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Abstract

Founding teams of new firms frequently come from a common employer. We rnircdifzir-
mation of founding teams and the entry of their new firms—employee spinoffextending
the theory of job matching and employer learning to learning also among employEm-
ployees build social capital as they learn about their colleagues’ suitadecteristics to start
a spinoff firm. For spinoff firms, our model predicts that the separatia@afuds lower among
founding team members than among workers hired from outside at fouadihgmost no-
tably, that this difference shrinks with worker tenure at the firm. Forrgdiams, a version
of our model predicts that a worker’s departure hazard to join a spimt#lly increases with
worker tenure at the parent, whereas the separation hazard fantammal quits and layoffs
decreases with worker tenure as in the canonical employer learning madethese pre-
dictions are clearly supported in Brazilian data for the period 1995-2@Alibration of our
dynamic model indicates that employee spinoffs raise the share of wankBrazil’s private
sector known to be of high match quality by 3.2 percent.
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1 Introduction

Like a city, a firm brings together people in ways both planaaed unplanned. A firm allows
its employees to learn about each other’s abilities andepgates. This co-worker information
is a form ofsocial capitalthat can prove useful to one or more employees who has anhdéa t
is best exploited at a new firm. The worker-entrepreneurdryato lure away those of their co-
workers who they believe will be most productive in the nefelymedemployee spinaffWe refer

to the worker-entrepreneurs and those of their colleagumsjaintly depart from the parent firm
to the employee spinoff as tifeunding teant Founding teams mobilize social capital because
co-worker information would remain unutilized at parents social capital informs recruitment
for the spinoff. Employee spinoffs thus act as vehicles taee the quality of matches between
workers and firms.

How does a spinoff’'s workforce form? To model recruitmend aetention, we extend the
Jovanovic (1979) theory of job matching and worker turndeeallow employees to build social
capital: employees learn about their colleagues’ alsliied preferences initially faster than the
employer. Social capital in our model gives the foundingrte@aembers confidence in their match
with an entrepreneur’s idea so that they leave their pdmentjobs to join the new enterprise.
Social capital also gives the entrepreneur confidence tieatvbrkers in the founding team will
be better matches than typical job applicants from outside. derive testable and quantifiable
predictions, we use the Moscarini (2005) version of the dovi theory for a continuum of firms
and workers, and adopt two important extensions. We allowsfito employ multiple employees
so that there can be social learning, and we introduce dgntfy under an exogenous rate of idea
generation. The model explains the microeconomics behmaa/ment dynamics at parents and
spinoffs, and presents empirical implications.

We use comprehensive linked employer-employee data taate relevance of spinoffs
across all sectors of the economy. Brazilian employer-eye@aecords for the universe of for-
mal firms offer extensive coverage and essential informatoidentify employee spinoffs (we
implement spinoff definitions from Muendler, Rauch, and Tand2012). The key predictions

IHolmstrom (1982, p. 325) defines a team as “a group of indalelwho are organized so that their productive
inputs are related.” In our model all members of the foundeam have high match quality with the entrepreneurs’
idea but otherwise their productive inputs are not relatddlike the vast literature building upon Holmstrom'’s aleic
our main interests are in the formation of founding teantsanathan in the incentives used to elicit output from a given
team.



of our model concern differences between employees insiitena so all our empirical results
are based on within-firm estimates conditional on spinofbarent fixed effects. For the spinoff
workforce, our model predicts that spinoffs retain foumgdieam members at a higher frequency
than they retain other workers with no previous parent egmént, because spinoff employers
know the match quality of founding team members but onlydedrout the match quality of out-
side hires over time. Moreover, the model predicts that tye ig retention rates and a related
gap in wages gradually close as spinoff employers learntabeumatch quality of the outside
hires. These predictions are strongly supported in Brazdata for the period 1995-2001. For
the parent workforce, a version of our model implies thatdkeearture rate at which a parent
employee leaves to join a spinoff initially increases wehure at the parent, because the worker-
entrepreneurs learn about match quality faster than trenpamployer. On the other hand, the
departure probability that an employee quits to leave fqiaddf eventually decreases with tenure
at the employer, because only employees who are well matichébge parent remain over time
and they do not depart for spinoffs. This inverted U in thebatality of departure to a spinoff
as a function of tenure at the parent contrasts sharply Wwiltommon prediction of labor-market
and matching models that the probability of separation rtmmoally declines with tenure. Our
Brazilian data for the period 1995-2001 confirm the commonltdkat separation rates decline
with tenure for job-to-job transitions in general. Howewbe estimated probability of departure
to spinoff employment in particular exhibits an invertedsblape as a function of tenure at the
parent, just as our model predicts.

The dynamics of our model are critical to understanding tile of social capital in work-
force formation. Our theoretical results are also esseiatiavaluating the quantitative impact of
spinoffs and their social capital on the economy-wide majeality between workers and firms.
We derive the equilibrium distributions of firm age and madgfalities, as they depend on rates
of learning and worker turnover in the model. The effect afigbcapital on firm output is at
its maximum at a spinoff’s startup, when the spinoff empteyeave yet to learn about the match
guality of the workers hired from outside. After startupe tiate at which the effect of social capi-
tal decays depends on the rates of employer learning as svetidogenous and exogenous worker
turnover. Our fully specified dynamic model allows us to loadie this rate of decay using our
estimation results from comparisons between founding teeambers and other workers within

spinoffs and parents. Our model only permits social captaifluence aggregate output through



changes in the share of workers known to be of high matchtgalnew firms.

In a quantification exercise, we combine calibrated red@rsind departure rates with the firm
age distribution and the share of new firms that are emplqyeefs. This yields the conservative
estimate that employee spinoffs raise the average sharerkéve in Brazil’s private sector known
to be of high match quality by 3.2 percent. Note that thisneate is deliberately narrow to pre-
cisely capture only the annual return to spinoff-mobilizetial capital shared with the founding
team members. The estimate excludes the contribution @lsmapital to the entry rate of new
firms and excludes the earnings that accrue to the spinofémvnin our conservative approach,
the only value of social capital is to improve the matchesvben workers and firms, and the re-
turns from social capital accrue entirely to the foundirgmemembers after they move from the
parent to the spinoff. We acknowledge that a connection mey between team characteristics
and spinoff performance as measured, for instance, by fimiveili or growth (e.g. Eisenhardt
and Schoonhoven 1990, Phillips 2002), but it is difficultigorously quantify such a connection
when one can argue that worker-entrepreneurs with a bd#@ardan attract a better founding team.
We therefore limit our quantitative exercise to the effeatsvell identified worker moves. Our
approach nevertheless holds potential implications far@research into determinants of spinoff
and parent performance. For example, parents with moreucdbrelenvironments for social capi-
tal formation might be expected to spawn more successfobfipi Similarly, parents with team
setups that permit relatively faster employer learninghthlze expected to retain their able work-
forces longer and launch more innovations in house.

Differences between firms have been the main subject of th&autial literature on employee
spinoffs. Klepper and Sleeper (2005) and Franco and Filg006) predict which firms will be-
come parents; Cabral and Wang (2008) and Muendler, Rauch caodah (2012) compare perfor-
mance between spinoffs and other entrants; Anton and Ya&bj¥Xplain when employees leave
to form their own firms rather than implement their ideas @iiticurrent firms. Our novel empir-
ical approach, in contrast, makes comparisons within firaidobtween founding-team members
and other workers to explain how founding teams emerge.

Inasmuch as spinoff entrepreneurs can be seen as “refepangnt employees to their own
planned firms, our paper is related to the large literaturevorker referrals among existing firms

(for recent surveys see, e.g., loannides and Loury 2004 2001 For instance, our findings

2Social capital also matters for other aspects of entrepreh@®. Nanda and Sgrensen (2010) and Munshi (2011),
for example, study the impact of social ties on entry intaepreneurship rather than recruitment into jobs. En-
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on retentions at spinoffs resemble previous evidence iroBiamd Warner (1992), who document
facts consistent with the idea that referrals from currenpleyees are more informative about
match quality than direct applications or application®tigh intermediaries. Recent papers by
Brown, Setren, and Topa (2016), Burks, Cowgill, Hoffman, andistoan (2015) and Dustmann,
Glitz, Sctbonberg, and Bicker (2015) update, confirm and extend the earlier findingSimon
and Warner (1992). We discern parent and spinoff firms, afet afmodel to assess founding
team formation. Our framework and estimation strategyalle to track the economic conditions
of spinoff recruitment and to quantify the aggregate immpdcelated social capital.

Our paper is also related to the literature that investggtite impact of social relationships on
performance of workers within a given firm (e.g. Rotemberg4l98as and Moretti 2009). This
literature offers a rich menu of theories that show how reggbanteractions among workers, or
other-regarding preferences, generate high or low worferteand tests these theories using a
variety of appropriate data. The models and evidence carstatic outcomes in existing firms
rather than the formation of new firms. Our paper introdubesiyynamics of spinoff entry, worker
mobility between firms, and employment turnover. Of pattcinterest is the work by Bandiera,
Barankay, and Rasul (2008, 2009, 2010), who investigate thaahof pre-existing ties on worker
performance. Those relationships are relevant to our figasn insofar as the social ties that
facilitated recruitment from the parent may persist amdegounding-team members. Ifties lead
team members to exert higher effort, their job performarncedprovide an alternative explanation
for why their turnover at spinoffs is lower. That alternatiwpothesis in fact highlights the crucial
role of learning for the dynamics in our model. The positédralative explanation does not predict
that the team member retention rate gap declines monotlynigéh tenure at the spinoff, nor that
the probability of departure from the parent to the spineéfreually declines.

Two additional alternative hypotheses, closely relatedach other, are (i) that a spinoff en-
trepreneur recruits from the parent those employees whe gewerically high ability, and (ii)
that former parent employees transfer relevant firm-speuifman capital to spinoffs. Both addi-
tional hypotheses can capture the dynamics of the team nragetbation rate gap at spinoffs: the
gap closes as low-ability outside hires are weeded out, tsidmihires catch up in accumulation of
firm-specific human capitdl. To test the first additional hypothesis we use the idea tlggt &iility

trepreneurs can also use social ties to further their yowrsjnbsses in the product market (e.g., McMillan and
Woodruff 1999, Fafchamps and Minten 2002).

3However, the correspondence between our retention rateegafts and those in the referral literature cited above
are at variance with the second hypothesis, since refeshensld have no advantage over their employers in finding
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workers should have had high wages at their previous emgdpgentrolling for their observable
characteristics and an overall plant effect. We indeed fiadl workers with high Mincer wage
residuals net of plant effects at their previous employensl to be retained more at spinoffs, and
that this effect is larger for workers who came from the pafiem. To test the second additional
hypothesis we use tenure at the previous employer as a pooxactumulation of firm-specific
human capital. We find that tenure at previous employers ireige, though not specifically at
parent firms, is strongly associated with retention at dfsnoYet controlling for those variables
does not substantively change our results for the team meratamtion rate gap. We therefore
view those additional hypotheses as complementary to sesament of founding team formation.
In the next section we develop our model of employee spirarits how they mobilize social
capital. Section 3 describes our data and the identificati@pinoff firms. Our results on spinoff
workers are presented in Section 4, where we compare retbamaties and wages between founding
team members and a spinoff’s other hires. Our results fardirm workers follow in Section 5,
where we compare the tenure of workers who depart for sg@riofthat of workers who do not.
We use the estimates to calibrate our model and quantifygbeegate impact of social capital in

Section 6. Section 7 concludes.

2 Model

2.1 Basics

Our model builds upon the influential Jovanovic (1979) tlyeoi job matching and employee
turnover. Jovanovic considers the evolution of one mattWwden an employer and an employee.
At the time of hiring, employer and employee are uncertaouathe quality of the match between
them. A process of Bayesian updating ensues, in which (rguggtdaking) good signals cause the
wage to increase, and bad signals cause the wage to fathatdtly leading to separation. The key
results are that, on average, wages rise with employeeg@marthe hazard rate of separation falls
because surviving matches have been selected for highyquali

Our first extension of Jovanovic (1979) is to allow for mdtiployee firms: instead of one
worker, each firm employs a unit measure of workenle assume that there are constant returns

to scale in production and that labor is the only input to piiobn. It follows that the output of

applicants from firms that generate relevant firm-specifiné capital.
4We retain the convention from Jovanovic (1979) and Mos¢é2id05) that firms do not vary in size.



any employee in a firm is additively separable from that ofgwther employee. Nevertheless, it
is important to know at which firm employees are working beseawe assume that an employee
can only learn about the characteristics of other emplogiethee same firm.

Our second extension of Jovanovic (1979) is to allow for tbhesybility of employee en-
trepreneurship. A small fraction of employees in a firm malyageidea for a new firm, forming
an entrepreneurial partnership. We assume that these peeglcan best exploit their idea out-
side the boundary of the existing parent firm because of aotitig or incentive problems within
the firm (Anton and Yao 1995) or because their new businessipla poor fit for their employer
(Tushman and Anderson 1986, Henderson and Clark 1990). \Weasssime that, when spinoff
entrepreneurs have an idea for a new firm, they learn abomabeh qualities of their colleagues
with their planned firm through their interactions in the Waace. This co-worker learning is dif-
ferent in nature from employer learning in that it resultfrdirect observations of a colleague’s
abilities and preferences rather than from inferencesthaseignals generated by output.

Potential entrepreneurs learn match qualities of thegectmlleagues with their planned spinoff
firm faster than the current employer learns the same emgdoyeatch qualities with the existing
parent firm. Since we do not observe the arrival of the endreguirs’ idea, we simply assume that
all of the entrepreneurs’ learning takes place at the momvaeh the idea arrives. An advantage
of this formulation is that it allows for the possibility thavhen the idea arrives, the state of the
entrepreneurs’ knowledge of their colleagues is such tieyt already recognize who will be a
good match for their planned firm. A spinoff firm thus has theeptial to hire employees known
to be of high match quality, a possibility that does not amisgovanovic (1979).

In the spirit of Lancaster (1966) we can think of employedsiasiling desirable characteristics
such as manual dexterity, reliability, carefulness, pensnce, friendliness, intelligence, and so
forth in different proportions. The match between an em@éognd a job is determined by how
well this mix of characteristics fits the needs of the positioFor example, creativity and speed
are important both in academia and consulting, but witrediit weights. A professor who hires
a junior colleague for his consulting firm will not give his &ecause to promote that colleague.
This interpretation of employee characteristics is alsselto a recent extension of the workhorse
model of firm-specific human capital, in which all worker &kibre general but firms demand
skills in differently weighted combinations (Lazear 2003s mentioned in the Introduction, it is

important to distinguish our matching approach that emigkas’chemistry” from an alternative,



in which employees have innately high or low ability and firdasnot weight skill sets in different
combinations. In that alternative, an offer by the spinafhfto recruit employees from the parent
would publicly reveal that they have high ability, negatthg value of having learned about them
faster® The same does not hold if the new job is different from the olj gven if only because the
context is different in the new firh. Thus under the alternative hypothesis the spinoff firm would
need to be more productive than its parent in order to bid dwgly ability workers, whereas we
will retain the assumption of Jovanovic (1979) that all firnave the same productivity. We will

test the relevance of the alternative hypothesis in our eoapiwork.

2.2 Employer learning

To make room for our extensions, we radically simplify thegalwvic (1979) model of employer
learning. Following Moscarini (2005) we allow match qualio take on only two values, high
and low. A high-quality match produces a flow of outpyt and a low-quality match generates
outputi;, < pg In continuous time, whergy and u; are identical across firms. Output is
also homogeneous across firms so every job produces either 1., irrespective of firm age
and other employer characteristics. Employers and emetogee risk-neutral optimizers who
discount future payoffs at the interest rate

Employers continuously observe the flow of output from tlfiemns, but information about the
output of any individual employee only arrives at Poissda ¢a This information reveals whether
the quality of the match between the employee and the firngis o low. We add to this Poisson
process an exogenous Poisson process of separation, asadyapresent in Moscarini (2005):
employer and employee exogenously separate ab yébe example because a spouse is relocated.

Workers are matched randomly to vacancies. Denotgylifie probability that an employee
matched randomly to a vacancy will be a high quality matchttierhiring firm. Denote by;(t)
the proportion of employees whose match quality is knownrio fiwhen the firm has age

Let us provisionally assume that an employee separatestfrerfirm as soon as the match is

revealed to be low quality (for the derivation of endogenquiss see below). Then outpuj(t)

5We should also note that this alternative hypothesis woale Hifficulty explaining how employees with low
ability remain in the labor force.

50nly 44.1 percent of spinoffs in our sample are in the samesitig as their parents. This should not be surprising,
since if the activity of the spinoff is similar to that of thanent it is more likely that it will be implemented inside the
parent.



of firm ¢ at aget is
zi(t) = qi(t) pm + [L=qi(t)][po prr + (1—po)pr] 1)

because there is a unit measure of employees at every firm.
We follow Jovanovic (1979) and consider wage outcomes weeeey employee receives his

expected marginal product. We can then compactly exprgssraployee’s wage as

w(p) = p s + (1—p). where p =po before match quality is-re\./ealed, )
p =1 assoon as match quality is revealed.

Workers are matched randomly to vacanciesy sep, at the time of hiring. As soon as the firm
learns about an employee’s match qualitys reset to 1 or zero. In the former case of revealed
high match quality, the employee is promoted with a pay @@ w(py) tow(1) = pg > w(po)-
In the latter case of revealed low match quality, the emmoyeuld be demoted t@(0) =
and therefore chooses to quit because an existing outsigiegen will payw(py) > ., at hiring/
There is no forgetting, so an employee’s wage at a giveni#waakly rises over time. Note that,
as in Jovanovic (1979), the increased wage and retention efrgployee provide no information
to other potential employers about the worker’s produigtiin their firms. Match quality is firm-
worker specific.

Now consider a tenure cohort within a firm, that is, a strigtsitive measure of employees
with identical tenure. As time progresses, learning dyrichanges the tenure cohort’s average
wage and its average hazard rate of separation. For anydodiworker, the wage only weakly
increases with tenure and both the endogenous hazard ¢ihguit 1 — p,) and the exogenous
hazard of separatioh are constant. For a cohort of workers who are still employtetieasame
firm, however, the fraction with known match quality stryathcreases with tenure because workers
with revealed match quality quit if and only if their matchsHaw quality. It follows that a cohort’s
average wage strictly increases with tenure, and that ésage hazard rate of separation strictly
decreases because the rate of endogenous quitting falle dsattion of workers with known
match quality in the cohort increases. We summarize theda{js in a lemma. In this lemma

and throughout the remainder of the paper we use the avesagedrate of retention (equals one

’In the full general-equilibrium model, a worker who quitgtially shifts into unemployment. The precise con-
dition for an endogenous quit is that the flow value of unemplent weakly exceeds the flow value of employment
with w(0) = ur, (See Subsection 2.5 and Appendix A).



minus the average hazard rate of separation) because @gnooere convenient when reporting our

empirical results.

Lemma 1. For any cohort of employees with tenurat a firmz:, the average wage and the average

hazard rate of retention strictly increase with tenure.

Proof. Denote bysS;(7) the size of the cohort with tenureat a firmi, and byg;(7) = S} (7)/S:(7)
the fraction of employees whose match quality is known irt twdort. The size of the cohort
shrinks at rate5;(7)/S;(1) = —{0+¢(1—po)[1 —q(7)]} because a fraction(1— p,) of cohort
members with unknown match quality is discovered to have roatch quality and quit. The
measure of cohort workers with known match quality changesraling toS?(7) = —8S%(7)+
[S;(T) — S¥(7)]épo because a fractiopp, of cohort members with unknown match quality is
discovered to have high match quality and is internally psted. This yieldsS?(7)/SY () =
—0+[1/qi(t)—1]¢po. By definition ofg;(7), its rate of change ig;(7) /¢ (1) = S¥(7)/S%(7) —
S;(1)/8;(7), so we can use the above relationships to obtain

Gi(7)/qi(1) = [1/%(7)—1] ®po + [1_%(7)] ¢(1—poy) > 0.

The fraction of cohort employees with known match qualitgreases with tenure at a rate that
approaches zero gg7) approaches one.

The average wage of a cohort of tenarat firmi is ¢;(7)w(1) + [1—q:(7)]w(po) = w(po) +
¢;(7)[w(1)—w(po)], wherew(-) is given by equation (2). The shaggr) strictly increases with
7, SO the average cohort wage strictly increases with tentihee average hazard rate of retention
of the cohort isg;(7)(1—0) + [1—q;(7)][1=0—d(1—po)] = 1—8 — [1—qi(7)]¢(1—po). Since
q;(T) strictly increases with tenure, the cohort average hazatelof retention strictly increases

with tenure as well. ]

The lemma extends the results of Jovanovic (1979) that ast important for our purposes.

We now turn to employee spinoff firms and the process by wihiely form.

2.3 Spinoff entrepreneurship and social capital

An incumbent firm experiences an innovation shock at a Poiss@26. With probability one-

half the shock results in a new idea that will lead a share okt workers at the firm to leave
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and start an employee spinoff firm. In this case, the parantguirvives and rehires workers to
fill the vacancies. With the complementary probability dradf the shock is severe and results in
firm exit. Hence spinoffs enter at a Poisson ragnd incumbent firms exit at the same réateWe
choose this setup of equal entry and exit rates so as to et@nstant measure of firms.

Now consider the entry of an employee spinoff. At Poissoe#a constant fractiory of the
employees in the parent firm gets an idea for a new firm. We ei#lirto these workers-turned-
entrepreneurs as thmartners The partners are drawn with an equal chance from the emgdoye
with known and with unknown match quality.

Neither owners of firms nor the profits they receive are reednd our data. Accordingly,
we simplify the treatment of partners and profits in our madel elaborate details in the parts of
our model that do address our data. We assume that the oufiskéis perfectly competitive,
which in combination with equations (1) and (2) ensures a@lidirms earn zero profits. In lieu of
profits, each partner gets a flow valudrom implementing the idea for the new firm, which we
interpret as the monetary equivalent to the utility of bedng’s own boss. We assume> 115 SO
that all ideas are implemented: an individual always peelh&ing a partner to being an employee.
This would clearly be a bad assumption if our goal was to ptespinoffs. However, the relevant
predictions of our model will only concern the contrast betw a spinoff’s hires from the parent
and from elsewhere, on the one hand, and between those hitde@employees who remain at
the parent, on the other.

Next consider thé1—y) parent employees who are not partners. Of these, a fraeti@mlongs
to thesocial networkof the partnership. These are the employees whose matdiiegalith the
new firm are known to the partners. For our benchmark modelasgeme that employees are
randomly assigned to social networks at time of hiring (Wax¢his assumption for the empirics).
It follows that a share, of the employees in the partners’ social network will be heglality
matches at the spinoff. Intuitively, if a partner’'s sociatwork predates her idea for a new firm,
she cannot select colleagues to be in her network based omtateh quality with her new firm.
Thus, when her idea arrives, the probability that a membéeotocial network is of high match
quality is the same as for the general population of workers.

We assume that the partners succeed in recruiting an engpfoy@ the parent to their new
firm if and only if they offer him a strictly better contractt fbllows immediately that the spinoff

firm hires[1—¢;(t)](1—v)ap, employees from the parent firm because they earnofly) at the
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parent but they will earm(1) = puy > w(py) at the spinoff Note that the partnership cannot
offer a better contract to any employee outside the soctalor& because the spinoff cannot offer
a higher wage than the parent firm, nor can it offer a bettetraonto any employee of known
match quality with the parent firm because these employeeady receive the highest possible
wagew(1) = py and will continue to receivev(1) until exogenous separation occurs. In the
empirical work below we call the employees recruited frora garent to the spinoff firnleam
membersand we consider these employees and the partners to coastiefounding teanof the
new firm.

The augmented model with social capital and spinoff en&ne@urship preserves the properties

of Lemma 1 for cohorts of workers at the parent firm.

Lemma 2. For any cohort of employees with tenurat a parent firm from which spinoffs recruit
at rate 0[1—q;(t)](1—~)apo, the average wage and the average hazard rate of retentiactlgtr

increase with tenure.

Proof. Denote bysS;(7) the size of the cohort with tenureat a firmi, and byg;(7) = S!(7)/S:(7)
the fraction of employees whose match quality is known irt tudoort. The size of the cohort
shrinks at rates; (1) /S;(1) = — {6+ 6~ + [0(1—y)apet+é(1—po)][1—q: ()]} because a fractiofl —
~)apo of cohort members with unknown match quality belongs to acfpentrepreneur’s network
and expects a strictly higher wage at her new firm, while atifsacs(1—p,) of cohort members
with unknown match quality are discovered to have low matghlity and quit. The measure
of cohort workers with known match quality changes accaydmS?(7) = —(5+ 6+)S%(7) +
[S;(T) — S{(7)]épo because a fractiopp, of cohort members with unknown match quality is
discovered to have high match quality and is internally psted. This yieldsS?(7)/SY () =
—(8+6~)H1/qi(T)-1])ppo. By definition ofg,(7), its rate of change i (1) /i (1) = S(7) /S (1) —
S;(1)/5;(T), so we can use the above relationships to obtain

Gi(7)/qi(t) = [1/aqi(1) = 1epo + [1—qi(7)] [0(1—7)apo+¢(1—po)] > 0.

The result that the average cohort wage strictly increas#s tenure follows similarly to
Lemma 1. The average hazard rate of retention of the cohodvsg;(7)(1—0 —6v) + [1—

8We could allow an offer by the spinoff to raise the probapilitat an employee is of high match quality with the
parent fromp, to any value less than one.
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¢i(7)][1=0—0y—d(1—po) —0(1—7)apg] = 1—6—07 — [1—qi(7)|[¢(1—po) +0(1—7)ape]. Since
q:(7) strictly increases with tenure, the cohort average hazaselof retention strictly increases

with tenure as well. ]

The share of cohort employees with known match quality ap#rent firm increases faster un-
der spinoff entrepreneurship than in the model withoutaa@pital and entrepreneurship because
there are now two sources of learning: employers learn atfraind spinoff entrepreneurs learn
about their(1—+) co-workers at an effective ratev. The former learning process augments the
cohort of workers with known match quality and the lattemt@ag process removes workers of
unknown match quality from the cohort at the parent.

Having extended our model of learning at the parent firm, we oonsider the spinoff firm.
Like any firm, the spinoff employs a unit mass of employeesialt To complement the founding
team, the spinoff firm must therefore hire-[1—¢;(t)|(1—~)ap, additional employees, drawing
from the current pool of displaced employees who either wdffior dissolved firms, exogenously
separated from active firms, or endogenously quit activesfinecause of a revealed low match
quality® At hiring, the match quality of outside employeesnam-team workergs unknown and
they receive a wage (po).

To complete the specification of our model, we describe iddal worker dynamics. In our
data, workers leave the formal sector for informal workf sehployment or unemployment, so
we allow for a status outside formal work. As in Moscarini @3), an unemployed worker earns
a flow value ofb from home production, self-employment or the informal sectUnemployed
workers are matched to vacancies at the Poisson job findiag ra

In equilibrium, the flow value: from implementing a spinoff idea and the flow valuef un-
employment must satisfy certain parameter restrictionsst,Fan individual's value of being a
spinoff partner must exceed the value of employment undewkrmatch quality so that a group
of workers will depart and become spinoff partners when aing innovation shock hits an
incumbent firm. This requirement places a lower bound on #rampeter.. Second, an individ-
ual’s value of employment under unknown match quality myseed the value of unemployment
so that a worker will accept a new job when one becomes aleilathird, the value of unemploy-

ment must be large enough so that an employee prefers toigutitrent job when he is poorly

9Applying the rule that recruiting employees from other firmaguires offering a strictly better contract, we see
that recruitment of team members from a parent to a spinaff & the only instance of poaching employees from
other active firms that can occur in our model.

13



matched. The latter two requirements place an upper andex logund on the parametir In

Appendix A, we derive the solutions for the value functiofi®mployment under unknown and
known match quality, unemployment, and partnership at mo$fpiand we present the natural re-
strictions on the flow values andb to satisfy the required equilibrium dynamics. The job firgdin
rate A in turn is determined in equilibrium so that the flow of emmeg out of unemployment

equals the flow into unemployment, and we derive the job fgpdate in Subsection 2.5.

2.4 Firm dynamics

We have seen that the ability of spinoff entrepreneurs toilzelsocial capital for their new firm
depends negatively on the proportion of their colleaguessehmatch quality with the current
employer is known. We now show how the proportion of workeith \known match qualityy; (¢)
evolves with the ageof firm i. At any moment the flow of employees out of unknown into known
status at firm is [1—g¢;()] ¢po. The flow of employees out of known statusyj&t) § + ¢;(t) 6.1

It follows that the change in the fraction of workers with kmomatch quality is

¢i(t) = [1—qi(t)] dpo — qi(t) (6 + O), (3

which depends negatively @i(t). Thus, from any initial valuey;(¢) will ultimately converge to
its firm-level steady state valug at whichg;(t) = 0, where

* ®Ppo (4)

4 :54-97-1-(25]?0'

The steady state proportion of workers with known matchiguat a firm increases with the
rate of information arrival) and decreases with the exogenous separationjratel the rate of
spinoff entrepreneurshify. Importantly, the firm-level steady state share of knownkeos is

independent of the social network size For an incumbent firm, the magnitude @fdoes not

10To see this rigorously, observe that at any moment in tim&@mbent firm loses a measuref workers because
of exogenous separation. These workers are instantayeepthced with outside workers of unknown match quality.
Among the separating workers, a measgi(¢)d was of known match quality at the firm gg(¢) decreases at a rate
qi(t)6 from this flow. Similarly, an incumbent firm loses a measémeof workers because they become partners
of a spinoff, and those are also instantaneously replact#dauiside workers of unknown match quality. &®ot)
decreases at a raig(t)6~ from that flow. Note that thél —g;(¢)]0(1—~)ap, social network members who choose
to join a spinoff must have been of unknown match quality sy tbause no net change to the measure of known
match quality workers as they are replaced with new worketsmiknown quality. Similarly, thel —q;(¢)]¢(1—po)
employees revealed to be low quality matches were of unkmoateh quality before so they also cause no net change
to the measure of unknown match quality workers.

14



matter because any worker who departs for a spinoff must lb@krfown match quality and will
be replaced with another worker of unknown match qualitya assult network size is irrelevant
for the evolution ofy at incumbent firms. For an entrant, network sizat the parent matters for
the initial share of known workers at birth, but the subsedegolution is unaffected.

Equation (3) is a linear first-order non-homogeneous diffeal equation. Its solution can be

written
¢i(t) — ¢" = Cipexp{—(6 + 07 + ¢po)t}, (5)

for the initial condition that;(0) = C;y + ¢* at a firm’s birth. The spinoff process determines a
firm ¢'s initial shareg;(0) of employees with known match quality. Denote the parefitérs of
employees with known match quality y(t,0), wheret,, is the parent’s age at the time when firm
i spins off!! It follows that a spinoff’'s initial shareg;(0) of employees with known match quality
is given by

4:(0) = [1 = gy (ti0)](1—7)apo. (6)

The larger the parent’s share of employees with known mattiity, the smaller the share of
employees with known match quality at the spinoff, becahegrtners are only able to recruit a
smaller fraction of their network for their new firm. Using) (@ (5), we find the evolution of the

spinoff’s share of employees with known quality at firm age

¢i(t) —q" = {[1 = gp(tio)|(1=7)apo — ¢} exp{—(0 + Oy + ¢po)t}. (7)

2.5 Closing the model

We assume that the total measure of individualglis- )M, where M is the total measure of
firms and~ is the constant fraction of partners in the population. Thkie functions imply
optimal population flows between partnership, employeistand unemployment.

Start with partnership. At any moment in time, a measty@/ of employees turns into
partners at a spinoff. On the other hand, the exogenous da&atbf firmsf causes an outflow of
9~ M from partnerships into unemployment at any given momenusThe net flow of individuals
into and out of partnership is zero at any moment.

Consider unemployment next. A measdrg\/ of individuals flows from partnerships into

The new firm’s measure of partners is drawn from the parent’'s employees with knovaticim quality and with
unknown match quality with equal probability:= ¢, (ti0)y + [1—¢,(tio)]7-
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unemployment at any moment. A meas(fer )M of workers is exogenously separated from
employment while a measutg1-—p, ) (1-7) M endogenously quits as their match quality is revealed
to be low, whergj is the economy-wide fraction of employees with known mateality. For the
economy to be in equilibrium, the flows into unemployment trues balanced by flows out of
unemployment, yielding

A =6+ 0(1+7) + 6(1-po) (1-7). (8)

Different unemployment levels are consistent with thisildgium: for a total measure of
(14 )M persons in the population, unemployment is zero. For atogasure of1 + v + u)M
persons in the population, the unemployment levellis, andu can be chosen arbitrarily.

It remains to establish that a stationary valuejaxists, which in turn implies a stationary
value of\ by (8). The following property of our model guarantees exise.

Theorem 1. The probability density functioli(¢), which measures the frequency of firms with a

shareq of workers with known match quality in steady-state equilioriexists and is continuous.

Proof. See Appendix B. n

The share of workers with known match qualtis bounded between zero and one. Therefore,
the existence of a steady-state continuous probabilitysitlefunction f(¢) for the population
of firms by Theorem 1 implies that the economy-wide fractibrimployees with known match

guality g in steady-state equilibrium exists. Hengegxists as given by (8).

3 Data and Identification of Employee Spinoffs

Our data derive from the linked employer-employee recordsSRRelagio Anual de Informates
Sociaisof the Brazilian labor ministr/ITE), which record comprehensive individual employee in-
formation on occupations, demographic characteristidseannings, along with employer identi-
fiers. By Brazilian law, every private or public-sector emm@oynust report this information every

year? De Negri, Furtado, Souza, and Arbache (1998) compare lainoe information in RAIS

12RAIS primarily provides information to a federal wage sugpent programAbono Salaria), by which every
employee with formal employment during the calendar yeeeiwes the equivalent of a monthly minimum wage.
RAIS records are then shared across government agenciesemftoyer’s failure to report complete workforce
information can, in principle, result in fines proportion@akhe workforce size, but fines are rarely issued. In practic
employees and employers have strong incentives to astedaiplete RAIS records because payment of the annual
public wage supplement is exclusively based on RAIS. Thagtmjnof labor estimates that well above 90 percent of
all formally employed individuals in Brazil are covered iAFS throughout the 1990s.
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to that in a main Brazilian household survey (PNAD) and cotelthat, when comparable, RAIS
delivers qualitatively similar results to those in the oatll household survey. Menezes-Filho,
Muendler, and Ramey (2008) apply the Abowd, Kramarz, Masgalind Troske (2001) earnings-
estimation methodology to Brazil and show that labor-madigtomes from RAIS broadly re-
semble those in France and the United States, even afteotimgt for selection into formal em-
ployment, except for unusually high returns to high school eollege education and to experience
among males.

A job observation in RAIS is identified by the employee ID, thinfs tax ID (CNPJ), and dates
of job accession and separation. To avoid double-countimg@yees at new firms, we keep only
one observation for each employer-employee pair, chodkagb with the earliest hiring date. If
the employee has two jobs at the firm starting in the same maltkeep the highest paying one.
The rules on tax ID assignments make it possible to idengfy firms (the first eight digits of the
tax ID) and new plants within firms (the last six digits of tla D). Our pristine RAIS records
include 71.1 million employees (with 556.3 million job sigg¢lat 5.52 million plants in 3.75 million
firms over the sixteen-year period 1986-2001 in any secttiteoéconomy. We limit our attention
to the years 1995-2001 and use the period 1986-1994 in RAISstare that firms we label as new
in 1995-2001 have not operated before. Moreover, RAIS doespezify the legal form of firms
until 1995, information that is needed to carefully idepgimployee spinoffs as described below.
During this 7-year period, 1.54 million new firms and 2.17lioil plants entered (of which 581
thousand new plants were created within incumbent firms)ermdier, Rauch, and Tocoian (2012,
hereafter MRT) present further details on the data sourdetaapplication to employee spinoffs.

By 1995 macroeconomic stabilization had succeeded in Brazike Plano Real from August
1994 had brought inflation down to single-digit rates. FadwHenrique Cardoso, who had en-
acted the Plano Real as Minister of Finance, became pressigmnalling a period of financial calm
and fiscal austerity. Apart from a large exchange-rate datain in early 1999 and a subsequent
switch from exchange-rate to inflation-targeting at thetiadrbank, macroeconomic conditions
remained relatively stable throughout the period.

In order to test our predictions it is crucial that we suctidhsidentify employee spinoff
firms and their parents and distinguish employee-initideohding teams from those formed by
employers. MRT use two alternative criteria and show theustiess of results under either

criterion. For their preferred employee spinoff definititimey restrict their attention to new firms
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with at least five employees and use the criterion that if astl®ne quarter of the workers at a
new firm previously worked for the same existing firm, the newfis an employee spinoff and
the existing firm is its paref However, if this new firm absorbed at least seventy percetiteof
workers in one of the parent’s plants and has a legal form thattit could be owned and sold by
the parent, MRT classify it as a divestiture (an employérated spinoff) rather than an employee
spinoff* MRT find that the performance of spinoffs is superior to nemsiwithout parents but
inferior to divestitures. In particular, size at entry isgar among employee spinoffs than among
new firms without parents but smaller than among divesstusabsequent exit rates (controlling
for size at entry) for employee spinoffs are smaller thamiw firms without parents but larger
than for divestitures. We will use MRT's criteria to distuigh employee spinoffs from new firms
without parents and from divestitures. By those criteriap3%rcent of new firms in Brazil’s
domestically-owned private sector (that is, excluding $inmth state or foreign ownership) in the
period 1995-2001 with at least five employees are employeeip.

Spinoffs are ubiquitous and occur with frequencies thaabipreflect the distribution of ex-
isting firms (for details see Online Supplement F). Emplosieoffs are founded slightly more
frequently than existing firms in the high-tech manufactgrsector and in knowledge-intensive
services. The sector with the relatively least frequentyaritspinoffs compared to existing firms
is the commerce and hospitality industry (hotels and reatdas). Spinoffs occur particularly
frequently compared to existing firms in construction, restiaite and business services, and the

manufacture of wood, metal products, and chemicals. Thepatmonal profiles at the employee

13previous work for the parent is defined as a job spell of at ksase months.

An existing firm that divests itself of one or more plants orisibns creates a (legally new) firm that is likely
to satisfy the spinoff criterion based on the fraction ohsferring workers. However, the quality of the Brazilian
employer-employee data helps us avert a potential misfitat®on of divestitures as spinoffs. Information on the
firm's legal form fatureza juridica and the separate identification of plants within firms arerdfcal help. By
Brazilian commercial law, there are two broad categorielegdl form: incorporated firms, and associations or part-
nerships without independent legal existence. Most ingmbrfor our purposes, associations or partnerships cannot
be owned by companies, but only by physical persons. Therefan employee spinoff is an association or partner-
ship (“non-incorporated” legal forms), it cannot be a dtitese. In contrast, some spinoffs that are incorporated as
Public corporation under private control, Non-public aangttion, or Limited liability company might be divestit@re
(“incorporated” legal forms). Inverting the common critar in the labor literature that a mass layoff is a reduction
of the existing workforce by 30 percent or more (e.g. JacoplsalL.onde, and Sullivan 1993), MRT label a new firm a
divestiture if itsnatureza juridicas for an “incorporated” legal form (or if it has unknown légarm) and if it absorbs
70 percent or more of the employees of a plant of an existing. fiMRT also use an alternative 80 percent cutoff,
following Benedetto, Haltiwanger, Lane, and McKinney (ZDGnd show that results are not sensitive to that change.
Adopting the conventions from MRT, in this paper we excludmf our spinoff sample the incorporated new firms
that absorb a fraction of 70 percent or more of the workforfcanoexisting firm’s plant. We do classify a new firm
that has a legal form such that it could be owned by the pangrthht absorbed less than 70 percent of workers from
a parent plant as a spinoff. However, our empirical resuétg@bust to dropping such spinoffs.
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spinoffs (for details see Online Supplement F) and at theéique employers before workers joined
the employee spinoffs (Table 2) show that team workers tate rskill intensive positions, both

within the white-collar and within the blue-collar occujgait groups. Starting with Table 3, we

will be careful to control for this fact in the regressionattie use to test the predictions of our
model.

4 Retention Hazards and Wages at Spinoffs

We now turn to empirical tests of our model’'s predictionsdarployment and wages at spinoffs.
We define theetention hazard gaps the difference between the retention hazards of team mem-
bers and non-team workers, conditional on survival of thadpfirm that employs them. We
establish the following proposition.

Proposition 1. The retention hazard gap between team members and non-team workers at time
of hiring is positive and diminishes with cohort tenure. $any, the wage premium\w between
team members and non-team workers at time of hiring is pesénd diminishes with cohort
tenure.

Proof. Definegq;y(7) as the share of the non-team worker cohort that was hire@ &timding time
of firm 7 and that is of known match quality when the cohort has tenur&lote thatg;,(0) = 0.
The average hazard rate of retention of the cohay{s)(1—5—67) + [1—qio(7)][1—0—07—p(1—
po)—0(1—7)ape] = 1—=0—0~ — [1—qio(7)][¢(1—po)+0(1—7)apo]. Since team members are all of
known match quality, their average retention hazard isrginel —5—6~. The difference between
the average retention hazards for team members and nonviegkars is therefore the retention
hazard gap

B = [1—qio(7)][¢(1—po) +0(1—7)apo] > 0.

Moreover, by Lemma 2 we havig,(7) > 0, so the retention hazard g&pdiminishes with cohort
tenure.

The wage of a team memberig1) at any tenure. Given the shagg() of workers in the
non-team worker cohort who were hired at the founding timéirai i and who are of known
match quality when the cohort has tenutethe average wage of the non-team worker cohort is

Gio(T)w(1) + [1—qio(T)]w(po) = w(po) + gio(T)[w(1)—w(py)]. The wage premium between team
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Table 1: RETENTION HAZARD GAP AT SPINOFF

All Workers

Share of retained workers t+1 t+2 t+3 t+4 t+5 t+6
oLs 1) 2 3) (4) ©) (6)
Team member .063 102 .060 .046 .042 .025

(.001y (.002)y (.003y (.004y (.005)* (.009)*
Obs. 147,504 101,104 57,036 30,706 13,860 5,204
R? (overall) .044 .053 .028 .032 .054 .091
Mean Dep. variable 770 .650 .733 74 .805 .816
CNAEindustry panels 540 526 511 480 429 343
Cohort panels 6 5 4 3 2 1

Source RAIS 1995-2001, employee spinoff firms with at least one-team member at time of entry.

Notes Definition of employee spinoff (quarter-workforce critar) as described in MRT. Two observations per em-
ployee spinoff firm, one for team members and one for non-teamnkers. Control variables (not reported) are in-
dicators for four-digit CNAE industry and firm birth cohot995-2000). Robust standard errors in parentheses:
significance at five* one percent.

members and non-team workers at tenuig therefore
Aw = [1 — gio(7)][w(1) —w(po)] > O
and diminishes with cohort tenure becaggér) > 0. O

The hazard gap arises because an entrepreneur learns about the matcty gfialinon-team
worker only gradually. In contrast, consider an alterreatiorld with perfect information. Even
though it is unlikely that an entrepreneur would find the estkers for her new firm among the
few employees at her current employer, an entrepreneurtmeyertheless choose those workers
to conserve on upfront hiring costs and subsequently replaam with workers who are better fits
as her firm matures. In such a world of instantaneous knowlg@lgposition 1 would fait®

We begin by testing our predictions using a parsimoniousigcap specification that retains
our model’s assumption that workers are homogeneous efaregbieir match qualities. We then
relax this assumption and add variables to control for wohleterogeneity.

To start, we split the workforce of spinoffs into two groups$re time of the spinoff's founding:

team members and non-team workers. For each worker grouppmpute the proportion of

SMuendler and Rauch (2011) present evidence that, whenitgcatistomers and inputs, spinoff firms remain
geographically closer to their parents than new plantsahmtrent sets up within the firm. That finding is consistent
with a new firm’s desire to reduce hiring costs by recruitirapt the parent.
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workers who the spinoff firm retains from one year to the nekable 1 shows linear regressions
where the dependent variable is the proportion of retaineckevs within each grouff. Note
that all these employees joined the new firm in the same yelae k&y explanatory variable is an
indicator for team member$. The coefficient on the team-member indicator is an estinfateso
retention hazard gap. Our control variables are indicators for four-diGiNAEindustry and firm
birth cohort (1995-2000).

Focusing on the second column of Table 1, we see that amoriergohnired at startup who
have remained with a spinoff firm for one year, the proporobteam members that remains for a
second year is 10.2 percentage points greater than therporpof non-team workers that remains
for a second year. This difference declines monotonicaitly worker tenure from a firm’s second
year through its sixth year of existence. The sample meaheodiépendent variable, in contrast,
steadily increases from the second through sixth year,escetlention hazard of non-team workers
must increase over time. These results are strongly suppat Proposition 1: founding team
members whose match quality is known from the job spell aptiegious employer are retained
more frequently than non-team members, but as the spindfigra learn about the match quality
of non-team members the difference in the retention ratérd=sc A single exception to the
monotonic decline in the retention hazard gap occurs foirtbease in the retention hazard gap
from the first to the second year of employment (between cotuinand 2). This initial increase
in the hazard gap is driven by the fall in the retention hazatd for non-team workers (note the
fall in the sample mean of the dependent variable), so itagbat the failure of Lemma 1 (and
consequently Lemma 2) to hold between the first and secomnd igethe underlying cause of this
short-run failure of Proposition 1.

Evidence from a further investigation of the first-year @an is consistent with the interpre-
tation that the fall in the mean retention hazard rate ind@alfrom 0.77 int + 1t0 0.65 int + 2 is
primarily a consequence of the newness of the spinoff firm.ciéveputed mean retention hazards
int + 1 andt + 2 for the sample of new firms in RAIS without parents, on the onahand also

for the sample of newly hired workers at existing firms, ondtieer hand. We obtained 0.62 and

%0ur model applies to permanent rather than temporary sémarao any worker who is still with the firm at the
end of our sample period (2001) is counted in the numeraten & he is not with the firm in one or more intervening
years.

1f the partners from our model choose to pay themselvesiealand therefore incur payroll taxes, they will be
recorded as team members in our data. We believe that tiely reppens, but as a robustness check we reran Table 1
excluding team members with occupations coded as directoaoager. Our results were qualitatively unchanged.
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0.53 for the former sample of hires at new firms, and 0.62 a6l far the latter sample of new

hires at incumbent firms. A plausible explanation of the fermesult is that employer learning

about worker match quality is hampered when a firm is justisup, leading to high retention

rates in its first year of operation. Even for existing firmghe latter sample, however, the re-
tention hazard rate for new workers decreases slightly fileenfirst to the second year of their
employment. This is consistent with the well-known tendeiac separation hazard rates to rise
at the very beginning of employment before falling (see Eagber 1999), which can be explained
by the original employer learning model of Jovanovic (19890)is missed in our simplificatioff.

The number of observations in Table 1 decreases sharply asogeess front + 1 to ¢ + 6.
This occurs for three reasons. First, for each additionat gger which we measure retention, we
lose a cohort of firms. Second, within any cohort the cumgatiumber of firm exits increases
with time!® Third, even if a firm survives it may lose all its team membaikits other startup
workers, or both.

Empirically, workers differ in many characteristics thaaynnfluence their retention rates. We
therefore turn to evidence at the individual worker level.e Btart with the same set of worker
control variables that were included in log wage regression Menezes-Filho, Muendler, and
Ramey (2008) in their work with the RAIS data. They used edooatiategories, a quartic in
potential experience (age less typical age at completioadotation), occupational categories,
gender, and the interactions of gender with all of the otbetrols. The only difference is that we
will use occupations at a worker’s previous employer, beeaorting of workers into their current
occupations is arguably endogenous to their match quabitie¢he spinoff firmg® The previous
employers of team members were parent firms, but non-teakenscannot necessarily be tracked
to previous formal employment. We therefore distinguishween all non-team workers and
trackable non-team workers. Note that trackable non-teankevs and team members are all
equally “movers” in the sense of having left previous formaiployment. For trackable workers,
we add an indicator for whether their previous employer wathé same 4-digiENAE industry

as the spinoff firm. Finally, also for trackable workers, witlaa measure of actual, relevant

Brarber (1999, pp. 2463-2464) provides an intuitive desioripof the Jovanovic (1979) explanation: “a worker
might stay despite some early signals of poor match quaéitabse there remains a relatively high probability that
match quality will turn out to be high. Over time, the rese¢iva match quality increases as the variance of the
updated beliefs about match quality falls and the optioneralecreases. At this point, separation rates increase.”

1%We remove any exiting firm from our sample in its first year at,esince otherwise the proportion of surviving
employees would be computed to be zero for both team andean-nmembers for that firm in that year.

20Using current occupations at the spinoff firms leaves ourltesirtually unchanged.
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experience (as opposed to potential experience): the lodpauof months worked at the previous
employer.

Table 2 reports the mean values of the control charactesifir team members, trackable non-
team workers, and all non-team workers. Team members hareeedacation and more potential
experience than trackable non-team workers or all non-tearkers. Restricting the sample of
non-team workers to trackable workers raises average gdn@nd average potential experience
and lowers the female share. Team members are also mosethiel trackable non-team workers
to have held professional or managerial positions at theivipus employers. Their previous
employers are more likely to have been in the same 4-dIAE industry as the spinoff firm
and they have greater tenure with their previous employérs plausible that these differences
contribute to the positive retention hazard gap betweem te@mbers and non-team workers in
Table 1. Moreover, as mentioned in the Introduction, theicddn of the retention hazard gap
with tenure predicted by Proposition 1 could be explainechbg-team workers catching up to
team workers in relevant experiente.

Tables 3 and 4 repeat the retention hazard regressions lef Talb the individual worker level.
Table 3 considers the full worker sample and Table 4 resttict sample of non-team workers to
those who are trackable. The dependent variable equald arvearker remains employed at the
spinoff firm from one year to the next and zero otherwise. Hawel fixed effects are included
and standard errors are clustered at the team or non-teaimiegted within the firm. In Table 3,
levels of education above the reference category of somélengthool or less are associated
with greater retention hazards. However, inclusion of etioa levels and other inherent worker
characteristics (not linked to previous jobs) leaves thpaiot of team membership on retention
hazards virtually unchanged from Table 1. In Table 4, log ohths tenure at the previous job
in the same industry has a positive and statistically sicguifi association with retention hazards
that follows the same time pattern as the coefficient on taentemember indicator, supporting
the additional alternative hypothesis mentioned in ouobhiction that team members bring firm-
specific human capital with them from the parent. Relativeabld 1, the coefficients on team
member are reduced by about 10 percent in periodd andt + 2, about 20 percent in periods
t + 3 andt + 4 and about 30 percent in peried- 5, before increasing slightly in periad+ 6.22

2IAn additional concern is that more non-team workers mighkvpart time. In fact, average contracted hours per
week by team members and non-team workers are virtualltizislightly higher for non-team workers.)

22This slight increase appears to be driven by the “wrong” signthe sameCNAE indicator in periodt + 6.
Dropping this variable leaves the coefficients on the teatitator largely unchanged relative to Table 4 except for the
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Table 2: MEANS OFWORKER CHARACTERISTICS AT SPINOFF, TEAM VS. NON-TEAM

Employees in

Team Nonteam Nonteam
trackable all
1) (2) 3)
Pot. lab. force exp. 20.109 18.568 16.631
(.012) (.014) (.012)
Middle School or less .623 .653 .654
(.0005) (.0006) (.0005)
Some High School 274 .259 .270
(.0005) (.0006) (.0005)
Some College .030 .027 .026
(.0002) (.0002) (.0002)
College Degree .072 .060 .050
(.0003) (.0003) (.0002)
Prev. Prof./Manag’l. Occ. 133 .100
(.0003) (.0004)
Prev. Tech’l./Superv. Occ. 175 A77
(.0004) (.0005)
Prev. Unsk. Wh. Coll. Occ. 161 .168
(.0004) (.0005)
Prev. Skid. BI. Collar Occ. 401 404
(.0005) (.0006)
Prev. Unsk. BI. Collar Occ. .130 .150
(.0003) (-0005)
SameCNAE .588 193
(.0005) (.0006)
Prev. Log months of tenure 3.118 2.581
(.001) (.001)
Female employee .293 .269 .302
(.0005) (.0006) (.0005)
Observations 974,708 598,565 842,032

Source RAIS 1995-2001, workers at employee spinoff firms in thenfding year.

Notes Definition of employee spinoff (quarter-workforce critar) as described in MRT. Potential labor force ex-
perience equals age minus years of education. Previougpaiions are those at last employer. Missing data for
education: Team 3,368, trackable non-team 2,386, all aamt3,661. Missing data for potential experience: Team
4,224, trackable non-team 3,015, all non-team 4,952. Kijsdata for previous occupation: Team 19,820, trackable
non-team 21,746. Missing data for previous tenure: Tear®72 trackable non-team 88,970. Missing data for same
industry: Team 42,372, trackable non-team 88,970. Misdatg for previous log months of tenure and for female:
none. Standard errors in parentheses.
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Table 3: WORKER-LEVEL RETENTION HAZARD GAP AT SPINOFF, ALL WORKERS

Retention indicator t+1 t4+2 t+3 t+4 t+5 t+6
oLs 1) (2) 3) 4) () (6)
Team member .073 .106 .060 .043 .036 .021
(.002)y (.002)y* (.002y (.002y (.004) (.005)*
Some High School .024 .032 .025 .010 011 .0006
(.003y (.005)* (.004y (.005y (.006) (.010)
Some College .018 .017 .013 .003 -.003 .091
(.004y (.007y (.007y (.008) (.014) (.039)
College Degree .018 .020 .012 -.009 -.003 .028
(.004y* (.005)* (.007) (.008) (.010) (.027)
Pot. lab. force exp. -.005 -.0001 .007 .007 .005 .005
(.0008y* (.001) (.002y* (.002)* (.003) (.004)
Sq. Pot. lab. force exp. .0003 .0002 -.0002 -.0002 -.0002 -.00007
(.00005)* (.00009Y (.0001y (.0001) (.0002) (.0003)
Cub. Pot. lab. force exp. -6.50e-06  -6.64e-06  3.76e-06 2.62e-06 5e-08 -1.42e-06
(1.22e-06)*  (2.06e-06)* (2.63e-06) (3.33e-06) (5.04e-06) (8.09e-06)
Qrt. Pot. lab. force exp. 4.57e-08 5.57e-08 -2.90e-08 -1.38e-08 6e®8 1.73e-08
(1.02e-08)*  (1.65e-08)* (2.17e-08) (2.86e-08) (4.25-08) (6.90e-08)
Female employee -.010 -.002 .005 -.011 -.009 .021
(.006) (.009) (.010) (.014) (.022) (.033)
Obs. 1,427,971 774,618 352,405 159,610 67,602 25,741
R? 257 236 238 254 257 .302
Mean Dep. variable .756 .668 .754 791 .816 .795
Firm panels 73,361 50,225 28,283 15,186 6,816 2,555

Source RAIS 1995-2001, employee spinoff firms with at least one-team member at time of entry.
Notes Definition of employee spinoff (quarter-workforce critar) as described in MRT. Coefficients for interactions
of female with all other worker characteristics are not shoWmitted category for education is primary school or
less. Clustered standard errors at the level of teams imtheges significance at fivet* one percent.

In summary, support for Proposition 1 remains strong.

We can refine the additional alternative hypothesis to fecusctual, relevant experience at the
parent firm in particular as opposed to the previous emplioygeneral. A spinoff firm may need
the same set of specialized skills as its parent, and it méaaizeto find applicants with these skills
besides those employees the spinoff can attract from tlenpaiVe therefore add the interaction
of the team member indicator with the worker’s previous lagnths of tenure at the parent firm
to the explanatory variables included in Table 4. Spinofintemembers with rare on-the-job

skills that are transferable between firms should commagiteniretention rates. However, as the

coefficient in period + 6, which falls to 0.011. Results are qualitatively unchanif@e replace the six occupational
categories with a full set of 354 occupation indicators.
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Table 4: WoRKER-LEVEL RETENTION HAZARD GAP AT SPINOFF, TRACKABLE WORKERS

Retention indicator t+1 t+2 t+3 t+4 t+5 t+6
oLs 1) 2 3 4 5) (6)
Team member .058 .087 .048 .039 .031 .033
(.003y* (.003)* (.003y* (.004y* (.005)* (.009)*
Some High School .015 .024 .019 .006 .003 -.023
(.003y* (.005)* (.005)* (.005) (.007) (.017)
Some College .007 .007 .005 -.006 -.008 .075
(.004) (.007) (.007) (.009) (.017) (.035)
College Degree -.001 .003 .009 -.020 -.015 -.007
(.004) (.006) (.008) (.010) (.012) (.023)
Pot. lab. force exp. -.004 .001 .007 .007 .004 .002
(.001)y (.002) (.002y* (.003y* (.004) (.006)
Sq. Pot. lab. force exp. .0002 .00008 -.0003 -.0003 -.0002 .00003
(.00006)* (.0001) (.0001) (.0002) (.0002) (.0004)
Cub. Pot. lab. force exp. -4.00e-06 -3.56e-06 6.29e-06 4.11e-06 8e-BB -3.81le-06
(1.48e-06)*  (2.56e-06) (3.28e-06) (4.16€-06) (6.11e-06) (1.00e-05)
Qrt. Pot. lab. force exp. 2.75e-08 3.13e-08 -5.24e-08 -2.27e-08 4ed8 3.69e-08
(1.23e-08) (2.05€-08) (2.71e-08) (3.53e-08) (5.14e-08) (8.96e-08)
Prev. Prof./Manag’l. Occ. .015 .009 -.016 .002 -.010 .032
(.005) (.007) (.005y* (.007) (.009) (.030)
Prev. Tech’l./Superv. Occ. .012 .006 -.007 -.0009 -.002 .012
(.004y (.007) (.005) (.007) (.010) (.029)
Prev. Unsk. Wh. Coll. Occ. .004 -.002 -.010 .0004 .0006 .010
(.003) (.006) (.005) (.007) (.010) (.027)
Prev. Skid. BI. Collar Occ. .010 .003 -.009 -.003 -.002 -.019
(.005y (.006) (.005) (.006) (.008) (.016)
SameCNAE .003 .023 .013 .0005 .00009 -.030
(.004) (.0043* (.004y* (.007) (.008) (.013)
Prev. Log months of tenure .034 .040 .027 .019 .015 .022
(.002)* (.003)* (.002)y (.002)y (.003y (.004y
Female employee .027 .042 .017 -.026 -.002 .015
(.010y* 017y (.016) (.022) (.034) (.052)
Obs. 1,082,238 583,620 263,726 115,589 46,244 16,381
R? 275 .255 .248 273 275 292
Mean Dep. variable g71 .684 .764 .795 .821 .806
Firm panels 68,340 45,109 23,897 12,386 5,404 1,935

Source RAIS 1995-2001, employee spinoff firms with at least one-team member at time of entry; sample of
workers who can be tracked to previous formal sector empdmtm
Notes Definition of employee spinoff (quarter-workforce critar) as described in MRT. Coefficients for interactions
of female with all other worker characteristics not showmmit@ed category for occupation is unskilled blue collar.
Occupation and tenure are for worker’s last employment flasting at least three months) before joining the spinoff
Tenure is measured as the log number of months worked at #wiops employer. The indicator for sar@NAE

industry is defined for workers who had non-missi@BAE information at both the spinoff and the last job spell.
Omitted category for education is primary school or lessis@red standard errors at the level of teams in parentheses

* significance at five}™ one percent.
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Table 5: WORKER-LEVEL RETENTION HAZARD GAP AT SPINOFF, TRACKABLE WORKERS
AND THE TEAM MEMBER-PARENT TENURE INTERACTION

Retention indicator t+1 t+2 t+3 t+4 t+5 t+6

oLs 1) 2 ©) 4 5) (6)

Team member .055 .108 .070 .040 .037 .040
(.008)* (012 (.009)* (.010y* (.015) (.027)

Team mmb.x Prev. Log mo. of tenure .001 -.008 -.008 -.0001 -.002 -.002
(.003) (.004) (.003) (.003) (.005) (.008)

Obs. 1,082,238 583,620 263,726 115,589 46,244 16,381

R? 275 255 249 273 275 292

Mean Dep. variable 771 .684 .764 .795 .821 .806

Firm panels 68,340 45,109 23,897 12,386 5,404 1,935

Source RAIS 1995-2001, employee spinoff firms with at least one-team member at time of entry; sample of
workers who can be tracked to previous formal sector empéogm

Notes Definition of employee spinoff (quarter-workforce critar) as described in MRT. Specifications control for
same regressors as in Table 4 as well as female indicatoméerédtions. Tenure is for worker’s last employment
spell (lasting at least three months) before joining theafbiand is measured as the log number of months worked
at the previous employer. Clustered standard errors attlet bf teams in parenthesessignificance at five;* one
percent.

results in Table 5 show, the coefficients on the interactesmtare almost all negative and never
statistically significant at the one-percent confidencellev

A different way to address the concern that the coefficienthe team indicator reflect scarce,
relevant skills transferred from the parent to the spinaefhfis to try to control directly for the
availability of these skills in the local labor market. Wengouted the number of workers in the
birth year of the spinoff who are employed by firms in the sanumigipality and 4-digitCNAE
industry as the spinoff’s parent to proxy for the number ofkeos available in the local labor
market with the same skills that are being acquired at therppaand call this measure local labor
market thickness. In Table 6 we show the regression restiéwe add the interaction of the
log of this local labor market thickness measure with theteeember indicator to the explanatory
variables in Table 43 If the retention hazard gap between team members and nonveakers
is driven by the inability of the founding partners of therggf to find non-team workers with
relevant on-the-job skills, the coefficient on the intei@ctterm should be negative. We find
that this coefficient is indeed negative and statisticatipificant in the first and second years of
employment, though not statistically significant thereaft In Table 6 we also report adjusted

team member coefficients; those are the implied coefficiemthe team member indicator when

Z3\We also added the interaction term to Table 3 with similarifigd (results available upon request).
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Table 6: WORKER-LEVEL RETENTION HAZARD GAP AT SPINOFF, TRACKABLE WORKERS
AND LOCAL LABOR MARKET THICKNESS

Retention indicator t+1 t+2 t+3 t+4 t+5 t+6
oLs 1) 2) 3) 4) (5) (6)
Team member JA11 A11 .051 .034 .042 .069
(.006)* (.008)* (.007y* (.010 (.014) (.028)"
Tm. mmb. x Labor Mkt. Thickness -.008 -.004 -.0006 .0006 -.002 -.005
(.0007y* (.001) (.001) (.001) (.002) (.004)
Obs. 936,537 505,626 227,669 97,823 38,154 13,477
R? 273 .253 .248 275 .289 .303
Mean Labor Mkt. Thickness 7.165 7.126 7.12 7.122 7.296 7.415
Mean Dep. variable 776 .681 .763 .796 .823 .813
Adjusted Team member coefficient .056 .083 .047 .039 .029 .030
Firm panels 55,853 37,178 19,711 10,246 4,500 1,621

Source RAIS 1995-2001, employee spinoff firms with at least one-team member at time of entry; sample of
workers who can be tracked to previous formal sector empémgm

Notes Definition of employee spinoff (quarter-workforce critar) as described in MRT. Specifications control for
same regressors as in Table 4 as well as female indicatoméerddtions. Labor market thickness is the number of
workers in the birth year of the spinoff who are employed hyéiin the same municipality and 4-di@iNAEindustry

as the spinoff's parent. Clustered standard errors at tret ¢t teams in parenthese$:significance at five}* one
percent.

evaluated at the sample means of the log of our proxy for aviditly of workers similar to team
members. These implied coefficients differ little from teas Table 4.

Another alternative hypothesis is that team members hawatety higher ability, leading to
their being retained more than non-team workers, with ttenten gap closing as non-team work-
ers with low innate ability are laid off. Team members withately higher ability than non-team
workers will have had higher wage residuals at their previemployers net of plant effects (their
wage premia beyond observable worker characteristics stmdated employer effects). These
Mincer log wage residuals were computed by Menezes-Filhoerdler, and Ramey (2008) as
part of their work with the RAIS data. In Table 7 we show the ietpz adding these residuals to
the right-hand sides of the retention hazard regressiomabie 4. The coefficients on the wage
residuals are consistent with the view that innately higtidlity influences retention of team mem-
bers and non-team workers at spinoff firms. However, theficoeits are statistically significantly
positive only initially (in periodg + 1 and, at a lower significance levels+ 2) but not thereafter.
Moreover, the coefficients on the team member indicator ssergially unchanged compared to
Table 4.
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Table 7: WORKER-LEVEL RETENTION HAZARD GAP AT SPINOFF, TRACKABLE WORKERS
AND THEIR WAGE RESIDUALS

Retention indicator t+1 t+2 t+3 t+4 t+5 t+6

oLs @) &) 3 “4) ®) (6)

Team member .062 091 .052 .045 .032 .043
(.003)* (.003)* (.003)y* (.004y (.006)* (.011)y*

Prev. Log Dec. wage resid. .015 .009 .007 .006 .006 .026
(.003y* (.004y (.005) (.005) (.006) (.020)

Obs. 953,957 510,953 234,763 102,177 40,577 14,162

R? .283 .263 .258 .29 .293 .293

Mean Dep. variable .768 .694 a7 .798 .825 .809

Firm panels 68,012 44,776 23,621 12,195 5,286 1,871

Source RAIS 1995-2001, employee spinoff firms with at least one-team member at time of entry; sample of

workers who can be tracked to previous formal sector empéogm

Notes Definition of employee spinoff (quarter-workforce critar) as described in MRT. Specifications control for

same regressors as in Table 4 as well as female indicatomési@ddtions. Wage residual (wage premium beyond
observable worker characteristics and estimated empleffects) is for a worker’s last employment spell (lasting

at least three months) before joining the spinoff. Clustestandard errors at the level of teams in parentheses:

significance at fivet* one percent.

Perhaps team members did not only have innately highetaibilgeneral, but also had innately
higher ability to do a task specific to the parent firm whichytivere recruited to do at the spinoff
firm. In other words, workers with high wage residuals at pafiems were even more attractive
to recruit and retain at spinoff firms than workers with highge residuals at non-parent firms. To
control for this possibility, in Table 8 we add the interactiof the wage residual with the team
indicator to the right-hand side variables included in €ahl The coefficients on this interaction
are positive in all but one period and are statistically gigant in periods + 1 andt + 4, but do
not decline with time. Most importantly, including this @raction does not qualitatively change
the coefficients on the team member indicator itself.

Our model predicts that a spinoff's lower retention rateaai-team workers than team mem-
bers will lead the wages at the spinoffs of the former to cafelo those of the latter, because the
difference in retention rates is driven by separation fromdpinoffs of non-team workers who are
revealed to be poor fits. We check this prediction for the wagenium between team members
and non-team workers among trackable workers in Table 9. d&/¢he same right-hand side vari-
ables as in Table 4 but bring in as dependent variable the &mgpwnstead of the retention hazard.

Consistent with the predictions of our model, we find a monietly declining wage premium
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Table 8: WORKER-LEVEL RETENTION HAZARD GAP AT SPINOFF, TRACKABLE WORKERS
AND THEIR WAGE RESIDUALS AMONG TEAM AND NON-TEAM MEMBERS

Retention indicator t+1 t+2 t+3 t+4 t+5 t+6
oLS 1) (2) ) (4) (5) (6)
Team member .062 .090 .051 .045 .033 .043
(.003)* (.003)"* (.003)* (.004)* (.006)* (.011)
Prev. Log Dec. wage resid. .006 .002 -.0008 -.005 .013 .008
(.002)* (.004) (.005) (.007) (.010) (.017)
Team membx Prev. resid. .015 .011 .012 .016 -.011 .025
(.004)* (.006) (.007) (.008) (.012) (.025)
Obs. 953,957 510,953 234,763 102,177 40,577 14,162
R? .283 .263 .258 .290 .293 .293
Mean Dep. variable .768 .694 T7 .798 .825 .809
Firm panels 68,012 44,776 23,621 12,195 5,286 1,871

Source RAIS 1995-2001, employee spinoff firms with at least one-team member at time of entry; sample of

workers who can be tracked to previous formal sector empémtm

Notes Definition of employee spinoff (quarter-workforce critar) as described in MRT. Specifications control for

same regressors as in Table 4 as well as female indicatomési@dtions. Wage residual (wage premium beyond
observable worker characteristics and estimated empleifects) is for a worker’s last employment spell (lasting

at least three months) before joining the spinoff. Clustestandard errors at the level of teams in parentheses:

significance at fivet* one percent.

for team members, with statistical significance fading assginoff firm age$?

In summary, comparing retention hazard gaps and wage pegrsjnoff firms between found-
ing team members and non-team workers strongly supportgrétictions of our social capital
model. Conditional on firm effects, worker characteristicd enarket characteristics, team mem-
bers are significantly more likely to retain their spinoff @oyment in early years and this gap
in retention hazards decays over time. We now turn to comgxieany evidence from separation

hazards and worker tenure at parent firms.

5 Departure Hazards at Parents

In this section we investigate aspects of our model reggtthe parent-firm tenure of workers who
depart for a spinoff versus those workers who do not. Our inm@elicts that the spinoff firm will

be unable to recruit workers who have known match qualitgepiarent. The longer workers have

2“Members of the founding team may have been able to “write thven job descriptions” and would therefore be
willing to accept lower pay. We thus attribute little impamte to the magnitudes, as opposed to the time trend, of
the coefficients on the team member indicator. Findingsiar#as for the universe of workers as in Table 3 (results
available upon request).
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Table 9: WORKER-LEVEL WAGE PREMIUM FOR TEAM MEMBERS AT SPINOFF, TRACKABLE
WORKERS

Log Wage Difference t+1 t+2 t+3 t+4 t+5 t+6

oLs 1) ) 3 4 ®) (6)

Team member .050 .038 .034 .023 .021 .029
(.003)y* (.005)* (.006)* (.009)* (.015) (.016)

Obs. 812,930 382,302 192,483 88,292 36,730 13,151

R? 748 766 764 75 .76 733

Mean Dep. variable 5.707 5.745 5.743 5.701 5.82 5.791

Firm panels 65,510 41,637 22,186 11,552 5,021 1,825

Source RAIS 1995-2001, employee spinoff firms with at least one-team member at time of entry; sample of
workers who can be tracked to previous formal sector empéogm

Notes Definition of employee spinoff (quarter-workforce critar) as described in MRT. Specifications control for
same regressors as in Table 4 as well as interactions withléeimdicator. Clustered standard errors at the level of
teams in parenthesessignificance at fivet* one percent.

been with the parent, the more likely is their match quabtipé known to the parent. Concretely,
the rate at which workers depart from the parent to a spindfie¢e they become founding team

members) is, as a function of tenure,
Ti(7)/Si(7) = 0(1=7)apo[L—ai(7)],

where ¢;(7) denotes the fraction of workers whose match quality is knawa given worker
cohort S;(7) with tenurer at parent firmi.>® We call this a parent workerdeparture hazard
to join a spinoff. The departure hazard depends on the nktextent«. In contrast, parent
workers separate for unemployment (or employment at a fighighnot their parent’s spinoff) at
the conventionaseparation ratel/;(7)/S;(1) = § + ¢(1—po)[1—q:(7)], which is independent of
[O'A

Our benchmark general-equilibrium model omits the timeaunegl for the spinoff’'s founding
partners to learn the match qualities of their close colleagwith their planned firm. In other
words, we assume in the general-equilibrium version of oodehthat networks of size arise
instantaneously. This is not necessarily realistic, antactice the probability that an employee
belongs to the network of a potential entrepreneur shoypeiae on his prior job history at parent

firm 4 and in particular on his tenure We thus allow for the possibility that a parent worker’s

25|In addition, parent workers become partners at a spinoffaanastant rat@. Partners are not reported in the
RAIS employment records at the spinoff so we restrict ourigogd attention to founding team members.
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expected network size;(7) is a function of tenure and satisfiég ) > 0. We expecty;(7)/a;(7)

to be high initially given our fundamental assumption thatigmtial entrepreneurs learn their close
colleagues’ match qualities with their planned firm fasteart their employer learns the same
workers’ match qualities with the existing firm, but thistféearning also brings forward the time
at which learning is complete and the rate of network fororathay slow to a halt. The following
proposition formally states the conditions under whicls thetwork formation process generates
an inverted U in the probability that an employee departgptrent for the spinoff firm:

Proposition 2. The departure hazard of workers who join an employee spinfiftiading team
strictly increases in tenure at low levels of parent-firmuenand strictly decreases at high levels of
parent-firm tenure if and only i;(0)/c;(0) > ¢;(0)/[1—¢:(0)] andc;(7) /o, (7) < ¢:(7)/[1—qi(T)]

for some finite tenure.

Proof. The departure hazard of workers who join a founding spireaf is

Ty(7)/Si(1) = 0(1—7) o (T)po[1— ai(7)].

By this definition,d[T;(7)/S;(7)] /0t > 0 if and only if &;(7) /oy (1) > d¢;(7)/[1—q;(7)], which is
strictly positive by Lemma 2. O

The condition of the proposition means that the network egmn rate exceeds the employer
learning rate for employees with short tenure but that tke shemployer learning overtakes the
network expansion rate in finite time. This occurs becauggd@rae entrepreneurs complete their
learning about their colleagues quickly. The empiricaldaeton is that we should see a plot
of the probability of leaving the parent for the spinoff firrgaanst worker tenure to follow an
inverted-U shape. The low departure hazard for parent grapbowith long tenure is a prediction
of our model because workers with high tenure are more lit@lge of known match quality to
the parent. Low departure hazards at short tenure aris¢akeats time for parent employees to

become members of a social network.

Proposition 3. The separation hazard of workers who become unemployedisttietliines in

tenure at any level of parent-firm tenure.

Proof. The hazard of a worker transition to unemploymerit,ig-) /S;(7) = 6+ ¢(1—po)[1—q: (7)),
which strictly declines becausgg(r) > 0 by Lemma 2. O
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Our model of mobilizing social capital is not needed to mdiesfirediction that an employee
with long tenure will be unlikely to separate from the em@oylndeed, we expect that separation
to another, non-spinoff employer or to unemployment shaigd diminish with long tenure. Thus
it is at short tenure that we expect to see a difference betweparation to spinoffs and other
separations. We examine all three types of separations.

When comparing tenure at a parent firm between workers whajepinoff and workers who
remain at the parent, we must be careful to identify the cbooice set facing the entrepreneurs
who are recruiting the workers. This consideration leadowdefine the dependent variable for
separation to spinoff as equal to one if a worker at a parenféims a spinoff born in the following
year and zero otherwigé. Our dependent variable definition also implies that empsyehose
last employment at the parent was two or more years befoneftirth are not included in our
sample, even if there are team members among them. For thaitgiof cases it appears more
accurate to think of the team members as having been hireaf anemployment, self employment
or the informal sector so that tenure at the parent is notcaipe?’

We do not want to impose a functional form on the relationdiepveen departure hazards
and tenure, so we place observed tenure into twenty bingmssito contain similar numbers of
observations. This convention means that the length ofahere intervals for the twenty bins
increases with tenure: our first bin contains workers witbraute of 3-6 months at the parent, the
tenth (and midpoint) bin is for 60-72 months of tenure, arattieentieth bin groups workers with
more than 240 months (20 years) of tentitdn the sample of parent workers, we then regress
an indicator for a worker’s departure to a spinoff born thiéofeing year (or an indicator for a
worker’s transition to another job or unemployment) on duesor nineteen of these tenure bins,
omitting the midpoint bin for 60-72 months of tenure. We nestour sample of parents to those

that survive until the end of our sample period in 2001, siwoekers may wish to separate from

26We do not use the current year because, if a spinoff firm is barly in a year, there is a risk that team members
will not have been recorded as having worked for the paretitdhyear, and a risk that workers who did not join the
spinoff but are recorded as having worked for the parentahybar were not at the parent when the spinoff was born.

2"The assumption of our model that workers exit social netwavken they separate from the firms is a simplifi-
cation. Unemployed members of the social network of a spiaatrepreneur will accept a job offer if the parties
know that the unemployed network member is of high matchityuaith the planned firm, but not if they know the
unemployed member is of low match quality.

28All workers with less than three months of tenure at the paaendropped from the sample. Recall from Section 3
that when MRT identified employee spinoff firms and their péséhey used the criterion that if at least one quarter of
the founding workers at a new firm previously worked for theeaxisting firm, the new firm is an employee spinoff
and the existing firm is its parent. Previous work is defined b spell of at least three months (footnote 13).
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A: Parent at or below median size B: Parent above median size
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Source RAIS 1995-2001, parent firms that have employee spinoflibsequent year and that survive to 2001.

Notes Definition of parent firm and employee spinoff (quarter-iforce criterion) as described in MRT. Sample
includes workers who continue at parent, separate for ¢85 employment or unemployment, or depart to join
spinoff, but excludes retirements and deaths. Probalgiitymates from parent-year fixed effects regression of a de-
parture indicator on the set of tenure bin indicators, ciomtl on worker characteristics as in Table 3 as well as
current occupations and a full set of gender interactiomgré&ssion samples restricted to parent firms at or below me-
dian size (left graph) and above median size (right grapbyjien parent size is 62 employees. Estimated probabilities
are tenure-hin coefficients plus the predicted value fromaiaing regressors (including constant for omitted tenure
bin coefficient of 60 to 72 months). Table C.1 in Appendix Cwghdhe full set of coefficient estimates. Confidence
intervals (95% significance) from clustered standard srabthe parent-year level by tenure-bin indicator, redativ
omitted tenure bin.

Figure 1:Departure Hazards of Parent Workers to Spinoffs by Parent Ste

a dying parent regardless of match quality. In the regressioe include a full set of worker

controls (experience, education, occupation, gendergander interactions) and we condition on
parent-year fixed effects. We include in the sample workédre wontinue at the parent, parent
workers who depart to join a spinoff and parent workers wipasste for other RAIS employment
or unemployment, but we omit from the sample parent workdrs are reported to retire or die.
We cluster the standard errors at the parent-year levelle3ah1 and C.2 in Appendix C show
the full set of coefficient estimates.

To facilitate interpretation, we plot the coefficient esti@s for the nineteen tenure-bin dum-
mies, adding these estimates to the predicted probahibty fall other regressors (including the
constant which reflects the omitted tenure bin coefficierOofo 72 months). Since we are inter-
ested in testing the tenure-bin coefficients against edwr,olve compute the confidence intervals
(at the 95-percent significance level) around each tenuredefficient using the individual tenure
bin’s standard error, excluding the standard-error cbation of the predicted probability from all

other regressors.
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Figure 1 depicts the tenure bin results for departure hamaycessions among parent firms
with size at or below median employment (62 employees) aneihppéirms with size above median
employment. Small parent firms exhibit a marked inverse pshaxpected from Proposition 2,
with a single peak in coefficient estimates at 42 to 48 morghsre. In contrast, large parent
firms show a wide plateau for intermediate tenure levels.eNuwdt the difference in scale between
the left-hand and the right-hand graph arises becauseftspare of similar sizes whereas parents
differ in size. The qualitative contrast between the sifggaked left- and plateau-like right-hand
graphs is robust to splitting the parent sample at the 251Bthrpercentile of parent employmeéiit.
The feature that stands out across both graphs is the lowtdephazards for short tenure levéls.

Our theoretical rationale for the increasing left arm ofithesrted U is that workers with short
tenure have smaller networks so that their prospectivehmatality with a spinoff is not yet known
to many potential entrepreneurs. An alternative explanatnight be that, in general, outside
learning is faster than employer learning at short tenurdoveve will turn to evidence on parent
employees who separate to work for a third firm (Figure 3). dntradiction to the alternative
explanation, we will find that a parent employee’s transitiate to other firms strictly drops with
tenure for employees of any tenure. Note also that if spieoffepreneurs were recruiting parent
workers for their firm-specific human capital, the probaypilif departure to spinoff would increase
monotonically with tenure. Neither this alternative hypegis nor the hypothesis that spinoff
entrepreneurs recruit parent workers with genericallyhtagility predicts that the probability of
departure to spinoff eventually falls with tenure.

To shed more direct evidence on our explanation that skadred employees have smaller
networks, we distinguish between parent workers who haleerhere than one occupation during
their tenure at the parent and workers who have held only cogpation (out of 354 recorded oc-
cupationsf! The number of occupation changes at the parent is a proxynfenmloyee’s mem-
bership in social networks at the parent under the assumgit multiple occupation changes

expose an employee to several potential spinoff entreprerand therefore permit entry into sev-

2%\We conjecture that an empirical explanation for the plataud be found in internal labor markets at the parent
firms, which are absent from our model and which we expect tespecially important at large parent firms.

30we relate the departure hazard to a worker’s tenure, not fijignand find that the departure hazard peak occurs at
a considerably later tenure than the hump in separations dre-year old firms that we noted above. Moreover, we
find no such peak when we examine transitions to non-spimoffi@yment or unemployment below. Our empirical
findings in this section are thus unrelated to observatioiarber (1999); see also footnote 18.

3ln our version of RAIS, occupations are reported at the CB@gsificagio Brasileira de Ocupdiey 3-digit
level which classifies occupations into 354 categories.
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A: Parent at or below median size B: Parent above median size
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Source RAIS 1995-2001, parent firms that have employee spinoflibsequent year and that survive to 2001.

Notes Definition of parent firm and employee spinoff (quarter-iforce criterion) as described in MRT. Sample
includes workers who continue at parent, separate for ¢85 employment or unemployment, or depart to join
spinoff, but excludes retirements and deaths. Probalabtymates from parent-year fixed effects regression of a
departure indicator on the set of tenure bin indicatorsditmmal on worker characteristics as in Table 3 as well
as current occupations and a full set of gender interactiBegression samples restricted to parent firms at or below
median size (left graph) and above median size (right grapédlian parent size is 62 employees. Interactions of tenure
bin indicators with an indicator for being well networked l@ast two preceding occupations at employer). Estimated
probabilities are tenure-bin coefficients plus the predictalue from remaining regressors (including constant for
omitted tenure bin coefficient of 60 to 72 months), interdatéth the network indicator. Table C.1 in Appendix C
shows the full set of coefficient estimates. Confidence waier(95% significance) from clustered standard errors at
the parent-year level by tenure-bin indicator, relativertatted tenure bin.

Figure 2: Departure Hazards of Parent Workers to Spinoffs by Parent Szte and Network
Extent

eral social networks. We consider employees with at leastomeupation change at the parent as
relatively well networked. In our parent-firm sample, 29e2qent of workers have held more than
one occupation at their employer. Since these occupatiangds also allow the parent to learn
more about the employee’s general skills and human capiiaxposing the employee to differ-
ent on-the-job tests that provide additional informatiome, can use the proxy to distinguish our
hypothesis of social capital formation from an explanat@sed on transferrable human capital.
Our theory predicts that well networked workers with refaly high «; (with many occupation
changes) should more frequently depart from parents too#ipithan less networked workers,
whereas the alternative hypothesis of fast employer Iegrpredicts the opposite.

Figure 2 depicts the tenure bin results for both well netwdrkemployees with at least one
occupation changevell networked employeeand employees with no occupation change at their

current employeriéss networked employgedn line with our social-capital explanation, well net-
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worked employees at large parents exhibit consistentligdrihazards of departure to a spinoff at
all tenure levels except greater than 240 months, thougalwalys statistically significantly higher
rates. Results for small parents are similar, but departazards for well-networked employees
cease to be higher starting at 168-192 months of tenure. fdrpast results are for short-tenured
employees at large parents: those with a background ofsttdea occupation change at the parent
are more likely to depart to a spinoff than those with no oetigm change at the parent. If the
reason for increasing departure rates of short-tenuredogegs were transferrable human capital,
about which parents learn more from occupation switches) #hort-tenured employees with a
multiple-occupation background should be retained marguently and depart at lower rates. If
occupation changes at the parent mainly reflected a workerjsloyer-specific expertise or ca-
reer opportunities in the parent’s internal labor market] accupation changes did not have to
do with the expansion of a worker’s social network at the eygt, then the departure hazard for
a well networked worker should be strictly lower than that&dess networked worker because
better internal labor-market opportunities would faail retentions especially at large parents.
The opposite is the case: the departure hazard for workéinsatvieast one occupation change is
strictly higher than for workers with no occupation chang@ggesting that occupation changes
overwhelmingly reflect network expansions rather tharrirgklabor-market opportunities.

We now turn to Proposition 3. The right-hand graph in Figush8ws the separation hazard
of parent-firm workers who shift to unemployment, self emypd@nt or informal work (outside
RAIS).3? Consistent with Proposition 3, this separation hazardtbtriteclines with parent-firm
tenure (until it levels off at 144-168 months), and simyasb for both well networked and less
networked employe€s. The left-hand graph in Figure 3 shows the separation haZgsdrent-
firm workers with a job-to-job transition to another fornsaetor firm** This separation haz-
ard also strictly declines with parent-firm tenure untilding off at 96-108 months. Revisiting
our distinction between well networked multi-occupationpoyees and less networked single-
occupation employees in the left-hand graph in Figure 3jdhéo-job transition hazard of well
networked employees is generally lower now (not higher &srbgthan the transition rate of less
networked employees. In a model of firm-specific human chpitavhich all worker skills are
general but firms demand skills in differently weighted camalions (Lazear 2003), one would

32Excluding parent workers with retirements or deaths, whiehrecorded in RAIS.
33The anomaly for tenure greater than 240 months is probat@ytaltailure to record some retirements and deaths.
34Excluding parent workers who depart to a spinoff.

37



A: Transition to non-spinoff employment B: Transition to unemployment
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Source RAIS 1995-2001, parent firms that have employee spinoflibsequent year and that survive to 2001.

Notes Definition of parent firm (quarter-workforce employee ggfrcriterion) as described in MRT. Unemployment
can include self employment and informal work. Sample iesil to workers who continue at parent or separate
for other RAIS employment (left graph) or no recorded RAISpesgment (right graph), excluding workers joining
spinoffs and excluding retirements and deaths. Probgplgtimates from parent-year fixed effects regression of a
departure indicator on the set of tenure bin indicatorsditmmal on worker characteristics as in Table 3 as well
as current occupations and a full set of gender interactibm®ractions of tenure bin indicators with an indicator
for being well networked (at least two preceding occupatianhemployer). Estimated probabilities are tenure-bin
coefficients plus the predicted value from remaining regwes(including constant for omitted tenure bin coefficient
of 60 to 72 months). Table C.2 in Appendix C shows the full etaefficient estimates. Confidence intervals (95%
significance) from clustered standard errors at the pagreatlevel by tenure-bin indicator, relative to omittedursn
bin.

Figure 3:Separation Hazards of Parent Workers to Non-spinoff Employnent and Unemploy-
ment

expect multi-occupation employees to offer a broader skilso that they would appeal to more
outside employers and arguably exhibit higher, not lonas;tp-job transition hazards. We take
this evidence as indicative that our multi-occupationéatior is a good proxy for a worker’s social
network.

Overall, our results on tenure-related parent-firm depasteomplement and reconfirm our
retention hazard results from the previous section on $jpmorkers. The preceding results
on spinoff workers showed that knowledge about foundiragrtenembers was effective in that
founding team workers were retained more frequently andived wage premia. The current
results for parent-firm tenure offer additional evidencetlma timing of learning consistent with
the hypothesis that prospective spinoff entrepreneurs ki@ match qualities of workers in their

networks initially faster than employers learn the sameker®’ match qualities with their firms.
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6 Quantifying the Aggregate Impact of Social Capital

In our model aggregate output is
X =Mz = M{quu+ (1-q)popu + (1—po)ucl}, 9)

where we used equation (1) to substitute for mean output perifi*® Aggregate outputX
increases with the economy-wide fraction of workers wittown match qualityg. The only
means by which social capital influences aggregate outpotiirmodel is a rise in the share of
workers known to be of high match quality at firm entry, whintiurn changes the economy-wide
fraction of employees with known match quality We denote byj,,—, the economy-wide fraction
of workers with known match quality in the absence of socadial (x = 0). That benchmark
social capital level allows us to measure the aggregatedtgdaocial capital bY g — Ga—0)/Ja=0-

To calibrateg and infer the counterfactual—,, our first step is to use the fact that in our model
qi(t), the share of workers of known match quality in fifrof aget, is determined entirely by its
initial value ¢;(0) and the age of the firm. In the absence of social capjté)) = 0 for all i,
and we use this to computgt),_,, the share of workers of known match quality for every firm
of aget in the absence of social capital. In the presence of socgtatawe incorporate the
aforementioned fact that 29.0 percent of new Brazilian finmsur data are employee spinoffs, as
opposed to 100 percent as assumed in our general equilibniode!>® For all these employee
spinoffs we assume that(0) equals;(0),:,, the mean founding team member share in the spinoff

workforce at entry in our datd. We use this to compute(t) the share of workers of known

spin?
match quality for every employee spinoff firm of ageWe assigm; (0) = 0 to the other 71 percent
of new Brazilian firms in our data. Our estimate of aggregdta each firm age is then given by
(1) 49, = 0-29q(t) 5, +0.71q(t) ,.—o- Thus our estimate is best thought of as the aggregate impact

of social capital embodied in employee spinoffs only, rathan in all firms.

35Aggregate welfare is proportional fad z + yMa. The contribution of entrepreneurshjp/a is constant, so we
focus on aggregate output.

36]n an Online Supplement, we estimdte— ¢.—o)/do—o adhering to our general equilibrium model as closely as
possible. In particular, we maintain the assumptions thdirms are the same size and all new firms are employee
spinoffs. Our estimate is 0.044, larger than the estimate@82 we obtain below, but not so much larger given that
the potential impact of social capital more than triples ioving from 29 to 100 percent of new firms as employee
spinoffs. The reason for the small difference is that witrepafirms the same size as their spinoffs, instead of much
larger, the calibrated share of team members in foundingeveiis much smaller than the empirical share.

3’Depending on the parent’s share of workers with known matetity at time of spinoff, some spinoffs start with
lower and others with higher shares of workers with knownamguality at entry. For calibration we use the average.
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We can compute(t),_, andq(t), ., using equation (5) and the respective initial conditions

spin

¢i(0)a—o = 0 @andg;(0) = ¢(0)p, for all Z, to obtain

q(t) ey = @ (1 — exp{—(0 + 07 + dpo)t}) (10)

and
q(t) gpin = 4" + [2(0)spin — "] exp{—(6 + 07 + ¢po)t}, (11)

whereq* is given by equation (4). By equation (10), new firms that dogstait out as employee
spinoffs have a zero share of employees with known matchtgaealbirth and subsequently raise
this share toward the long-term steady state lgvel Employee spinoffs, in contrast, may start
out with a share of employees with known match quality abavieetow the steady state share.
The reason is that the initial share depends on the pardraese ®f employees with known match
guality at time of spinoff, which determines how many fourglteam members the spinoff can
attract.
The rate at which workers separate from firms to become ewineprs,fv, is the product

of two small numbers so can have little quantitative impabtoreover, we do not observe firm

owners in our data. We therefore seto zero, and equations (10) and (11) simplify to

(0o = 50 (1= exp{~(3 + 6m)t) (12)
and
__ %po o Ppo <ol —
q(t)spin = 5+ opo + 14(0) spin 3 + dpo exp{—(d + ¢po)t}, (13)

where we have substituted fgt using equation (4). To use equations (12) and (13) we need to
estimate), the rate at which workers exogenously separate from firgerdéess of match quality,
and the internal promotion ratg, at which workers of unknown match quality are discovered to
be of high match quality.

Appendix D shows how and ¢p, can be estimated using the levels and changes over time
in the coefficients on the team member indicators from owent&in hazard regressions in Sec-
tion 4. This is possible because team members separate fnms dinly exogenously, at rate
0 + 6~, whereas non-team workers also separate endogenousky dath employer learning and
learning by spinoff entrepreneurs. Our assumption that 0 thus makes estimation éffrom
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team member retention hazard rates straightforward. Toirgdite the impact of recruitment by
spinoff entrepreneurs, we drop spinoff firms from the sanfgleey have spinoffs of their own and
then re-estimate Table 3, the retention hazard regressitinshe broadest coverage of firms and
workers. The results (reported in Table D.1 in the Appendifgr little from those in Table 3.
The difference between the retention hazards of team menalpel non-team workers is then due
to employer learning only. Finally, because of the appadefgy in employer learning we observe
for new firms, we assume that the share of non-team workensaviiik match quality is zero at the
beginning of the second instead of the first year of operatfdhe employee spinoff.

We obtain the estimates = 0.20 and¢p, = 0.24. (Table D.2 in the Appendix reports the
intermediate calculations.) The estimates yigld= 0.55. Workers of known match quality
are separating and workers of unknown match quality arerbegpknown (to be of high match
guality) at roughly equal rates, leading to a steady stadeesbf workers of known match quality
close to one-half. For employee spinoff firms, the initigdihof workers of known match quality,
q(0)spin, €quals 0.489 in our data, not far belgiv

We then computg,—, andg by taking weighted averages @ft),,_, andq(t),,,,., respectively,
using employment by firm age among Brazil’s domestically-edviprivate-sector firms for the
period 1995-2001. This implicitly treats the distributiohemployment by firm age in this period
as the steady-state distribution. In our general equilibnmodel, in which all firms have the same
constant size, weighting with employment by firm age is egjent to weighting with the number
of firms of each age. Since in reality older firms tend to bedgrgge use employment weighting
rather than firm-number weighting to avoid upward bias inestimate of the aggregate impact of
social capital which could arise from under-weighting oltiems for which the impact of social

capital has worn off. We do not, however, adjust our formiibes;(t),,_, andq(t), ., to account

for any firm growth. Our estimates imply that 93 percent ofdalygregate impact I())f social capital
occurs in firms ages zero to four (as shown in Table D.3 in theefdix), and during those first
four years after entry average firm size increases by lesstth@a employees. We also do not
adjust these formulas for any delay in employer learningdawy firms. Such an adjustment would
increase the estimated impact of social capital becausasukdymagnify the importance of a firm’s
initial share of workers of known match quality.

The estimates we obtain of the average share of workers ktma of high match quality in

Brazil's domestically owned private sector during the pgr®95-2001 arg,—, = 0.487 without
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social capital, ang = 0.502 with social capital. Both estimates are close to our estirohthe

steady state share of firm workers known to be of high matchtyieecause Brazil's employment
is dominated by old firms. Plugging our estimates into thenfda (¢ — Go—0)/Ga—0, We See that
social capital increases the average share of workers kbowe of high match quality by 3.2

percent.

7 Conclusions

One of the benefits of organizing workers into firms is the tio@sof social capital that helps suc-
cessfully match some of these workers to jobs at new firms.imijpact of this social capital shows
up in the dynamics of employee retention at spinoff firms,dizgamics of employee departures
for spinoffs from parent firms, and ultimately in aggregaigpaot through the economy-wide share
of employees known to be of high match quality with their eoypls at startup.

The abilities and preferences of colleagues by no meanausklize list of what employees
learn inside a parent firm. Studies of select high-tech itrehss for instance, demonstrate that
spinoff firms learn their parents’ technologies (e.g. Kiepand Sleeper 2005, Franco and Filson
2006). Muendler and Rauch (2011) document for the Braziliamemy that exporting spinoffs
of exporting parents learn about their parents’ export migriand export products. As detailed
economy-wide data for spinoffs and their parents become@singly available, we expect the
study of employee spinoffs to provide valuable insight it nature and economic consequences

of learning inside firms and into the transmission of innmesitnowledge throughout the economy.
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Appendix

A Individual Dynamics and Flow Value Restrictions

Value functions. Let P be an individual’s value of being a spinoff partner, andWiép,) and
V(1) be the values of employment with unknown and known matchityuakéspectively. We
allow for a status outside formal work (informal work, sethgloyment or unemployment) and

call its valueU. We can express the Bellman equations for an individual cathpas:

rV(p) = w(p)—(6+0)[V(p)—U]
+o{p[V(1) = V(p)] = (1-p) [V(p) - U } (A.1)
+0{~ [P —V(p)] + (1—7)apo [V(1) = V(p)] }

with p € {po, 1}, where
rU =0b+ AV(py) — U], (A.2)

and
rP=a—0[P—-U] (A.3)

To solve for the value functions in terms of fundamentals, finst restate equations (A.1)
through (A.3) so that the value functions form a conventidinaar system in the four unknowns
V(po), V(1), U and P. For brevity, we define the constants = [¢ + 0(1—~)a|po, c2 = 67,
c3=0+0+¢(1—py) andey = (6 + 0). The restated equation system then becomes:

Vi) = w(po) + V(1) + coP + c3U (A4)
bo r+c+ctc3 7 -

i+ coP +cyU

V(1) = , A.5

() r4ca+cy (A-5)

= - -7 A.6

v T+ (A.6)
a—+0U

Po= = (A7)

conditional on the value of the job finding rate The job finding rate\ is an equilibrium outcome.
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These relationships have intuitive interpretations. Gidgrsequation (A.4), for instance:

w(po) + [¢ + 0(1—7)alpoV(1) + 0yP + 1[5 + 0 + ¢(1—po)|U
r+ ¢+ 0(1—v)alpy + 0y + [0 + 0 + ¢(1—po)] '

Vipo) =

The equation summarizes the vicissitudes that an indivictuaur model confronts. When an
employee is of unknown match quality, he receives the explestges(p,) given by equation (2).
With probability pp, he is recognized as having high match quality by his currenleyer and
internally promoted, and with probabili#(1 —~)ap, he is recruited by members of his social
network into their new firm. With probabilit§~ he is struck by an idea for a new firm himself.
Finally, with probabilityy he is exogenously separated from his current employer,wahability
6 his current employer exits, and with probability1 —p,) the worker is revealed to have low
match quality with his current employer.

Solving the equation system (A.4) through (A.7) 16tp,), V(1), U and P yields

Vipo) = TLD{(r—l—)\)(r+9)[(r+cz+04)w(p0) + apg) + (r+N)c(r+ei+ca+ceq)a (A8)
‘|‘[’I“(6104 + (T+CQ+C4)03) + (T(CQ+03) + (C1+Cg+63)(62+64))9] b},
V(1) = %{[(H—)\)(r—f—@)cl + r(r+cetc3)(r+0) + r(r+c+0)\ py (A.9)
+[(r+0)cy + 0c)[(r+c1+ca+c3)b 4+ Aw(po)]
+[r(r+citcatcs) + (r+citcatcs) Ao a},
U = 7aiD{(7“—1—014—024—03)(7“%—02—1—04)(7"+9) b (A.10)
+A(r+0)[(r+cat+ca)w(po) + crppm] + (r+c1+ca+cq)cad a},
P = TLD{[r(T+cl +eote3)(r+ceatey) + (r+eiteatey)(r+e)Aa (A.11)

+(r+cotcq)0[Aw(po) + (r+c1+catcs)b] + 1 A0 ,uH},

whereD = (r+ci+co+c3)(r+ceatcy)(r+0) + (r+ci+catcq)(r+co+0)\ andw(po) is given
by (2).

Flow value restrictions. In equilibrium, the flow value: from implementing a spinoff idea and
the flow valueb of unemployment must be such th&t > V (1), V(py) > U andU > V/(0).
By equations (A.5) and (A.7)P > V(1) ifand only ifa > [(r+0)u + roU]/(r+3+0).
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By equation (A.6),U < V(py) if and only if b < rV(py). Similarly by (A.6),U > V(0)
if and only if b > rV(0) — A[V(po) — V(0)]. We can freely choose a value bfsuch that
rV(0) — A[V(po) — V(0)] < b < rV(py) becausé’(0) < V(py) and becausg is not a function
of b in equilibrium (see Subsection 2.5). This valuebaf turn determines the lower bound an
as stated above.

In terms of fundamentals, the lower bouag on the flow value of implementing a new firm

satisfiesP? = V'(1). Setting (A.9) equal to (A.11) and solving out for yields

W (ca—0)[(r+c14catcs) b+ Aw(po)] + [(r+60)(r+c1+ca+cs) + (r+0+c1+co)Npn
L (r + ca)(r+c1tcatc3) + (r+ci4catcq) A '
The upper bound obsatisfieshy; = 7V (pg) or, using (A.8),

(r+0)[(r+cotca)w(po) + crpon] + (r+c1+catca)cz a
(T+CI+CQ+C4)(T+CQ+0) '

by =

The lower bound o satisfiesh;, = V' (0) — A[V(po) — V(0)], whererV(0) is the hypothetical

flow value of accepting a demotion at the current employenout quitting. Similar to (A.1),

rV(0) = pL—(6+0)[V(0) = U]+ 0y [P —V(0)]

+0(1—=7)ape [V(1) = V(0)]
” Ur + C2P + C4U + C5V(1)
T+ ca+ Cq+ Cs

(A.12)

Y

wherec, andc, are defined as above angd= 6(1—~)apy. At the lower bound = b,, we have
U = V(0) and (A.12) simplifies td/(0) = U = {uz + caP + csV(1)}/{(r + c2 + c5)}. Setting
this expression equal to (A.10) implicitly defines the loweundb, = (r + A)V(0) — AV (po).
The lower bound is strictly positive if and only ¥ (0)/V (po) > A/(r + ).

By (8) and the above definitions,in equilibrium must satisfy

A=cy+ (1—q)cs + e
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B Steady-state Distribution of Known Match-quality Share g

As derived in Subsection 2.4 of the text, a fifrhas a share;(¢) € [0, 1] of workers with known

match quality at ageandg;(t) evolves deterministically with

¢i(t) = [¢:(0) — ¢"Jexp{—nt} + ¢", (B.1)

restating (7) from the text, where

¢i(0) = [1 — qp(tio)]0 (B.2)

by (6) in the textg,(t,) is the parent’s share of known workers at spinoff birth,

¢ = (1_7)0490 < 17 n= 5+67+¢p07

and
i (&3
by (4) in the text.
Age evolves deterministically, conditional on survivalivéh a Poisson process of exit with
rated, the fraction of firms with age; < t is given by the exponential cumulative distribution
function

G(t) =1 — exp{—0t}. (B.4)

The reason is that the probability for the waiting tirdé until the (first) Poisson event arrives
to exceed is equal toPr(WW > t) = G(t) under a Poisson process. Note that age @fg are
independent. The probability density function of firm ageyis) = G'(t) = 01 — G(t)] =

0 exp{—0t}.

We want to establish the existence of a continuous prolyalinsity functionf(q) that
measures the fraction of firms with a sharef workers with known match quality. We be-
gin by definingp(q,t) as the mass of firms with known shayeand aget. Accordingly, the
mass of firms with known shargat birth (age zero) i®(q,0). Ast periods pass, their initial

known share is related forward to the present known sharthése firms that survive by (B.1):

49



q(0) = [q(t) — ¢*] exp{nt} + ¢*. Since survival is independent @fwe can infer that

p(g,t) =[1—=G)] - p(q,0) = [1 = G(t)] - p((q — ¢") exp{nt} + ¢*,0). (B.5)

By the spinoff process under (B.2), the mass of newborn firmis ¢(it) depends on the mass
of parents withgy,(¢,0). Integrating over the age distribution of parents, and iplying by the
hazard rate at which a spinoff happens to the parents, waobta

pa0) = 0 [ sla gl
= 0/000[1 — G(t)] p((qp —q")exp{nt} +q", 0)9(75) dt
-¢f To(l0 - ae) — glesplnny + 4 0) L - CWPdL (B6)

whereg(t) = G'(t) = 0]1 — G(t)] is the density function of (parent) age. The substitutiorihen
second line follows using (B.5) and on the third line using §B.2

Equation (B.6) defines a mappifigfrom the spac€’[0, 1] = {f:[0,1] — [0, 1], f continuou$
of continuous functions oft), 1] to itself. Applied to our context, and definigz) = p(z,0), the
mapping can be written as

Thg) = 6 / T (1 = a/6) — ¢ exp{nt} +¢)[1 = GO .

If h(-) is continuous, thefl'h(+) is continuous because it is the integral of a continuoustfanc
It is straightforward to show th&th(q) € [0, 1] if h € C[0, 1].

When endowed with theup norm, C'[0, 1] is a complete metric space (see Apostol 1974,
p. 102, problems 4.66 and 4.67). Furthermdrés a contraction mapping, that is

Sup ITh(q) — Tk(q)|| < ¢ Sup 1h(q) — k(g

for some contraction constant (0, 1). To establish this, note that

Thi) = Tha) = ¢ [~ [0~ 0/0) = ¢l explan} +)

—k([(1 = /) = 'lexp{nt} +q) | - [1 - G(0) 2 k.
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It follows that
sup [|Th(q) — Tk(q)|| < sup||h(q) — k(q)]| -92/ [1—G(t)]*dt.
q q 0

Moreover, [ °[1—G(t)]* dt = 1/(26) by (B.4). Hencel" is a contraction with contraction constant
¢ = 0/2. Applying the contraction mapping theorem (Apostol 197hedrem 4.48, p. 92), we
can conclude that the mappifighas a unique fixed point.

Let p(q, 0) be the unique fixed point &f. By constructiorp(q, 0) satisfies (B.6). Using (B.5)
one can defing(q, t) for all ¢. Integrating over all firms of all ages yields the mass of fikmith
known-worker share: R(q) = [;° p(q,t)g(t) dt. Sincep(q,t) is bounded and continuoug-)
is well defined and continuous in FromR(~) one can define the probability density function of
the known-worker share across firms with

flq) = R(q) . fo t)exp{—06t} dt
fol R(q) dg fo J5~ p(q,t) exp{—0t} dt dg

SinceR(+) is continuous, the densitf(-) is well defined wheneveR(q) # 0.

C Departure and Separation Hazards of Parent Workers

Table C.1 reports the probability estimates depicted inffeéigd and 2. The coefficient estimates
are from linear parent-year fixed effects regressions oadape indicators on the set of tenure-
bin indicators, worker characteristics as in Table 3 as alturrent occupations, and a full set
of gender interactions. We retain in the sample only paremisfthat have an employee spinoff
in the subsequent year and that survive to 2001. In column furtieer restrict the sample to
parent firms with employment (size) at or below median empleyt; in column 2 we impose the
converse restriction to parent firms with above median size.preserve space, we show results
from a single regression in columns 3 and 4, where we redtrecsample to parent firms with
employment at or below median (as in column 1). The column & presents in column 3
coefficients on the interaction of tenure-bin dummies withirzdicator for an employee being
well networked and in column 4 coefficients on the plain tedbin dummies. We consider an
employee with at least one occupation change at the paraelaively well networked. The

sum of the tenure-bin coefficients in columns 3 and 4 and tleffic@nt on the well-networked
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Table C.1: EPARTUREHAZARDS OF PARENT WORKERS TOSPINOFFS BYPARENT SIZE

Fig. 1A Fig. 1B Fig. 2A Fig. 2B
Departure indicator Well netw.  Less netw. Well netw.  Less netw.
oLS 1) (2) (3) (4) (5) (6)
Tenure 3-6 mo. -.049 -.005 .003 -.048 .002 -.005
(.004)* (.0006Y * (.009) (.005)* (.0007Y (.0006Y)*
Tenure 6-12 mo. -.026 -.002 -.0004 -.024 .0009 -.002
(.004)* (.0004Y* (.008) (.005)* (.0006) (.0005)*
Tenure 12-18 mo. -.015 -.002 .010 -.016 .0009 -.002
(.004)* (.0004Y* (.008) (.005)* (.0005) (.0004)*
Tenure 18-24 mo. -.008 .0006 .009 -.008 -.0006 .0009
(.004) (.0004) (.008) (.005) (.0005) (.0004)
Tenure 24-30 mo. -.002 -.0006 .007 -.004 .0002 -.0006
(.004) (.0004) (.008) (.005) (.0005) (.0004)
Tenure 30-36 mo. -.0006 .0005 .011 -.003 -.0008 .0008
(.004) (.0004) (.009) (.006) (.0006) (.0004)
Tenure 36-42 mo. .003 -.0001 -.0004 .004 -.00005 -.00005
(.005) (.0003) (.009) (.006) (.0005) (.0004)
Tenure 42-48 mo. .007 .001 .003 .006 -.0004 .001
(.005) (.0003)* (.009) (.006) (.0005) (.0002y
Tenure 48-60 mo. .004 .0002 9.76e-06 .004 1.71e-06 .0002
(.004) (.0002) (.009) (.006) (.0004) (.0003)
Tenure 72-84 mo. -.0005 .0001 .004 -.003 -.0001 .0002
(.005) (.0003) (.010) (.007) (.0006) (.0003)
Tenure 84-96 mo. -.005 .0002 -.011 .001 -.0009 .0005
(.006) (.0003) (.012) (.009) (.0004) (.0003)
Tenure 96-108 mo. -.003 .0003 .011 -.009 -.0003 .0004
(.007) (.0003) (.013) (.010) (.0004) (.0004)
Tenure 108-120 mo. -.014 -.0003 .018 -.025 -.0006 -.0001
(.007) (.0003) (.014) (.011) (.0004) (.0003)
Tenure 120-144 mo. -.012 -.0001 .009 -.018 -.0007 .0001
(.006) (.0003) (.013) (.010) (.0005) (.0004)
Tenure 144-168 mo. -.020 -.0001 -.004 -.018 -.0005 .00006
(.009)" (.0004) (.017) (.014) (.0004) (.0005)
Tenure 168-192 mo. -.027 .0001 -.005 -.025 -4.89e-06 .00006
(.010) (.0006) (.020) (.016) (.0007) (.0004)
Tenure 192-216 mo. -.031 .0006 -.025 -.018 .0003 .0004
(.013)" (.0008) (.023) (.019) (.001) (.0005)
Tenure 216-240 mo. -.049 -.0009 -.017 -.039 -.0003 -.0008
(.015)* (.0005) (.031) (.024) (.0006) (.0006)
Tenure> 240 mo. -.056 -.002 -.028 -.041 -.001 -.001
(.011) (.0007y (.021) (.016) (.0005Y* (.0007)
Well-networked .004 .001
(.007) (.0004)

continued
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Table C.1: DEPARTURE HAZARDS OF PARENT WORKERS TO SPINOFFS BY PARENT SIZE,
CONTD

Fig. 1A Fig. 1B Fig. 2A Fig. 2B
oLs 1) (2) (3)-(4) (5)-(6)
continued
Some High School -.013 -.001 -.013 -.001
(.002)y (.0005)* (.002)y (.0005)*
Some College -.037 -.003 -.037 -.003
(.006)* (.0005)* (.006)* (.0005)*
College Degree -.065 -.005 -.065 -.005
(.006)* (.0005)* (.006)* (.0005)*
Pot. lab. force exp. .001 -.001 .0005 -.002
(.009) (.0008) (.009) (.0008)
Sq. Pot. lab. force exp. .006 .002 .006 .002
(.006) (.0005)* (.006) (.0005)*
Cub. Pot. lab. force exp. -.003 -.0005 -.003 -.0005
(.002) (.0001y* (.002y (.0001y*
Qrt. Pot. lab. force exp. .0003 .00005 .0003 .00005
(.0001y (1.00e-05)* (.0001y (1.00e-05)*
Prof. or Manag’l. Occ. -.013 .002 -.014 .002
(.004y* (.001y (.004y (.001y
Tech’l. or Superv. Occ. -.020 -.0006 -.020 -.0007
(.004y (.0009) (.004)* (.0009)
Unskilled Wh. Collar Occ. -.019 -.001 -.019 -.001
(.004y (.0009) (.004)* (.0009)
Skilled BI. Collar Occ. .009 .0009 .009 .0009
(.003y (.001) (.003y* (.001)
Female employee -.041 -.001 -.041 -.001
(.008) (.001) (.008y* (.001)
Obs. 445,002 2.84e+07 445,002 2.84e+07
R? .160 .263 .160 .263
Mean Dep. variable 179 .015 179 .015
Parent-year panels 21,541 21,656 21,541 21,656

Source RAIS 1995-2001, parent firms that have employee spinoftilssquent year and that survive to 2001.

Notes The table shows one regression each in column 1, in colunm&lumn pair 3-4, and in column pair 5-6.
Definition of parent firm and employee spinoff (quarter-wiorke criterion) as described in MRT. Sample includes
workers who continue at parent, separate for other RAIS eynpent or unemployment, or depart to join spinoff, but
excludes retirements and deaths. Probability estimates finear parent-year fixed effects regressions. Dependent
variable is indicator of departure to spinoff. Coefficiefaisinteractions of female with all other worker characiéds

are not shown. Omitted category for education is primarysthr less. Clustered standard errors at the parent-year
level in parentheseg:significance at five}* one percent.
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indicator (final row of column 3 in first part of table) theredaepresents the departure hazard to
a spinoff for well networked employees by tenure bin, shovith ¥he dark black dots in Figure 2.
The coefficients in column 4 alone represent the departw& tdor the less networked employees
by tenure bin, shown with the light grey dots in Figure 2. Ifuoon pair 5-6, we report results
from a single regression restricting the sample to paremsfivith employment above median (as
in column 2). Column 5 shows the coefficient estimates forreiins interacted with the well
networked indicator; and column 6 the coefficients on thenglnure-bin dummies.

Table C.2 reports the probability estimates depicted inféigds The coefficient estimates
are from linear parent-year fixed effects regressions odrsgjon indicators on the set of tenure
bin indicators, worker characteristics as in Table 3 as aglturrent occupations, and a full set
of gender interactions. We retain in the sample only paremisfthat have an employee spinoff
in the subsequent year and that survive to 2001. To prespaeeswe show results from a
single regression of an indicator for an employee’s searand subsequent employment at a
non-spinoff in columns 1 and 2. We show results from a singégession of an indicator for an
employee’s separation with no subsequent formal employmesolumns 3 and 4. The column
pair 1-2 presents in column 1 coefficients on the interaaticienure bins with an indicator for an
employee being well networked and in column 2 coefficientherplain tenure-bin dummies. The
sum of the tenure-bin coefficients in columns 1 and 2 and tledficent on the well-networked
indicator (final row of column 1 in first part of table) theredorepresents the separation hazard
to a non-spinoff for well networked employees by tenure bmwn with the dark black dots in
Figure 3. The coefficients in column 2 alone represent thars¢gipn hazard for the less networked
employees by tenure bin, shown with the light grey dots iruFeég3. Column pair 3-4 presents
in column 3 coefficients on the interaction of tenure bindweaib indicator for an employee being

well networked and in column 4 coefficients on the plain teAbin dummies.
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Table C.2: &PARATION HAZARDS OF PARENT WORKERS TONON-SPINOFFEMPLOYMENT
AND UNEMPLOYMENT

Fig. 3A Fig. 3B
Departure indicator Well netw. Less netw. Well netw. Less netw.
oLs (1) (2 (3) (4)
Tenure 3-6 mo. .001 .008 -.009 .204
(.0004)* (.0003)* (.006) (.005¥*
Tenure 6-12 mo. -.0001 .005 .006 .139
(.0004) (.0003)* (.006) (.005¥*
Tenure 12-18 mo. -.001 .004 -.047 126
(.0002)* (.0002)* (.005)* (.006)*
Tenure 18-24 mo. .00008 .002 -.006 .072
(.0002) (.0002)* (.006) (.006}*
Tenure 24-30 mo. -.0006 .002 -.021 .074
(.0002)* (.0002)* (.004* (.005)*
Tenure 30-36 mo. -.00006 .001 -.001 .040
(.0002) (.0002)* (.006) (.005¥*
Tenure 36-42 mo. .00006 .001 -.010 .050
(.0002) (.0002)* (.005) (.0045*
Tenure 42-48 mo. .0002 .0004 .011 .017
(.0002) (.0001)* (.005)" (.004)*
Tenure 48-60 mo. -.00009 .0002 -.003 .013
(.0002) (.0001) (.004) (.003)
Tenure 72-84 mo. -.00008 -.0002 -.007 -.006
(.0002) (.0001) (.005) (.004)
Tenure 84-96 mo. -.0001 -.0004 -.004 -.012
(.0002) (.0001)* (.005) (.005%
Tenure 96-108 mo. -.0003 -.0004 -.007 -.020
(.0002) (.0001)* (.007) (.005)*
Tenure 108-120 mo. -.0003 -.0004 -.006 -.024
(.0002) (.0001)* (.007) (.007*
Tenure 120-144 mo. -.0004 -.0005 -.0001 -.031
(.0002) (.0001)* (.006) (.0065*
Tenure 144-168 mo. -.0005 -.0003 -.002 -.035
(.0002) (.0001) (.007) (.0085*
Tenure 168-192 mo. -.0001 -.0004 -.010 -.031
(.0002) (.0002)* (.008) (.008}*
Tenure 192-216 mo. -.0002 -.0004 -.014 -.023
(.0002) (.0001)* (.008) (.008y*
Tenure 216-240 mo. -.00008 -.0003 -.020 -.021
(.0002) (.0001) (.013) (.011)
Tenure> 240 mo. -.0001 3.28e-06 .002 .017
(.0002) (.0001) (.011) (.011)
Well-networked -.0003 -.015
(.0001) (.004)*

continued
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Table C.2: &PARATION HAZARDS OF PARENT WORKERS TONON-SPINOFF EMPLOYMENT

AND UNEMPLOYMENT, CONT' D

Fig. 3A Fig. 3B
oLs @0)-2) 3)-(4)
continued
Some High School -.001 -.024
(.0001)* (.002)*
Some College -.002 -.011
(.0002)* (.004y*
College Degree -.002 -.015
(.0002)* (.003)
Pot. lab. force exp. .006 117
(.0004y* (.011y~
Sq. Pot. lab. force exp. -.003 -.064
(.0003)* (.006y
Cub. Pot. lab. force exp. .0005 .013
(.00006) * (.001y*
Qrt. Pot. lab. force exp. -.00003 -.0009
(4.53e-06)* (.00009)*
Prof. or Manag’l. Occ. -.0007 -.048
(.0003) (.004y
Tech’l. or Superv. Occ. -.0004 -.050
(.0003) (.003)*
Unskilled Wh. Collar Occ. -.0001 -.044
(.0003) (.004)*
Skilled BI. Collar Occ. .003 -.038
(.0004)* (.002)
Female employee -.003 -.033
(.0004)* (.007)*
Obs. 2.77e+07 2.77e+07
R? .023 .209
Mean Dep. variable .005 229
Parent-year panels 43,035 43,033

Source RAIS 1995-2001, parent firms that have employee spinoffilssquent year and that survive to 2001.

Notes Definition of parent firm and employee spinoff (quarter-iforce criterion) as described in MRT. Sample
includes workers who continue at parent, separate for d#¢5 employment or unemployment, or depart to join
spinoff, but excludes retirements and deaths. Probalg$timates from linear parent-year fixed effects regression
Dependent variable is indicator of departure to spinoffef@cents for interactions of female with all other worker
characteristics are not shown. Omitted category for edtutad primary school or less. Clustered standard errors at
the parent-year level in parenthesésignificance at fivet* one percent.
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D Quantification

D.1 Calibrating separation rate § and internal promotion rate ¢py

The separation hazard for team members of any tenure witimaftfirm is constant ab + 6. If
the spinoff firm does not have spinoffs of its own, the sepandtazard for team members equals
Table D.1 is a re-estimate of Table 3 after restricting tmegsa to spinoffs that do not have spinoffs
themselves. For each column, the sum of the coefficient otetlma indicator and the retention
hazard for non-team workers yields an estimaté ef ), the retention hazard for team members.
The team indicator is an estimate of the retention hazard’gaps our estimate of the retention
hazard for non-team workers we use the predicted reterainfrom all regressors of Table D.1,
except the team indicator. Table D.2 reports the retentamaid gaps, the retention hazard for
non-team workers, and the separation hazard for team mem@reach period+1,...,t+6.
We use the average over1, ..., t+6 as the estimate of with which we calibrate our model.
Calibration of the internal promotion ratg,, the rate at which non-team workers of unknown
match quality are discovered to be of high match quality, @emnvolved. We need to know
1 — gio(7), the proportion of the non-team worker cohort that was haedhe founding time
of firm 4 and that is ofunknownmatch quality when the cohort has tenute From the proof
of Proposition 1, we know that the difference between theamee retention hazards for team
members and non-team workers (the retention hazard gaplsgtjee [1 — q;o(7)][o(1—po)+0(1—
v)apg]. This difference is equal to the coefficient on the team iadicin our retention hazard
regressions. Since we will use the coefficients from Table, With the sample restricted to
spinoffs that have no spinoffs themselves, we cad gejual to zero for the remaining derivations.
Note that, in discrete time, the share of workers employegar who are still employed in the
next yearr+1 depends on the share of workers that were of unknown matdtyguayear r. We

then have:

B(T+1) = [1 = gio(7)](¢—dpo). (D.1)

This equation can be rewritten in terms of growth factorshsd the constants andp, drop out:

B(r+2) 1-— qio(T—i—l).

B~ 1o () (B:2)

As stated in the text, we take the share of non-team workeksi@iyn match quality to be zero
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Table D.1: RETENTION HAZARD GAP AT SPINOFF(EXCLUDING SPINOFFS WITHSPINOFFS

All Workers
Retention indicator t+1 t+2 t+3 t+4 t+5 t+6
OoLS 1) 2 3 4) 5) (6)
Team member 0.0706 0.1072 0.0619 0.0463 0.0393 0.0265
(.0019y* (.0018y* (.0018y* (.0024y* (.0032) (.0056)
Some High School 0.0195 0.0195 0.0172 0.0088 0.0076 0.0016
(.0016)* (.0024y* (.0032)* (.0049) (.0066) (.0112)
Some College 0.0128 0.0054 0.0134 -0.0017 0.0038 0.0648
(.0036)* (.0062) (.0070) (.0102) (.0162) (.0489)
College Degree 0.0131 0.0133 0.0120 -0.0008 0.0013 0.0282
(.0033y* (.0054y (.0063) (.0087) (.0115) (.0338)
Pot. lab. force exp. -0.0051 -0.0022 0.0050 0.0060 0.0032 0.0090
(.0006Y * (.0009Y (.0013y* (.0019)y* (.0028) (.0051)
Sq. Pot. lab. force exp. 0.0003 0.0003 -0.0001 -0.0002 -0.00009 0®.00
(.00004)* (.00006)* (.00009) (.0001) (.0002) (.0004)
Cub. Pot. lab. force exp. -6.68e-06 -7.91e-06  1.38e-06 1.43e-06 5e-D8  3.52e-06
(1.17e-06)*  (1.62e-06)* (2.44€-06) (3.44€-06) (4.82€-06) (9.74e-06)
Qrt. Pot. lab. force exp. 4.38e-08 5.87e-08 -1.38e-08 -6.79e-09 1eD& -1.29e-08
(1.04e-08y*  (1.41e-08)* (2.18e-08) (3.04-08) (4.20e-08) (8.22e-08)
Female employee -0.0150 -0.0165 -0.0030 -0.0150 -0.0338 0.0332
(.0045)* (.0070y (.0102) (.0154) (.0228) (.0359)
Obs. 1,211,016 635,326 285,350 126,685 51,615 19,221
R? .258 .249 .236 .26 .283 .245
Mean Dep. variable 761 .669 .764 797 .821 .826
Firm panels 69,513 47,246 26,408 14,114 6,296 2,367

Source RAIS 1995-2001, employee spinoff firms with at least one-team member at time of entry; excluding from
sample spinoffs that have other spinoffs.

Notes Replication of Table 3 for sample of spinoffs that do notdather spinoffs. Definition of employee spinoff
(quarter-workforce criterion) as described in MRT. Coédifints for interactions of female with all other worker char-
acteristics are not shown. Omitted category for educasqrimary school or less. Clustered standard errors at the
level of teams in parenthesessignificance at five}* one percent.
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at the beginning of the second (instead of the first) year efagpon of the employee spinoff,
implying thatl — ¢;0(¢+1) = 1. Combining this insight with the above equation allows usiferi

1—qo(t+1) =[1 — qio(7)]B(7+2)/B8(T+1) (D.3)

recursively forr+1 =t+2,...,t+5. Table D.2 shows the results.
Now we rewrite in discrete time the expression for the reéathange in the share of known
match quality workers from the proof of Lemma 2, and obtain
¢(T+1) —q(r) _ 1—q(7)

(1) - :(7) ¢po + [1—ai(7)] (¢—¢po)

after settingd to zero. Note that this relationship also applies to the t@@am worker cohort and
its known match-quality sharg,(7). Expressing the same relationship in terms of the unknown

match-quality sharé — ¢;o(7) yields

[1 = qio(T+1)] = [1 — gio(7)]
1- QiO(T)

= —¢+ [1 = gio(7)](¢—po)

after some manipulation. Using equations (D.1) and (D.2)at last expression allows us to solve

for ¢ in terms of the retention hazard gap:

B(T+2)

¢p=1+p(r+1) — BoTD)

Finally, using equation (D.1) allows us to solve for the ined promotion ratep, in terms of

the retention hazard gap and the unknown match-qualityeshdahe non-team worker cohort:

B(T+2) B(T+1)

B(r+1) _
B(r+1) 1 —qolr)

bpo= 0= 5 =1H BT+ - (0-4)

We can then use our coefficient estimatessoind computations ofl — ¢;o(7)] to infer ¢py.
Table D.2 shows the implied values ¢f, for each of the periods+1,...,t+4. We use the
average ovet+1, ..., t+4 as the estimate afp, with which we calibrate our model.
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D.2 Calibrating the steady-state proportion of known match quality ¢ with
and without social capital

Table D.3 plugs the estimates ®f&and ¢p, from Table D.2 along withy(0)sy = 0.489 (the ob-
served initial share of workers of known match quality ahsffis in our data) into equations (12)
and (13) to compute(t),_,, ¢(t)g andq(t),.. = 0.29¢(t)g., + 0.714¢(t),_,- Recall form the
main text that 29 percent of new Brazilian firms in our data anpleyee spinoffs. We then com-

pute the employment-weighted averagesg(®f,,_, andq(t),.. to obtain our estimates qf,—, and

AGG
q, respectively.

In order to compute employment among Brazil’'s domesticallyred private-sector firms by
firm age, we use the years in which these firms first appeared I8 Bétheir birth years. Since
our data begin in 1986, it is impossible to determine whendithat first appear in 1986 were
born. Given our focus on the period 1995-2001, this will beabfem for all firms that are more
than eight years old in 1995. We therefore aggregate all folahesr than eight years, regardless of
cohort, into one category, age 9+. We assign that categergtdady state valug of the share of
workers of known match quality. As can be seen from Table thi8,has very little effect on our

estimates ofj,—, andg given the rate at which botj(t) ,_, andq(t),,, converge tg*. What little

SPIN
effect is present works to reduce our estimate of the impasbaal capital since,—, is raised
more thany.

The last column of Table D.3 shows the cumulative contrdouto the difference between
andg,—o of employment in firms of age less than or equal to the age fon eaw of the table.
Roughly one-third of the total difference is attributablentw firms, and over 90 percent of the

difference comes from firms four years old or younger.
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Table D.2: RRAMETER ESTIMATES

t+1 t+2 t+3 t+4 t+95 t+6  Average

Retention hazard gap 0.0706 0.1072 0.0619 0.0463 0.0393 0.0265
Non-team worker

retention hazard rate 0.7237 0.6100 0.7264 0.7682 0.7971 0.8096
Team-member separation réte  0.2057 0.2828 0.2117 0.1855 0.1636 0.1639 0.2022
Unknown match qual. sh. — g;o 1 05770 0.4321 0.3662 0.2470
Internal promotion ratépg 0.4230 0.2058 0.0917 0.2575 0.2445

Notes The retention hazard gapis the coefficient estimate for the team members indicattitérretention regression
in Table D.1 (first row). The non-team worker retention hdzarthe predicted retention rate from all regressors of
Table D.1, except the team indicator. The separationsra®ne less the sum ¢f and the predicted non-team worker
retention hazard. The share of unknown match quality in ateam worker cohort — ¢; is 1 att + 1 by convention
and follows equation (D.3) with firm age. The internal prompotrate¢p, follows from equation (D.4).

Table D.3: Q\LIBRATION OF § AND (a—0

Cumulative
Employment Average Contribution
Firm age Share Firm Size  ¢(t)gp, q(t) oo q(t) ace t0 7 — Gu—o
0 0.0386 13.73 0.4890 0 0.1418 0.0055
1 0.0460 13.03 0.5100 0.1972 0.2879 0.0096
2 0.0447 14.24 0.5235 0.3233 0.3814 0.0122
3 0.0408 14.86 0.5321 0.4040 0.4412 0.0138
4 0.0370 15.51 0.5376 0.4557 0.4794 0.0146
5 0.0335 16.23 0.5411 0.4887 0.5039 0.0151
6 0.0309 16.74 0.5433 0.5098 0.5195 0.0154
7 0.0287 17.26 0.5448 0.5233 0.5295 0.0156
8 0.0282 18.22 0.5457 0.5320 0.5360 0.0157
9+ 0.6717 43.90 0.5473 0.5473 0.5473 0.0157
Employment-
weighted average 0.5409 0.4866 0.5023 0.0157

Notes Estimates 0f(t),,,,,, 4(t),—o andq(t),,,, = 0.29¢(t),,;, + 0.71¢(t),_, based on equations (12) and (13)
usingé and¢p, from Table D.2 along witly(0) = 0.489. Age and employment from RAIS 1986-2001.
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