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Abstract. Evaluating the attractiveness of startup employment requires an understanding
of both what startups pay and the implications of these jobs for earnings trajectories.
Analyzing Danish registry data, we find that employees hired by startups earn roughly
17% less over the next 10 years than those hired by large, established firms. About half of
this earnings differential stems from sorting—from the fact that startup employees have
less human capital. Long-term earnings also vary depending on when individuals are
hired. Although the earliest employees of startups suffer an earnings penalty, those hired
by already-successful startups earn a small premium. Two factors appear to account for the
earnings penalties for the early employees: Startups fail at high rates, creating costly spells
of unemployment for their (former) employees. Job-mobility patterns also diverge: After
being employed by a small startup, individuals rarely return to the large employers that
pay more.
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Introduction
Entrepreneurship has captured the imagination. Pol-
icymakers and pundits alike see startups as a solution
to a variety of economic problems, from slowing
economic growth to high levels of unemployment.
Legislation favoring fledgling firms has followed. For
example, in introducing the Jumpstart Our Business
Startups Act, President Barack Obama asserted that
“. . . new businesses account for almost every new job
that’s created in America” (Liberto 2012). Recent ac-
ademic research has supported these notions, arguing
that startups account for the majority of all net job
creation (Haltiwanger et al. 2013, de Wit and de Kok
2014, Lawless 2014).

Individuals worldwide, meanwhile, increasingly
see startups as desirable employers and entrepre-
neurship as an attractive career option (Bosma and
Kelley 2018). Jobs in startups and entrepreneurial
careers seem more interesting than the more routine
roles found in bureaucratic behemoths (e.g., Sheldon
2012). People may also hope to become rich. Stories
abound of entrepreneurs and employees—from exec-
utives to janitors—who came into awindfall ofwealth
when their employers went public (e.g., Lien 2017).

But does this enthusiasm reflect reality? Despite the
growing interest in entrepreneurship as an engine for
job creation, little research has considered the long-
term consequences of startup employment.
Whether we would anticipate positive or nega-

tive outcomes in the long run depends on how we
view these individuals. If we see them as similar to
founders, then we might expect startup employment
to confer a long-term benefit. Individuals who become
entrepreneurs—who build firms that employ others,
as opposed to simply being self-employed—earn more
than similar peers who are employees (Braguinsky
et al. 2012, Manso 2016, Levine and Rubenstein 2017,
Sorgner et al. 2017). Even former entrepreneurs who
return to paid employment climb faster up the cor-
porate ladder and earn more than otherwise-equivalent
peers who never became entrepreneurs (Kaiser and
Malchow-Møller 2011, Baptista et al. 2012, Luzzi
and Sasson 2016).
If we, instead, see them more as conventional em-

ployees, however, we might expect them to earn
less in the long run. In contrast to members of the
founding team, startup employees typically own little
equity. Their long-term financial rewards, therefore,
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depend more on the salaries that they earn and on the
implications of their startup employment for the jobs
available to them in the future. On those dimensions,
startups have some disadvantages. Startups fail at
high rates (Freeman et al. 1983, Carroll and Hannan
2000), leaving their (former) employees in search of
jobs. Stints at startups may also lead individuals to
develop sets of skills not valued in the labor market
(Sturman et al. 2008).

We examined these issues by estimating the long-
term earnings consequences of startup employment
in Denmark, from 1992–2012. Those who became
employees of startups—defined as firms that had been
operating for four or fewer years—earned about 17%
less over the next 10 years.

Sorting accounted for nearly half of this difference.
Startups systematically hire people who would earn
less at any employer.

The consequences of a spell of startup employment
also varied depending on the relative success of the
startup at the time of hiring. Employees who joined a
startup before the firm had grown to 50 employees
earned, on average, 10%–15% less over the subsequent
decade than observationally equivalent peers. In contrast,
those hired by already-successful startups—firms that
had grown to more than 50 employees—earned
2%–4% more.

We explored what might account for the earnings
penalty associated with employment at a small startup.
Twofactorsappeared important. First, startupemployees,
particularly those who joined small firms, had less stable
jobs and, therefore, experiencedmore and longer spells of
unemployment. These spells led both to a short-term loss
of income and to slower long-term earnings growth.

Second, those hired by startups before they became
large appeared to become almost trapped in small-
firm employment. Most startups never grow large.
Evenwhen employees left small startups, theymoved
to other small firms. This path dependency in em-
ployer size creates a bifurcated labormarket, with one
set of individuals progressing through careers in large
employers and a second set holding precarious po-
sitions at a series of startups and small firms (cf.
Doeringer and Piore 1971).

Careers and Startups

Although a large and growing stream of research has
examined the consequences of founding a firm for
entrepreneurs, much less attention has been given to
the employees of these startups. What limited re-
search has considered startup employees, moreover,
has focused almost entirely on their short-term earnings.
This research has found that young firms in general, and
small startups in particular, pay less than large, estab-
lished firms (Troske 1998, Audretsch et al. 2001, Brixy
et al. 2007). Troske (1998), for example, reported that

the youngest manufacturing plants in the United
States paid nearly 20% less than the oldest ones.
Some of these differences stem from sorting. Startups,

on average, hire younger, less experienced, and less
educated employees, who would earn less in any job
(Ouimet and Zarutskie 2014).
Even accounting for these differences, startups pay

less (Nystrom andElvung 2014, Ouimet andZarutskie
2014). Ouimet and Zarutskie (2014), for example,
found that startups in the United States paid roughly
5% less, on average, than established employers in the
United States. Burton et al. (2018) similarly show that
the employees of small startups in Denmark earned at
least 5% less at the time of hiring than their observa-
tionally equivalent peers who joined established firms.
But employees choose jobs based not only on their

short-term rewards, but also on how they expect these
jobs to influence their career progression and their
earnings trajectories (Spilerman 1977, Bidwell and
Briscoe 2010). Prestigious internships, for example,
pay poorly, but offer the promise of attractive future
positions. In similar fashion, startups may pay less than
other employers, but experience at a startup may, nev-
ertheless, lead to an earnings premium in the long run.
Researchers have yet to examine the long-term earn-

ings consequences of startup employment, but two lines
of research—one looking at the effects of entrepre-
neurshiponfirmfounders, theother focusedon the career
progression of corporate employees—address related
questions. Interestingly, these two literatures point in
opposite directions. Seeing startup employees as similar
to founders, as proto-founders, suggests that startup
employees should enjoy long-term benefits. In contrast,
viewing themmore as conventional employees suggests
that they might suffer long-term penalties.

Startup Employees as Proto-Founders

Firm founders experience greater variance in their
earnings than otherwise-similar employees (Evans
and Leighton 1989, Hamilton 2000, Manso 2016).
To compensate for this greater variability, we would
expect them to earn more on average. With risk should
come return. Consistent with this expectation, research
on the returns to entrepreneurship has established that
founders earnmore in the long run than similarpeerswho
never became entrepreneurs (Braguinsky et al. 2012,
Manso 2016, Levine and Rubenstein 2017, Sorgner
et al. 2017).1

Much like founders, startup employees also expe-
rience more variable income streams. They also earn
less at the time of hiring (Nystrom and Elvung 2014,
Ouimet and Zarutskie 2014, Burton et al. 2018). We
might, therefore, expect them to earn more in the long
run as compensation for this uncertainty and for their
initial earnings penalties. Such long-term benefits
might arise through multiple channels.

Sorenson et al.: Do Startup Employees Earn More in the Long Run?
Organization Science, 2021, vol. 32, no. 3, pp. 587–604, © 2021 The Author(s)588

D
o
w

n
lo

ad
ed

 f
ro

m
 i

n
fo

rm
s.

o
rg

 b
y
 [

1
0
6
.5

1
.2

2
6
.7

] 
o
n
 0

4
 A

u
g
u
st

 2
0
2
2
, 
at

 2
3
:2

8
 .
 F

o
r 

p
er

so
n
al

 u
se

 o
n
ly

, 
al

l 
ri

g
h
ts

 r
es

er
v
ed

. 
Published in Organization Science on January 20, 2021 as DOI: 10.1287/orsc.2020.1371. 

This article has not been copyedited or formatted. The final version may differ from this version.



Rising Tide. Startup employees get in on the ground
floor. Because these firms operate at a smaller scale
and have fewer resources, individuals enter at higher
relative levels in the organizational hierarchy than
they could command in a larger organization. Someone
fresh out of business school, for example, might become
the chiefmarketingofficer (CMO)ofa startup insteadofa
regional brand manager for a large corporation. Such a
position would not initially offer the pay or prestige
associated with being the CMO of a large firm, but it
might come to if the startup grows large, allowing early
startup employees to attain senior positions earlier in
their careers than they could have through climbing
corporate ladders (Rosenbaum 1979, Stewman and
Konda 1983).

Early employees of successful startups may enjoy
steeper earnings trajectories, even if their employers
hire people at levels senior to them. As successful
startups become more productive, they presumably
have the capacity to reward early employees for the
initial pay penalties and for joining the firm early,
despite the uncertainty (Adrjan 2018).

Managers-in-Training. Even if the startup fails (or
does not grow large), employees, like founders, may
benefit from the experience. Firms start with limited
resources and without established roles and routines
(Stinchcombe 1965, Freeman et al. 1983, Yang and
Aldrich 2017). Startup employees must wear multiple
hats. At any given time, startup employees, therefore,
engage inawider rangeof activities anddevelopabroader
set of abilities than their peers in larger, more bureaucratic
organizations (Sørensen 2007, Campbell 2013).

Startup employees also develop an even broader set
of experiences over time. Startups face substantial
uncertainty in how their operations will evolve. Roles
and routines change frequently during the early stages
of a startup, meaning that managers must redeploy
employees to new responsibilities on a regular basis
(Ferguson et al. 2016, Serra and Thiel 2019).

Startup employees effectively become generalists.
Stints in startups could, therefore, act almost like a

rotation program, preparing individuals for man-

agement. Senior managers in large corporations require

a broad range of expertise (Blau 1970), but employees

climbing corporate ladders have few opportunities to

develop such breadth. Firms, therefore, have increasingly

been turning to the outside for senior talent (Bidwell

2011). Experience in a startup may provide entry

into thesemanagerial positions. Indeed, thismanager-in-

trainingeffecthasbeen thepresumed reasonwhystartup

founders rise more rapidly through the ranks if they

return to corporate employment (Kaiser and Malchow-

Møller 2011, Baptista et al. 2012, Campbell 2013,

Luzzi and Sasson 2016).

Entrepreneurship Options. Those with experience in
startups also improve their odds of becoming suc-
cessful entrepreneurs. Firm founders, because they
must manage and engage in nearly all of the activities
of their firms, benefit from being jacks-of-all-trades
(Lazear 2005, Sørensen 2007). Startup experience can
help individuals to build this broad range of abilities.
Startup employees also more commonly have con-
nections with the external environment—with sup-
pliers and customers—putting them in a better po-
sition to spot business opportunities and to mobilize
resources (Sorenson and Audia 2000, Sørensen 2007,
Sorenson 2017).
Startup employment may also give would-be en-

trepreneurs access to better organizational blueprints.
Past employers serve as organizational models for
entrepreneurs—templates for who to hire, how to
operate, and how to organize activities within the
firm (Freeman 1986, Phillips 2002). The ideal orga-
nizational structure for a startup differs from that of
an established firm (Sørensen and Phillips 2011). One
requires more flexibility, the other more reliability.
Individuals who have prior experience in startups
may, therefore, have a better sense of how to organize
their own fledgling firms. Consistent with these expec-
tations, studies have found that those employed by
startups become entrepreneurs at higher rates than their
peers in more established firms (Dobrev and Barnett
2005, Sørensen 2007, Kacperczyk 2012, Rider et al.
2019) and that their ventures survive longer (Sørensen
and Phillips 2011, Dahl and Sorenson 2014).

Startup Employees as Conventional Employees

But startup employees are, first and foremost, em-
ployees. They differ from founders in several re-
spects. They own less equity. Their long-term com-
pensation depends more on their wages and their
wage trajectories. They have less control. They also
often become involved with startups less as a matter
of choice, and more just because they needed jobs.
If we, instead, turn to the literature on careers for
guidance, startup employment has at least two no-
table disadvantages.

PrecariousPositions. Startups fail at higher rates than
older firms (Freeman et al. 1983, Carroll and Hannan
2000). They also need to correct course more frequently,
which often entails changing their internal configura-
tions. In either case, employees can unexpectedly find
themselves out of work (Carroll et al. 1992, Haveman
and Cohen 1994).
Job loss due to the failure of a startup, moreover,

may prove evenmore problematic than job loss due to a
plant closingoramass layoff. Forone, job lossdue tofirm
failure may create a stigma, a belief that the loss reflects
negatively on the individual. Rider and Negro (2015),
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for example, found that the employees of a failed law
firm experienced substantial downward mobility,
moving to less desirable employers.

Because startups seem particularly vulnerable to
economic downturns (Fort et al. 2013), moreover,
the (former) employees of startups may find them-
selves in search of employment precisely when jobs are
most scarce. Spells of unemployment, particularly dur-
ing economic downturns, have significant, negative, and
long-lasting effects on earning trajectories (Gangl 2006,
Kahn 2010, Schwandt and von Wachter 2019).

Masters-of-None. Although the limited role differ-
entiation in startups can produce “jack-of-all-trades”
profiles, well-suited to managerial roles (Lazear 2005),
engaging in a large number of activities also means
spending less time learning any one. The inherent
instability of startup jobs compounds this issue. Be-
cause the needs of the firm shift over time, the scope of
jobs within the startup fluctuate. Startup employees
may, therefore, end up disadvantaged in the devel-
opment of the specialized experience valued by large
firms (Rosen 1983). Gathmann and Schönberg (2010)
estimate that the accumulation of such specialized
human capital accounts for nearly half of all earn-
ings growth.

Startup employees also frequently find themselves
performing atypical jobs that aggregate idiosyncratic
sets of activities (Robbins 2002, Burton and Beckman
2007). Startups often define jobs based on the back-
grounds of the original occupants of those positions,
aggregating unusual combinations of responsibilities
(Miner 1987). Each employment experience develops
two types of human capital, one firm-specific and the
other with value to a range of employers (Rider et al.
2019). To the extent that startup employees become
experts, they often become experts in unusual sets of
activities primarily of value, in combination, to their
current employers.

The resulting shallow-and-idiosyncratic human cap-
ital profiles may limit earnings growth. Having such
unusual sets of experiences may impede individuals
from moving across firms. Employees experience the
fastest career and earnings progression when they
move up the corporate ladder across firms (Bidwell
and Mollick 2015). But large, bureaucratic firms have
highly institutionalized expectations for how careers
should unfold (Barnett and Miner 1992). Individuals
who do not fit those sequences often find themselves
screened out in the hiring process (Leung 2014).

Even when these individuals can move to other
employers, they may lose much of the value of the
human capital that they have built. To the extent that
other employers only need a subset of their skills, they
may pay them accordingly (Kalleberg et al. 1996,
Sturman et al. 2008).

Data and Measures

We examined the long-term earnings consequences
of startup employment in Denmark. Denmark has an
economy representative in many ways of other high-
income countries, such as Canada and the United
States (Bingley andWestergård-Nielsen 2003, Sørensen
and Sorenson 2007). It has high levels of labor mo-
bility and of industrial dynamism—entry and exit of
firms—on par with the United States (Sørensen and
Sorenson 2007). In terms of areal size, population,
average income, and the proportion of the labor force
employed in agriculture, manufacturing, high-tech, and
services, it looks much like the state of Massachusetts.
Our data come from the IntegratedDatabase for Labor

Market Research (commonly referred to by its Danish
acronym, IDA). This matched employer–employee
database, which includes all individuals legally re-
siding in the country, contains information on the
characteristics of individuals, on their annual earn-
ings, and on the characteristics of their employers.
Although IDA begins in 1980, we only analyzed

data from 1991 onwards. From the late-1970s to 1990,
Denmark underwent a series of regulatory reforms
dismantling the centralizedwage-setting system (Madsen
et al. 2001). Denmark now has one of the most liberal
labor markets in Europe.
Employees enter our analyses the first time that

they change employers after 1991 and remain in our
analyses for 10 years following that event. Models ex-
ploring even longer windows—up to 20 years—
nevertheless revealed that the earnings penalties and
premiums reported here persist far past this first
decade. We restricted our analyses to individuals
who changed employers between the ages of 18 and
50. That constrains the age range for our analyses to
individuals from 18 to 60, largely removing retire-
ment from the equation. We also limited our analyses
to full-time employees to avoid the confounding ef-
fects of hours worked on earnings.

Startup Employees. To estimate the long-term con-
sequences of startup employment, we must examine
what individuals earn over extended periods, re-
gardless of whether they remain at the startup or
move on to other opportunities. We therefore treat
joining a startup as an event—a “treatment”—rather
than as a state variable. In doing so, our approach
parallels studies that examine the long-term career
and earnings consequences of events such as mar-
riage, recessions, and incarceration (e.g., Western
2002 and Schwandt and von Wachter 2019).
We considered employees to have experienced a

spell of startup employment if, between 1992 and
2011, they became an employee of a firm that had
been operating for no more than four years. We chose
four years as the age threshold for being a startup
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because that represents the half-life of a firm in
Denmark (Dahl and Sorenson 2012). Failure rates
decline after that. Based on this definition, startups
employ roughly 16% of the population. In this re-
spect, also, the Danish economy appears similar to
the United States, as recent surveys report that
young firms employ a similar percentage of Amer-
icans (Decker et al. 2014).

To focus on startup employees (as opposed to
founders), we excluded both individuals with equity
ownership and those employed at the organization
from day one.We also used ownership information to
ensure that foreign subsidiaries, spin-outs, and pri-
vatizations would not appear to be startups. As a
further precaution against including spin-outs, we
also dropped firms in which at least 30% of the first-
year employees worked together in the prior year for
another employer in the same industry and region.

Earnings. Our primary income measure includes all
hourly wages, salaries, and bonuses received by an
individual in a year from all employers. Over the
period covered by our analysis, the average employee
in Denmark earned just over $42,000 per year. Al-
though this measure does not capture fringe benefits
or equity-based compensation, theDanish state provides
most benefits, so they vary little from firm to firm. Few
companies in Denmark, moreover, reward employees
with shares or stock options (Eriksson 2001). Because
Denmark taxes equity awards as income rather than
as capital gains and has historically taxed them in the
year awarded (rather than in the year exercised), such
awards end up being unattractive.2 Most private
companies in Denmark, therefore, use bonuses to pay
for performance (Eriksson 2001).3

Long-Term Earnings Differentials

We begin by comparing the earnings of those who
had a stint at a startup to those hired bymore established
firms. We do so by regressing logged earnings on an
indicator variable for entering our sample as a startup
employee (i.e., having been hired by a startup in the first
post-1991 job change). For each individual, this indicator
variable does not change over time. Our estimates,
therefore, capture the total long-term earnings conse-
quences of startup employment from a multitude of
channels—disparities in initial earnings, differing
slopes of earnings trajectories both at the startup and
at potential future employers, and future episodes of
entrepreneurship.

Beyond this binary variable, the model includes
only a vector of indicator variables for the calendar
year and another vector for the year in which each
individual entered our analyses (i.e., first changed
jobs post-1991). Together, these time fixed effects
adjust for average differences in earnings over time.

Table 1 reports our regression estimates of these
gross 10-year differences in earnings for the em-
ployees of startups relative to those of more estab-
lished firms. On average, those who became em-
ployees of startups earned about 17% less—about
$58,000 for the average person in the data set—over
the subsequent 10 years relative to those hired by
more established employers (firms that had been
operating for more than four years).4 Because this
10-year window includes earnings from the startup,
from other employers if these individuals leave the
startup, and from future entrepreneurship, it captures
all long-run upsides and downsides to being a
startup employee.
These gross differences, however, stem both from

selection—differences in who gets hired by startups
versus established firms—as well as from treatment
(i.e., from having a stint in a startup). But startups do
not hire at random. In our setting, they systematically
employ younger people, who earned less in their
prior jobs (see Appendix A). Because these charac-
teristics would influence the amount that an indi-
vidual could expect to earn at any job and may also
influence earnings trajectories, we need to adjust for
this sorting to separate the effects of joining a startup
from those resulting from the fact that startups tend to
hire different kinds of individuals.

Earnings Differentials for Matched Individuals

We account for the sorting of individuals to em-
ployers by using thematchingmethod of case-control
triplets introduced by Burton et al. (2018). We pair
each focal individual who moved to a startup with
two (control) individuals who moved to large, estab-
lished firms in the same calendar year.5 For each focal
individual, we found all individuals who matched
that individual exactly in terms of gender, year of
birth, years of education, and prior occupation (oc-
cupation at their previous employer), and who
moved in the same year as the focal individual, but to
employers that had been operating for more than four
years and that had more than 50 employees. These
large, established employers account for just over half
of all employment in Denmark.
This first step produces a set of job movers who are

exact matches on demographic characteristics. To en-
sure balance on prior income, within this set, we then
selected as controls the two nearest neighbors on the
prior year’s earnings—the closest observation above
and the closest belowwhat the focal employee earned
in that year.6 The case-control triplets, therefore, have
identical observable characteristics, all changed jobs
at the same time, and earned the same amount prior
to joining their new employers. Despite this tight
matching, our matched sample retains more than
70% of those who moved to a startup in their first
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post-1991 job change. Our results for the matched
sample, therefore, should closely reflect the average
effects of startup employment in the population.

Our models on the matched sample include “triplet”
fixed effects to adjust for all of the common time-
invariant observed and unobserved characteristics of
these triplets. This approach has a number of ad-
vantages relative to including the individual-level
characteristics as regressors. Most notably, because
the fixed effect for each triplet adjusts for a particular
combination of attributes, it effectively allows those
attributes, such as education, prior earnings, and
experience, to have flexible independent and joint
effects in the determination of wages (Burton et al.
2018). In other words, it does not assume any func-
tional forms in the relationships between these factors
and income. Although the triplet fixed effects absorb
the treatment-year fixed effects used in the first model,
the matched models include indicator variables for the
calendar year, to adjust for factors such as inflation and
for changes in average earnings over time.

The second column of Table 1 reveals that a large
portion of the observed long-term earnings differ-
ential stems from the characteristics of individuals.
After adjusting for the sorting of employees to em-
ployers, those hired by startups made about 8% less
over the next decade (about $27,000 less on average)
than their observationally equivalent peers at large,
established firms.

We consider these results conservative. In a series of
models, we also explored less restrictive matching
schemes. For example, whereas our main matching
specification accounts for nearly half of the gross
startup employment effect, matching only on dem-
ographics—but not on the characteristics of the prior
employer—reduces the startup employment effect by
only about 20%.

Matching on prior income (in addition to demo-
graphics) proves powerful, increasing the amount of
the effect explained by sorting to more than 40%. A
host of factors can influence individual earnings,
many of which, such as social skills or personality
traits, elude easy measurement. But, to the extent that
they remain relatively stable, these individual-level
differences should contribute not only to current and
future earnings, but also to what individuals made in
their previous jobs. By ensuring that the cases and
controls have equivalent prior incomes, the matching
effectively accounts for many of these difficult-to-
observe factors.7

By contrast, restricting the control cases to those
who moved jobs at the same time as those hired by
startups only reduces the estimated penalties asso-
ciated with startup employment by an additional
10%–15%. Any less restrictive approach to matching
would, therefore, produce even larger estimates of the
penalties associated with startup employment.

Success of Startup at Time of Hiring. The effects may
vary as startups grow and becomemore bureaucratic.
The opportunity to benefit from the rising tide, for
example, declines, but so, too, does the precarious-
ness of the position. To explore how these earnings
differentials depend on startup success, we estimated
them based on the size of the startup, in terms of
number of employees, at the time that the focal in-
dividual joined the firm. Figure 1 describes how long-
term earnings differentials vary as a function of firm
size at the time of hiring. The gray lines represent the
95% confidence intervals around these estimates. We
smooth the spline by estimating the pay penalty for bins
of employee size. Because the data become sparser as
firm size increases, we increase the width of the bins as
a function of the square of the number of employees.

Table 1. Regression Estimates of Logged Long-Term Earnings

Unmatched Matched Matched Matched (primary job) Matched (w/social pay)

Startup hire −0.184* −0.081*
(0.002) (0.004)

Small-startup hire −0.105* −0.119* −0.054*
(0.004) (0.004) (0.006)

Successful startup hire 0.022* 0.018* 0.031*
(0.007) (0.007) (0.009)

Small, established firm hire −0.093* −0.109* −0.042*
(0.004) (0.003) (0.005)

Treatment year fixed effects Yes No No No No
Case-control fixed effects No Yes Yes Yes Yes
Calendar year fixed effects Yes Yes Yes Yes Yes
Observations 2,017,476 1,440,984 1,440,984 1,440,984 1,440,980

Notes. Standard errors are in parentheses. The first three columns use income from all employers as the dependent variable; in the fourth column,
income only includes earnings from the primary employer; the fifth column includes both earnings and social payments in the income measure.

*p < 0.01.
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Our first bin, therefore, covers firms with one to four
employees, while our last bin includes those with
81–100 employees.

As the figure clearly shows, the long-term pay
penalties associated with being hired by a startup
decline over this range. The larger the startup at the
time of hiring, the smaller the penalty. In fact, be-
ginning with the 49- to 64-employee size range, the
confidence intervals always include zero.

We, therefore, distinguish between small and already-
successful startups in our subsequent analyses. In doing
so, we focused on a 50-employee threshold. We con-
sidered individuals hired after a startup had grown to 50
or more employees (but before the firm reached five
years of age) as “successful startup” hires. Firms with
50 or more employees account for roughly 4% of
employers, but 58%of employment inDenmark. Only
2% of startups reach that scale before their fifth year
of operations. But those firms account for 33% of
startup employment.

Returning to Table 1, the third column splits startup
employees into these two sets. For completeness, we
similarly split established employers into two size
categories: those with fewer than 50 employees and
those with 50 or more employees. We treat the latter
as the baseline. Consistent with the splined estimates
in Figure 1, the long-term earnings penalty associated
with startup employment stems entirely from the
employees who joined smaller startups. Those hired
by already-successful startups actually earned a small
premium over the subsequent decade compared with
similar others who joined large, established firms.

The next two columns explore alternative defini-
tions of the dependent variable. In the fourth column,
the earnings variable includes only pay from the
primary employer. Although the employees of small
and young firms more commonly have secondary
employment—hence, the somewhat more negative
point estimates here—the exclusion of earnings from
these secondary jobs only increases the earnings
penalties associated with small-startup employment,
by about 10% across our models.

The fifth column adds nearly all forms of social
payment to the dependent variable. Denmark has a
generous social-support system. The state provides
payments to individuals in unemployment, on pa-
rental leave, and on long-term disability. These pay-
ments mitigate the negative income consequences of
being out of the labor force for long periods of time. The
inclusion of these social payments reduces the income
penalty associated with being a small-startup hire and
increases thepremiumfor those joiningalready-successful
startups because startup employees in both categories
experience more and longer spells of unemploy-
ment. Although the inclusion of this income does not
change any of the qualitative conclusions of our analyses,

across any of our models, including social payments
in income would consistently compress the differences
between the long-term earnings of the small-startup
hires versus the hires of already-successful startups
by 30%–40%.

Do Long-Term Earnings Converge over Time?. The
estimates in Figure 1 and in Table 1 report average
differences over a 10-year period. But wage trajec-
tories matter as well, and the groups may converge in
their pay over time. Figure 2 examines how the
earnings differentials unfold for the matched sample.
We created this figure by estimating a separate coeffi-
cient for each group for each year posttreatment—10
coefficients for each category (e.g., one year after
being hired, two years after being hired, etc.). Overall,
the penalties associated with becoming an early em-
ployee of a startup appear relatively stable—rather than
declining, if anything, they increase over time. In analyses
on longer panels, the penalties associated with being an
early startup hire persist for at least 20 years (the maxi-
mum length that ourdata allowus to explore). In contrast,
the pay premiums associated with being hired by an
already-successful startup appear short-lived, converging
to a level indistinguishable fromzero after only fouryears.

Does the Small-Startup Pay Penalty Stem from

“Lifestyle” Businesses?. In the literature on the
earnings of entrepreneurs, it has been crucial to dis-
tinguish individuals who hope to build large enter-
prises (“growth entrepreneurs”) from those inter-
ested simply in a more satisfying, and perhaps easier,
means of making a living (“lifestyle entrepreneurs”).

Figure 1. Long-Term Earnings Differentials Based on
Startup Size at the Time of Hiring

Notes. The plot displays the estimated long-term earnings differen-
tials associated with being hired by a startup based on the number of
employees at the startup at the time of hiring. The line has been
smoothed by estimating these effects for bins that increase in width
as a function of the square of size. The associated gray lines depict the
95% confidence intervals for these estimates.
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Research on entrepreneurs that has attempted to
distinguish between these two groups has consis-
tently found that, although lifestyle entrepreneurs
earn less than they would as employees, growth-
oriented entrepreneurs earn more (e.g., Levine and
Rubenstein 2017 and Sorgner et al. 2017).

Might a similar distinction account for the earnings
penalties associated with becoming an employee at a
small startup?Perhapspeople join small startupswithno
real expectation that theywill grow, attracted instead by
nonpecuniary rewards (Roach and Sauermann 2015,
Sauermann 2018). Individualswho joingrowth-oriented
startups, in contrast, might have different expectations
(Kim 2018).

One of the difficulties in trying to assess this question,
however, stems from the fact that registry data do not
capture information on entrepreneurial ambition. In the
studies of entrepreneurs cited above, researchers have
distinguished between lifestyle and growth-oriented
entrepreneurs on the basis of being incorporated or
having hired employees (e.g., Levine and Rubenstein
2017 and Sorgner et al. 2017). But on those criteria,
every startup in our sample would qualify as being
growth-oriented. By construction, all of the employees in
our sample work at incorporated firms with at least one
full-time, nonowner employee.

What other factors might reflect the ambitions of
the entrepreneur? Industry is one. Certain businesses,
like a retail shop or software programming, can sur-
vive while remaining small. But others, such as ship-
building, require scale. Although their firmsmight still

start small, entrepreneurs in industrieswith economies
of scale probably hope to grow large.
Following this logic, we calculated the median size

for all firms in each four-digit industry and restricted
the estimation to employees moving to employers in
industries where the median firm had at least 50
employees. The first two columns of Table 2 report the
average differences in earnings for this subset of in-
dustries. Matching appears even more important in
this subset. The third column, nevertheless, reveals
that employees who join small startups in industries
that require scale also experience a long-term earn-
ings penalty, though one about one-third smaller in
magnitude than in the population of startups as a
whole. Those hired by already-successful startups in
these industries earn an even larger premium over
the subsequent decade, of more than 4%. These es-
timates seem consistent with the premiums reported
byKim (2018) for successful growth-oriented startups
in the United States.
Growth-oriented startups also tend to hire from the

right-hand tail of the human capital distribution (Kim
2018). We, therefore, estimated another set of models,
including only individuals who held postgraduate
degrees (see Table 2). On average, these highly ed-
ucated individuals had smaller long-term earnings
penalties associated with a stint of startup employ-
ment. But much of this difference stemmed from the
fact that they had a higher propensity to join already-
successful startups (see Appendix A). In the matched
sample estimates, the final column of the table, these
highly educated individuals suffered even larger long-
term earnings penalties from being hired by a small
startup. They also received no premium for joining a
successful startup, relative to what their peers made in
large, established firms.

Estimating Earnings Differentials with

Instrumental Variables

The analysis so far has sought to account for selection
effects based on differences in individual ability. The
triplets approach, which carefully matches individ-
uals to others with similar observables and prior
earnings, togetherwith the analyses restricted togrowth-
oriented startups and individuals with higher human
capital, should account for most ability-based sorting
of employees to firms. But these results do not allow
us to rule out compensating differentials, such as a
preference by small-startup employees for the flexi-
bility, autonomy, or dynamism associated with being
in a small startup (e.g., Roach and Sauermann 2015
and Sauermann 2018). We, therefore, turned to esti-
mation with instrumental variables (IVs) regression as
additional evidence.
An instrument uses variation unrelated to the out-

come to estimate the effect of a treatment (Morgan and

Figure 2. Earnings Trajectories

Notes. The plot displays the estimated earnings differential, relative
to those hired by large, established firms, for each year after the focal
individual joined a startup (or small, established firm). For each
group (e.g., small startup), we included a separate indicator variable
for each year posttreatment (i.e., one year posthire, two years, . . ., 10
years). The estimates are sufficiently precise that a 95% confidence
interval would not be visually distinguishable from the point esti-
mates. Est., established.
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Winship 2007). As instruments for becoming an em-

ployee in a startup (or a small, establishedfirm),weused

the proportion of hiring occurring in particular cate-

gories (e.g., small-startup hire) in an industry and region

at the time that the focal individual changedemployers.8

To guard against a mechanical relationship, we did
not include the job entered by the focal individual
when calculating these proportions.

We build on the idea that most people search for
jobs in specific regions, at specific times, and in spe-
cific industries. The supply of jobs, however, varies
across places, types of firms, industries, and time.With a
similar structure to a Bartik-style instrument (Bartik
1991), our instrument identifies the effects of becom-
inga startupemployeebasedsimplyon the jobsavailable
in a given industry at a given place and time. Although
the demography of employers in an industry-region
might influence pay (Haveman and Cohen 1994,
Sørensen and Sorenson 2007), violating the exclusion
restriction, the flows of job openings in any particular
year, which constitute our instruments, are essentially
uncorrelatedwith the overall demographyof employers,
the stock of jobs (r ≤ 0.03).

Table 3 reports the results of these IV estimates on
our matched sample. The first three columns present
the first stages for these models. In each case, the
prediction of the endogenous variable loads primarily
on the associated instrument. All of the instruments
have t-statistics in excess of 100 for predicting the
endogenous variables that they instrument, and,
overall, the instruments explain roughly 20% of the
variance in whether individuals become employees at
startups versus more established employers.9

The second-stage coefficients indicate that the pay
penalties do not stem from who chooses to join a

startup. If anything, the estimates in Table 1 may
understate the penalties associated with becoming
an employee of a small startup. In our instrumental-
variables estimation, employees who join a small
startup suffer an income penalty of roughly 14%.
Hires of already-successful startups, by contrast, experi-
ence a boost in earnings of about 4%, similar inmagnitude
to that seen in growth-oriented startups. But the 95%
confidence intervals around these point estimates over-
lap with the confidence intervals for the coefficients re-
ported in Table 1. We, therefore, cannot reject the
possibility that the instrumental variables produce
equivalent estimates of the effect size.

Sources of Earnings Differentials

Our analyses suggest that we should view startup
employees—particularly small-startup employees—
more as employees than as proto-founders. Any positive
rising tide, manager-in-training, or entrepreneurship
effects appear overwhelmed by the negative effects of
precariouspositions andof themaster-of-none effect. But
these analyses provide limited insight into the mecha-
nisms underlying these pay penalties. Table 4 intro-
ducesadditional covariates toexplore thesemechanisms.
For reference, we include the results of the baseline
model—the third column of Table 1—in column (1).

Precarious Positions. To account for spells of un-
employment, we included a variable that measures,
for each individual, the proportion of each year spent
in the labor force. Time in labor force divides the
number of days worked (across all employers) by the
total number of possible workdays for the year.10

Column (2) of Table 4 reveals that this variable accounts
for 80% of the effect of being hired by a small startup.

Table 2. Regressions Estimates of Long-Term Earnings for Subsamples

Large-firm industries Graduate-degree holders

Unmatched Matched Matched Unmatched Matched Matched

Startup hire −0.187* −0.034* −0.161* −0.115*
(0.002) (0.008) (0.006) (0.015)

Small-startup hire −0.065* −0.138*
(0.010) (0.018)

Successful startup hire 0.044* −0.019
(0.013) (0.018)

Small, established firm hire −0.036* −0.225*
(0.008) (0.021)

Treatment year fixed effects Yes No No Yes No No
Case-control fixed effects No Yes Yes No Yes Yes
Calendar year fixed effects Yes Yes Yes Yes Yes Yes
Observations 1,154,168 623,660 623,660 137,756 75,026 75,026

Notes. Standard errors are in parentheses. The first three columns restrict the sample to industries with a
median firm size of more than 50 employees. The second three columns restrict the sample to employees
with graduate degrees.

*p < 0.01.
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Precariousness also probably accounts for the declining
benefits associated with successful startup employment
seen in Figure 2.

Importantly, the coefficient for time in labor force
substantially exceeds one. The negative earnings ef-
fects of unemployment, therefore, do not stem solely
from lost wages—in which case, the coefficient would
have a value of roughly one (because it has been
scaled to the proportion of the year in employment).
Unemployment due to job loss imposes a penalty on
employees, even after they secure another job. Career
advancement and pay increases often depend on
tenurewithin a givenfirm (Bidwell andMollick 2015).
When employees change firms, their tenure clocks
reset to zero (Gangl 2006). They must start over. The
former employees of failed firms also have no backup
option and, therefore, less bargaining power. They
probably end up settling for positions that pay less,
not only relative to what their progress would have
been in continued employment, but perhaps even
relative to their previous jobs. Each setback, however
small, builds on those before it, leading to increas-
ingly divergent income paths.

Job loss due to startup failure could be even more
costly if it creates a stigma. To capture the reputation
effect associated with being employed by a failing
firm, we included two additional variables. One, left
firm, captures the general effects of leaving an em-
ployer and of shortened firm tenure. It turns on when
individuals leave their original employers and re-
mains turned on in all subsequent years. The second,
left failed firm, captures the effects of leaving a firm
close to its time of failure. It has a value of one—and
remains one for all subsequent years—when an in-
dividual departs a firm in the same year that the firm

ceases to exist. This second variable should allowus to
separate the effects of any potential stigma associated
with firm failure from the more general consequences
of changing jobs. The third column of Table 4 reveals
that moving across employers has a negative, though
very small (less than 1%), effect on income. The effects
of leaving a firm just before or as it fails, however,
appear slightly positive. Individuals who remained
on board until the very end earned just over 1%more in
subsequent years. But the inclusion of these two variables
has a negligible influence on the point estimates for the
long-term earnings effects of startup employment.

Masters-of-None. The masters-of-none effect suggests
that the human capital of small-startup employees
develops in ways that limit their ability to move to
larger employers. We, therefore, include covariates to
capture the age and size of current employers. Col-
umn (4) of Table 4 reports these estimates. Being a
current employee of a small startup has a large
negative effect on earnings. Once one includes these
measures, however, the residual long-term effect asso-
ciated with having been an employee of a small startup
shifts to being positive, though small (about 2%). Put
differently, the small subset of startup employees who
later end up employed by firms with more than 50
employees, that have been operating for more than four
years, experience a small, long-term pay premium
(consistent with either the rising-tide effect or the
manager-in-training effect).
Although the estimates in Table 4 suggest that the

characteristics of current employers account for an
important piece of the penalty associated with being
hired by a small startup, they do not give us a sense of
the extent to which these penalties stem from the fact

Table 3. Instrumental Variables Estimates of Logged Long-Term Earnings

First stages

Second stageSmall startup Success startup Small, established

Small-startup instrument 0.837* 0.020* 0.338*
(0.007) (0.002) (0.007)

Successful startup instrument 0.106* 1.046* 0.103*
(0.005) (0.008) (0.006)

Small, established instrument 0.246* 0.016* 0.874*
(0.005) (0.001) (0.006)

Small-startup hire −0.152*
(0.015)

Successful startup hire 0.041*
(0.012)

Small, established hire −0.159*
(0.013)

Calendar year fixed effects Yes Yes Yes Yes
F-statistic 6,853 6,113 8,888

Notes. Based on 106,741 triplets observed for 1,367,962 person-years. Standard errors are in parentheses.
*p < 0.01.
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that most startups fail to grow large versus from the
restricted mobility of startup employees across firms.
We borrow a log-linear modeling technique from
stratification research, used to describe educational
and occupational mobility, to examine mobility across
different types of employers (for details, seeAppendix B).
Firm-to-firm mobility depends on both firm age and
firm size, but more so on firm size. An individual has
about an 85% higher probability than onewould expect
in random mixing of moving to a firm of similar age,
but a more than 140% higher probability of moving to a
firm of similar size. The employees of small startups,
in particular, tend to move to other small startups and
to small, established firms. Those employed at large,
established firms, in contrast, circulate among these
higher-paying employers.

Employment and Earnings Trajectories

Our analyses thus far have focused on averages, but
we can use our earnings estimates and our mobility
analyses to describe the variety of potential paths
experienced by those hired by startups versus by
other employers. These paths provide some addi-
tional evidence for the mechanisms at play. Table 5
details themost common career paths and the average
predicted long-term earnings associated with them.11

For employees who join startups that have not yet
grown, the most probable sequence, experienced by
roughly 45% of these individuals, has the startup
surviving, but failing to grow, leaving these individuals

employed in mature, but small, firms and suffering a
long-term pay penalty of about 1.5%. These indi-
viduals have not experienced any job loss, but they
still suffer a pay penalty, potentially because they
have not been able to accumulate valuable human
capital through learning-by-doing (Gathmann and
Schönberg 2010).
If, however, the startup grows large, these early

employees enjoy a boost in their long-run earnings of
roughly 2%. In this sense, the popular wisdom about
the long-termbenefits of getting in on the groundfloor—
the rising-tide effect—appear to hold. But these out-
comes are relatively uncommon, occurring in only
about 3% of cases.
More common paths for these small-startup hires

involve transitions to other small employers, either
another small startup (27% of cases) or a small firm
that has been operating for more than four years (12%
of cases). Both of these trajectories predict large long-
term pay penalties, of 21% on average for those
moving to small startups and of 12% for thosemoving
to more established small employers. These penalties
emerge, in part, because those transitioning to other
jobs usually experience a spell of unemployment first.
They, therefore, probably reflect a combination of
precarious positions and of having developed human
capital of limited value to larger employers.
Even those who become entrepreneurs, roughly 7.5%

of early employees, earn about 22% less, on average,
than their observationally equivalent peers in large,

Table 4. Regression Estimates of Logged Long-Term Earnings

1 2 3 4

Small-startup hire (t � 0) −0.105* −0.022* −0.021* 0.020*
(0.004) (0.003) (0.003) (0.003)

Successful startup hire (t � 0) 0.022* 0.041* 0.041* 0.044*
(0.007) (0.005) (0.005) (0.005)

Small, established hire (t � 0) −0.093* −0.032* −0.031* −0.006
(0.004) (0.002) (0.002) (0.002)

Time in labor market 1.852* 1.851* 1.801*
(0.008) (0.008) (0.008)

Left firm −0.007* 0.002
(0.002) (0.002)

Left failed firm 0.013* 0.011*
(0.004) (0.004)

Small startup (t) −0.130*
(0.004)

Successful startup (t) 0.004
(0.002)

Small, established (t) −0.035*
(0.002)

Case-control fixed effects Yes Yes Yes Yes
Calendar year fixed effects Yes Yes Yes Yes
Observations 1,440,984 1,393,525 1,393,525 1,317,322

Note. Standard errors are in parentheses.
*p < 0.01.
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established firms. That calculation includes earn-
ings from the dividends and capital gains associated
with their startups. Although firms founded by

former startup employees have been found to sur-
vive longer (Sørensen and Phillips 2011), that expe-

rience does not appear to translate into stronger fi-
nancial performance.

By contrast, the majority of paths available to those
joining already-successful startups—remaining at the

firm, moving to another successful startup, or moving
to a large, established firm—predict long-term earnings

premiums. These benefits appear largest for those who
remain at the firm, again providing evidence for the

rising-tide effect. Interestingly, even as entrepreneurs,
these individuals have the highest expected financial

success. Having access to successful organizational
blueprintsmay trump the breadth of experience gained

in smaller firms (Burton et al. 2002, Phillips 2002).
Finally, the consequences of employment at a small,

established firm differ from those of being a small-
startup hire. Employees who join small, established

firms tend to stay in their jobs longer and are less likely
to experience extended spells of unemployment. If they

domove, they tend togo to other small, establishedfirms
rather than to startups.

Discussion
Formost of the 20th century, industrial policy focused
on fostering the growth of large, established enter-
prises, titans of the global economy, with the idea that
these juggernautswouldprovide good jobs andpromote
economic expansion (e.g., Johnson 1982 and Dertouzos
et al. 1989). But beliefs have changed. Policymakers
increasingly see entrepreneurs, not established en-
terprises, as the engines of economic growth (e.g.,
OECD 2017). Changes in regulation and public support
have followed, directing more and more resources, at-
tention, and favorable regulation toward startups.
Largely absent from this shift in orientation, however,
has been a consideration of how these changes might
affect the career trajectories and long-run earnings
prospects of employees.
Using Danish registry data, we examined the long-

term earnings associated with being hired by a startup.
On average, those hired by startups earn substantially
less over the long run than their counterparts at more
established firms. Roughly half of this earnings differ-
ential, however, stems from the sorting of individuals
into organizations. Similar towhatone sees inother parts
of Europe and in the United States (Nystrom and
Elvung 2014, Ouimet and Zarutskie 2014), startups
in Denmark hire younger individuals who had been
earning less in their previous jobs. In other words,
these firms disproportionately hire those who would
probably earn less at any employer.
Income trajectories also vary considerably, depending

on the size of the startup at the timeof hiring. Individuals
who became one of the first 50 employees of a startup
earned 8%–14% less over the subsequent 10 years
relative to peers employed at large, established firms.
By contrast, those hired by successful startups, firms
that had already grown to at least 50 employees,
earned a long-term earnings premium, of 2%–4%.
Only a small fraction of startups, then, provide

attractive career opportunities, at least in terms of
long-term financial rewards. Even though these suc-
cessful startups account for almost one-third of startup
employment, only about 2% of startups ever reach a size
of 50 employees. Much as the literature on “gazelles”
points to the fact that a small proportion of startups
account formost job creation (Henrekson and Johansson
2010), our results suggest that these same rapidly
growing startups also create the highest-quality jobs,
in terms of their effects on long-term earnings.
But, for both policymakers and potential employees, it

remains unclear how early one can identify these
promising startups. Coad et al. (2016, p. 218) have
argued that “the fog is thick” around future growth
and survival prospects. Consistent with the idea that
potential employees have difficulty predicting the
success of startups, we found large long-term earnings

Table 5. Common Career Trajectories

Proportion, % Earnings, %

Small-startup hire
Stay at startup, remains small 45 −1.5
Stay at startup, grows large 3 2.0
Move to a small startup 27 −21
Move to a small firm 12 −12
Become entrepreneur 7 −22

Successful startup hire
Stay at startup, remains large 43 4.5
Move to large firm 25 3.6
Move to large startup 16 4.0
Move to a small firm/startup 11 −5.0
Become entrepreneur 5 −3.8

Small firm hire
Stay at firm, remains small 53 −4.0
Stay at firm, grows large 4 −0.6
Move to small firm 29 −10
Become entrepreneur 5 −15

Large firm hire
Stay at firm, remains large 68 Baseline
Move to large firm 27 0
Become entrepreneur 2 −9.5

Notes. The table reports the most common sequences for each group
and the proportion of individuals in that category. For transitions
across firms, it only considers the characteristics of the second
employer in the 10-year observation window. Entrepreneurial
transitions include all those who transition to self-employment
during the 10-year window. Earnings reports the predicted
earnings for the group relative to similar individuals continuously
employed by large, established firms.
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penalties associated with being small-startup em-
ployees, even among the well educated and even in
settings where entrepreneurs almost certainly have am-
bitions to become large.

Two factors, precarious positions and constrained
job mobility, appear to account for the pay penalties
associated with small-startup employment. First, those
in startups, particularly small startups, have less stable
jobs. They experiencemore frequent and longer spells of
unemployment. Even when they find work, they fall
behind in incomerelative to those continuously employed.
Second, those who become the employees of startups
before they reach sufficient scale appear to find them-
selves segregated into employment in small firms. This
segregation also helps to explain why those caught in
lower-paying jobs do not leave them.

Our data do not allow us to isolate the ultimate
sources of this constrained mobility. But the results
appear consistent with a master-of-none effect. Be-
cause of their small scale, their inchoate roles, and their
ever-changing environments, startup employees may
develop a broad, but shallow-and-idiosyncratic, set of
skills, closely aligned to the current needs of their or-
ganizations but disconnected from the external labor
market (Miner 1987, Burton and Beckman 2007). Fur-
ther progress on understanding these mechanisms
will probably require detailed information both on
what startup employees do on a day-to-day basis and
on their experiences after leaving their original employers.

Our results, nevertheless, raise an obvious ques-
tion: Given these long-term earnings consequences,
why would anyone become one of the early em-
ployees of a startup? We see at least three possible
explanations. First, employees may see startup em-
ployment as a form of compensating differential.
Startups offer their employees more interesting jobs
(e.g., Roach and Sauermann 2015). The smaller size of
these firms may also foster camaraderie, social co-
hesion, among early hires. Although our IV estimates
might appear to rule out this possibility, individuals
could come to appreciate these advantages in the
course of being an employee—that is, rather than
selecting into these firms as a result of having a
particular set of preferences, these tastes may emerge
endogenously from their experiences. Startup em-
ployees may then happily earn less in exchange.

A second possibility is that people simply do not
have a good sense of the pros and cons of startup
employment. These earnings differentials accrue over
time. Given the variety of career sequences and the
time between cause and effect, people might find it
difficult to assess the penalties associated with being
an employee of a small startup. Noise may drown out
the signal. Individuals also probably overweight the
positive outliers, which appear to receive most of the

press attention. Startup employment can lead to long-
term benefits—but only for a lucky few.
A final possibility is that many employees do not

choose their employers. Although students about
to leave school sometimes entertain multiple job of-
fers simultaneously, postgraduation, job searches
generally do not follow a standardized calendar. Job
searchers receive offers one at a time. Instead of
choosing among a set of options, they decide whether
to accept a job or to decline it and continue searching.
The asynchronous and sequential nature of this
search process introduces considerable friction into
the matching of employees to employers (Mortensen
2004). Moreover, even fully aware of the conse-
quences, job searchersmay prefer an offer on the table
from a small startup to the uncertain prospect of
something better. Although distinguishing between
these explanations lies outside the scope of the cur-
rent paper and will require more detailed informa-
tion on the job-search process, it represents an im-
portant question for future research.
To exploit high-quality registry data, our research

has focused on Denmark. Would other countries ex-
hibit similar patterns? We suspect that many would.
Research on the short-term earnings effects of joining
startups has notably found quite consistent effects, and
even effect sizes, across Denmark, Germany, Sweden,
and the United States (Schmieder 2013, Nystrom and
Elvung 2014, Burton et al. 2018, Babina et al. 2019).
But at least three country-level factors might in-

fluence the size of any earnings penalties associated
with being an early employee of a startup. The first
concerns the relative stature of startups in the econ-
omy (Barbulescu and Bonet 2019). Startup employ-
ment may prove more costly when changing em-
ployers in countries such as Spain and Japan, where
people have stronger preferences for large, estab-
lished employers, than it would in places such as
Ireland and the United States, where entrepreneur-
ship has been celebrated. Denmark, on this dimen-
sion, appears somewhat in the middle, with Danes
giving greater esteem to entrepreneurs than those in
Finland, Germany, or Spain, but not as much as those
in Ireland or the United States (Schøtt 2007).
A second factor involves the strength of the social

support system. Denmark has a strong safety net and
relatively uniform benefits across employers. But in
countries where benefits vary from one employer to
the next, one might expect even larger disparities to
emerge between the early employees of startups and
those in large, established firms. Benefits such as
healthcare insurance and retirement plans in the United
States vary with firm age and size, with older and larger
firmsofferingbetter fringebenefits (Kalleberg et al. 1996,
Litwin and Phan 2013). Spells of unemployment also
prove more costly when these benefits depend on
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employment, leading the involuntarily unemployed to
settle for less attractive jobs (Nickell 1997).

A final factor may involve the extent to which firms
compensate their employees with equity. In Den-
mark, few startups offer stock or options. But in the
United States and some other countries, equity awards
have been more common (Hand 2008). Equity has the
potential to tie long-term compensation more tightly
to the success of startups, perhaps creating a fatter
right-hand tail. But, even in theUnited States, the odds
of these awards paying out end up being very low.
Even when they do pay out, they often have little
value.12 The press loves to cover the janitor or re-
ceptionist who became rich from being employed at
a high-tech startup. But these events are as likely and
as representative of the common experience of startup
employees as is the multimillion-dollar lottery winner
among those buying tickets.

To a large extent, this paper represents a first step.
We need to understand better how these patterns vary
across countries; what ultimate causes account for them;
andwhy some, but not others, endupbeing employed in
startups. Our findings suggest that all of these topics
represent important questions for future research.

But our results also suggest a need for caution.Most
people rely on employment for income and wealth.
Becoming the employee of a small startup, even one
with ambitions to grow, leads to large long-term
earnings penalties, similar in size to the penalties
associated with not completing a college degree.13

Our results, therefore, provide a cautionary tale for job
candidates entertaining multiple offers and for policy-
makers harboring unfettered enthusiasm for entrepre-
neurship as the primary engine of job creation.
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Appendix A. Employee Sorting
Prior research has found that startups employ different sorts
of workers (Ouimet and Zarutskie 2014, Burton et al. 2018).
To assess the magnitude of these differences in our sample,
we estimated a set of three logistic regressions, character-
izing the extent to which each individual-level character-
istic predicts being hired by a particular category of em-
ployer. The results of these models appear in Table A.1.

The first column compares those who joined a small startup
as an employee to the employees of large, established firms;
the second assesses how the employees of successful
startups differ from the employees of large, established
firms; and the third compares the hires of small, established
firms to those of large, established firms.

Comparing across the columns, the employees of small
startups are younger, more commonlymen, and have lower
prior incomes than the employees of large, established
firms. Even successful startups continue to hire more men
than large, established firms, though they no longer hire
those who had been earning less in their prior jobs (for
further evidence on positive selection, see Kim 2018).

Appendix B. Log-Linear Analysis
To examine further the idea of path dependency in careers,
we borrowed a modeling technique, log-linear analysis,
from the stratification literature in sociology. Log-linear
models have been deployed to analyze occupational and
class mobility, both over time and across generations (for a
recent review, see Torche 2015). For more technical infor-
mation about the statistical technique, see Fienberg (2007).

These analyses begin with a cross-classified table of
counts, often called a contingency table, with rows that
represent the origin state and columns that represent the
destination state. Under the null hypothesis of indepen-
dence, one would expect each cell in the table to contain a
proportion of the cases equal to the product of the marginal
distributions. In other words, imagine that the rows and

columns represented two sequential flips of a coin. In that

case, the table would have two rows and two columns, with

each state having a probability of 0.5. If one flip did not

influence the next one, then each cell should contain

roughly 25% of the cases (= 0.5 × 0.5).
In the context of mobility, the observed cell counts

represent the total amount of class or occupational mo-

bility. Researchers examine the proportions of people who

are immobile—beginning and ending in the same category—

versus those who are upwardly or downwardly mobile.

Stratification researchers have argued that total mobility

has two distinct components: a structural component and a

relative component. The structural component stems from

exogenous factors that shape themarginal distribution over

time. For example, the shift from amanufacturing economy

to a service economy changes the relative proportions

of blue-collar and white-collar jobs. The relative component

captures the mobility net of structural constraints. It measures

the association between origins and destinations, allowing

researchers to explore the extent to which those from different

origins have equal opportunities.
Log-linear models usefully allow researchers to explore

different forms of interdependency between the cases, con-

ditional on the marginal distributions of the origin and des-

tination states. In thecoin-flipping example, onecouldestimate

the tendency for one side of the coin to repeat. In class or

occupation studies, researchers often study inheritance or

persistence, sometimes referred to as quasi-independence,

which assumes a higher probability of remaining in the ori-

gin state than in moving to a different destination.
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We are interested in mobility between different cate-
gories of firms. At the beginning of a year, employees could
be employed in any one of four types of firms: small startup,
large startup, small established firm, or large established
firm. They could also be employed in any of those four types
of firms at the end of the year. Each year, therefore, has a
corresponding 4× 4 contingency table.

Given our multiple years of data, we could aggregate all
of the data to produce a single two-dimensional table (with
four rows and four columns). But another option, which we
pursue, involves creating a three-dimensional table, stacking
the two-dimensional tables for each year. This disaggregated
approach has some advantages in terms of better accounting
for the marginal distributions, the availability of jobs in par-
ticular types of firms from one year to the next. We therefore
have a contingency table with 320 cells � 4× 4× 20.

We actually constructed two different contingency ta-
bles. In the first, people who stay in the same firm year after
year contribute to the cell totals. But they could still move
to a different firm type if their employer matured or grew
into a different category. The second table only includes
individuals who changed employers in the cell counts (and
the marginal distributions).

We estimated all of the models using maximum-likelihood
Poisson regression.Wefirst estimated the independencemodel.
In other words, how much of the variation in the cell counts
stems simply from themarginal distributions—the number of
jobs in different sorts of firms at the beginning and end of
the year? We then tried more complex models to assess the
extent to which employees tended to remain within em-
ployers of the same age category (0–4 versus 5+ years) and
of the same size category (1–49 versus 50+ employees). We

also allowed age and size to interact in predicting the
destination state.

Table B.1 summarizes the results. Because our models
include such large counts, the traditional measures of model fit
for log-linear analyses—chi-squared tests—would almost
never suggest that one should prefer a more parsimonious
model. We therefore report and focus on the amount of
variance explained by each model.

Beginning with the independence model, which essen-
tially tells us the degree to which the observed patterns in
the relationships between the origin and destination states
stem simply from the distributions of employment op-
portunities available, can account for roughly 58% of the
variance in employer age-size transitions and 76% of
the age-size mobility across firms. A very large share of the
movement of individuals across employers of varying ages
and sizes therefore appears to stem not from sorting, but
from the opportunity structure—that is, the distribution of
jobs available.

The second and third models include terms for age and
size inheritance, respectively—the odds that an individual
remains with an employer of small size or young in age.
Comparing these models, which each use one additional
degree of freedom, back to the baseline conditional inde-
pendence model, we see from the relative increases in the
explained variance that firm size predicts more of the
variance in employee transitions than firm age. The in-
clusion of these two terms explains almost all of the
remaining variance (model 4).

More complicated model specifications only add mar-
ginally to the fit of the model. Model 5, for example, adds an
age–size interaction term to capture the extent to which

Table A.1. Logistic Regression Estimates of Correlates of Hiring by Age-Size Categories

Small startup Small, old Successful startup

Age −0.041* −0.041* −0.024*
(0.001) (0.000) (0.001)

Male 0.088* 0.107* 0.136*
(0.010) (0.009) (0.022)

Years of education −0.004 −0.025* 0.001
(0.002) (0.002) (0.005)

Top management −0.087 −0.185* −0.341*
(0.035) (0.031) (0.073)

Upper white collar −0.219* −0.336* −0.184*
(0.018) (0.017) (0.034)

Lower white collar −0.425* −0.405* −0.288*
(0.016) (0.015) (0.031)

Unskilled blue collar −0.028 0.046* 0.089
(0.018) (0.016) (0.036)

Undefined or missing 0.465* 0.338* 0.354*
(0.014) (0.012) (0.030)

Prior wage −0.273* −0.281* −0.003
(0.007) (0.006) (0.017)

Treatment year fixed effects Yes Yes Yes
Observations 322,617 339,341 280,505

Notes. For eachmodel, being hired by a large, establishedfirm serves as the baseline. Standard errors are
in parentheses.

*p < 0.01.
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transitions occur primarily within an age–size quadrant
(e.g., only from small startups to other small startups).
Although this term does improve the model fit, it only
captures another 1% of the variance above and beyond the
main effects of age and size. More generally, model 4 al-
ready explains more than 92% of the variance for job
changers using only 29 degrees of freedom, 26 of which
simply capture the marginal distributions. Because a fully
saturated model would involve interactions between the
inheritance terms and each year, it would require roughly
300 additional terms to explain the remaining 3%–8% of
the variance.

Endnotes
1Many early studies found that “entrepreneurs” earned less than
employees (Evans and Leighton 1989, Hamilton 2000,Moskowitz and
Vissing-Jørgensen 2002, Hyytinen et al. 2011), but these studies did
not distinguish firm founders from the self-employed. The earnings
penalty in these studies stems from the self-employed, those without
any employees (Åstebro et al. 2011, Levine and Rubenstein 2017).
2By contrast, the United States both taxes most equity awards at a
lower rate than other types of income and usually does not impose
those taxes until the equity has been sold.
3By not including dividends and capital gains, we could understate
the earnings of those who become entrepreneurs. But entrepreneurs
with and without prior experience as a startup employee did not
differ in their dividends or capital gains. Including these forms of
income, therefore, would not meaningfully change our results.
4The coefficient −0.184 estimates the difference in logged earnings.
One can approximate this difference in percentage terms using
the antilogarithm (i.e., = e−0.184). Over the period being analyzed,
the exchange rate of the Danish kroner to the U.S. dollar averaged
about 6.5:1.
5Each focal individual can only appear once in the analyses. If a
person hasmultiple instances of being hired by a startup,we included
only the first event as a treatment. Control individuals, however, have
been selected with replacement. Matching with replacement intro-
duces some correlation across triplets into the error structure, but it
has the advantage of ensuring the retention of more treated cases and,
therefore, of generating estimates more representative of the pop-
ulation average effect (Abadie and Imbens 2006).
6Our approach combines coarsened-exact matching with nearest-
neighbor matching on income. Coarsened-exact matching guarantees
balance between the cases and the controls on all dimensions used for
matching. For extended discussions of the advantages of coarsened-
exact matching relative to propensity score matching; see Iacus
et al. (2012) and King and Nielsen (2019).
7By contrast, employee-level fixed effects would produce biased
estimates because they confound the effects of startup employment
on future jobs with time-invariant individual differences.

8As regions, we use the 79 labormarkets developed byAndersen (2000).
9The Angrist–Pischke F-statistic has values ranging from 6,113 to
8,888. Although no critical values are available for this test, it has the
same distribution as the F-statistic, for which Stock and Yogo (2005)
calculated critical values. Our first stages exceed their recommended
critical values, of 10–20, by two orders of magnitude.
10Unreported models with a quadratic specification for time in the
labor force do not improve the overall fit of the model, but they do
suggest increasingmarginal penalties as individuals spendmore time
in unemployment.
11The table does not include all possible paths. Some trajectories that
apply to less than 2% of individuals have been omitted.
12According to a recent survey by Schwab, for those receiving equity
compensation, the median package had a value of only $21,000
(O’Brien 2018).
13For estimates of the returns to education in Denmark, see Sorenson
and Dahl (2016).
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