterogeneity. Several studies
have suggested that knowledge inherited from pdnens influences the performance of spawn (Helfat
and Lieberman, 2002); for example, in the hard disike industry spawns exploited technological
knowledge gained at their previous employers tpedorm firms that entered from outside the industr
(Christensen and Bower, 1996; Franco and Filsor6208 similar pattern was observed in the laser,
television receiver and automobile industries, whéateral entrants with less related experience
performed poorly compared to spawns from closelgted industries (Carroll, Bigelow, and Seidel,
1996; Eisenhardt and Schoonhoven 1990; KlepperSamdns 2000). While these studies have yielded
evidence that parent firm attributes influence pleeformance of entrepreneurial spawns, there s les
evidence about the parent level determinants asgeerformance. We build on and extend two seminal
papers on the antecedents of spawn performancarwat) Echambadi, Franco and Sarkar’'s (2004) work
shows that spawns’ survival rate is positively tesdieto parent firms’ technical knowledge, and Girgits
(2009) research finds that the parent firm's narécal knowledge positively influences the
performance of spawns. Our research extends thesireh by focusing on the impact that the locaion
the parent firm has on the operational financiafggenance of the spawn, as opposed to the sureival
the spawn or its implied market capitalization upeceipt of venture capital. While survival andrkes
capitalization are relevant measures of firm penfomce they are quite coarse. For example, firm
survival might be influenced by deep pockets ashmag by firm quality. Thus, focusing on actual
operational performance has the potential to peaidighter connection between theory and evidence
spawn performance.

Industry activities are often concentrated in derteegions or geographic industry hubs,
potentially because firms are able to derive penforce benefits from locating in clusters (Krugman,
1991; Porter, 1998). Agglomeration benefits camsteom firms being more deeply embedded in an
industry’s customer, supplier, and support netwotkereby allowing the firm to benefit from better
access to knowledge flows (Marshall 1920/1890; &aeKallal, Scheinkman and Shleifer 1992). Firms
in geographic hubs can also benefit from socialtabpffects (Bell, 2005). Several studies havevaino
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that agglomeration effects are particularly impott@r innovation and new venture formation as vasl|
the performance of new ventures conditional onni@ venture locating in the industry hub (Audretsch
and Feldman, 1996; Jaffe, Tratjenberg, and Hended@93; Saxenian, 1994a, 1994b). However, in the
context of entrepreneurial spawning little is knoalvout whether pre-founding agglomeration effetts a
the level of the entrepreneur’s parent firm, aftbet post-founding performance of the spawn.

Integrating the existing research on agglomeraditects and entrepreneurial spawning gives rise
to a clear testable proposition: when managerskworindustry hubs they are exposed to valuable
knowledge, information, and ideas as well as petpdé managers on the periphery of the industry are
less likely to encounter, which positively influescthe performance of new ventures led by such
managers. Thus, the unique access to criticaledrivf human and social capital that geographic
proximity provides not only makes a manager madkelyi to form or join a new venture; it also gives
them a competitive edge over their peers who waertkide of industry hubs when they decide to found
and lead new ventures. We, therefore, proposewthah a manager leaves a parent firm located in an
industry’s geographical hub in order to lead a n@nture, this entrepreneurial spawn will outperform
other spawns whose managers previously worked #éoernps located outside of the industry hubs,

irrespective of the location of the spawn itself.

Hypothesis 1. Entrepreneurial spawns will perforgttér if their principal managers
were previously employed by parent firms locateth@relevant industry’s geographical

hub.

Hypothesis 1 applies the fundamental idea at tha&thef agglomeration economics—that
knowledge and relationships are more easily tramasthand developed over short physical distances—in
the context of spawn performance. The interseatioagglomeration economics and entrepreneurship
also has implications for the volume of spawningjvity a parent firm creates. Following Gompers,
Lerner and Scharfstein (2005), and Klepper and pele€2005) we also explicitly consider whether
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agglomeration effects influence the magnitude awspng activity, proposing that centrally located
parent firms will be more likely to produce entrepeurial spawns and will generate more spawns than
parent firms located outside of industry centeFaus our second hypothesis predicts that agglomerat

effects will also impact the rate of entreprendigawning:

Hypothesis 2. Incumbent firms located in an industgeographical hub are more likely to generate
entrepreneurial spawns and will generate a largemmer of spawns than peripherally located

incumbents.

Although the existing literature has previouslytégswhether the volume of spawning activity is
related to agglomeration measures, it is importantonnect this result with spawn performance in a
single study to buttress the claim that agglomenagffects are a causal driver of spawning actiaity
performance. Moreover, the second hypothesis gesvsupport for a theory of agglomeration effects
that does not rely on systematic mistakes by ilvestr entrepreneurs. In particular, if investoase
better information about local entrepreneurs arel subject to search frictions, investors need not
compete away the excess returns predicted in Hgphl in equilibrium. For example, if investors
follow a cutoff rule for making new investments, iath fully specifies their portfolio allocations to
investment managers as in Sharpe (1964), and f=mels costs in locating managers outside of their
geographic area, then investors will “satisfice” ipyesting in firms that generate positive abnormal
returns without attempting to maximize gross inmesit returns globally. An equilibrium theory of
agglomeration with search costs has three impomaplications in the context of a competitive marke
for investment. First, the theory predicts thaittfrisk neutral) entrepreneurs will always laumsw
ventures when their expected returns are posigeepnd more entrepreneurs will spawn from firms
located in industry hubs, and third entreprenelas $pawn from firms in industry hubs will have lineg
expected returns on average. In the empiricalectrgection below we discuss why the hedge fund
industry is consistent with our assumption thataeéictions effectively segment geographic masket
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3. Empirical context: the hedgefund industry

Hedge funds are private investment vehicles ths¢ reapital from high net worth individuals and
institutional investors to exploit investment opjpimities. As private investment vehicles, hedgaelfuare
not subject to the same rules and regulationsrthatial funds are subject to, which gives them more
investment flexibility. However, as private invesnt vehicles hedge funds are also not allowed to
market their services to the general public. Thhs, private nature of the industry tends to create
frictions between geographically distinct marketslescussed above.

The first hedge fund was founded in 1946 by AlfWthslow Jones, but the hedge fund industry
emerged as an important sub-sector of the finarsgalices industry in the 1980s. The industry has
subsequently undergone rapid growth with compoumual growth in assets under management above
15% (Alternative Investment Management Associa?®8). In 2008 assets under management were
estimated to be approximately $1.9 trillion. Itparticularly noteworthy that the hedge fund settas
witnessed significant entrepreneurial activity oibe past three decades: our estimates, based on
industry data and discussions with hedge fund memsaguggest that 10,000-12,000 hedge fund firms
have been founded since 1978.

Part of the reason for the remarkable number of wentures formed in the hedge fund industry
is undoubtedly the lack of intellectual properti?)lprotections over investment strategies, whitwesl
individuals to appropriate the value of the knowjedgained while working at their parent firm by
spawning a new venture. For example, Julian Rebeit hedge fund Tiger Management Corporation
has seen analysts and traders leave to spawnrgfeeniamber of “Tiger Cubs”, including Maverick, Le®n
Pine, Touradji, Sumway, Lone Pine, and Millgate,oagst others; while traders at Goldman’s risk
arbitrage desk famously led by Robert Rubin spawiRaedhllon, TPG-Axon, Eton Park, Taconic, Och
Ziff, and Perry amongst others.

Another key driver of spawning activity in the hedfund industry is its attractiveness to
entrepreneurs: hedge fund managers are amongstatehighly remunerated professionals in the world.
The conditions in the hedge fund industry fit clgsevith Hellmann’'s (2007) “entrepreneurial
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equilibrium”™—firms do not own IP and the externahveonment is very attractive to potential
entrepreneurs—where in equilibrium individuals expl their entrepreneurial ideas through external
ventures. Thus, our emphasis on individuals’ opputies to learn and network while employees of
parent firms as key drivers of spawning performandhe hedge fund industry (e.g., the Fairchilevw)
seems warranted.

Broadly, hedge funds are classified into four brmagstment styles, each of which encompass a
wide array of strategies and specializations: “Mdcinds” invest in financial securities based oobgl
macro-economic trends or events; “equity long/shortls” invest in equity securities that are expddb
increase in value while short selling equity sdasithat are expected to fall in value; “eventsn
funds” invest in financial securities based on oogpe events, such as mergers and acquisitions or
bankruptcy; “relative value funds” exploit misprigi of financial securities. However, within each
investment style a wide number of trading strategist, which tends to moot the relevance ofra’ér
stated investment strategy.

Hedge fund firms derive their revenue from managenfiee and incentive fees. Management
fees are annual asset management fees basedmet teset value of the assets under managememe by t
hedge fund firm. Incentive fees entitle the heflged firm to a percentage of the achieved return on
investment. Our data on fees is consistent withfidneres reported in other research on hedge funds.
Management fees range between 0% and 6% but doaltyclose to 2% of the net asset value, and that
incentive fees are typically approximately 20% bk tfund’'s return (Ackermann, McEnally, and
Ravenscraft, 1999). As a consequence of this fee structure, hedgé fums generate more income
when they have larger amounts of assets under raareay and when they achieve high absolute returns.

We exploit the fact that hedge funds report a suiitl amount of information about their
managers and performance as an indirect marketinlg—since the firms cannot directly market their

products to the general public—to gather detailaigh @n hundreds of hedge fund start-ups. We use th

! The incentive fee is typically subject to a “highater mark”, which means the fund must have geedrpositive
returns (net of fees) over the lifetime of the istveent before any incentive fees are due to thé.fun



information to analyze how agglomeration effectsnianagers’ previous employment influence the

performance of hedge funds.

4. Data and empirical design
4.1 Sample construction

Data on hedge fund performance (monthly returneestors net of fees), location, size and
inception date were obtained by combining the twostmextensive and widely used hedge fund
databases: Lipper-TASS (“TASS”) and Hedge FunceBeh (HFR). The data sets include data on over
12,000 individual funds from 3,113 hedge fund finchsring the period 1978 to 2007. Though the
datasets are self-reported they are widely beli¢gdat broadly representative of the global hedumel f
industry. While the TASS dataset is free of sunwbhip bias, we run our main tests on a pooled Eamp
of TASS and HFR, and confirm that the results atsust to dropping the firms that are listed in HFR
only.

We obtained detailed biographical information akibet top two hedge fund managers from 684
hedge fund firms from the database provided MARRke@gbsequently acquired by CISDM), including
manager name, educational history, previous twpl@yers, and whether the manager was the founder
of the firm? As this data was not available in an electroeiarshable database, we hired two research
assistants to enter the data independently intatabedse. We then checked for consistency between t
two entries: if the record matched exactly betwéem two entries, we dropped one of the entries
randomly; if there was a discrepancy we doublekbeche entries with the original data and only
retained the correct entry.

We verified that the MARhedge data was drawn framequivalent pool of hedge funds as the

2 Many hedge fund firms list only one manager witARhedge, typically the founder and CEO, though miisty
two co-founders. Some other firms list top exemsilike the CEO and CFO, or the CEO and chieffplamt
manager without indicating which, if any, manageese founders. Where more than two managers stedllin
MARhedge we used the associated biographical reportistinguish which two managers were the mestcs.
The results obtained are consistent if we limit tagt sample to the firm’'s top manager insteadswrigithe firm’s
top two managers.

10



TASS and HFR datasets by comparing the means afdhmnon variables. There were no meaningful
statistical differences between the data sets wa#pect to firm size, location, and fees charged to
investors. We then merged the MARhedge data wkBS and HFR datasets, which resulted in 1,585
unique hedge fund manager-previous employer pdinshich 1,058 pairs had complete hedge fund
performance and previous employer location inforomat

In order to conduct our empirical tests with megfih controls on previous employer
characteristics we restricted the main test satapiaclude only job spells with previous employ#rat
were listed on public stock exchanges in the Uniates and United Kingdom between 1978-2007,
including the New York Stock Exchange (NYSE), thatiNnal Association of Securities Dealers
Automated Quotations (NASDAQ), the American Stockcliange (AMEX), and the London Stock
Exchange (LSE). The resulting data set consis®06f unique hedge fund manager job spell-previous
employer pairs from managers at 414 unique hedgdsfithat were spawned from 95 unique previous
employers. Table 1 shows the characteristics @Rt most prolific parent firms in terms of the roen
managers that left the firm to become a foundelQCéhief portfolio manager or other senior manager
a hedge fund. Citigroup was the most prolific paia our sample with 68 managers who left to begom
senior managers at hedge funds. Of the top 25 prosfic parent firms 12 are headquartered in New
York or London (*HQ Location”), 20 were ranked bystitutional Investor as being in the top 25 of
securities trading firms (“Ranked”), and 24 aressified as having a standard industrial code (8t&€e

that begins with “6”.

4.2 Measures
We test Hypothesis 1 using two different dependemiables: 4-factor and 8-factor equal
weighted average monthly excess returns (firm ‘@lptio investors (net of fees). Excess returns are

estimated using the standard approach, as theahffe between the actual return furathieves at time
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(month)t and the fund’s expected return controlling for filmed’s risk exposureas in equation (1):

(1) Ri=a + Ry +XBi + e,

where Ris a fund’s raw return net of fees charged to $hmes and the vectoX contains factors that
proxy for the fund's risk exposure. In the 4-factoodel we include the three Fama-French (1996)
factorsR,-Ry, HML andSMB, and Carhart’s (1997) momentum facdOM in X. R,-Ry is the market
equity return less the risk free rak#iyIL is the return on value relative to growth stoasslthe risk-free
rate, SMBis the return on small stocks relative to largecks less the risk-free rate, ahtDOM is the
return on one-year momentum versus contrarian stotke terng is the time invariant component of a
fund’s performance (fund “alpha”) ams the residual. We take the factétbL, SMB, MOM, R and
R. from Ken French’s data IibraFyR from TASS and HFR, and compudethe coefficients ofX ande
by running fund-level longitudinal regressions. Wen compute the firm’'s excess retutt,PHA by
averaging it's fund alphas on an equal weightedsbas

While 4-factor excess returns are a standard wagnéasure financial performance, there is
substantial disagreement in the asset pricingalitee about whether the 4-factor model represdrs t
appropriate risk adjustment procedure for hedgdd$ufung, Hsieh and Naik 2008). In particular,desd
fund scholars are concerned that active tradiragegies deployed by hedge funds, and the fachtdge
funds tend to hold illiquid assets, exposes themrigue risks that are not captured by the standard
factor model. We therefore, create an alternagixeess return measure based on an 8-factor model
developed specifically to measure hedge fund exedsens where the vectirin (1) contains two of the
Fama-French (1996) factoR,-R: andSMB plus five factors from Fung and Hsieh (2004)e #xcess
returns on portfolios of straddle options on cucies, commodities, and bonds, the yield spreadhef t
duration adjusted U.S. 10-year Treasury bond dwer3tmonth T-bill, the change in the credit spread

the duration adjusted Moody’s BAA bond over theyk@r Treasury bond (BAA); and a liquidity factor

3 http://mba.tuck.dartmouth.edu/pages/faculty/keméh/data_library.html.
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from Pastor and Stambaugh (2002)Iphas are winsorized theland 99" percentile to control for
outliers.

We test Hypothesis 1 by comparing the performarideedge funds spawned from parent firms
in the CENTER(e.g., New York and London) against spawns fromepiafirms in the nol€ENTER
locations at the level of the job spell, conditiboa the individual subsequently becoming one eftibp
two executives at a hedge fund. To test Hypoth2si® focus on the parent firm as the unit of asialy
and expand the risk set to all potential previompleyers that could have spun off a hedge fund. To
develop this sample we counted the number of unigqaeager job spells spawned from each previous
employer(SPAWNCOUNTand mergePAWNCOUNDy previous employer name to COMPUSTAT's
complete set of firms listed on public exchange®Jif. and U.K. We dropped 335 observations for
which we were unable to obtain reliable informatnlocation or industry, leaving us with 17,299rf.

We then test Hypothesis 2, using two dependenabias based o08PAWNCOUNT a binary variable
that indicates whether an incumbent has generdtéghst one spawn in addition to the count variable
SPAWNCOUNT

Our key independent variable captures the locatiothe previous employer of the hedge fund
firm’'s principal managers. Specifically, we cagtwhether the headquarter location of the previous
employer of the hedge funds’ principal manager wasne of the geographical hubs of the financial
service industry—New York or London (the citiesttia@count for the world’s largest equity, debt and
derivatives markets and are ranked as the top telmabfinancial centers by the Global Financial ees
Index and the Worldwide Centers of Commerce Indgervery year the these indices were compiled).
We measure parent firm location as a binary vagildbENTER which is equal to 1 if the location of the
previous employer is New York City or London anatBerwise. Although there is undoubtedly some
measurement error IBENTERbecause some individuals did not work at theinfr headquarters, the

effect of the measurement error is to introduceseaito our estimates—a bias that works againdtrign

* The Fung and Hsieh factors are available at Hepulty.fuqua.duke.edu/~dah7/HFData.htm. We thRoknie
Sadka for helping us construct several of the facfmom the raw data on Hsieh's web site. PastamBaugh
liquidity factors are available at http://financéavton.upenn.edu/~stambaug/ lig_data_1962 2008.txt.
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the hypothesized results.

4.3 Empirical specification
4.3.1 Spawn PerformanceOur baseline test of Hypothesis 1—predicting thaavens will
outperform when their parent firm was located ie theographic center of the industry—regresses

CENTERonALPHA (both 4-factor and 8-factor excess returns) forgpellj and hedge fund firmas in:

(2) ALPHA = a + BCENTER+ X8, + €,

whereX is a vector of controls that might plausibly irdhce hedge fund performance ariddexes both
job spell and hedge fund controls. Hedge fundrotsitnclude the location, scope and age of hedgd f
firm i. We use two location variables “hedge fund integh is a binary variable set equal to one if the
hedge fund is based in New York or London, and oéherwise. “Hedge fund near center”, is a binary
variable set equal to one if the hedge fund is iwittO0 miles of New York or London, and zero
otherwise. Scope is measured as the log of theageenumber of funds in the hedge fund firm (equal
weighted by month), and age is measured as yeacs $he firm was founded. Job spellj controls
include relatedness and quality measures relataddigiduals’ previous employers. The relatedness
measure is whether the job spell was in the fir@roidustry, measured by the first digit of the qudr
firms SIC code $1C6°. The two quality measures are whether the pdientwas ranked as a top 25
securities trading firm in any year 2000-2007 bgtitational Investor MagazineRANKED, and the
parent firm’s long-run average Tobin's q. Standartbrs are robust and clustered at the parent-firm
level.

Table 2 Panel A shows the summary statistics fervidwiables used in tests of Hypothesis 1.

59% of the job spells in our test sample were bageparent firms located in New York or London

® Our age term is equivalent to including a linéarettrend. In an alternative specification we imtgdd founding
year fixed effects and found very similar results.
® The results are robust to using a full set of tligit SIC code dummies.
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(CENTER, while 91% of the job spells were with financgdrvices firms $1C, and 71% of the job
spells were with financial services firms that weamked as the top 25 securities trading firms by
Institutional Investor 2000-2007.

In the absence of omitted variables that are caedl with bothALPHA and CENTER the
baseline OLS regressions deliver evidence abouttheheagglomeration effects influence spawn
performance. However, becalSENTERis an endogenous choice variable for both managetparent
firms, the results are potentially biased due tdogenous sorting. For example the best future dnedg
fund managers may self-select into companies |dcateNew York or London precisely because they
want to start their own hedge fund in the futurkud; a positive coefficient ctBENTERwill confound
selection and treatment effects. To control for effects of endogenous sorting, we follow Rosenbaum
and Rubin’s (1983) propensity score matching teqmmi which defines a valid control group of non-
CENTERjob spells that are similar to tIRENTERjob spells with respect to all observable charésttes
of the job spells. Compared to the standard apprad adding controls to a linear regression, the
propensity score methodology makes fewer functiéoreh assumptions and eliminates the influence of
non-comparable control and treatment group obsenstthat are off the common support of the
estimated propensity score distributfon.

To implement propensity score matching we estinaapgobit of the individual and employers
joint decision to enter into an employment relasiaip in New York or London (i.e. in tHeENTER and
use fitted values from that model as estimateshefgropensity score RIENTER = 1)), whereX;
includes all observable characteristics of indialduand their employer firms that might plausibgvé
an effect on either party’s decision to enter it employment relationship, including all the adaftes
from the OLS specification (2), the median SAT scand rank of the educational institution the manag
attendef] the highest degree they obtained, and whethér ghevious job spell was in tHeENTER as

well as their employer’s size (log employees). V8e the predicted value of the probit regressiaomirto

" Intuitively, this approach will outperform standaegression control methods when the responsé BHA to
CENTERvaries withX (i.e. there is treatment heterogeneity), Xnid correlated WittCENTER
8 We use a full set of SAT quintiles along with aiTSmissing dummy to account for non-U.S. schools.
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the extreme values of tl@ENTERand non€ENTERdistributions and drop observations off the common
support of the joint distribution of the propensityore’ Once we obtain the matched sample, we re-run
OLS model (2) on only the matched sample, weightibgervations by the inverse probability of being
treated to balance the control and treatment grogzens 2004).

4.3.2 SpawningTo test Hypothesis 2, predicting that agglomeragtfects positively influence
the rate of spawning activity from a parent firng analyze both the impact GENTERon the likelihood
of any a single spawn occurring and the count efrtamber of spawns from a parent. We estimate a
probit model for the former dependent variable andero inflated negative binomial for the latfter,
controlling for factors that might plausibly inflnee spawning behavior at the level of the parem fi
including. As in Klepper and Simons (2005) we cohtor how closely related the employer is to the
hedge fund industry using SIC cod®lCH. As in Gompers, Lerner and Scharfstein (2005)conatrol
previous employer firm quality using Tobin’'s g aRANKED We also control for previous employer
firm size (number of employee¥). Table 2 Panel B shows summary statistics for spp@vn count
analysis. In contrast to the performance sampily, @bout 10% of the firms in the spawning sampée a

located in theCENTERand only 30% are financial services firms (SIC6=1)

5. Results
5.1 Spawn Performance

Table 3 shows the results from the OLS regressidSENTERoON excess return®\LPHA) to

° Following the standard approach, we trimmed olm@ns off the joint distribution of the treatmeanid control
groups until the F-test for the joint significarafethe differences in the means of the covariaighé treatment and
control groups were no longer significant at thésli@dvel. To do so we trim observations at the 1808 97.5%
points in the joint distribution of the propensigores. Alternative trimming procedures, for exkEmgymmetric
trimming, yielded very similar “second stage” reésulbut required more observations to be droppebetore
statistical differences between the control andttrent populations could be eliminated.

19 Since there is over-dispersion in the data--théauae is significantly bigger than the mean--we asnegative
binomial model as our base specification (resukésaso robust to a Poisson specification). Moreoas only 95
observations are non-zero observations, thereasgtevidence of zero-inflation in the data. Toaomodate for
this zero-inflation, we chose to adopt a zero-teffanegative binomial model (ZINB).

1 As more than 25% of the companies listed in o uMBSUTAT database have missing size and performanee,
use categorical variables for the quintiles ofthenber of employees and for levels of Tobin’s essively.
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investors. The coefficient estimate@ENTERon 4-factor excess returns is 12 basis pointsraarth, or
about 1.44% per year, with or without controls @ndignificant at the 1% level (columns 1 and 2gry
similar results are obtained on 8-factor excessrmst (columns 3 and 4). Only firm age is robustly
significant as a contrdf The negative sign on firm age suggests eithdr ibdge fund performance
tends to decline over time, or that later entraotsld not match the performance of early moverthén
hedge fund industry, or bothlnterestingly, the physical location of the hedged in or near the
CENTERIs not significant in either the 4-factor or thefa@tor specification, which suggests that
agglomeration effects on human and social capitabithe most importance when the managers’ human

and social capital development is still in a forivastage (i.e. when they employees of parent jirms

Since the decision for an individual to work in BENTER and/or for an employer to hire that
individual in the CENTERIis endogenous, the results shown in Table 3 cdy lom interpreted as
correlations. We use propensity score matchingdotrol for endogenous sorting on observable
characteristics of firms and employees. The resthie first stage of the propensity score matching
analysis are displayed in Table 4. Column 1 shth@smarginal effects from the probit estimating the
likelihood a job spell would occur in tteéENTERconditional on a manager subsequently becoming one
of the top two mangers of a hedge fund, while caisird and 3 show the differences in the means of the
covariates for the control and treatment groupsreeind after matching. Conditional on an indiaidu
becoming a senior leader of a hedge fund, achiewipgst-graduate degree other than an MBA, PhD or
JD is positively correlated with job spells occogiin the CENTER and the incidence of other post-
graduate degrees is significantly higher in thattreent CENTER population than in the control (non-
CENTER population. Also, job spells at employers thr&RANKEDDby Institutional Investor as leading

trading houses are far more likely to be in @ENTERand are much more prevalent in the treatment

12 As expected, because the factor models, shownuiat®n (1) above, do a good job picking up moshef
variation inALPHAthe Rs are low, in the 1-3% range, and the point esémah most of the controls are not
statistically significant.
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group than in the control group. No other varialdee both statistically significant in predictingob
spell being in theCENTERand have statistically different means in thettrest and control groups
before matching, thougBICG Tobin’s g, and number of employees (logged argbimg) are statistically
different between the two populations, and thedtter the joint difference in means between the tw
groups before matching is statistically significabthe 1% level. Figure 1 Panel A also reveasially
that the distributions of the propensity scoresarite different between the two populations—tha-no
CENTERpopulation’s distribution is much flatter than tBENTERpopulation and has much more mass

in the left tail.

Figure 1 Panel B shows the distributions of theppnsity scores predicting that a job spell
occurred in theCENTERfor the treatment and control groups after maighnevealing a much tighter
visual fit between the two groups. Table 4 colugworroborates this result statistically. Only the
difference in means oRANKED remains significant at the 5% level, and the F-fes the joint
significance of the differences in the means betwbe treatment and control groups is not signifi Gt
the 10% level. In other words, the matching apginagppears to work very well: job spells occurrimg

the CENTER are similar to those occurring outsititne CENTER along all observable dimensions.

Table 5 shows the matched sample performance sefuldtregressions oALPHA and log
revenue with controls. The point estimatesAdiPHA are relatively stable compared to the unmatched
OLS regressions at 11 and 14 basis points per mfmmthihe 4-factor and 8-factor excess returns
respectively, though perhaps because of the snedl@mple size the estimates are a bit noisier: 4the
factor estimates are significant at the 10% levkilevthe 8-factor remains significant at the 5%elev
Overall the matched sample results are consistightthie unmatched OLS estimates, and importantly, i
the absence of unobservable sources of heterogeheit are correlated with botBENTERand the
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outcome variables of interest, the propensity sooatched estimates dENTERcan be interpreted as

causal effects.

5.2 Spawning

Table 6 shows the results of the tests of Hyposh@si The first two columns show probit
regressions predicting the likelihood that a pafent located in theCENTERwill generate at least one
spawn. We present the marginal effects of a 1%gdén the covariates from their mean value, hgldin
all other variables at their means. The pointnestes orCENTERIs 0.014 without controls (column 1)
and is precisely estimated, which implies parenndi in theCENTERare 1.4 times more likely to
generate at least one spawn compared to other fih@snean rate of spawning at least one hedgeifund
0.5%). Including a vector of controls reduces riregnitude of the point estimate @ENTERto 0.004,
though it is still precisely estimated, and incemaghe pseudo “Rsubstantially (column 2). The
interpretation of the point estimate in column 2hat parent firms located in financial centers 40@o
more likely to spawn at least one hedge fund redath firms that are not located in tBENTER

A number of controls are statistically significamtcolumn 2, most impressiveRANKED which
increases the likelihood of spawning at least ceggk fund by 25 time$IC6and the top and bottom
quintiles of Tobin’'s g are also statistically antbeomically significant. Firms i81C6 are 60% more
likely to spawn at least one hedge fund, and fimtfe top quintile are 40% more likely to spawreaist
one hedge fund compared to firms in the bottomtdein Of course, firm size also matters: the ésty
firms are twice as likely to spawn compared to §irim the middle quintile, while the smallest firuse
10% less likely to spawn. The signs on the coieffits on the controls are consistent with the sjragvn
literature, particularly the Fairchild view, in skimg that relatedness and parent firm performamce (
proxy for firm quality), in addition to firm sizeggitively influence the magnitude of spawning (Klep
and Simmons 2005; Gompers, Lerner and Scharfs@€ig)2

Columns 3 and 4 show the zero inflated negativerhial (ZINB) regressions dCENTERon the
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number of spawns emanating from a parent fitmwithout controls the point estimate @ENTERis
1.53, which means firms in financial centers spaué (¢->*= 4.6) more hedge funds than firms located
outside of the financial centers. Including colstrim model 4 improves the fit of the model, tife
statistic jumps from 11 to 186, and reduces thetpestimate orCENTERto 1.15 or 3.2 additional
spawns (&"), though the estimate remains precisRANKED and SIC6 remain economically and
statistically significant in the ZINB specificatipthough the economic significance of these costrol
reverses: in the ZINB parent firms 81C6 generate twice as many spawns (11.9 additionalrspaas
firms that areRANKED (5.2 additional spawns). Quintiles of Tobin’s igl shot produce a discernible
pattern in the ZINB. Taken together the resultspsut Hypothesis 2 that parent location positively
impacts the rate of entrepreneurial spawning arerfadditional support for the Fairchild view with

respect to the role of relatedness and firm quality

6. Discussion

Our main results show that hedge fund managerswdiked for parent firms in New York and
London outperform hedge fund managers who workedhenphysical periphery of the investment
industry, and that parent firms in t&&ENTERare more likely to spawn and spawn more often fhers
on the periphery. Agglomeration effects at theelesf the parent firm need not be inconsistent with
rational investors allocating their investments dohon well informed, and statistically accurate,
inferences about the underlying quality of invesimmanagers. Indeed, our simple informal model
assumes that the data generating process followegutibrium model with rational investors. Howeyve
the results are not necessarily intuitive, whicisea the bar on for the empirical strategy to yiekll

identified results.

13 The Vuong test indicated that the ZINB model isesigr to the “regular” negative binomial model. &s
robustness check we also ran a zero-inflated Poissmlel (ZIP) on the magnitude of entrepreneupaksing and
found similar results. (The log-likelihood ratiest indicated that the ZINB model is superior.)
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In the ideal test of Hypothesis 1, predicting thgglomeration effects at the parent firm level
influence subsequent spawn performance, we wouldoraly assign individuals to senior management
positions in hedge funds and would then comparie pleeformances conditional ddENTER Similarly,
the test Hypothesis 2 we would like to randomlhigséirms to locations and observe how many spawns
they launch subsequently. In practice, we basestaiistical tests on self-selected populationgdd¢
fund managers choose their career paths and fihmese their headquarters location presumably to
maximize their own welfare. If the welfare maximibn decision involves higher ability managers
selecting themselves into job spells in the CENT&Rhigher quality firms locating in theENTER,in
ways that our empirical design does not controbiar results will be biased.

Unfortunately, due to the cross-sectional naturewfstudy, we cannot include person-specific
fixed effects in our specifications, and therefoamnot directly control how a manager’'s unobseevabl
ability might influence their opportunities and dgons to work in the&CENTER We do show that our
results are robust to controlling for selectioreefé based on observable characteristics of masager
firms, but acknowledge that matching cannot diyectintrol for selection on unobservable differences
that might bias compariso@ENTERand non€ENTERpopulations.

Although the matching approach does directly cdriivo unobservable ability, we take some
comfort in the fact that the coefficient estimatfsCENTER on performance are stable across the
matched and unmatched samples. If unobservablsuresaof ability were driving our results, one vbul
expect that omitting observable measures of alfilign the OLS estimates in Table 3, such measures o
the extent and quality of managers’ educationakipazind—which capture an meaningful component of
a manager’s innate ability prior to their experiemavith their parent firm(s)—would have a large atip
on performance (Bertrand, Luttmer and Mullainati2@®0). But, including measures of educational
achievement and quality of undergraduate educatiorthe propensity score matching procedure has

little impact on the coefficient estimate ®ENTER" Therefore, a comparison of the baseline OLS and

14 We also try including proxies for individual-spiciability directly in the OLS regressions anddithat the
coefficient estimate o8ENTERIs also stable in the presence of these variables.
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matched sample results suggest that unobservaibtg eprobably not driving the results @ENTER

Another alternative explanation for the performanesult we find is that firms in theENTER
are simply better firms, and consequently, emplsyaesuch firms get better training and have actess
better resources. While employer-specific treatnedfiects need not exclude agglomeration effebisy t
might confound our results. Unfortunately, we aanmule out this explanation by including firm foke
effects becausEENTERdoes not vary within firm. However, the stabildf/the coefficient otCENTER
to the inclusion of observable measures of firmliguas RANKED SIC6 and Tobin’s g—in the OLS
results as well as in the matching algorithm sugdfest this alternative explanation is probably not
driving the results o€ENTER

In addition to issues of endogeneity, there aredther important limitations of this study. First,
we do not directly observe the mechanism that wpothesize connect agglomeration effects to
outcomes. Namely, we do not directly observe aagaris human and social capital, but rather use
outcome variables as proxies for the effects ofagar's stock of human and social capital. Secoud,
study focuses on a single-industry, which mightidiesyncratic in ways that are difficult to predict

Thus, some caution should be applied when extréipglthe results in this paper to other contexts.

7. Conclusion

This paper examines how agglomeration effectseaptrent firm level (pre-founding) influence
the number of spawns a firm launch as well as tost-fpunding performance of the firm’'s
entrepreneurial spawns. We find evidence that éédgds that spawn from parent firms located at the
centers of the financial industry—New York or Lomdegenerate 1.2-1.7% higher annual abnormal
returns to investors net of fees compared to héalggs that spawn from parent firms located outsitle
New York and London, regardless of the locatiornthef hedge fund. Furthermore, parent firms in New
York and London produce more hedge fund spawnsaaed0% more likely to produce at least one
hedge fund spawn. Taken together, the resultsestigigat agglomeration effects associated with imgrk
in industry centers increases the value of manabamsan and social capital when they leave theiepa
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firms to lead spawns.
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FIGURE 1
Distributions of the probabilities of job spellsoccurringin the CENTER before and after matching

Figure 1A: Kernel density distributions of the patility of a job spell occurring in the CENTER dmef
matching (n=606)
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Figure 1B: Kernel density distributions of the patility of a job spell occurring in the CENTEReaft
matching (n=464)
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TABLE 1
Top 25 parent firmsin thetest sample

SIC  Employ-
Firm HQ Location Ranked code  ees(K) SPAWNCOUNT
Citigroup New York Y 61 387 68
JP Morgan New York Y 60 181 54
Merrill Lynch New York Y 62 64 50
Lehman Brothers New York Y 62 29 38
Deutsche Bank Frankfurt Y 60 78 33
Morgan Stanley New York Y 62 48 32
Goldman Sachs New York Y 62 31 31
UBS Zurich Y 62 84 29
Bear Stearns New York Y 62 14 25
BT Group London N 48 112 21
Bank of America Charlotte Y 60 210 21
Credit Suisse Zurich Y 62 48 18
RBS Edinburgh Y 60 200 17
Oppenheimer Toronto N 62 3 12
ING Amsterdam N 63 120 12
Wells Fargo San Francisce Y 60 160 10
Schroders London N 62 3 10
Barclays London Y 60 156 10
Allianz Munich N 63 181 9
RBC Montreal/Toronto Y 60 65 6
Alliance Bernstein New York Y 67 6 6
Prudential Financial Newark Y 63 41 6
CiB Toronto Y 60 41 6
HSBC London Y 60 313 5

Hedge fund spinoffs are measured as counts ofuthdar of managers who left the parent firm to beztwedge
fund founders or senior managers.
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TABLE 2

Summary statistics

Panel A: Performance analyses (n=606)

mean SD min max
Alpha 4-factor model (%/month) 0.38 0.54 -2.40 2.83
Alpha 8-factor model (%/month) 0.54 0.64 -1.33 3.47
CENTER 0.59 0.49 0 1
SIC6 0.91 0.29 0 1
Tobin’s q 1.23 0.62 0.88 8
RANKED in the top 25 by
Institutional Investor ‘00-07 0.71 0.45 0 !
Hedge fund location in fin. center 0.45 0.50 0
Hedge fund location near fin. center 0.14 0.35 0
Hedge fund age (years) 7.46 4.27 2 24
Avg. number of hedge funds 3.85 3.80 1 33

Panel B: Spawncount analyses (n=17,299)

mean SD min max
SPAWNCOUNT 0.04 1.04 0 68
At least 1 spawn 0.005 0.074 0 1
CENTER 0.10 0.30 0
SIC6 0.30 0.46 0 1
Tobin’s q 1.88 5.43 0.04 523
Number of employees (K) 6.50 29.86 0 2100
Ranked |‘n the top 25 by Institutional 0.002 0.042 0 1
Investor ‘00-07
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TABLE 3
Excessreturnstoinvestors

Dependent variable: Equal weighted average momtkidgss returns (%)

1) 2) ©)
4-factor 4-factor 8-factor
ALPHA ALPHA ALPHA
CENTER 0.12 *** 0.12 *** 0.10 ***
(0.04) (0.05) (0.05)
SIC6 0.08
(0.08)
RANKED by Inst. Investor 0.03
(0.05)
Tobin’s q 0.01
(0.04)
Tobin’s g missing 0.08
(0.07)
Hedge fund in center -0.02
(0.05)
Hedge fund near center -0.05
(0.10)
Hedge fund firm age -0.06 ***
(0.01)
Log avg. number of funds -0.06 *
(0.03)
Constant 0.31 *** 0.33 *** 0.47 ***
(0.03) (0.11) (0.04)
N 606 606 606
R? 0.01 0.03 0.01

(4)
8-factor
ALPHA

0.12
(0.06)

-0.04
(0.11)
0.06
(0.07)
0.05
(0.04)
-0.08
(0.11)
0.01
(0.05)
0.02
(0.12)
-0.02
(0.01)
-0.04
(0.03)
0.56
(0.15)
606
0.03

* %

**

*k*k

* significant at the 10% level; ** significant ate 5% level; *** significant at the 1% level
Standard errors are robust and clustered at tlrepérm level.

Monthly 4-factor abnormal returns are measurecbh&ama and French’s three factors (Fama and Fréd@B), as
well as Carhart's momentum factor (Carhart 199He Tonthly 8-factor abnormal return is measuredofehe
seven factors proposed by Fung and Hsieh (200dlydimg exposure to: the S&P 500 index; a firmesiactor;
returns to portfolios of straddle options on cudies, commodities, and bonds; the yield spreachefduration
adjusted U.S. 10-year Treasury bond over the 3-mdnbill; the change in the credit spread of theation
adjusted Moody’s BAA bond over the 10-year Treasuopd), as well as Pastor and Stambaugh’s liquidityor
(2002). Abnormal returns are averaged over timeptapute the standard measure of persistent eresas (fund
“alpha”) at the fund level. Alphas are then avehgn an equal weighted basis by fund to competditim’s equal

weighted average monthly abnormal return (e.gn falpha”).
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TABLE 4
Propensity score matching

Dependent variable: Job spell in CENTER

Probit
coefficients
MBA dummy 0.01
PhD dummy 0.02
JD dummy -0.13
Other postgraduate degree dummy 0.19
Graduate degree information missing 0.15
Avg. SAT undergrad.—quintile 5 -0.11
(top)
Avg. SAT undergrad.—quintile 4 0.06
Avg. SAT undergrad.—quintile 2 -0.03
Avg. SAT undergrad.—quintile 1 0.02
Avg. SAT score missing -0.06
Rank undergrad. institution quint5 -0.08
(top)
Rank undergrad.—quintile 4 -0.06
Rank undergrad.—quintile 2 -0.01
Rank undergrad.—quintile 1 0.02
Rank missing 0.03
SIC6 -0.49
RANKED by Institutional Investor 0.39
Tobin’s q -0.02
Tobin’s g missing 0.13
Number of Employees (logged) 0.00
Number of Employees missing -0.33
Previous job spell in CENTER 0.75
Previous job spell missing 0.85
N 606
Pseudo-R 0.14

F-stat. for joint test of differences

A means
pre-match
(t-stats.)

0.80
-0.42
0.70
Frx -2.39
-0.61
0.35

-1.31
0.23
0.79

-0.28
1.26

1.26

-0.90

-0.43

-0.65

-2.02

Frx -8.33
3.07

-0.10

-3.81

* 4.07
rx -1.27
Frx -0.75
606

*%*

*%*

*k%k

*k%k

*k%

*k%k

5.32 ***

A means
Matched
(t-stats)

-0.73
0.06
0.37
-1.84
0.00
0.09

-1.42
0.19
-0.79
1.24
1.00

-1.05
-0.86
-0.75
1.18
-1.78
-2.59
-0.20
0.18
-0.66
0.00
-0.93
0.93
464

1.13

*

*

*%

* significant at the 10% level; ** significant até 5% level; *** significant at the 1% level

Marginal effects displayed for probit model




A means are calculated as non-CENTER population sneémus CENTER population means.
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TABLES
Matched sample results

Dependent variable: Equal weighted average momtkidgss returns (%)
1) (2)
4-factor ALPHA 8-factor ALPHA
CENTER 011 * 014 **
(0.06) (0.07)
SIC6 0.19 -0.22
(0.12) (0.21)
RANKED by Institutional Investor -0.08 0.17
(0.10) (0.17)
Tobin’s q -0.11 -0.10
(0.10) (0.08)
Tobin’s g missing 0.05 0.20 **
(0.07) (0.09)
Hedge fund in center -0.03 -0.05
(0.06) (0.06)
Hedge fund near center -0.05 0.03
(0.10) (0.13)
Hedge fund firm age -0.01 * -0.03 ***
(0.01) (0.01)
Log average number of funds -0.06 0.03
(0.04) (0.04)
Constant 0.51 *** 0.85 ***
(0.13) (0.15)
N 464 464
R? 0.04 0.04

* significant at the 10% level; ** significant at¢ 5% level; *** significant at the 1% level

Standard errors are robust and clustered at tlempérm level.

Observations are weighted by the inverse probglufiselection (Imbens 2004).

Monthly 4-factor abnormal returns are measuredoh&ama and French’s three factors (Fama and Fre@gR),
as well as Carhart's momentum factor (Carhart 199 monthly 8-factor abnormal return is measuretiof
the seven factors proposed by Fung and Hsieh (200zuding exposure to: the S&P 500 index; a fisine
factor; returns to portfolios of straddle options currencies, commodities, and bonds; the yiel@agprof the
duration adjusted U.S. 10-year Treasury bond oller3month T-bill; the change in the credit spreddhe
duration adjusted Moody's BAA bond over the 10-y8aeasury bond), as well as Pastor and Stambaugh’s
liquidity factor (2002). Abnormal returns are saged over time to compute the standard measurersisgent
excess returns (e.g., fund “alpha”) at the funele\Alphas are then averaged on an equal weidhdsi$ by fund
to compute the firm’'s equal weighted average mgrabhormal return (e.g., firm “alpha”).
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TABLE6
Likelihood and magnitude of spawning

Dep. Var.: atleast one spawn  Dep. Var.. SPAWNCOUNT

(1) (2) (3) (4)
Probit Probit ZINB ZINB

CENTER 0.014 *** 0.004 ** 153 *** 091 ***
(0.003) (0.001) (0.46) (0.39)

SIC6 0.006 *** 2.48 ***
(0.002) (0.93)

RANKED by Instit. 0.251 *** 1.64 ***
Investor (0.093) (0.44)
Employees quintile 5 0.010 ** -0.40
(top) (0.004) (1.22)
Employees quintile 4 0.002 -1.04
(0.002) (1.42)
Employees quintile 2 0.000 0.34
(0.001) (0.98)
Employees quintile 1 -0.001 *** 0.39
(0.000) (0.81)
# of employees missing 0.000 -1.11
(0.001) (1.88)
Tobin’s q quintile 5 (top) 0.003 ** -0.98
(0.001) (1.25)

Tobin’s q quintile 4 0.001 2.28 *
(0.001) (1.196)
Tobin’s q quintile 2 -0.000 1.04
(0.000) (0.64)
Tobin’s q quintile 1 -0.001 ** -2.90
(0.000) (1.72)
Tobin’s g missing -0.001 ** 2.26 **

(0.000) (2.03)
Constant -3.02 *** -2.10
(0.37) (1.83)
N 17,299 17,299 17,299 17,299
Log-likelihood -569.47 -390.04 -798.02 -577.20

Chi-squared 45.48 **  281.17 *** 10.96 *** 186.25 ***
Pseudo R 0.03 0.34 N/A N/A

* significant at the 10% level; ** significant ate¢ 5% level; *** significant at the 1% level
Standard errors are robust and clustered at tlempérm level.
Marginal effects displayed for probit models.
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