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E Alternative Quantification of the Aggregate Impact of Social
Capital

In contrast with the quantification exercise in the main,tthe supplementary exercise here main-
tains the model’'s assumptions that all firms have the sameeasid that all new firms are spinoffs,
and uses coefficient estimates of departure hazards atparemdition to coefficient estimates of

retention hazards at spinoffs.

E.1 Theoretical lower bound on the aggregate impact of social capital

We start by restating aggregate output (9) from Section 6:
X =Mz = MA{qpm + (1=q)[po ptar + (1—po)pr]} -

Aggregate outpuk increases with the economy-wide fraction of workers witbwn match qual-
ity g. Social capital therefore contributes to aggregate oudttpuahising the share of known workers
at every entrant.

To quantify the importance of social capital for aggregatefgrmance, it is helpful to find
the economy-wide fraction of employees with known matchligug in the absence of social
capital. We begin with the observation that= 0 implies ¢;(0) = 0 for all firmsi. If there
is no networking at the parent, then spinoffs have to stat wicompletely unknown workforce.
Subsequently, the fraction of known workers—(¢) is determined entirely by the age of the firm.

From equation (7), we have

Gia=0(t) — ¢" = —q" exp{—(0 + Oy + ¢po)t}. (E.1)
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When it helps clarity, we abbreviate the rate of convergente w
n=0-+0vy+ opo.

In the absence of social capital, the share of known worketsrth is zero so that the initial
deviation from steady state isq*. Subsequently, the share of known workers strictly in@sas
and becomes arbitrarily close 6 (a vanishing difference betweemn,—(t) and¢* as firm age
increases arbitrarily).

The Poisson process of birth and exit of firms at ratgields an exponential steady state
distribution of firm age with parametér Concretely, the steady state fraction of firms with age
less thant is G(t) = 1 — exp{—60t}. Changing variable from to ¢, we obtain the steady state
fraction of firms with a share of known workers less tharF,—o(¢). We use equation (E.1) to

solve fort as a function of;. Rearranging and taking natural logarithms of both sideshave

In(¢" —¢) =In(¢") —nt or t=[n(q¢") —In(q" — q)]/n.

Making the change of variable then yields

Glt(q)] = 1—-exp{—=(0/n)In(¢")} exp{(8/n)In(¢" —q)}
= 1—(¢"—q)""/(q")"".

The steady state fraction of firms with a share of workers ofkmtype less than is therefore

Foiolg)=1— (q* — q>0/n. (E.2)

q*

Using the density associated with this distribution fuoictiwe integrate ovey betweer?) and
¢* and obtain a remarkably simple expression for the econoidg-average; in the absence of
social capitaP®

_ 1 ®po
0= —¢q = . E.3
da=0 1+9/77q d+ 0(1+7) + dpo E3)

As the rate of growtly = (6+6~v+¢p,) of each firm’sg(¢) to the long-term known-worker share

%8The density isf.—o(q) = (0/1)[1/(¢* — q)][1 — F.=o(q)] so that the indeterminate integral ovebecomes
JadFa—o(q) = —[0g +na*][1 — Fa=o(q)]/[0 + 0(1+7) + épo].
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increases, or as the rate of firm exit and edtbecomes small,—, approacheg* under (4). The
reason is that the value gffor all but the youngest firms will be neat, or nearly all firms are
old. On the other hand, as the growth ratedf) to its long-term value becomes small, or as the
rate of firm entry and exit becomes largg.., approaches zero. The reason now is that the value
of ¢ for all but the oldest firms will be neat(0) = 0, or nearly all firms are young.

The smaller isj,—, in the absence of social capital, the greater is the scopoftal capital to
increase aggregate output. From equation (E.3) we thersém that the potential effect of social
capital on aggregate output increases with the rate of mreationd and decreases with the rate
of employer learning.

We cannot compute, -, in the presence of social capital because we lack a clogedgolu-
tion for the distribution of; in the population of firms when there is social capital (seedrem 1
and its proof in Appendix B). Therefore we cannot compute ifferénce in the share of known
workers with and without social capitdlg = ¢.~0 — Go—o. HOwever, we can derive a formula
that establisheslawer boundfor the increase i attributable to social capital.

Consider a benchmark parent with a share of workers with knoatch qualityg, (t,0) = ¢*
and the case where a spinoff from the parent starts ith < ¢*. From equation (6) we know

that the share of workers with known match quality at staisup

¢(0) = [1 — gp(tio)]yp for ¢ = (1—7)apy < 1. (E.4)

It follows that (1 — ¢*)¢ < ¢* for the benchmark parent witf(¢,0) = ¢*. Our evidence in the
next subsection will show that the cade— ¢*)y < ¢* is the empirically applicable one. For this

case we can state the following lemma.

Lemma 3. Suppose the conditian — ¢*)i» < ¢* is satisfied. Then the bounds on the steady-state

distribution ofg in the presence of social capital afé — ¢*)y andg*.

Proof. We will call the steady-state suppdft — ¢*)v, ¢*| theabsorbing interval Consider a firm
in the absorbing interval, with;(¢) € [(1 — ¢*)¥, ¢*]. By the firm dynamics under equation B.1,
a firm in the absorbing interval cannot age t@ & ¢*. The firm cannot be parent to a spinoff
with ¢;(0) < (1 — ¢*)v because no parent has a known match-quality share largertha the
absorbing interval, so that the lowest possipl®r a spinoff to start with is;(0) = [1 — ¢*]¢.

Moreover, the largest possibiefor a spinoff from a parent in the absorbing intervakjf)) =
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[1—(1—¢*)¢]y. Ititstraightforward to show that — (1 — ¢*)¢]y < ¢* by the condition of the
lemma3® The interval[(1 — ¢*), ¢*] is therefore arabsorbing interval no firm that enters this
interval can exit it other than by death, nor can its spinsfiést outside the interval.

Next, consider a firm witly;(t) € (¢*,1]. This firm will age tog* from above or exit. All
spinoffs of this firm will start withg;(0) € [0, (1 — ¢*)v). Finally, consider a firm withy;(¢) €
[0, (1 — ¢*)¢). This firm will evolve into the absorbing interval or exit. &maximal share of
workers with known match quality at a spinoff from this firm/idecause the least informed parent
atg,(tio) = 0 spawns a spinoff with;(0) = (1 —0)y = ¢. For a sufficiently small social network
«, the best spinoff starts inside the absorbing interval witkl ¢*, wherey < ¢* is equivalent
to a < ¢/[n(1 — ~)] by the definitions of) and¢* in (E.4) and (4). We have thus shown for
sufficiently small social network size < ¢/[n(1 — ~)] that, beginning from a point in time when
there is a positive mass of firms in each of the interf@lél — ¢*)«), [(1 — ¢*)v, ¢*], and(¢*, 1],
there will be a continual shift of the mass of firms into theab#g interval/(1 —q¢*)v, ¢*], or exit,
and no shift of the mass of firms out of this interval. Sincertfass of firms is constant, it follows
that as age grows arbitrarily large the mass of firms outside the absgrbiterval vanishes.

The proof for a large social network size> ¢/[n(1 — v)] (so thaty > ¢*) is a little more
involved. Note that spinoffs from a parent in the interyat) € [0,1 — ¢*/v) start withg;(0) €
(¢*, 1] for large network size. To establish that the steady-stappart|[(1 — ¢*), ¢*] is also
the absorbing interval for large network size, we need tavstiat spinoffs stop entering into the
adjacent intervad;(0) € (¢*, | as parent age grows arbitrarily large. It is useful to state the
following sequence of equivalent inequalities, which alldw from the single condition of the
lemma(l — ¢*)y < ¢*:

G-gweq o 1-Lca-gwe< 2t <q
(G L4
Figure E.1 depicts the respective points. Note that paiaritee adjacent intervaly*, )] spawn
spinoffs that start in the interval(0) € [(1 — )¢, (1 — ¢*)¥). As a consequence, no new firm
starts below the lower threshold — )y = 1 3",_,(—)!, and incumbent firms evolve into the
absorbing interval or exit, so that the mass of firms in thertedst interval0, (1 — ¢)«) vanishes.

3%For a spinoff to start withy;(0) = ¢*, the parent must hawg(¢t) = 1 — ¢*/+. Note that another parent with
qi(t) = (1 — ¢*)v must have a higher share of known workers becdlise ¢*)y» > 1 — ¢*/v is equivalent to
the condition of the lemmaél — ¢*)y) < ¢*. Therefore a spinoff from a parent with — ¢*)¢, which starts with
q:(0) = [1 — (1 — ¢*)9]y, must start strictly below*. Figure E.1 depicts the three poidts— ¢* /v, (1 — ¢*)v, ¢*}.
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[0,(1-g®)w) [(1-g™)w,q™] (g*1]

Figure E.1: lllustration of Lemma 3

In turn, parents atl — )y or above spawn spinoffs at or beldW — (1 — ¢¥))} < . As

a consequence, no new firm starts above the upper thre§held1 — ¥)y}y = ¢ Zfzo(—w)t
anymore, and incumbent firms evolve towards the absorbiegvial or exit, so that the mass of
firms in the upper part of the adjacent interfal — (1 — ¢)v) }4, ¢] vanishes. Thus the upper
threshold above which no startup enterabigfzo(—w)f, which converges ta)/(1 + ) from
above a®7 =0, 2,4,6,8, ... grows arbitrarily large. The lower threshold below whichstartup
enters is) 27 7' (—)?, which converges t@/(1 + 1) from below a7 +1 = 1,3,5,7,9, ...
grows arbitrarily large. (Parentsaf (1 + ) spawn spinoffs with) /(1 + ), while parents with
q:(t) < ¥/(1 + ) spawn spinoffs withy;(0) > /(1 + ) and vice versa.) Since the upper
threshold ultimately crosses (because)/(1+ ) < ¢*), no new firm starts outside the absorbing
interval anymore. The mass of firms is constant, so it folltvet asl” grows arbitrarily large the

mass of firms outside the absorbing interval vanishes aldaifge social network size. n

Lemma 3 states that, in the presence of social capital, alifines in steady state are founded
with a share of workers with known match quality at least agdas(1 — ¢*)y. In the absence
of social capital, new firms start with a known match-quadhare of zero. By the empirically
confirmed condition of the lemma, all new firms start with awnanatch-quality share lower than
the known match-quality share in very old firms, which is itiely plausible. In the following
Proposition, we use Lemma 3 to establish a lower bound ompadt of spinoff-mobilized social

capital ong.

Proposition 4. Suppose the conditiofi — ¢*)1 < ¢* is satisfied. Then the lower bound on the
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increase ing attributable to spinoff-mobilized social capital equals

0(1 —q" )

S+ 0(147) + ¢po (ES)

A(jmin =

Proof. This expression is the difference betwegn, from (E.3) and the same integral with the
lower limit (1 — ¢*)¢ instead of zero. Since the limits of integration are the lsuon the true
steady-state distribution @f, the latter integral computes what the valuejof, would be if all
new firms were born witl,; (0) = (1 —¢*)1. Since(1 — ¢*)v is actually the lower bound fay;(0)
for all firms, andy;(0) evolves towardg* at the same rate for all the distribution used to compute
dq:(0)=(1—¢+ )y 1S first-order stochastically dominated by the true disttidn of ¢ in the population
of firms. It follows thatg,, )=1—q¢+)y < ¢. O

The expressiod\g,,,;, increases with network size sincey) = (1—~)ap, increases withu.
The expression also increases wittihe rate of entry and exit of new firms, because social dapita
operates by increasing the share of workers with known mauettity at new firms. Finally, the
expression decreases withthe rate of employer learning, since employer learningsslastitute
for the employee learning embodied in social capital (nloé¢¢" increases withp).

To quantify the lower bound impact of social capital @m (E.5), we use estimates from the

following subsection.

E.2 Calibrating the steady-state proportion of known match quality ¢ with
and without social capital

The entry rate of spinoffs in our modelds In this calibration exercise, we maintain our model’s
assumption that all new firms are spinoffs. In line with thss@mption, we use the rate at which
new firms enter as our measurefof We compute this rate for each year in our sample and divide
the number of new firms entering in that year by the number istieg firms (see Table E.1). For
our final estimate of, we average these rates over all seven sample years, whlds#/i= 0.0816.
Though this is an unweighted average, it is virtually idegitto the employment-weighted average
(0.0814).

The separation hazard for team members of any tenure witmafsfirm is constant at +
0~. If we sety to zero as for our main quantification exercise (Section 6/Ampendix D), the

separation hazard for team members eqéalse can estimate the separation hazard for team
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Table E.1: BETIMATES OF THEENTRY RATE ¢

1995 1996 1997 1998 1999 2000 2001  Average
Number of Firms 564,129 573,953 618,630 645,704 668,765 700,636 354,686,673

Incumbent 523,575 533,028 564,294 597,168 617,750 647,972 702,087,979
New 40,554 40,925 54,336 48,536 51,015 52,664 52,826 48,694
Entry Rated 0.0775 0.0768 0.0963 0.0813 0.0826 0.0813 0.0752 0.0816

Source RAIS 1995-2001, employee spinoff firms.
Note Definition of employee spinoff (quarter-workforce critar) as described in MRT.

members separately for each time period, using our regiresssults. Our preferred specification
is that of Table 3 in the main text. For each period, the surh@tbefficients on the team indicator
£ and the retention hazard for non-team workers yields amasgti ofl — 9, the retention hazard
for team members. As our estimate of the retention hazarsidarteam workers we use the
sample mean of the retention indicator for non-team worketise regression sample of Table 3.
Table E.2 reportg, the retention hazard for non-team workers, &far each period+1, . . ., t46.
We use the average over1, ..., t+6 as the estimate of with which we calibrate our model.

Calibration of the employer learning rate the unconditional probability, that a random
match will be high quality, and the social network sizes more involved. We need to know
1 — g;0(7), the proportion of the non-team worker cohort that was haethe founding time of
firm ¢ and that is oinknownmatch quality when the cohort has tenate

We start by restating how we infer the learning ratesimilar to our derivations for the main
calibration exercise in Appendix D. From the proof of Prapos 1, we know that the difference
between the average retention hazards for team membersomrgtam workers (the retention
hazard gap) equal$ = [1 — ¢,o(7)][¢(1—po) +0apy]. This difference is equal to the coefficients
on the team indicata# in our retention hazard regressions in Table 3. Note thatiscrete time,
the share of workers employed in the previous yearho are still employed in the current year
7+1 depends on the share of workers that were of unknown matdhyguethe previous year.
We then have:

Br+1) = [1 = gio(7)](¢—po + fapo). (E.6)

ForT =t + 1, this equation simplifies to

B(t+2) = ¢p—dpo + Hapo (E.7)
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Table E.2: ATERNATIVE PARAMETER ESTIMATES

t+1 t+2 t+3 t+4 t+295 t+6  Average

Retention hazard gap 0.0732 0.1058 0.0601 0.0432 0.0364 0.0207
Non-team worker

retention hazard rate 0.7169 0.6081 0.7171 0.7641 0.7929 0.7817 0.7301
Team-member separation rdéte  0.2099 0.2861 0.2228 0.1928 0.1707 0.1976 0.2133
Unknown match qual. sh. — g;o 1 05680 0.4079 0.3437 0.1954
Employer learning raté 0.5117 0.3159 0.1743 0.4417 0.3609
Unconditional match quahg 0.8442 0.7477 0.5427 0.8195 0.7385
Social network sizex 0.3794 0.4283 0.5902 0.3908 0.4472

Notes The retention hazard gapis the coefficient estimate for the team members indicattirérretention regression
in Table 3 (first row). The non-team worker retention hazarthe predicted retention rate from all regressors of
Table 3, except the team indicator. The separationdéene less the sum ¢f and the predicted non-team worker
retention hazard. The share of unknown match quality in ateem worker cohort—g¢;q is 1 att+1 by convention and
follows equation (E.9) with firm age. The employer learniater follows from (E.10), the unconditional probability
of high match qualityp, from (E.7), and social network sizefrom (E.11).

because, as stated for the main calibration exercise inettte we take the share of non-team
workers of known match quality to be zero at the beginning spiaoff’'s second (instead of the
first) year of operation, sb— g;o(t+1) = 1.
Equation (E.6) can also be rewritten in terms of growth fexcgn that the constangsandp,
drop out:
B(r+2) I Qz‘o(TJrl). (E.8)
B(T+1) 1 — qio(7)

Using1 — ¢,o(t+1) = 1 (from our convention that the share of non-team workers oftkmmatch

quality is zero at the beginning of the second year) and comdpit with the above equation allows
us to infer
1 —qgio(7+1) = [1 = qo(7)]B(T+2)/6(T+1) (E.9)

recursively forr+1 =¢+42,...,t+5. Table E.2 shows the results.
Now we rewrite in discrete time the expression for the retatihange in the share of known

match quality workers from the proof of Lemma 2, and obtain

¢ (T4+1) — qi(7) _ 1 —qi(7)
¢ (T) i(T)

¢po + [1—qi(7)] (p—po + Oapo)

after settingy to zero. Note that this relationship also applies to the t@am worker cohort and
its known match-quality sharig, (7). Expressing the same relationship in terms of the unknown
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match-quality sharé — g;o(7) yields

[1 = qo(m+1)] = [1 — gio(7)]
1 — qio(T)

= —¢ — Oapy + [1 — qio(7)](¢—dpo + Oapo)

after some manipulation. Using equations (E.6) and (E.8hat last expression allows us to
solve for¢ in terms of the retention hazard gap coefficients, the shfanem-team workers with

unknown match qualityl — g;o(7)] andfapy:

[1 = qio(T+1)] = [1 — gio(7)]

¢ =[1—qo(m)|B(t+2) - [1 — qio(7)]

— Bapy. (E.10)

Our last step is to solve fatp,. To do this, note that Figures 1 and 2 in the main text show

a peak at 42-48 months (3.5-4 years) of tenure for the depahazards of parent workers to
spinoffs. It is reasonable to assume that social network$udlly formed by then, so we can use
the departure hazard to spinoffs for workers with 42-48 rewf tenure to help calibratep,. As
our measure of departure hazard, we average the probadslityate at 42-48 months of tenure
(shown in Figure 3) for parents below or at the median sizk thi¢ probability estimate for parents
above median size, yielding an overall departure hazamhass 0f0.1101.4° Settingy to zero,
this departure hazard equals

0.1101 = apo[l — gio(t + 4)]. (E.11)

Using the unknown match-quality shate- ¢;y(¢ + 4)] among non-team workers only, instead
of a firm’s overall unknown match quality shafe— ¢;(t + 4)], presupposes that all workers at
the parent with three-and-a-half to four years of tenurenareteam workers. Also note that the
correct formula for the departure hazard is multipliedéby That is because the true departure
hazard would be computed over all existing firms, not jusept. Since we condition on firms
that actually have spinoffs, and the larger parents have#pievery year, a conservative approach
is to assume that the parent has a spinoff with probabiliyiarevery year.

Equation (E.11) produces an estimatewpf, equal to 0.3203. Plugging this value into equa-
tion (E.10) yields estimates offor r = ¢ + 1, ...,t + 4. Regardless of, however, the coefficient

4Oprobability estimates are obtained from parent-year fifttes regression of the departure hazard to spinoff on
the set of tenure bin indicators, conditional on worker ebgeristics as in Table 3 as well as current occupations, the
log monthly wage and a full set of gender interactions. Thabability estimate for workers with 42-48 months of
tenure is the coefficient on a dummy for this tenure bin plespgtedicted value from remaining regressors (including
the constant for the omitted tenure bin coefficient of 60 taritthths). The probability estimate is 0.2034 for firms
below median size, and 0.0168 for firms above median size.idvegize is 62 employees.
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B(t + 2) is the same in all calculations ¢f Once we have, we can use equation (E.7) to solve
for po = 1 — [58(t+2) — fapy) /¢ and equation (E.11) to solve far= 0.1101/{po[1 — gio(t +4)]}.
Table E.2 reports the results.

The above estimates allow us to compute the lower bound oagfeegate impact of social
capital under the maintained assumptions of the model. \8e Vferify that the condition of
Lemma 3 holds empirically. By the preceding estimates= ap, = 0.3203, andq¢* can be
computed using the estimates from Table E.2 in (4) to oltaia 0.5555. We then hav®.1424 =
(1 — ") < ¢* = 0.5555.

We can therefore use the estimates in the last column of EBleo compute the lower bound
on the relative counterfactual drop in(the economy-wide fraction of employees with known
match quality) that would occur if spinoff-mobilized sdc@apital were absent. Similar to the
computations in the main text, our measure is the ratio

Aqmin

CZX:O

Using our estimates from Table E.2 in the formulas (E.5) &d8)( we obtaim\g,,;, = 0.0207 and
Ja—o = 0.4747, yielding a counterfactual 4.4 percent increasg attributable to spinoff-mobilized
social capital.

F Sectoral and Occupational Characteristics of Spinoffs

To further characterize properties of spinoffs, we talka¢quencies of employee spinoffs by
sector and tabulate frequencies of occupations withinoéfsin

Table F.1 shows the distribution of both new and existingdiby sector and knowledge inten-
sity. Following MRT and the definitions in the paper, we nesthe sample of new firms to those
with at least five employees at foundation so as to separgiogae spinoffs. Compared to ex-
isting firms, new firms and especially employee spinoffs ostightly less frequently in Brazil's
non-high-tech sector by the OECD (2001) classification. Intast, new firms and especially
spinoffs are founded more frequently than existing firmsahigh-tech manufacturing sector and
in knowledge-intensive services. Looking at individualuistries, employee spinoffs are founded
considerably less frequently than existing firms in commened the hospitality industry (hotels

and restaurants). In contrast, spinoffs occur particutequently compared to the distribution
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Table F.1: DSTRIBUTION OF NEW FIRMS BY SECTOR AND KNOWLEDGE INTENSITY

OECD (2001) classification, New Firfhs Existing
CNAE 1-digit sector Spinoffs Divest. Unrelated Fiftns
Non-high-tech sectors 81.7% 82.4% 82.8% 84.4%
High-tech manufacturirfg 2.4% 2.6% 1.5% 1.8%
Knowledge-intensive servicés 15.3% 14.5% 14.9% 13.3%
Agriculture and fishery 1.6% 1.7% 1.3% 1.6%
Mining, food processing and textiles 8.1% 8.2% 8.1% 5.9%
Manufacture of wood, metal products, chemicals 8.7% 8.2% 7.0% 6.5%
Manufacture of machinery and equipment 2.9% 3.0% 2.3% 2.1%
Utilities and construction 7.2% 6.1% 8.5% 3.3%
Commerce, repair services, hotels and restaurants 40.3% 50.0% 46.2% % 50.5
Transport, telecommunication, finance, insurance 4.9% 4.6% 3.4% 4.1%
Real estate activities and business services 17.8% 10.8% 13.0% 14.5%
Education, health, social and public services 4.2% 3.8% 4.4% 5.3%
Other social or personal services 3.7% 2.9% 4.8% 5.8%
Unknown .6% 5% .8% 4%

aNew firms with at least five employees.

bIncludes all formal sector firms reported in RAIS, includihgse withnatureza juridicacoded as Public admin-
istration, State-owned limited liability company, Statened closed corporation, Corporation with some staterobhnt
Cooperative, Consortium, Business group, or Branch oigareompany.

Includes High-tech and Medium-high-tech manufacturing.

dIncludes Telecommunication, Finance and insurance, Basiservices (excluding real estate activities), Educa-
tion and health services.
Source RAIS 1995-2001.
Notes High-tech and knowledge-intensity classification aceugdo OECD (2001) based dBNAE4-digit industry.
Entry size is the total of founding employees with employtrarany time during the new firm’s first year.

S.11



Table F.2: @CUPATION SHARES AT SPINOFF, TEAM VS. NON-TEAM

Employees in

Team Nonteam
(2) (2)
Prof. or Manag’l. Occ. 139 .098
(.0004)** (.0003)**
Tech’l. or Superv. Occ. 174 .166
(.0004)** (.0004)**
Unskilled Wh. Collar Occ. .160 173
(.0004)** (.0004)**
Skilled BI. Collar Ocec. 407 .396
(.0005)** (.0005)**
Unskilled BIl. Collar Occ. .120 .168
(.0003)** (.0004)**
Observations 954,326 819,331

Source RAIS 1995-2001, workers at employee spinoff firms in theniding year.
Notes Definition of employee spinoff (quarter-workforce critar) as described in MRT. Occupations at present
employer. (Table 2 reports previous occupations at last@rep) Standard errors in parentheses.

of existing firms in real estate and business services, rarigin, and the manufacture of wood,
metal products, and chemicals.

Table F.2 reports the frequencies of occupations withinteam workers and team workers
at spinoffs in their founding years. Within white-collarcupations, the relatively more skill
intensive professional/managerial and technical/supery occupations are more frequent among
the team members (who previously worked for the same parent fivhereas the unskilled white-
collar occupations are less frequent than among the naon-tearkers (who did not work for
the parent firm). Similarly within blue-collar occupatigriie more skill intensive occupations
are also more frequent among the team members than amonigamnmembers. As Table 2
documents, team members also used to work in more skillsiteroccupations at their previous

employer than did (trackable) non-team members.
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