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Abstract
Prior research offers contrasting views on when high performers are
likely to join startups. On one hand, high performers face a higher opportunity cost of leaving wage work in early-stage startups encouraging
later joining. On the other hand, high performers have higher upside in
early-stage startups motivating them to join as early as possible. I resolve
this tension by proposing that the stage of joining depends on personal
liquidity constraints. I formalize my theory with a real options model and
test it with contract-level data on the population of Finnish startups and
their employees. I exploit a home property tax reform as exogenous variation in high performer personal liquidity constraints in a triple difference
estimation and show that higher personal liquidity constraints lead high
performers to join later stage startups. To probe the theorized mechanism, I further show how the relationship between high performer joining
stage and personal liquidity constraints is moderated by the startup’s own
pay constraints caused by universally binding collective bargaining agreements. Introducing the startup’s stage, this paper is the first to consider
the timing of when high performers join startups.
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Introduction

Attracting high performers is critical for achieving a competitive advantage (R.
Hall, 1993; Dierickx and Cool, 1989; Kogut and Zander, 1992; Campbell, Coff,
et al., 2012; Carnahan and Somaya, 2013). This is because high performers are
more productive, they share valuable knowledge and generate new ideas (eg.
Grant, 1996; Campbell, Ganco, et al., 2012; Stoyanov and Zubanov, 2012; Sevcenko and Ethiraj, 2018). As a result, high performers are in high demand and
have many outside options. A common view is that incumbents with the most
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resources attract the highest performers, as they can offer the highest salaries,
the best internal opportunities and most job stability (Haltiwanger et al., 1999;
Mendes et al., 2010; Stinchcombe, 1965; A. J. Kacperczyk, 2012). Nevertheless, startups have become a popular career path for high performers: nearly
half of science and engineering PhDs (Roach and Sauermann, 2015) as well as
MBA students (Illuminate, 2021) from top US universities would now like to
join a startup. On one hand, this is surprising, as startups operate under higher
uncertainty and face challenges competing with incumbents on pay, amenities,
internal opportunities and job stability (Wu and Knott, 2006; Nyström and
Elvung, 2014; Burton et al., 2018; Ouimet and Zarutskie, 2014; Burton and
Beckman, 2007; Sorenson et al., 2021; Freeman et al., 1983; Carrol and Hannan, 2000). On the other hand, startups can offer high performers a level of
independence, flexibility and upside in equity compensation that incumbents
may not be able to compete with (Zenger, 1994; Elfenbein et al., 2010; Roach
and Sauermann, 2015; Sauermann, 2018; Hsu and Tambe, 2021).
Prior research suggests that high performers may join early-stage startups
when the founders are of high quality (Honoré and Ganco, 2020), when the high
performer enjoys autonomy and flexibility (Roach and Sauermann, 2015; Sauermann, 2018), when they have had exposure to entrepreneurial role models (A. J.
Kacperczyk, 2013; Roach and Sauermann, 2015; Rocha and Van Praag, 2020)
and when they have a lower preference for fixed salary and job security, potentially reflecting a higher willingness to bear risk (Ouimet and Zarutskie, 2014;
Roach and Sauermann, 2015; Sauermann, 2018). However, prior studies have
not considered the startup’s stage in high performers’ willingness to join startups. Unlike founders, startup joiners can manage startup-specific opportunity
costs by simultaneously considering jobs at different startups. As a result, while
founders are faced with the binary decision of whether to enter or not, startup
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joiners can assess the trade-offs in joining different stage startups. For example,
joining as the second employee will likely mean a sub-market salary, but a large
equity share, while joining as the 50th employee will mean a near-market salary
but a very small equity share (Balderton, 2021).
Drawing on real options theory and on mobility perspectives in entrepreneurship, I theorize that high performers assessing entry into startup employment
face an acute trade-off. On one hand, high performers face an opportunity cost
of leaving wage work to join early-stage startups (Carrol and Hannan, 2000; A. J.
Kacperczyk, 2012; A. Kacperczyk and Marx, 2016; Hamilton, 2000; Merida and
Rocha, 2021; Mahieu et al., 2022). This opportunity cost of leaving wage work
should make high performers less likely to join early-stage startups and more
likely to join later stage startups. On the other hand, the real option value of
startup employment is higher for high performers in early-stage startups (McGrath, 1999; Manso, 2016). This is because the equity that high performers
receive in exchange for the sub-market salary is higher early on (Balderton,
2021). This higher real option value of startup employment should motivate
high performers to join earlier.
I propose that personal liquidity constraints resolve this tension between
the opportunity cost of leaving wage work and the real option value of startup
employment. More specifically, I hypothesize that high performers with higher
personal liquidity constraints join later stage startups. This is because high performers receive a sub-market salary in early-stage startups and need savings to
maintain their pre-startup level of spending. The less high performers have savings, the less they can compensate for the sub-market salary with spending from
savings and the more pronounced the opportunity cost of leaving wage work.
Since the real option value of startup employment is not affected by personal
liquidity constraints, higher personal liquidity constraints increase the value of
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deferring entry into early-stage startups. I further theorize that the effect of
personal liquidity constraints on high performer joining stage is moderated by
the startup’s own pay constraints. I proxy for startup pay constraints with universally binding collective bargaining agreements and hypothesize that the effect
of personal liquidity constraints will be amplified in industries bound by universally binding collective bargaining agreements. I formally demonstrate my
theory with a real options model where high performers make joining decisions
based on expected utility arising from consumption and future earnings.
I test my theory using employee-employer matched data for the population
of Finnish startups and their employees. The data is unique in that it includes
all employment contracts, share ownership and financial accounts of all active
limited liability firms in Finland. Furthermore, the contract-level employeeemployer links include the start date and the end date of each contract allowing
me to determine the order in which employees join startups at the daily level.
To identify high-performers, their personal liquidity constraints and the submarket salaries they receive in startups, I make use of individual-level panel data
on salaries and capital income for all working-age individuals in Finland. An
empirical challenge in investigating motives of startup joiners with ex-post hiring
outcomes is that the observations are a result of a two-sided matching process
(Honoré and Ganco, 2020). To isolate the theorized joiner-side effect I make
use of a government-led municipal home property tax reform as an exogenous
increase in personal liquidity constraints for workers in treated municipalities. I
expect that the increase in personal liquidity constraints led high performers in
treated municipalities to join later stage startups, especially in industries bound
by universally binding collective bargaining agreements.
I find multiple sets of results in support of the proposed theory. I first show
that high performers are more likely to receive a sub-market salary in early-stage
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startups and that the ratio of startup salary to previous salary is approximately
3.7 percentage points lower for high performers than for non-high performers.
I further demonstrate how this higher drop in pay is associated with a higher
equity compensation. In my main analysis, I find that high performers in the
municipalities affected by the home property tax reform join later stage startups
relative to non-high performers after the reform takes effect. More specifically,
I show that the average employee number of high performers in treated municipalities is 6 percent higher after the reform compared to non-high performers
in treated municipalities and 19 percent higher compared to high performers in
control municipalities. I also show that startups in industries bound by universally binding collective bargaining agreements face greater constraints in high
performer pay and that this constraint amplifies the effect of high performers’
greater personal liquidity constraints on joining stage.
This paper aims to contribute to multiple streams of research. For example,
prior work on strategic human capital in startups has shown that high quality founders (Honoré and Ganco, 2020), autonomy and flexibility (Roach and
Sauermann, 2015; Sauermann, 2018; Hsu and Tambe, 2021), exposure to entrepreneurial role models (A. J. Kacperczyk, 2013; Roach and Sauermann, 2015;
Rocha and Van Praag, 2020) and risk tolerance may motivate high performers
to join startups (eg. Ouimet and Zarutskie, 2014; Roach and Sauermann, 2015;
Sauermann, 2018). However, research to date has not explored how high performers’ willingness to join startups may vary with the startup’s stage. Introducing the startup’s stage, this paper is the first to consider the timing of when
high performers join startups. Meanwhile, entrepreneurship research has shown
the impact of personal liquidity constraints on entrepreneurial entry (Evans and
Jovanovic, 1989; R. E. Hall and Woodward, 2010; Hombert et al., 2020; Jensen
et al., 2022; Kerr et al., 2022). However, research to date has not explored
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the dynamics of personal liquidity constraints in the context of startup joiners.
This paper shows that: a) personal liquidity constraints only matter for high
performing joiners because they are more likely to experience a drop in salary, b)
personal liquidity constraints not only matter for whether high performers join
or not, but also when they join, and c) the effect of personal liquidity constraints
on high performer joining stage depends on startup pay constraints.

2

Theory

Existing theories provide contrasting predictions on when high performers are
likely to join startups. On one hand, viewing a startup employment spell as a
real option would suggest that high performers should join as early as possible. This is because high performers are exposed to higher upside when they
join an early-stage startup and they can manage the downside by returning to
wage work as soon as they receive negative signals about the startup from the
market. On the other hand, the opportunity cost of leaving wage work should
motivate high performers to join later stage startups. This is because the drop
in pay from their previous salary that high performers experience when joining
a startup decreases in later stage startups. What follows is a more detailed
discussion of the contrasting perspectives and a proposition of how personal
liquidity constraints resolve this tension.

2.1

Opportunity cost of leaving wage work

A long line of entrepreneurship research shows that leaving wage work to found
a company entails a substantial opportunity cost. For example, workers transitioning to entrepreneurship from large firms give up job stability (Carrol and
Hannan, 2000), internal advancement opportunities (A. J. Kacperczyk, 2012; A.
Kacperczyk and Marx, 2016), and higher earnings in the short (Hamilton, 2000)
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and potentially even in the long-term (Merida and Rocha, 2021; Mahieu et al.,
2022). This opportunity cost of leaving wage work is an important consideration in the decision to enter entrepreneurship; prior research has shown that a
higher opportunity cost of leaving wage work will deter entry, while a lower opportunity cost of leaving wage work will encourage entry into entrepreneurship
(eg. A. Kacperczyk and Marx, 2016).
Similar to entrepreneurs, startup joiners face opportunity costs when leaving
wage work. Startups pay significantly less for equivalent talent than larger
firms (Brixy et al., 2007; Burton et al., 2018) and startups are more likely to
fail leading to costly unemployment spells for startup joiners (Sorenson et al.,
2021). Unlike founders, however, startup joiners can consider different startup
jobs simultaneously and different startups may carry different opportunity costs
of leaving wage work. For example, the opportunity cost of leaving wage work
tends to be most acute in early-stage startups, which pay the lowest salaries
(Burton et al., 2018) and have the highest rate of failure (Carrol and Hannan,
2000). Meanwhile, the opportunity cost of leaving wage work is lower in later
stage startups. These startups are less likely to fail and they have accumulated
more resources, so they can pay higher salaries.
Consider, for example, the case of a high performer with a market salary
of $300,000. They are interested in joining a startup, but could also remain
in their current job or move to another large incumbent and receive a market
salary. If an early-stage startup has enough resources to hire someone for a
salary of $100,000, they can offer the high performer only one third of their full
market salary. Meanwhile, if a later stage startup can hire someone for a salary
of $200,000, they can offer the high performer two thirds of their full market
salary. In this simple example, the immediate opportunity cost of leaving wage
work to join an early-stage startup for the high performer would be twice the
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opportunity cost of joining a later stage startup: the high performer is giving
up $200,000 in salary to join the early-stage startup and $100,000 to join the
later stage startup.
At the same time, however, the high performer would likely receive a higher
equity stake in the early-stage startups in exchange for the higher drop in salary.
Thus, alongside higher opportunity costs, joining an early-stage startup entails
higher upside. What follows is a more detailed discussion of the real option
value of this upside.

2.2

Startup employment as a real option

A real option can be described as a right, but not an obligation to take certain
action. Real options have value when the outcome of the action is uncertain
and the cost of taking that action is at least partially sunk. The real option is
exercised when the expected payoff from taking the action exceeds the costs associated with taking the action (Ingersoll Jr and Ross, 1992; Dixit and Pindyck,
2012; Trigeorgis and Reuer, 2017). The context of startups is especially wellsuited for real options dynamics because startups operate under extreme uncertainty and require irreversible investments (Freeman et al., 1983; Carrol and
Hannan, 2000; O’Brien et al., 2003). While startup employment has not been
modelled as a real option in prior research, the situation is analogous to that
of the entrepreneur. Similar to entrepreneurs, startup joiners can experiment
with highly uncertain high variance startup spells and return to wage work if
the experiment fails (McGrath, 1999; Manso, 2016).1 The relevant real option
for the joiner is the option to exit the startup if they receive negative signals
about the startup from the market. This option allows the joiner to manage
the downside of the employment spell if the startup does not fulfill the joiner’s
1 The return to wage work should be easier for startup joiners than for entrepreneurs, since
they are not faced with the costs of shutting down the business and potentially laying off other
people.
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expectations (Manso, 2016).2
Since the downside of the startup employment spell can be managed, the real
option value of the startup employment spell is driven by the potential upside
(variance) of the equity (McGrath, 1999). However, unlike the opportunity cost
of leaving wage work, which can have an immediate impact on the joiner, the
upside of the equity usually materializes upon a one-off event far in the future;
for example, when the startup is acquired or when it goes public. The equity
compensation may come in the form of direct share ownership, stock options,
synthetic shares or even tokens. Even with tokens granted at an early stage
initial coin offering, team members usually need to wait multiple years before
they can liquidate the tokens.
Despite having to potentially wait longer for the upside to materialize, the
value of the startup employment spell as a real option is higher in early-stage
startups. This is because early joiners receive higher equity shares than later
stage joiners (Balderton, 2021) in exchange for the higher drop in salary that
they experience when joining a startup (Burton et al., 2018). Higher equity
increases the joiner’s share of the proceeds distributed at a successful exit event
and, thus, raises the ceiling on the value of the equity. Since the joiner can
manage the downside of the startup employment spell, the higher upside of equity increases the real option value of the startup employment spell for the high
performer and, therefore, should motivate them to join earlier stage startups.

2.3

The role of personal liquidity constraints

As we can see, prior theory offers contrasting predictions about when high performers are likely to join startups. On one hand, the opportunity cost of leaving
wage work to join an early-stage startup is higher early on encouraging high
2 O’Brien et al. (2003) model the real option to defer entry for entrepreneurs. In this case,
one can simply avoid the cost of entry altogether, if waiting reveals information that makes
the opportunity unappealing
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performers to defer entry. On the other hand, the real option value of the
startup employment spell is also particularly high in early-stage startups and
this would encourage high performers to join as early as possible. To resolve
this tension, I propose that the net effect of the two opposing forces on joining
stage is dictated by high performers’ personal liquidity constraints.
One immediate implication of a sub-market salary for the high performer is
that they may need to reduce their spending. If the high performer has no savings, they need to reduce spending to match the lower income level at a startup
creating an opportunity cost of leaving wage work. If the high performer can
compensate for the sub-market salary with spending from savings, the opportunity cost of leaving wage work is mitigated. Consider, for example, two high
performers with an annual salary of $300,000 and a desired level of spending
of $200,000 thinking of entry into an early-stage startup offering a fixed pay of
$100,000. One of the high performers has lower personal liquidity constraints
and can draw $50,000 from savings to support their pre-startup level of spending during their startup employment spell, while the other has higher personal
liquidity constraints and can only draw $10,000. The opportunity cost of leaving
wage work arising from the cut in spending for the high performer with lower
personal liquidity constraints is $50,000, while the cost for the high performer
with higher personal liquidity constraints is $90,000.
Given the equal level of earnings of the two high performers, the upside on
the equity is the same and, thus, the real option value of the startup employment
spell is not affected by personal liquidity constraints. Thereby, if the opportunity
cost of leaving wage work is mitigated more for the high performer with lower
personal liquidity constraints they should be more likely to join the early-stage
startup than the high performer with higher personal liquidity constraints. In
contrast, the high performer with higher personal liquidity constraints has a
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higher opportunity cost of leaving wage work relative to the real option value of
startup employment and is therefore more likely to defer entry. Note that since
high performers can consider multiple startup jobs simultaneously, the observed
effect is not that high performers with higher personal liquidity constraints need
to wait for a specific startup to progress. Instead, the high performer with higher
personal liquidity constraints can accept an offer from a later stage startup that
has less uncertainty and that can pay a higher salary.
It is important to note that non-high performers (low and average performers) may also face a trade-off between the opportunity cost of leaving wage
work and the real option value of startup employment. However, since startups
are resource-constrained and have hard ceilings on the salaries they can pay, we
should expect that high performers –who generally enjoy higher market salaries–
are more likely to experience a sub-market salary in an early-stage startup.
Consider, for example, a high performer with a market salary of $300,000 and a
non-high performer with a market salary of $150,000. If an early-stage startup
has enough resources to hire someone for a salary of $200,000, they can offer
the non-high performer their full market salary, but the high performer only
two thirds of their full market salary. Consequently, the non-high performer
may not need to adjust their annual spending, while the high performer may
have to adjust downwards by up to $100,000 or 33% if they join an early-stage
startup. Given that high performers are more likely to face an adjustment in
spending in early-stage startups and personal liquidity constraints matter for
startup joining only when there is an adjustment in spending, high performer
entry into early-stage startups should be more sensitive to personal liquidity
constraints. Thereby, high performers should join later compared to non-high
performers when faced with greater personal liquidity constraints.
Hypothesis 1: High performers are more likely to join later when
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they have greater personal liquidity constraints, relative to non-high
performers (low and average performers)

2.4

Mechanism check: startup pay constraints

Hypothesis 1 assumes that the pay constraints facing startups are most acute in
early-stage startups and, therefore, the drop in salary for high performers is also
the deepest when joining early-stage startups. Meanwhile, later stage startups
have accumulated more resources and they are able to pay high performers
higher salaries. Based on this assumption, Hypothesis 1 predicts that when
high performers are faced with higher personal liquidity constraints, they are
less willing to accept a sub-market salary and join early-stage startups.
However, pay constraints may not only vary with the startup’s stage, but
there may also be heterogeneity in the pay constraints among startups at a
given stage. For example, higher prices of raw materials may affect some industries more than others. Alternatively, governments may allocate more grant
funding for startups in specific fields. Another common cause of heterogeneity in startup pay constraints is collective bargaining. Normally, the collective bargaining agreement is binding to the unionized employers and employees
(”normally binding collective bargaining agreement”) and startups in Finland
rarely belong to the unions (FFE, 2009). However, when a collective bargaining
agreement is universally binding in Finland, all employers –even the smallest
startups– are bound by the collective bargaining agreement of the industry,
union member or not.
If a collective bargaining agreement is universally binding, unionized as well
as non-unionized employees of non-unionized employers are also mandated to
receive the minimum wage defined by the industry’s collective bargaining agreement. If they do not receive the minimum wage, the employee has the legal right
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to claim the unpaid part from the employer later on (Lappalainen, 2021). As a
result, startups in industries bound by universally binding collective bargaining
agreements are required to pay the lowest-paid employees more than startups in
industries with no universally binding collective agreement. Given that more of
the startup’s resources need to be allocated to the lowest-paid employees under
universally binding agreements, they should impose stricter constraints on the
salaries that these startups are able to pay high performers (OECD, 2018).
As a direct corollary of my theory, if startups bound by universally binding
collective bargaining agreements are more constrained, we should expect that
the effect of greater personal liquidity constraints on high performer joining
stage should be amplified in industries bound by universally binding collective
bargaining agreements. Stricter constraints on high performer pay may result
in a lower ceiling on high performer pay and, thus, in greater downward adjustments to pre-startup spending for joiners. The effect of personal liquidity
constraints is greater when the potential downward adjustment is greater because cutting spending at lower levels of consumption is costlier. As a result,
high performers with greater liquidity constraints will be more likely to enter
later stage startups (which are less constrained and can accommodate higher
salaries) when the startups in the industry are bound by a universally binding
collective bargaining agreement. Meanwhile, startups in industries not bound
by universally binding collective bargaining agreements will be less constrained
and high performers entering these startups will likely receive salaries closer to
their market salary. Therefore, their joining stage should be less affected by
higher personal liquidity constraints. Thus, I hypothesize:
Hypothesis 2: The effect of personal liquidity constraints on high
performer joining stage is amplified in industries with universally
binding collective bargaining agreements
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3

Model

I formalize my theory with a real options model where high performers make
joining decisions based on expected utility arising from consumption and future earnings. At t = 0 high performers with initial savings of S0 work at an
incumbent firm. For t = 1, they can choose to either stay at an incumbent
firm (“stayer”) and receive a fixed market salary wm or join a startup (“joiner”)
where they receive a sub-market salary of ws and opportunity for payoff X if the
startup succeeds. The level of startup salary depends on the stage of the startup
(ws = pwm ) with earliest stage startups paying the lowest salaries (Brixy et al.,
2007; Burton et al., 2018). Payoff X is proportionate to the drop in salary from
previous employment: the higher the drop, the higher the potential payoff. As
the drop in salary is highest in earliest stage startups, the potential payoff is
also highest in earliest stage startups.
During t = 1 the high performer decides how much to spend based on salary,
savings and expected future income to maximize the total expected utility over
t = 1 and t = 2. The stayer faces no uncertainty and receives market salary wm
in t = 1 and t = 2. Meanwhile, the startup joiner knows they receive startup
salary ws in t = 1, but they do not know whether they will receive a payoff
of X at the beginning of t = 2. The startup makes a successful exit and the
joiner receives X with probability p and the startup fails and returns no X with
probability 1 − p. With or without a successful exit, the startup joiner joins the
stayer at an incumbent for market salary wm for t = 2. The framework of the
model is demonstrated visually in Figure 1 and further details can be found in
Table 10.

— Figure 1 —

I model the high performer’s optimal consumption with a similar approach
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to Hall and Woodward (2010), who model the optimal consumption path for
an entrepreneur facing uncertain future earnings. Similar to entrepreneurs in
the model of Hall and Woodward (2010), high performers in my model are riskaverse and have a rate of time preference that discounts future consumption
(see Table 10 for further details). The main difference to their model is that I
look at consumption only during one period, t = 1, albeit with consideration
of potential assets and earnings at t = 2. At t = 1, high performers, who stay
at an incumbent firm and receive market salary wm , maximize utility based on
the following function:

U (c) =

max

c<S0 +wm

u(c) +

1
U ((S0 − c)(1 + r) + wm )
1+r

(1)

Where c is consumption at time t = 1, r the high performer’s rate of time
preference and rate of return on assets and u(c) concave period utility. S0 is
initial savings. Similar to how Hall and Woodward (2010) model the expected
utility of entrepreneurs, I model the expected utility of high performers who join
startups based on the wealth-equivalent (U ∗ (W (A))). The wealth-equivalent
includes savings as well as the startup payoff. At t = 1, the high performers
who join startups and receive sub-market salary ws maximize utility based on
the following function:

U (c) =

max u(c) +

c<S0 +ws

1
(1 − p)U ((S0 − c)(1 + r) + wm )
1+r

1
+
pU ∗ (W ((S0 − c)(1 + r) + wm + X))
1+r

(2)

Where p is the startup’s probability of success and X the high performer’s
payoff if the startup makes a successful exit. Similar to Hall and Woodward
(2010), the post-startup discounted lifetime utility with successful exit (U ∗ (W (A)))
is:
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U ∗ (W (A)) =

1+r
u
r



rA + wm
1+r


(3)

Where A are the assets of the joiner at the start of t = 2 (i.e. (S0 −c)(1+r)+
X). The discounted lifetime utility for stayers and joiners without a successful
exit is otherwise identical to U ∗ (W (A)), except for that A does not include
the startup payoff X. The discounted lifetime utility is the (expected) utility
derived from assets and earnings in t = 2.
For joiners, I approximate maximum utility and the corresponding optimal level of consumption during startup employment numerically for 25 equally
spaced knots from zero to $0.5 million in initial savings and for 100 equally
spaced knots from 0.01 to 1 in uncertainty. The benchmark consumption and
utility are based on the maximum utility and optimal level of consumption of
stayers with corresponding initial savings between zero and $0.5 million.
The stage of the startup is represented with the level of uncertainty (1p). The assumption is that early-stage startups have higher uncertainty, while
later stage startups have lower uncertainty. Figure 2 shows the threshold level of
uncertainty for entry into startup employment by level of initial savings for high
performers. Their market salary is set at $300,000, the rate of time preference at
0.05 and risk aversion at 2. The threshold level of uncertainty is defined as the
level of uncertainty where expected utility of joining a startup exceeds the utility
of staying at an incumbent firm. Thus, this is the stage where high performers
with a given level of savings are expected to choose startup employment over
employment in an incumbent firm. Figure 2 demonstrates how high performers
with higher initial savings are likely to join startups with higher uncertainty.
This would suggest that higher savings allow high performers to weather the
lower salary of early-stage startups to take advantage of the higher upside.
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— Figure 2 —

Figure 3 shows the proposed mechanism; how savings mitigate the effect of
the drop in salary to allow for earlier joining. In Figure 3 uncertainty is set
at 0.5 (i.e. p = 0.5). The drop in consumption is represented with the ratio
of joiner consumption to stayer consumption at a given level of initial savings.
A value of smaller than one indicates a drop in consumption and the smaller
the value the larger the drop. The figure shows how the drop in consumption
is mitigated for high performers until around initial savings of $200,000 after
which it flattens out.
The intuition is that wealthier high performers can draw from savings to
reach a more desirable level of consumption while employed at a startup. At
each time period, high performers try to find the right balance between consumption and saving. Given concave period utility, beyond a certain level of
consumption it makes more sense for high performers to save some of their financial resources than to spend it all. However, when high performers enter
a startup and experience a drop in salary, they are less likely to maintain a
level of financial resources that allows for a desired level of consumption and
some saving on top. If the startup salary and savings together do not allow
the high performer to reach the desired level of consumption, they will spend
savings to get closer to that level rather than save any of it. In case the combination of startup salary and savings allow the high performer to reach the
desired level of consumption, they will save what is left over after the desired
level of consumption.
Figure 3 would suggest that the point where high performers who join startups reach the desired level of consumption and where saving some of the financial resources available starts making sense is around $200,000 in initial savings.
This is where the drop in consumption flattens out.
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— Figure 3 —

Note that the expected startup payoff remains constant for the high performers with different levels of savings presented in Figure 3. This is because the level
of uncertainty, market salary and resulting drop in salary are the same across
high performers with different levels of savings. Since the expected startup payoff is the same for high performers with lower and higher savings what dictates
their threshold joining stage is the drop in consumption. As shown, high performers with lower savings experience a higher drop in consumption (Figure 3).
Because the utility of spending an extra dollar is higher at lower levels of consumption the higher drop in consumption leads to a greater difference between
expected utility in a startup and the benchmark stayer utility. According to
Hypothesis 1, to compensate for the gap in utility high performers with lower
savings need to join later stage startups where they receive salaries closer to
their market salary. Therefore, we should expect high performers with lower
savings to join later stage startups than high performers with higher savings.
Figure 4 shows the difference in the threshold uncertainty for high performers
entering startups with low (black line) and high pay constraints (red line) by
joiner initial savings. I model startup pay constraints as a discount factor, d,
when computing the startup salary of the high performer ((ws = pwm (1 - d)).
The figure shows how at low levels of savings high performers can tolerate more
uncertainty to join earlier when the startup has lower pay constraints. The
simple intuition is that the startup’s higher pay constraints result in a higher
drop in consumption for high performers with equal levels of savings. The
difference in high performer threshold uncertainty between startups with low
and high pay constraints dissipates as savings increase. This is because once
savings are high enough to cover any potential drop in consumption, the optimal
stage of entry is no longer governed by savings.
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— Figure 4 —

4

Empirical analysis

4.1

Data and variables

I test my theory with data for the population of Finnish startups and their
employees. Finland is a developed economy with a vibrant export-oriented hitech startup ecosystem making the results fairly generalizable across Western
developed economies.3 Finnish startups also attract a disproportionate amount
of venture capital funding. For example, between 2012 and 2016 Finland had the
highest ratio of venture capital investments to GDP in Europe (FVCA, 2017).
The data for Finnish startups and their employees are aggregated and hosted
by Statistics Finland. The main data are sourced from the FOLK employment
relationship dataset, which includes contract-level information on employment
relationships for all people over fifteen-years-old living permanently in Finland
on the last day of each year.4
The contract-level data includes the start date and end date of the employment spell and thereby allows me to track the startup’s age at joining and the
employee number (team size at joining plus one) at the daily level. I complement the FOLK employment relationship data with startup financial statement
data from the Finnish Business Register and the Business Taxation Register
that cover all Finnish firms in nearly all industries. Individual-level background
3 According to the Global Entrepreneurship Monitor (GEM), 27.4 percent of Finnish earlystage entrepreneurs operate in business services (GEM, 2016). In the U.S., for example, 22.54
percent of early-stage entrepreneurs operate in business services, and the global average is
around 18 percent (GEM, 2016; GEM, 2018). According to GEM, Finland scores 3.13 out of
5 points for access to entrepreneurial finance; the US scores 3.57, and the global average is
2.53 (GEM, 2016; GEM, 2018).
4 Contracts are only registered if the employee receives income from the employer.
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information is sourced from Statistics Finland’s other FOLK datasets that include personal background data such as age, gender, home ownership, education
and salaries as well as capital income for the joiners in my dataset. Ownership
share data is from the FLOWN owner dataset that reports the owners and
their ownership shares of all limited liability companies in Finland in an annual
panel. The nature of the ownership data allows me to identify the ultimate
person owners behind holding companies, regardless of the number of holding
companies in between the focal startup and the startup employee.
My sample includes all startup joining events between January 1st, 2010
and December 31st, 2018. A joining event is dated to the joiner’s start date
of the first employment spell with the startup. I define startups as limited
liability companies that have been launched less than 5 years (1826.25 days)
ago. Thus, the earliest startups that reach my sample were launched in the
beginning of 2006. I measure the launch date from the date of the first hire.
The data also includes the actual founding date of the startups, but this is less
accurate since entities may stay dormant for years before becoming active. The
Finnish Business Registry also deems startups active and includes them in their
financial statement panel only after the startup has employed one person for at
least six months5 . I remove from the sample startups flagged as non-genuine by
Statistics Finland. These include firms that changed legal form, merged with
another firm or divested a division. To further mitigate the risk of including nongenuine startups in the sample, I focus my analysis on workers joining startups
with less than 100 people.
Distinguishing joiners from founders is a critical task for the purposes of
this study. I flag and remove likely founders in the data based on three different
measures: first, I identify and remove those who are entrepreneurs based on their
5 Alternatively,

the Business Registry may deem a startup active if their annual revenues
exceed a certain threshold, eg. €10,000.
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occupational status. The occupational status has been widely used to identify
entrepreneurs in prior work. In the Finnish data, it is based on whether the
employee pays entrepreneur’s pension (YEL insurance) instead of employee’s
pension (TYEL insurance) on their salary. Second, I identify and remove those
who own shares in the startup before they join the startup. This includes
individuals who own shares in the startup at founding. Third, I restrict my
sample to individuals who own a maximum of 50% of the focal startup at any
given point in the startup’s life. Finally, I also remove from the sample shortterm employees whose employment spell at the startup is less than 90 days and
employees who have multiple simultaneous contracts with different companies.
The final dataset consists of 359,275 startup joining events at 90,321 startups
between 2010 and 2018.
Dependent variable
Employee number. My main dependent variable is the employee number
of the joiner. The contract-level data allows me to identify earlier joiners who
left the startup by the focal joining event, so the variable reflects the actual team
size (plus one) at joining. If multiple employees join the startup on the same
day, they have the same employee number. A small employee number indicates
that the worker is joining an early-stage startup, while a larger employee number
indicates that the worker is joining a later stage startup. For example, employee
number one is likely to face much greater uncertainty and a deeper drop in salary
than employee number 50.
Independent variables
High performer. To identify high performers I follow a compensation
residual approach similar to Carnahan, Agarwal and Campbell (2012). As a first
step, I compute the expected salary of all Finnish working-age individuals from
an OLS regression with dummies for year, gender, municipality, age, industry
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and occupation. Next, I use the distribution of the residuals for the population of
Finnish workers to flag high performers as those at or above the 80th percentile
and merge this information with my main dataset. Startup joiners are classified
as high performers if their salary in the year before joining the startup was at
or above the 80th percentile within their peer group of Finnish workers. To test
the sensitivity of my results to the cutoff point, I run the main analysis with a
variety of different cutoff points for high performer (Table 8). Unlike Carnahan,
Agarwal and Campbell (2012) this paper focuses on high market performers,
not high performers within firms, because low performing firms may generate
artificial high performers within firms in the population-level data.
Personal liquidity constraints. To test the causality of my claims I make
use of a home property tax reform as a source of exogenous variation in worker
personal liquidity constraints in treated municipalities. This analytical strategy will be discussed in more detail in the following section. In the baseline
correlational analysis, I proxy for personal liquidity constraints with an individual’s average annual capital income from the three years prior to joining a
startup. The variable in the regression analysis is the log-transformation (plus
one) of this measure. I also use this variable as a control in the triple difference
estimation.
Universally binding collective bargaining agreement. To test the
amplifying effect of startup pay constraints on the impact of personal liquidity
constraints on high performer joining stage I compare startups in industries
with universally binding collective bargaining agreements against startups in
industries without a universally binding agreement. The so-called normally
binding collective bargaining agreements only apply to unionized employers and
employees and startups are rarely unionized, but when the collective bargaining
agreement is universally binding even the non-unionized startups are bound by

22

the collective bargaining agreement. Collective bargaining agreements may be
declared universally binding by the Ministry of Social Affairs and Health when
the collective bargaining agreements has nationwide coverage, specific target
industries and/or occupations and more than half of the workers in the industry
are unionized. In my main dataset, 465 industries (5-digit NACE Rev.2) out of
a total of 696 industries are or become bound by a universally binding collective
agreement. With 166,367 joiners out of a total of 359,275 joiners, 46.3% of
the joiners enter startups in industries bound by universally binding collective
bargaining agreements.
Additional analyses
To demonstrate the trade-off between opportunity cost of leaving wage work
and the real option value of startup employment, I analyze how the high performer’s drop in salary and equity vary with joining stage. I measure a joiner’s
drop in salary by dividing the monthly salary in the year of joining a startup by
the monthly salary in the year prior to joining a startup. The salary includes
bonuses, other one-off payments and taxable benefits, but does not include capital gains. The monthly salary is adjusted for any months spent unemployed in
either year. A value of less than one indicates that the startup joiner experiences
a drop in salary when transitioning to the startup. A value of greater than one
indicates that the startup joiner experiences a pay raise when transitioning to
the startup. A value of one indicates that their salary does not change from
their previous employment.

4.2

Analytical strategy

An empirical challenge in investigating motives of startup joiners with ex-post
hiring outcomes is that the observations are a result of a two-sided matching
process (Honoré and Ganco, 2020). Firstly, the startup must have an open
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position and the individual needs to have a desire to apply for it. Next, if
the startup considers the individual a good fit, the individual and the startup
must agree on the terms of the contract. To isolate the theorized joiner-side
motivations from startup-side effects, I make use of a municipal home property
tax reform that took place in Finland in 2015. I argue that the tax reform
created an exogenous increase in the personal liquidity constraints of workers
owning homes in the treated municipalities. To investigate the effect of the tax
reform on the startup joining of high performers, I apply the tax reform as a
shock in a triple difference estimation.
The home property tax in Finland consists of two parts: tax on the plot and
tax on the buildings on the plot. Every year the Finnish Tax Administration
re-assesses and assigns a value to the plot and buildings owned by individuals
in Finland. Meanwhile, Finnish municipalities set their own home property tax
rates at which the plot and buildings are taxed. The home property tax rates
can range between a floor and a ceiling rate regulated by the government. In
2015, as part of a home property tax reform, the Finnish government decided
to increase the floor and the ceiling rate for both the tax on plot and buildings.
Important for the purposes of this study, there were 32 municipalities whose
plot and/or building tax rates were lower than the new floor rates imposed by
the government and who, therefore, were forced to increase their rates to the
new floor rates.6 The floor rate for plots increased from 0.6% to 0.8% and the
floor rate for buildings from 0.32% to 0.37%. The ceiling rates increased from
1.35% to 1.55% and from 0.75% to 0.8% for plot and buildings, respectively.
The reform did not coincide with changes in corporate tax rates.
I argue that this government-led reform created an exogenous increase in the
personal liquidity constraints of workers owning homes in the treated munici6 There

were additional municipalities whose rates were lower than the new floor rates, but
increased their rates beyond the new floor rates. To maximize the exogeneity of the shock,
these municipalities are not included in the main analysis.

24

palities (i.e. municipalities with home property tax rates lower than the new
floor rate). According to my theory, as high performers are more sensitive to
personal liquidity constraints, the reform should motivate high performers to
join later stage startups compared to non-high performers. To investigate the
effect of the home property tax on startup joining of high performers, I apply
the tax reform as a shock in a triple difference estimation at the joiner-startup
dyad level with the following Poisson regression specification7 :

EmployeeNumberij = αmj +αmi +αt +αki +αli +αai +β0 +β1 ∗HighP erf ormerij +
β2 ∗ T axRef ormt + β3 ∗ T reatmentmi + β4 ∗ T axRef ormt ∗ T reatmentmi + β5 ∗
T axRef ormt ∗ HighP erf ormerij + β6 ∗ HighP erf ormerij ∗ T reatmentmi +
β7 ∗ T axRef ormt ∗ HighP erf ormerij ∗ T reatmentmi + β8 ∗ X + ϵ
(4)

where i indexes joiners, j startups, m municipalities, t years, k joiner prior
industry, l joiner prior occupation and a joiner age. αmj is the fixed effect for the
startup’s municipality and αmi is the fixed effect for the joiner’s municipality. αt
is the year-fixed effect and αki and αli the joiner prior industry and occupation
fixed effects, respectively. αai is the joiner age-fixed effect. The home property
taxes are usually payable by October, so the new rates of the tax reform would
have had a material effect on personal liquidity constraints at the end of 2015.
Therefore, my estimation window spans from 2014 to 2017 with the T axRef orm
dummy taking the value of zero in 2014 and 2015 and the value of one in 2016
7 For

robustness, I run the same analysis with an OLS specification and the results remain
the same (Table 7, Model 3).
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and 2017. The T reatment variable takes the value of zero if the joiner’s home
municipality was not required and did not change their home property tax rates
in the shock year and the value of one if the joiner’s home municipality was
forced to increase their tax rate to the new floor rate set by the government.
The treatment group consists of 32 municipalities and the control group
of 189 municipalities. The sample covers 71% of Finnish municipalities. The
remaining 29% municipalities were removed either because they were treated
but they increased their rates beyond the new floor in 2015 or were not treated,
but changed their rates in 2015. For robustness, I run the analysis with a sample
that includes all municipalities (Table 7, Model 1) and with a sample that only
includes matched municipalities (Table 9). The covariate vector X includes the
joiner’s gender and existing level of personal liquidity constraints as proxied by
the average capital income in the previous three years. I cluster standard errors
at the joiner’s municipality level. My theory predicts that high performers
with higher personal liquidity constraints are more likely to join later stage
startups. Therefore, to provide support for my theory, the coefficient on the
three-way interaction between T axRef orm, T reatment and HighP erf ormer
should be positive. This would suggest that high performers in the treated
municipalities deferred entry into early-stage startups after the tax reform due
to higher personal liquidity constraints.

4.3

Results

Descriptives
Table 1 presents descriptive statistics on the high performers and non-high
performers in the sample. The sample consists of workers joining startups
younger than five years old and with less than 100 existing employees between
the beginning of 2010 and the end of 2018. With 49,980 workers flagged as
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high performers and 164,435 flagged as non-high performers, high performers
constitute 23% of the sample. With a minimum employee number of 1 and
a maximum employee number of 100, the mean employee number of a high
performer is 11.74 and the mean employee number of a non-high performer is
12.19. The average equity share received by high performers is 0.25% and the
average equity share received by non-high performers is 0.17%. The average
startup salary of high performers is €3,942 and the average startup salary of
non-high performers is €2,718. Meanwhile, the pay ratio suggests that, on average, the high performer’s startup salary is 1.5% lower than their previous salary,
while the non-high performer’s startup salary is 2% higher than their previous
salary. The average annual capital income from the three years prior to joining
a startup is circa €1887 for high performers and €639 for non-high performers.
59.3% of high performers and 59.6% of non-high performers are men and 63% of
high performers and 55.6% of non-high performers are homeowners at the time
of joining.

— Table 1 —

Figure 5 shows the distribution of observations by employee number. The
figure clearly shows how the vast majority of observations are in the smallest
startups. More specifically, 21% of all observations for high performers and
15% for non-high performers are for employee number one. Furthermore, 69%
of all observations for high performers and 52% for non-high performers are for
employee numbers from one to nine.

— Figure 5 —

Figure 6 presents the average pay ratio of high performers (red line) and
non-high performers (black line) by employee number. The pay ratio represents
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the drop in salary or increase in salary that startup joiners experience in relation
to their previous salary when joining a startup. A value below one indicates
a drop in salary and a value above one indicates an increase in salary upon
joining a startup. A value of one (dashed line) suggests that there is no change
in salary.
An important assumption of my theory is that high performers are more
likely to receive a sub-market salary in early-stage startups than non-high performers. Indeed, the graph illustrates how high performers are more likely to
experience a sub-market salary in early-stage startups and that the drop in
salary is likely to be deeper. Non-high performers experience a drop in salary
when joining a startup only if they join as the first employee, while high performers experience a drop in salary from employee number one until at least
employee number seven. Furthermore, joining as the first employee, high performers are likely to experience a drop in salary of 4% to their previous salary,
while non-high performers are likely to experience a drop of only 1%. At employee number seven, high performers are likely to experience a drop of 2%,
while non-high performers are likely to experience an increase of 3%. Given
that the drop in salary is deeper for the high performers (who have higher earnings), the graph would suggest that startups have constraints on the salaries
they can pay early on.

— Figure 6 —

Figure 7 shows the average equity by employee number for high performers
and non-high performers. The figure shows how high performers are likely to be
compensated with higher equity in exchange for the higher drop in salary they
experience upon joining early-stage startups. For example, joining as the second
employee, high performers are likely to receive around 0.45% in equity, while
28

non-high performers are likely to receive circa 0.32%. At employee number ten
the difference is even starker with high performers receiving circa 0.24% and
non-high performers receiving only 0.08% in equity.

— Figure 7 —

Figure 8 presents the capital income of high performers and non-high performers by employee number. The capital income is the worker’s average annual
capital income from the previous three years before joining and it proxies for
personal liquidity constraints. Given that high performers are more likely to
experience a drop in salary in early-stage startups, we should expect that high
performers who join early require relatively higher capital income than non-high
performers to compensate for the drop in salary. Indeed, Figure 8 shows how
the capital income of high performers joining as the first employee is around
€3000 and the level of capital income flattens out at around €1000 at employee
number five. Meanwhile, the capital income of non-high performers joining as
first employees is approximately €1000 and the level of capital income flattens
out at around €500 at employee number five.

— Figure 8 —

Baseline analysis
Table 2 shows the results from a baseline correlational analysis testing the
statistical significance of the relationships observed in Figures 5, 6 and 7. Model
2 suggests that the ratio of startup salary to previous salary is 3.7 percentage
points lower for high performers (p < 0.01). Meanwhile, Model 4 indicates that
high performers receive, on average, 0.06 percentage points more equity than
29

non-high performers (p < 0.01). Model 5 indicates that a 0.1 percentage point
increase in the pay ratio leads to a 0.02 percentage point decrease in equity
received. As such, Models 1 - 5 support the assumptions that high performers
are more likely to experience a sub-market salary in startups and that they are
compensated for the sub-market salary with higher equity. Models 6 and 7 show
that the pattern observed in Figure 8 is statistically significant: high performers
with lower employee numbers tend to have higher capital income.

— Table 2 —

Tax reform and high performer joining stage
Table 3 presents the results from the triple difference estimation investigating the effect of greater liquidity constraints on high performer joining stage
(Hypothesis 1). Models 2 - 4 test the effect of the tax reform on homeowners
in treated municipalities. Model 2 includes all joiners, Model 3 includes only
high performers and Model 4 includes only non-high performers. The coefficient
of interest is the three-way interaction between Homeowner, T reatment and
T axref orm. The three-way interaction is positive and statistically significant
(p < 0.01) only for the subsample of high performers suggesting that high performer employee number was more sensitive to the increase in personal liquidity
constraints than the employee number of non-high performers.
Models 7 - 9 test the effect of the tax reform on high performers in treated
municipalities. Models 7 and 8 include only homeowners and Model 9 includes
only non-homeowners. The coefficient of interest is the three-way interaction
between Highperf ormer, T reatment and T axref orm. If the tax reform’s effect
on high performer employee number (Model 3) was driven by the home property
tax reform, we should only observe an effect for homeowners and not observe
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any effect for non-homeowners. Indeed, the three-way interaction is zero in
Model 9 (non-homeowners only), while it is positive and statistically significant
in Models 7 and 8, which focus on the homeowners. To further isolate the joinerside effect of the tax reform, Model 8 restricts the sample among homeowners
to those joining startups outside the treated municipalities. If the effect of the
tax reform on high performer employee number was not driven by personal
liquidity constraints of the joiner, we should not observe the effect for high
performers residing in treated municipalities joining startups outside the treated
municipalities. Yet, the three-way interaction is positive (p = 0.066) in Model
8, suggesting that the effect was indeed driven by joiner-side effects.
Finally, Model 10 tests the effect of the tax reform within treated municipalities. The assumption for the main specification is that any potential
municipality-level trends coinciding with the tax reform did not affect the employee number of high performers in relation to the employee number of nonhigh performers. If the result was driven by municipality-level trends that coincided with the tax reform and affected the relative outcomes of high performers
and non-high performers, we should not observe an effect on high performers’
startup joining when restricting the sample to treated municipalities and using
homeownership as the treatment. However, the three-way interaction between
Homeowner, Highperf ormer and T axref orm remains positive (p = 0.59) suggesting that the observed effect of the tax reform on high performers’ employee
number was not driven by omitted differences between the relative outcomes of
high performers and non-high performers in treated and control municipalities.
As such, the results in Table 3 provide support for the hypothesis (Hypothesis
1) that high performers are likely to join later stage startups when faced with
greater liquidity constraints.

— Table 3 —
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Effect of universally binding collective bargaining agreement
Table 4 investigates the role of universally binding collective bargaining
agreements on the relationship between personal liquidity constraints and high
performer joining stage. As a first step, I estimated the average (within-industry)
effect of a universally binding collective bargaining agreement on startup salaries
in Model 1. The result suggests that, on average, a universally binding collective bargaining agreement will increase a startup joiner’s monthly salary by
€90 euros (p < 0.01). In Model 2, I estimate the effect of a universally binding collective bargaining agreement on the startup salary of a high performer.
The result suggests that while non-high performer salaries are €142 higher (p
< 0.01) in startups bound by universally binding collective bargaining agreements, the salaries of high performers in startups bound by universally binding
collective bargaining agreements are €265 lower (p = 0.047) than those of high
performers in startups not bound by universally binding collective bargaining
agreements. Model 3 runs the same analysis with startup-fixed effects and the
result is very similar. In summary, as theorized, while the universally binding
collective bargaining agreements increase the salaries of non-high performers,
they decrease the salaries of high performers.
As a baseline, Model 4 shows that among high performers, the employee
number of those residing in treated municipalities was 19% higher (p < 0.01)
after the tax reform. Model 5 estimates the moderating effect of the universally binding collective bargaining agreement on the relationship between high
performer joining stage and the home property tax reform. It introduces a threeway interaction between the tax reform, treatment municipality and universally
binding collective bargaining agreement. The dummy on the universally binding
collective bargaining agreement takes the value of one if the industry (5-digit
NACE Rev. 2) had a universally binding agreement before the tax reform took
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effect (prior to 2016) and zero otherwise. The two-way interaction between tax
reform and treatment is zero while the three-way interaction is positive (p =
0.028) indicating that the later joining of high performers after the tax reform
was driven by high performers entering industries with universally binding collective bargaining agreements. As such, the results in Table 4 provide support
for the hypothesis (Hypothesis 2) that startup pay constraints as caused by universally binding collective bargaining agreements amplify the effect of liquidity
constraints on high performer joining stage.

— Table 4 —

4.4

Supplemental analysis: Impact on startup performance

The results above would suggest that early-stage startups –especially those
bound by universally binding collective bargaining agreements– had difficulty
attracting high performers from treated municipalities after the tax reform. Assuming that startups hire mostly local talent, the effect of the tax reform on
hiring should have been felt most by startups in treated municipalities. Further,
based on prior literature, a reduction in the supply of high performers should
have an impact on the startup’s performance (Agarwal et al., 2016; Campero
and Kacperczyk, 2020; Ganco et al., 2019; DeSantola and Gulati, 2017; Stewart
and Hoell, 2016). To investigate whether this is the case, I construct a separate establishment-level annual panel and examine the within-firm effect of the
tax reform on productivity across startup offices both in treated and control
municipalities. More specifically, I compare the total factor productivity8 of
same-sized offices that were established in the same year within the same firm
before and after the tax reform.
8 I measure total factor productivity by dividing annual revenues with the average number
of staff in that year and use the log-transformation (plus one) in the analysis.
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Table 5 shows the results from estimating the within-firm effect of the tax
reform on productivity. In Table 4, we saw that the later joining of high performers was driven by later entry into startups in industries bound by universally
binding collective bargaining agreements. Therefore, we should observe the effect on productivity mainly for those startups bound by the agreement at the
firm-level too. Indeed, Model 2 suggests this is the case. The three-way interaction between the tax reform, treatment municipality and the universally
binding collecting bargaining agreement is negative and statistically significant
(p = 0.046), while the two-way interaction between tax reform and treatment
is positive. Model 3 restricts the sample to offices with less than ten employees and Model 4 runs the analysis for offices with ten or more employees. If
the productivity effect of the tax reform was driven by high performers joining
later-stage startups, we should observe a greater effect on the smallest startup
offices. Indeed, the three-way interaction is negative in Model 3 (p = 0.004) but
zero in Model 4.
A potential concern with estimating the effect of high performer later entry
on startup productivity with total factor productivity (revenue / number of
employees) is that revenue may be affected by demand-side effects of the tax
reform as well. For example, if the target market of the treated startup office
are consumers in the local municipality, reduced consumer spending due to
the higher home property tax may be reflected as lower revenues per employee
for the startup office. Given that the negative productivity shock is found for
startup offices bound by collective bargaining agreements it is unlikely that the
productivity effect is solely driven by reduced consumer spending. Nevertheless,
to provide further support that the effect is driven by startup-side productivity,
in Model 1 I run the analysis without the collective bargaining agreement and
the three-way interaction. If the observed productivity effect was due to reduced
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consumer spending, we should expect to see lower productivity for all startup
offices in treated municipalities after the tax reform. However, the two-way
interaction between tax reform and treatment municipality is zero in Model 1
suggesting that the negative effect on productivity was more likely driven by
high performers joining later stage startups.

— Table 5 —

4.5

Other checks

Shock relevance. An important concern with any triple difference estimation
is that the shock needs to have a material impact on the variable studied. In
my context, it is reasonable to assume that the home property tax reform had a
material effect on the personal liquidity constraints. The home property tax was
likely a meaningful annual expense for individuals. For example, in 2015 it was
estimated that in the Finnish capital Helsinki (one of the treated municipalities),
the amount of annual home property tax ranged between 1 and 3.5 percent of an
individual’s annual income (PTT, 2015). Importantly, the home property tax
reform could increase the home property tax for individuals residing in treated
municipalities by more than 50%.9 Thus, holding annual income constant, the
reform could have increased the home property tax burden for someone residing
in a treated municipality from 3.5 percent of annual income to more than 5
percent of annual income.
Parallel trend. For the estimated effect of a triple difference to have a
causal interpretation, the relative outcome of the two groups (high-performers
9 The increase in the home property tax rate was amplified by other changes associated
with the home property tax reform that took effect across all municipalities. For example,
the government increased the multiples by which the plot and buildings were valued by 7.14
percent and reduced the age discount of old buildings from a maximum of 80 percent to 70
percent (FHOA, 2015).
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vs non-high performers) in treated and control municipalities need to follow a
similar trend in the absence of treatment (Olden and Møen, 2022). A general
concern with the estimation is that the shock coincides with a pre-existing trend.
In my setting, the potential concern is that the later joining of high performers
relative to non-high performers in treated municipalities after the tax reform is
a continuation of a trend over time of high performers joining increasingly later
stage startups in treated municipalities relative to non-high performers. The result from Model 10 in Table 3 which uses homeownership as the treatment and
runs the analysis for treated municipalities only would suggest that the result
is not driven by differences in trends in relative outcomes between treated and
control municipalities. To further confirm this is not the case, I visually investigate the trends of relative outcomes for high and non-high performers in treated
and control municipalities in Figure 9. The graph shows the evolution of the
ratio of high performer average employee number to non-high performer average
employee number in treated (red line) and control (black line) municipalities.
Before the tax reform, the ratio is higher in control municipalities but the evolution of the ratios is very similar: in both treated and control municipalities, the
ratio slightly drops from t - 1 to t. However, once the reform takes effect, from
t to t + 1 the ratio increases drastically in treated municipalities and decreases
in control municipalities. The ratio in treated municipalities drops from t + 1
to t + 2 but –in contrast to before the tax reform– remains at a higher level
than the ratio in control municipalities. As such, the parallel trend assumption
is satisfied.
Shock exogeneity. Another key concern is whether the reasons for the reform are associated with the personal liquidity constraints and/or startup joining of high performers in treated municipalities. This could be the case, for example, if low tax rate municipalities lobbied for the reform due to municipality-
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specific factors that were to affect resident personal liquidity constraints and/or
startup joining. This is unlikely, however, since municipalities with low home
property tax rates could freely increase their own rates if they so desired without a government reform. In fact, news reports from the time of the reform
suggest that treated municipalities were not happy with the government’s decision to increase the floor rate and that they would not have changed their rates
otherwise (YLE, 2014).
It is also unlikely that the reform affected startup motivation and/or ability
to hire high performers from treated municipalities and, thereby, the joining
stage of high performers. In Table 3, Model 8 I run the analysis for a subset
of hiring startups that were not located in the treated municipalities. If the
effect of the reform on high performer startup joining was driven by startupside effects, it would be unlikely that we would observe an effect on the employee
number of high performers residing in treated municipalities joining startups in
control municipalities. Yet, the three-way interaction between treatment, high
performer and tax reform for the subset of workers joining startups in control
municipalities remains positive (p = 0.066). However, it is still possible that
the entrepreneurs financing the startups in control municipalities were affected
by the shock if they resided in the treated municipalities. Therefore, to further
rule out this alternative explanation, I run the analysis with a subset of hiring
startups whose entrepreneurs were not homeowners in the treated municipalities.
The result which can be found in Table 7, Model 4 remains the same.
Other effects of the reform. Table 6 shows other effects of the home
property tax reform. Models 1 and 2 estimate the effect of the tax reform on
the propensity to own a car for all Finnish workers who are homeowners. Given
that the tax reform increased the personal liquidity constraints of homeowners
residing in treated municipalities, we should expect these workers to be less likely
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to own a car after the tax reform. Indeed, the two-way interaction between the
tax reform and treatment is negative in both Models 1 and 2 indicating that
homeowners residing in treated municipalities were less likely to own a car after
the tax reform.
I theorize that the tax reform was more likely to affect the joining stage of
high performers because they are more likely to receive sub-market salaries in
early-stage startups and, thus, their joining stage is more sensitive to changes
in personal liquidity constraints. An alternative explanation could be that high
performers were more affected by the tax reform itself and, therefore, their
joining stage was more affected by the tax reform. To rule out this alternative
explanation, I investigate the effect of the tax reform on propensity to own a
car between high performers and non-high performers. If high performers were
more affected by the tax reform, we should expect high performers to be less
likely to own a car after the tax reform than before the tax reform compared
to non-high performers. Model 3 suggests that this is not the case, however.
The two-way interaction between tax reform and treatment is negative (p <
0.01), while the three-way interaction between tax reform, treatment and high
performer is zero suggesting that homeowning high performers were not more
affected by the tax reform.
Models 4, 5, 6 and 7 explore the effects of the tax reform on new startups,
founder quality and average team size at the municipality level. One alternative
explanation for the main result could be that there are less new startups founded
by high performers after the tax reform and these new startups are less likely
to attract high performing joiners. Models 4 and 5 suggest this is not the
case. Model 4 shows there were more new startups in treated municipalities
after the tax reform and the ratio of high performers in the founders of these
new startups was higher than before the tax reform. Models 6 and 7 provide
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supporting evidence that hiring startups were, on average, smaller in treated
municipalities after the tax reform.
Robustness. Table 7 shows results from a variety of robustness checks.
In the main analysis, I omit municipalities whose home property tax rate was
below the new floor but increased their rate beyond the new floor upon the tax
reform and whose rate was at or above the new floor and changed their rate in
the year of the tax reform. This is to avoid the contamination of the results by
changes in tax rates that were not exogenously forced upon the municipality by
the government’s decision to increase the floor rate. In Model 1 of Table 7, I run
the analysis with all the omitted municipalities included and the results remain
similar. Further, to ensure that the main finding is driven by joiners who receive
equity as vested compensation, I run the main specification without joiners who
received their equity share in the same year as they joined. The result which
is reported in Table 7, Model 2 is very similar to the main triple difference
result. Model 3 in Table 7 shows the result for the triple difference from an
OLS specification. Again, the result does not change.
While the tax reform focused on individual home property it is possible
that some startups owned such property. For example, some entrepreneurs may
purposefully transfer their home ownership to their company to take advantage
of some other tax-related benefits. To ensure that the result is not driven by
startups who own property and are affected by the shock, I run the analysis
without startups that have property on their balance sheet. The results which
can be found in Table 7, Model 5 remain unchanged. A further question is
to what extent are the results driven by migrations of workers to and from
the treated municipalities. To mitigate this concern, I run the analysis with a
subsample of joiners who did not change their municipality of residence upon
joining the startup. The results can be found in Table 7, Model 6 and they
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remain similar to the main analysis.
Sensitivity. In Table 7, I show the results of testing the sensitivity of my
main findings to the high performer percentile cutoff. In the main analysis, I
define high performers as those whose previous salary was at or above the 80th
percentile among their peer group. In Table 7, I run the main triple difference
estimation for the high performer percentile cutoff at or above the 70th percentile (Model 1), the 78th percentile (Model 2), the 82nd percentile (Model 3)
and the 90th percentile (Model 4). The three-way interaction between Tax reform, High performer and Treatment remains positive with all these alternative
cutoffs.
Matched sample. To mitigate the effect of selection into treated municipalities based on observable municipality characteristics in the cross-municipality
analysis, I run the main triple difference estimation with a matched sample.
To create the matched sample, I apply the coarsened exact matching procedure
along the following criteria (at t = 0): municipality mean salary, municipality
mean age, municipality mean level of education, municipality number of startup
jobs, municipality ratio of startup jobs to all jobs and municipality mean months
of unemployment per person per year. I split the municipalities by quartile
(mean salary and mean age) or by median (education, startup jobs, jobs ratio,
unemployment) and assign each treated municipality into a stratum based on
the combination of their characteristics. For each treated municipality, I assign
a placebo control group from the municipalities that match the combination
of their characteristics. If no control municipality matches the combination of
characteristics of the treated municipality, I drop that treated municipality from
the matched sample. The matching procedure reduces the number of municipalities to 40. Table 9 shows the results from the triple difference estimation for
the matched sample. The results are very similar to the main specification.
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Entry into startups. The main analysis examines the effect of the tax
reform on the employee number of high performers who join startups. As an
alternative specification, I estimate the effect of the tax reform on the likelihood
of being employed by a startup for the entire population of Finnish workers
(who are homeowners). Table 11 shows the results from this alternative logistic
regression specification. The dependent variable is a dummy that takes the
value of one if the worker is employed by a startup and zero if the worker is not
employed by a startup. I run the analysis separately for different startup size
categories excluding startups in the other size categories from the sample. For
example, in Model 2 the dependent variable takes the value of one if the worker
is employed by a startup with an employee number from 10 to 19 and zero if
the worker is employed by a firm with 100 or more employees. The results in
Table 11 support the hypothesis that high performers were less likely to join
early stage startups after the tax reform. The three-way interaction is negative
for smallest startups (Models 1, 2 and 3), while it is zero for startups with
30 to 49 employees. This indicates that high performers residing in treatment
municipalities were less likely to join startups with less than 30 employees, but
no more or less likely to join startups with 30 to 49 employees.

5

Discussion

Existing theories provide contrasting predictions on when high performers are
likely to join startups. On one hand, high performers face a higher opportunity
cost of leaving wage work for early-stage startups and, therefore, should be more
likely to enter later stage startups where they receive a higher fixed salary. On
the other hand, high performers have higher real option value in startup employment in early-stage startups because of higher upside of equity and, therefore,
should be motivated to join as early as possible. I use a home property tax
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reform as exogenous variation in worker personal liquidity constraints to show
that personal liquidity constraints resolve this tension between the opportunity
cost of leaving wage work and real option value of startup employment. The
findings suggest that high performers with higher personal liquidity constraints
are less likely to join early-stage startups. I also show that when startups are
more constrained in their ability to pay because of universally binding collective
bargaining agreements the effect of personal liquidity constraints is amplified.
This paper aims to contribute to multiple streams of research. Prior work on
startup joiners has shown that high quality founders (Honoré and Ganco, 2020),
autonomy and flexibility (Roach and Sauermann, 2015; Sauermann, 2018; Hsu
and Tambe, 2021), exposure to entrepreneurial role models (A. J. Kacperczyk,
2013; Roach and Sauermann, 2015; Rocha and Van Praag, 2020) and risk tolerance may motivate high performers to join startups (eg. Ouimet and Zarutskie,
2014; Roach and Sauermann, 2015; Sauermann, 2018). However, research to
date has not explored how high performers’ willingness to join startups may
vary with the startup’s stage. Introducing the startup’s stage, this paper is the
first to consider the timing of when high performers join startups. Meanwhile,
prior research on entrepreneurs have discussed the impact of personal liquidity
constraints on entrepreneurial entry (Evans and Jovanovic, 1989; R. E. Hall and
Woodward, 2010; Hombert et al., 2020; Jensen et al., 2022; Kerr et al., 2022).
However, no work to date has explored how the role of personal liquidity constraints may differ in the context of startup joiners. This paper shows that: a)
personal liquidity constraints only matter for high performing joiners, b) personal liquidity constraints not only matter for whether high performers join or
not, but also when they join, and c) the effect of personal liquidity constraints
on high performer joining stage depends on the flexibility that startups have in
paying high performers.
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The findings of this paper may also prove useful for policymakers and entrepreneurs. For example, policymakers should take note of the unintended economic consequences of tax increases targeted at individual assets. My research
suggests that they have an impact on a startup’s ability to attract high-end
talent and grow. Additionally, my paper highlights the negative consequence of
universally binding collective bargaining agreements. The results suggest that
the startups bound by universally binding collective bargaining agreements will
have less flexibility in paying high performers and, therefore, may have a harder
time attracting them. Policymakers could think of ways of lowering high performers’ opportunity cost of leaving wage work to join startups to increase the
supply of talent to early-stage startups and to spur innovation and economic
growth. Finally, the findings could also help entrepreneurs in their search for
high performers. Understanding the varying joiner-side motivations can help entrepreneurs at different stage startups target their search for the most suitable
high performers.
Due to the recency of the tax reform utilized as a shock, this paper has
limited opportunity to investigate the causal impact of joining stage on the
eventual returns to startup employment. Therefore, future research could study
the causal link between joining stage and the returns from startup employment.
Furthermore, this paper does not consider the growing population of startup
joiners who work for multiple startups simultaneously. Working for multiple
startups simultaneously can reduce the uncertainty and opportunity costs and,
thereby, affect the likelihood of joining. Analyzing the decision and the impact
of high performers to work for multiple startups simultaneously opens up interesting avenues for future research. Finally, future studies could investigate
how other environmental factors may affect high performers’ likelihood of joining startups. Recent work would suggest, for example, that the shift to remote
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work caused by the pandemic had an impact on the type of people joining
startups (Hsu and Tambe, 2021).
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Figure 1: Model framework
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Figure 2: Threshold uncertainty for entry into startup employment by level of
initial savings

Note: The level of uncertainty (1-p) represents the stage of the startup. Small, early-stage
startups have higher uncertainty, while larger later stage startups have lower uncertainty. The
threshold uncertainty is defined as the level of uncertainty at which the expected utility of
joining a startup exceeds the utility of staying at an incumbent firm. The graph shows how
higher initial savings make joining earlier stage startups more attractive for high performers.
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Figure 3: Joiner’s consumption (as share of stayer consumption) by level of
initial savings

Note: A value of smaller than one indicates that joiners consume less than stayers at a given
level of initial savings. The figure shows how the drop in consumption is mitigated for high
performers with increasing initial savings until around $200,000 of savings after which the
difference flattens out.
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Figure 4: Threshold uncertainty for startups with low and high pay constraints
by level of initial savings

Note: The discount factor for startups with low pay constraints (black line) is zero and for
startups with high pay constraints (red line) 0.1.
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Table 1: Descriptive statistics

Note: Sample consists of workers joining startups younger than five years old and with less
than 100 existing employees (i.e. maximum employee number is 100) between 2010 and 2018.

Figure 5: The distribution of startup joiner employee numbers

Note: .
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Figure 6: Startup joiner average pay ratio by employee number

Note: Values below one indicate a drop in salary and values above one indicate an increase
in salary upon joining a startup. Outliers above the 90th percentile (pay ratio greater than
1.83) have been removed the sample.

Table 2: Baseline analysis
Sample:

All joiners
OLS
(1)
Pay ratio

All joiners
OLS
(2)
Pay ratio

All joiners
OLS
(3)
Equity share

All joiners
OLS
(4)
Equity share

All joiners
OLS
(5)
Equity share

High performer

-0.0352***
(0.00211)

-0.0366***
(0.00221)

0.000850***
(0.000135)

0.000616***
(0.000150)

0.000597***
(0.000166)

Employee #

0.000300***
(7.24e-05)

0.000305***
(9.37e-05)

-4.68e-05***
(1.94e-06)

-6.03e-05***
(3.37e-06)

-6.24e-05***
(3.68e-06)

DV:

High performers
Poisson
(6)
Employee #

High performers
Poisson
(7)
Employee #

Capital income

-0.00188***
(0.000350)

0.000359***
(3.02e-05)

0.000327***
(3.18e-05)

-0.00555*
(0.00308)

-0.00546*
(0.00310)

Gender

-0.00289
(0.00241)

-0.00197***
(0.000155)

-0.00206***
(0.000168)

0.0118
(0.0225)

0.0119
(0.0225)

Pay ratio

-0.00189***
(0.000237)

Constant

1.016***
(0.00123)

0.853***
(0.0625)

0.00223***
(7.62e-05)

0.00163
(0.00307)

0.000266
(0.00230)

0.960**
(0.454)

0.956**
(0.454)

Year FE
Startup municipality FE
Joiner municipality FE
Joiner prior industry FE
Joiner prior occupation FE
Joiner compensation residual FE
Observations
R-squared
Standard errors clustered at:
*** p<0.01, ** p<0.05, * p<0.1

No
No
No
No
No
No
178,363
0.002
Startup

Yes
Yes
Yes
Yes
Yes
No
151,627
0.019
Startup

No
No
No
No
No
No
214,415
0.002
Startup

Yes
Yes
Yes
Yes
Yes
No
181,570
0.021
Startup

Yes
Yes
Yes
Yes
Yes
No
151,627
0.023
Startup

Yes
Yes
Yes
Yes
Yes
No
41,672

Yes
Yes
Yes
Yes
Yes
Yes
41,672

Startup

Startup
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Figure 7: Startup joiner average equity by employee number

Note: The equity shown is the startup joiner’s share ownership at the end of the joining year.
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Figure 8: Startup joiner capital income by employee number

Note: Capital income is measured by the average annual capital income of the three years
prior to joining and is a proxy for personal liquidity constraints.
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0.311***
(0.0248)

Tax reform

-0.00238
(0.00161)

-0.00207
(0.00162)
-0.00294
(0.0204)

Capital income

Gender

1.142
(0.787)

-1.367***
(0.00829)

*** p<0.01, ** p<0.05, * p<0.1

Yes
Yes
Yes
Yes
Yes
Yes
73,290
Joiner
municipality

Yes
Yes
Yes
Yes
Yes
Yes
15,894
Joiner
municipality

Yes
Yes
Yes
Yes
Yes
Yes
55,428
Joiner
municipality

No
No
No
No
No
No
210,665
Joiner
municipality

Yes
Yes
Yes
Yes
Yes
Yes
49,191
Joiner
municipality

Yes
Yes
Yes
Yes
Yes
Yes
38,897
Joiner
municipality

Yes
Yes
Yes
Yes
Yes
Yes
23,421
Joiner
municipality

Yes
Yes
Yes
Yes
Yes
Yes
32,425
Joiner
municipality

Yes
Yes
Yes
Yes
Yes
Yes
32,418
Joiner
municipality

Yes
Yes
Yes
Yes
Yes
Yes
88,962
Joiner
municipality

-2.544***
(0.478)

Year FE
Joiner age FE
Joiner municipality FE
Joiner prior industry FE
Joiner prior occupation FE
Startup municipality FE
Observations
Standard errors clustered at:

0.890
(0.886)

-0.456
(0.603)

1.372**
(0.692)

0.936*
(0.491)

Constant

0.896
(0.546)

0.127*
(0.0672)

0.00316
(0.0642)

-0.0162
(0.0282)

0.0549***
(0.0200)

-0.0307
(0.0208)

-0.00341
(0.00230)

0.0235
(0.0263)

0.306***
(0.0356)

0.0186
(0.0171)

Treated joiners
Poisson
(10)
Employee #

Homeowner x High performer x Tax reform

0.268*
(0.146)

0.0322
(0.0452)

-0.0176
(0.0590)

0.0183
(0.0400)

-0.0131
(0.0142)

-0.00207
(0.00382)

-0.0126
(0.0472)

0.253
(0.352)

0.276***
(0.0396)

Non-homeowners
Poisson
(9)
Employee #

-0.120**
(0.0518)

0.201***
(0.0646)

High performer x Treatment x Tax reform

-0.294***
(0.0951)

-0.115***
(0.0423)

0.0233
(0.0249)

0.0307
(0.0379)

-0.00202
(0.00272)

-0.208**
(0.0899)

-0.311**
(0.155)

0.287***
(0.0690)

Homeowners, control startups
Poisson
(8)
Employee #

Homeowner x High performer

-0.131**
(0.0554)

-0.0916**
(0.0423)

0.0178
(0.0294)

-0.0311
(0.0289)

-0.00350
(0.00228)

-0.0107
(0.0405)

0.270*
(0.156)

0.315***
(0.0556)

Homeowners
Poisson
(7)
Employee #

High performer x Treatment

0.501
(1.110)

-0.0130
(0.0279)

-0.00272
(0.00221)

0.335***
(0.0402)

All joiners
Poisson
(6)
Employee #

-0.0114
(0.0334)

1.609***
(0.599)

0.307***
(0.0106)

All joiners
Logistic
(5)
High performer

High performer x Tax reform

-0.0158
(0.0179)

-0.00370*
(0.00220)

0.0157
(0.0530)

-0.0654
(0.0498)

0.00950
(0.0474)

-0.0156
(0.0470)

0.287**
(0.135)

0.288***
(0.0430)

0.0513
(0.0464)

Non-high performers
Poisson
(4)
Employee #

-0.0300
(0.0234)

-0.0287
(0.0341)

0.00196
(0.00363)

0.237***
(0.0775)

-0.212**
(0.0935)

-0.0824
(0.0601)

-0.0434
(0.0603)

1.586***
(0.526)

0.304***
(0.0596)

0.0450
(0.0730)

High performers
Poisson
(3)
Employee #

High perfomer

-0.0198
(0.0191)

0.0499
(0.0465)

Homeowner x Treatment x Tax reform

-0.00357
(0.0454)

Homeowner x Tax reform

-0.0835
(0.0537)

-0.00615
(0.0410)

Tax reform x Treatment

Homeowner x Treatment

-0.0150
(0.158)

0.291***
(0.0381)

0.0455
(0.0480)

All joiners
Poisson
(2)
Employee #

Treatment

0.0146
(0.0265)

0.00685
(0.0218)

Homeowner

DV:

All joiners
Poisson
(1)
Employee #

Sample:

Table 3: Triple difference estimation: Effect of home property tax reform on high performer joining stage
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*** p<0.01, ** p<0.05, * p<0.1

Capital income and gender controls
Year FE
Startup FE
Startup municipality FE
Joiner municipality FE
Joiner prior industry FE
Joiner prior occupation FE
Joiner age FE
Employee # FE
5-digit startup industry FE
Observations
R-squared
Standard errors clustered at:

Constant

Previous salary (monthly)

Tax reform x Treatment x Binding CBA pre-reform

Tax reform x Treatment

Treatment x Binding CBA pre-reform

Tax reform x Binding CBA pre-reform

Treatment

Binding CBA pre-reform

Tax reform

Universally binding CBA x High performer

High performer

DV:
Universally binding CBA

Sample:

0.192***
(0.0134)
3.262***
(1.171)
Yes
Yes
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
154,841
0.325
Startup
industry

OLS
(2)
Startup salary
0.142***
(0.0284)
0.893***
(0.0982)
-0.265**
(0.133)

OLS
(1)
Startup salary
0.0902***
(0.0293)

0.207***
(0.0144)
3.287***
(1.181)
Yes
Yes
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
159,103
0.311
Startup
industry

All joiners

All joiners

0.169***
(0.00196)
4.152***
(1.555)
Yes
Yes
Yes
Yes
No
Yes
Yes
Yes
Yes
No
166,430
0.249
N/A

OLS
(3)
Startup salary
0.148***
(0.0355)
0.724***
(0.0205)
-0.235***
(0.0276)

All joiners

Table 4: Effect of collective bargaining agreement

-0.216
(0.576)
Yes
Yes
No
Yes
Yes
Yes
Yes
Yes
No
No
9,781
Joiner
municipality

Joiner
municipality

0.300***
(0.0678)
0.0491
(0.107)
2.047***
(0.680)
-0.108
(0.0891)
0.134
(0.156)
-0.0496
(0.127)
0.336**
(0.152)

High performers
Homeowners
Poisson
(5)
Employee #

0.00474
(0.585)
Yes
Yes
No
Yes
Yes
Yes
Yes
Yes
No
No
9,781

0.178***
(0.0589)

2.104***
(0.665)

0.229***
(0.0632)

High performers
Homeowners
Poisson
(4)
Employee #

Table 5: Effect of tax reform on startup performance
Sample:

All multi-office
startups

All multi-office
startups

Less than 10
employees

10 or more
employees

DV:

(1)
ln(TFP + 1)

(2)
ln(TFP + 1)

(3)
ln(TFP + 1)

(4)
ln(TFP + 1)

Tax reform

-0.0290*
(0.0170)

-0.0372*
(0.0191)

-0.0684***
(0.0218)

0.00797
(0.0340)

Treatment

0.0185
(0.372)

-0.000694
(0.370)

-0.0266
(0.367)

-0.0381
(0.352)

0.311***
(0.0271)

0.199***
(0.0334)

0.547***
(0.0465)

0.0376**
(0.0154)

0.0663***
(0.0182)

-0.0166
(0.0260)

Binding CBA x Tax reform

0.0136
(0.0139)

0.0381**
(0.0160)

-0.0195
(0.0257)

Treatment x Binding CBA

0.0284*
(0.0169)

0.0327*
(0.0198)

0.0230
(0.0332)

Tax reform x Treatment x Binding CBA

-0.0381**
(0.0191)

-0.0630***
(0.0220)

0.0151
(0.0352)

Binding CBA pre-2016

Tax reform x Treatment

0.0136
(0.00920)

Constant

10.41***
(0.569)

10.45***
(0.567)

11.02***
(0.611)

10.84***
(0.264)

Year FE
Office municipality FE
Office size FE
Startup-office founding year FE
Observations
R-squared
Number of startups
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Yes
Yes
Yes
Yes
25,607
0.203
5,637

Yes
Yes
Yes
Yes
25,607
0.206
5,637

Yes
Yes
Yes
Yes
18,402
0.193
4,567

Yes
Yes
Yes
Yes
7,205
0.216
2,106
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Figure 9: Evolution of ratio of high performer average employee number to nonhigh performer average employee number in treated and control municipalities

Note: To avoid contamination of the result by the aging Finnish population, the graph shows
the ratio for joiners at 35 years old.
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-0.551***
(0.179)
0.0475***
(0.00360)
-0.0221**
(0.0100)

Treatment

Tax reform

Treatment x Tax reform

-1.063***
(0.0300)

Yes
Yes
Yes
N/A
4,536,021
Joiner
municipality

0.870***
(0.0461)
No
No
No
N/A
4,585,253
Joiner
municipality

Constant

Worker age FE
Worker municipality FE
Worker compensation residual percentile FE
Municipality FE
Observations
R-squared
Standard errors clustered at:

*** p<0.01, ** p<0.05, * p<0.1

0.0110
(0.00994)

Tax reform x Treatment x High performer

Joiner
municipality

Yes
Yes
No
N/A
4,585,253

0.0701**
(0.0347)

Treatment x High performer

0.249***
(0.0164)

-0.0355***
(0.00918)

0.0601***
(0.00412)

-0.396***
(0.00615)

All Finnish workers
Homeowners
Logistic
(3)
Car

-0.0242***
(0.00676)

-1.044***
(0.0325)

-0.0322***
(0.00987)

0.0539***
(0.00366)

-0.365***
(0.00387)

All Finnish workers
Homeowners
Logistic
(2)
Car

Tax reform x High performer

High performer

DV:

All Finnish workers
Homeowners
Logistic
(1)
Car

Sample:

N/A
N/A
N/A
Yes
1,970
0.989

-0.841
(0.886)

11.662***
(3.571)

0.0676
(0.253)

-0.703
(2.648)

OLS
(4)
New startups

All municipalities

Table 6: Other effects of tax reform

N/A
N/A
N/A
Yes
1,919
0.891

-0.0730
(0.0499)

1.764***
(0.675)

0.328***
(0.0571)

-0.281
(0.375)

All municipalities
First hires
OLS
(5)
High performer founder

N/A
N/A
N/A
Yes
1,970

1.060***
(0.100)

-0.233***
(0.0836)

0.264***
(0.0429)

0.355**
(0.178)

Poisson
(6)
Employee #

All municipalities

N/A
N/A
N/A
Yes
1,970
0.451

2.761***
(0.371)

-1.253**
(0.531)

1.437***
(0.283)

1.345*
(0.749)

OLS
(7)
Employee #

All municipalities
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DV:

Yes
Yes
Yes
Yes
Yes
Yes
49,275
Joiner
municipality

Year FE
Joiner age FE
Joiner municipality FE
Joiner prior industry FE
Joiner prior occupation FE
Startup municipality FE
Observations
Standard errors clustered at:

*** p<0.01, ** p<0.05, * p<0.1

0.885
(0.545)

-0.00274
(0.00220)
-0.0129
(0.0278)
0.245
(0.172)
-0.0416
(0.0394)
-0.113**
(0.0506)
0.185***
(0.0579)

-0.0719**
(0.0349)

Constant

ln(Previous salary + 1)

Treatment (startup) x Tax reform

Treatment (startup)

Tax reform x High performer x Treatment

High performer x Treatment (exp.)

Tax reform x Treatment (exp.)

Treatment (expanded)

Gender

Capital income

High performer x Tax reform x Treatment

High performer x Treatment

Tax reform x High performer

Tax reform x Treatment

Treatment

Tax reform

0.00616
(0.0259)
0.348***
(0.0492)

Poisson
(1)
Employee #

High performer

Homeowners

Sample:

Yes
Yes
Yes
Yes
Yes
Yes
38,166
Joiner
municipality

1.403**
(0.692)

0.0142
(0.0283)
0.311***
(0.0570)
0.274*
(0.155)
-0.00980
(0.0419)
-0.0839**
(0.0411)
-0.118**
(0.0556)
0.185***
(0.0655)
-0.00235
(0.00228)
-0.0423
(0.0290)

Howeowners
no eq. 1st year
Poisson
(2)
Employee #

Yes
Yes
Yes
Yes
Yes
Yes
38,897
Joiner
municipality

3.532
(8.104)

0.0890
(0.336)
3.553***
(0.533)
2.795
(2.654)
-0.103
(0.436)
-1.061**
(0.522)
-1.176**
(0.534)
2.093***
(0.659)
-0.0364
(0.0271)
-0.310
(0.354)

OLS
(3)
Employee #

Homeowners

Yes
Yes
Yes
Yes
Yes
Yes
35,661
Joiner
municipality

0.900
(0.690)

0.0108
(0.0300)
0.291***
(0.0552)
0.0679
(0.198)
-0.0348
(0.0451)
-0.0868*
(0.0462)
-0.140**
(0.0604)
0.229***
(0.0802)
-0.00187
(0.00231)
0.00116
(0.0272)

Homeowners
no treated entrepreneurs
Poisson
(4)
Employee #

Yes
Yes
Yes
Yes
Yes
Yes
36,610
Joiner
municipality

1.537**
(0.684)

0.0153
(0.0299)
0.307***
(0.0556)
0.167
(0.154)
-0.0318
(0.0432)
-0.0908**
(0.0440)
-0.117*
(0.0596)
0.205***
(0.0681)
-0.00283
(0.00217)
-0.0322
(0.0307)

Homeowners
No startups with property
Logistic
(5)
High performer

Table 7: Robustness checks

Yes
Yes
Yes
Yes
Yes
Yes
35,790
Joiner
municipality

1.285
(0.786)

-0.000623
(0.0327)
0.308***
(0.0555)
0.350**
(0.170)
0.00768
(0.0400)
-0.0819*
(0.0481)
-0.113**
(0.0572)
0.194***
(0.0698)
-0.00322
(0.00233)
-0.0243
(0.0291)

Homeowners
No move
Poisson
(6)
Employee #

Yes
Yes
Yes
Yes
Yes
Yes
69,432
Joiner
municipality

-0.315***
(0.0759)
0.0109
(0.00814)
0.296***
(0.00998)
6.257***
(0.273)

0.0101***
(0.00142)
-0.0965***
(0.0113)

0.0296***
(0.00755)

Poisson
(7)
ln(Startup salary + 1)

All joiners

Yes
Yes
Yes
Yes
Yes
Yes
38,886
Joiner
municipality

7.631***
(0.417)

0.195***
(0.0132)
0.0422***
(0.0109)
-0.0479
(0.0975)
0.0462***
(0.0156)
0.0130
(0.0153)
0.180***
(0.0382)
-0.0285
(0.0228)
0.00741***
(0.00111)
-0.155***
(0.00732)

Poisson
(8)
ln(Startup salary + 1)

All joiners

Table 8: Sensitivity analysis with different high performer cutoffs
Sample:
High performer cutoff:

Homeowners
70th percentile

Homeowners
78th percentile

Homeowners
82nd percentile

Homeowners
90th percentile

DV:

(1)
Employee #

(2)
Employee #

(3)
Employee #

(4)
Employee #

0.311***
(0.0556)
0.269*
(0.155)
-0.00450
(0.0397)

0.301***
(0.0603)
0.249
(0.156)
0.0108
(0.0428)

High performer
Tax reform
Treatment
Tax reform x Treatment

0.328***
(0.0545)
0.288*
(0.156)
-0.0207
(0.0420)

Tax reform x High performer
High performer x Treatment
High performer x Treatment x Tax reform
High performer
Tax reform x High performer
High performer x Treatment
High performer x Treatment x Tax reform

0.0356
(0.0335)
0.318***
(0.0547)
0.273*
(0.156)
-0.0171
(0.0412)
-0.0965**
(0.0425)
-0.144**
(0.0603)
0.212***
(0.0682)

0.0591*
(0.0329)
-0.109***
(0.0408)
-0.126**
(0.0560)
0.182***
(0.0680)

High performer

0.00623
(0.0300)
-0.0814*
(0.0456)
-0.128**
(0.0504)
0.189***
(0.0651)

Tax reform x High performer
High performer x Treatment
High performer x Treatment x Tax reform
High performer

-0.00372
(0.00230)
-0.0302
(0.0290)
1.355*
(0.695)

-0.00356
(0.00228)
-0.0308
(0.0288)
1.365**
(0.690)

-0.00346
(0.00228)
-0.0312
(0.0289)
1.374**
(0.692)

-0.0307
(0.0326)
-0.0482
(0.0429)
-0.0792*
(0.0445)
0.176***
(0.0644)
-0.00362
(0.00231)
-0.0307
(0.0290)
1.385**
(0.697)

Yes
Yes
Yes
Yes
Yes
38,897
Joiner
municipality

Yes
Yes
Yes
Yes
Yes
38,897
Joiner
municipality

Yes
Yes
Yes
Yes
Yes
38,897
Joiner
municipality

Yes
Yes
Yes
Yes
Yes
38,897
Joiner
municipality

Tax reform x High performer
High performer x Treatment
High performer x Treatment x Tax reform
Capital income
Gender
Constant

Year FE
Startup municipality FE
Joiner municipality FE
Joiner prior industry FE
Joiner prior occupation FE
Observations
Standard errors clustered at:
*** p<0.01, ** p<0.05, * p<0.1
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Table 9: Triple difference with matched sample
Sample:

Municipality-level

Municipality-level

Homeowners

DV:

(1)
Treatment

(2)
Treatment

(3)
Employee #

High performer

0.0839**
(0.0327)
0.225***
(0.0717)
0.542***
(0.103)
0.0702
(0.0542)
-0.157***
(0.0580)
-0.191***
(0.0372)
0.265***
(0.0705)
-0.00648**
(0.00297)
-0.0849***
(0.0307)

Tax reform
Treatment
Tax reform x Treatment
Tax reform x High performer
High performer x Treatment
High performer x Tax reform x Treatment
Capital income
Gender
Average salary
Average age
Average years of education
New startup jobs / All new jobs
Average unemployment months
# of startup jobs
Constant

Observations
Standard errors clustered at:

0.659
(2.100)
-0.0323
(0.211)
-0.309
(1.492)
3.438
(9.277)
0.398
(3.867)
0.000445
(0.000517)
-2.166
(49.19)

3.282**
(1.442)
-0.0502
(0.0988)
-1.241
(1.137)
8.391*
(4.725)
1.972
(2.694)
0.000196
(0.00120)
-16.81
(32.10)

40

174

*** p<0.01, ** p<0.05, * p<0.1
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2.550***
(0.462)
18,760
Joiner
municipality

Table 10: List of model parameters

Table 11: Effect of tax reform on entry into startups
Sample:
Startup employee #

All workers
< 10
Logistic
(1)
Startup

All workers
10 - 19
Logistic
(2)
Startup

All workers
20 - 29
Logistic
(3)
Startup

All workers
30 - 39
Logistic
(4)
Startup

All workers
40 - 49
Logistic
(5)
Startup

High performer

-0.182**
(0.0852)

0.397***
(0.0845)

-0.559***
(0.147)

-1.100***
(0.226)

-0.212
(0.136)

Tax reform

-0.181***
(0.0289)

-0.157***
(0.0204)

-0.307***
(0.0666)

-0.331***
(0.0263)

-0.295***
(0.0375)

Treatment

-0.250***
(0.0315)

0.0901***
(0.0328)

0.933***
(0.0357)

0.454***
(0.0518)

0.214***
(0.0365)

Tax reform x Treatment

0.0727**
(0.0328)

0.128***
(0.0418)

0.129***
(0.0381)

0.0650**
(0.0314)

0.0902**
(0.0440)

Tax reform x High performer

0.169
(0.111)

-0.850***
(0.0876)

0.396***
(0.103)

0.271*
(0.155)

-0.284
(0.184)

High performer x Treatment

0.931***
(0.162)

0.394***
(0.146)

0.569***
(0.182)

0.362
(0.425)

0.833***
(0.224)

Tax reform x High performer x Treatment

-0.767***
(0.163)

-0.416**
(0.184)

-0.358**
(0.141)

0.177
(0.215)

-0.438
(0.325)

Capital income

0.00698***
(0.00135)

0.000124
(0.00226)

-0.0109***
(0.00254)

-0.0109***
(0.00340)

-0.0106***
(0.00391)

Gender

-0.188***
(0.0163)

-0.106***
(0.0199)

-0.247***
(0.0220)

-0.190***
(0.0467)

-0.223***
(0.0371)

Constant

-1.308***
(0.223)

-8.146***
(0.449)

-3.787***
(0.660)

-7.606***
(1.126)

-8.249***
(1.058)

Year FE
Worker municipality FE
Worker prior industry FE
Joiner prior occupation FE
Joiner age FE
Observations
Standard errors clustered at:

Yes
Yes
Yes
Yes
Yes
3,553,633
Worker
municipality

Yes
Yes
Yes
Yes
Yes
3,138,750
Worker
municipality

Yes
Yes
Yes
Yes
Yes
3,059,132
Worker
municipality

Yes
Yes
Yes
Yes
Yes
3,077,376
Worker
municipality

Yes
Yes
Yes
Yes
Yes
3,039,202
Worker
municipality

DV:

*** p<0.01, ** p<0.05, * p<0.1
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Table 12: Correlation matrix
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