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Abstract

It is crucial to consider how profits vary over the life cycle of the firm in order to
understand why the aggregate profit share has been increasing while firm entry has
been declining. All else equal, the more back-loaded profits are, the lower is the
value of the firm due to discounting. Therefore, fewer entrepreneurs choose to enter
the market, leading to an increase in average profits per firm as market shares are
increasing. Under some conditions, this fall in entry also leads to an increase in the
aggregate profit share. Empirically, profits have become more back-loaded. Using a
quantitative life cycle model of the firm with varying markups I find that this increase
in back-loadedness explains between half and all of the rise in profits, and more than
fully explains the fall in firm entry.
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Recent evidence shows that firms’ profits as a share of output have been increasing during
the last decades (Barkai, 2020; De Loecker et al., 2020; Van Vlokhoven, 2019), while at
the same time firm entry has been declining (Decker et al., 2014). The joint occurrence of
these two trends is surprising at first sight as the rise in profits suggests that the benefits
of having a firm are large while the decline in entry suggests the opposite. For instance,
if the rise in aggregate profits is due to some change in the economic environment that
increases profitability for all firms such as an increase in markups for all firms, one would
expect firm entry to increase in response as well. In this paper, I argue that to understand
these two trends jointly it is crucial to consider how profits vary over the life cycle of
the firm. I put forward and provide quantitative evidence for a new hypothesis that can
explain both the rise in profits and the fall in firm entry, namely, that profits have become
more back-loaded over the life cycle of the firm. Or, put differently, that the relationship
between profits and firm age has become steeper.

An entrepreneur enters the market when the value of having a firm is larger than
the cost of entry. Thus, in equilibrium, entry costs equal the value of the firm where
the value of the firm equals the discounted sum of profits over the life cycle of the firm.
Due to discounting, total profits earned over the life cycle generally do not equal entry
costs. When profits are back-loaded, total profits exceed the discounted sum of profits
and therefore exceed entry costs (Atkeson and Kehoe, 2005). Consider the following
thought experiment. Suppose that the economy is initially in equilibrium, but that, over
time, profits shift from a young firm age to an old age, in such a way that total profits
over the life cycle remain constant. That profits become more back-loaded lowers the
value of entering the market as profits that appear later are more heavily discounted than
profits that arrive early. Therefore, the entry condition no longer holds as entry costs
now exceed the value of the firm. Thus, as a response, firm entry goes down and hence
market shares and the profits firms are making increase, until the entry condition holds
again. Figure 1 illustrates this graphically. The blue dotted line is an example of what
profits over the life cycle might look like initially. Older firms make more profits than
younger firms but the profits-age relationship is quite flat. The red dashed line shows
what the profits-age relationship might look like when profits become more back-loaded
but before the equilibrium response; young firms make less profits and old firms make
more profits, but the (undiscounted) sum of profits over the life cycle is the same as in
the initial equilibrium. The green solid line shows what profits might look like after the
economy has moved to a new equilibrium. The discounted sum of profits is the same in
the new as in the initial equilibrium, but profits over the life cycle are larger in the new
equilibrium than in the initial equilibrium since entrepreneurs need to be compensated
for the fact that profits appear later in life.

The increase in average profits per firm over the life cycle does, however, not neces-
sarily imply that the aggregate profit share is increasing as well. One reason that average
profits per firm increase is that firm sizes are increasing due to the decline in entry. It could
be that the profit share at the firm level does not change, and that the rise in profits per
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Figure 1: Illustration of profits over the life cycle

firm is entirely driven by firms becoming larger. I show in Section I that if the aggregate
profit share is negatively related to the number of firms, then aggregate profits increase if
and only if back-loadedness increases. Moreover, independent of the relationship between
the number of firms and aggregate profits, if in equilibrium A both the number of firms are
smaller and aggregate profits are larger than in equilibrium B then profits must be more
back-loaded under equilibrium A than under equilibrium B. The intuition behind this
result is straightforward. As the number of firms declines and aggregate profits increase it
must be that average profits per firm increase. And by the above, an increase in average
profits is associated with an increase in back-loadedness. Thus, that empirically the profit
share has been increasing while the number of firms relative to the labor force in the
private sector has been declining implies that profits have become more back-loaded over
the life cycle of the firm.

In Section II I find that the profits-age relationship has indeed become steeper over
time. Before 2000, older firms were only making moderately more profits than young
firms, while after 2000 older firms were making much more profits than younger firms.
Moreover, young firms after 2000 are making about as much profits as they did during the
1980s and the 1990s. These results are not driven by changes in the industry composition
over time and are not driven by the great recession. Also, excluding firms that have been
involved in M&A activity does not alter the conclusions. Finally, the results are also not
sensitive to outliers as the life cycle of profits has also changed for the median firm. Thus,
the hypothesis put forward in this paper does not only apply to the so-called superstar
firms.

To study the equilibrium response to a change in the profits-age relationship, I build a
quantitative life cycle model of the firm featuring varying markups in Section IV. A firm’s
level of profits depends positively on its productivity level and on its intangible capital
stock. Intangibles represent here product quality or brand value. A larger intangible
capital stock shifts out the demand curve and makes consumers less sensitive to prices
yielding a higher markup. I vary the depreciation rate of intangibles in order to vary the
level of back-loadedness. The lower the depreciation rate the more back-loaded profits
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become as this favors older firms that have had more time to accumulate intangible capital.
Matching the observed increase in back-loadedness, I find that the rise in back-loadedness
can explain between half and almost all of the observed rise in profits, depending on which
measure of back-loadedness is used. Furthermore, the rise in back-loadedness explains
more than fully the fall in the number of firms. It is natural that the rise in back-loadedness
more than fully explains the fall in entry given that the rise in back-loadedness cannot
fully explain the rise in profits. This is because there must have been another force than a
changing profits-age relationship at play which explains the remaining part of the rise in
profits. An additional rise in profits that does not affect the profits-age relationship would
make it more attractive to become an entrepreneur and would, therefore, lead to a slower
decline in entrepreneurship.

That varying the depreciation rate of intangibles leads to a positive relationship be-
tween back-loadedness and the profit share, and a negative relationship between back-
loadedness and the number of firms does not necessarily imply that these relationships
emerge as well when other parameters of the model are varied. For instance, when the
sensitivity of consumers to intangibles is varied, a negative relationship between back-
loadedness and profits emerges. The reason is as follows. That consumers become more
sensitive to intangibles favors older firms as they have had more time to accumulate intan-
gibles. This leads to an increase in back-loadedness of profits and also leads to a decline in
the number of firms. This, in turn, increases markups, and if intangible investment would
remain constant this would also lead to an increase in the profit share. However, due to
the increased sensitivity to intangibles the return to intangible investment increases and,
hence, firms increase their intangible investment. This increase in intangibles makes that
overhead costs as a share of sales go up, offsetting the rise in markups, and leading to
a decline in the profit share. The reason that entrepreneurs are still willing to enter the
market despite the increased back-loadedness and fall in aggregate profits is that profits
per firm increase as the number of firms drops sharply leading to larger market shares. In
general, this example highlights that the change in the economic environment that has led
to the rise in back-loadedness cannot have had a large direct negative effect on profits as
that would be inconsistent with the rise in profits.

Related literature This paper contributes to the recently emerging literature that studies
why market power has been increasing over the last decades. Bornstein (2018) finds
that a rise in consumer inertia can explain both the fall in entry and rise in profits, and
Akcigit and Ates (2019) argue that a decline in knowledge diffusion between frontier
and laggard firms is a powerful explanation.1 Both Bornstein (2018) and Akcigit and
Ates (2019) study a model in which there is a life cycle of the firm, and their mechanisms
yield an increase in back-loadedness. In Bornstein (2018), the higher consumer inertia
the longer it takes for firms to build a customer base, which means that profits become
more back-loaded. In Akcigit and Ates (2019) profits become more back-loaded as well

1In another paper, Akcigit and Ates (2021) find as well that a decline in knowledge diffusion leads to a rise
in profits, but in that paper they do not study the effect on firm entry.

4



as due to the decline in knowledge diffusion it takes longer for entrants to catch up with
the leader. A potent explanation for the fall in entry and rise in market power seems to
be changing demographics. Karahan et al. (2019) find that the fall in firm entry is due to
a decline in the growth rate of labor supply, and Engbom (2019) argues that population
aging is important for understanding the fall in entry. Hopenhayn et al. (2018) and Peters
and Walsh (2021) find that the decline in labor force growth cannot only explain the fall
in entry but also the rise in profits. The model in Peters and Walsh (2021) features a life
cycle of the firm. As population growth declines, creative destruction declines which
shifts economic activity to older firms as they will now accumulate more product lines.
Thus, this also features an increased back-loadedness of profits. I add to this literature by
demonstrating that a changing life-cycle pattern of profits is crucial for understanding the
joint rise in profits and fall in entry. In addition, I provide empirical evidence that profits
have indeed become more back-loaded. Furthermore, I show that, in order to explain the
trends, the economic forces that have led to the rise in back-loadedness should not be
associated with a too large increase in overhead costs.

De Ridder (2019) argues that an increase in the variance of intangible efficiency across
firms explains the rise in markups while his calibration targets the fall in entry. However,
the rise in markups in his framework is associated with a rise in fixed costs due to a rise in
intangibles, making it is unclear what happens to profits. Also De Loecker et al. (2021)
focus on markups and not on profits. They find that the rise in markups is due to a fall in
the number of potential entrants and a rise in fixed costs as well.

Gutiérrez et al. (2021) argue that a rise in entry costs is causing the rise in markups and
fall in entry. Weiss (2020) argues that these trends are due to an increased importance of
intangibles, where intangibles can only be purchased in the period when a firm is born.
Thus, in his framework, an increased importance of intangibles is effectively an increase
in entry costs as well. An increase in entry costs is an alternative explanation of the rise in
market power and fall in entry. However, if entry costs are not literally paid upon entry
but are paid during the first years of operation then a rise in entry costs makes that profits
become more back-loaded. Thus, in this sense is a rise in entry costs not that different
from an increase in back-loadedness.

Other explanations for the rise in profits include a decline in interest rates (Liu et al.,
forthcoming), and IT improvements leading to a fall in the firm-level costs of spanning
multiple markets (Aghion et al., 2019). These papers, however, are silent on what happens
to firm entry whereas I focus on the joint fall in entry and rise in profits. Chatterjee and
Eyigungor (2020) find that a decline in interest rates can also lead to a fall in firm entry
and a rise in concentration, but profits are exogenous in their framework.

Finally, Cavenaile et al. (2021) and Edmond et al. (2018) focus on the (dynamic) welfare
effects of the rise in market power while I focus on what explains the rise in market power.
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Figure 2: Illustration of changes to back-loadedness

I Back-loadedness

Suppose an entrepreneur can enter the market by paying an entry cost ce. In an equilibrium
with a positive mass of entrants, entry costs equal the value of the firm,

ce = V = E
∑
a

βaΠa , (1)

where ce denotes the entry costs. The value of the firm upon entry is denoted by V , which
equals the expected discounted sum of profits Πa over the life cycle of the firm, where
firm age is denoted by a and the discount factor is denoted by β < 1. Naturally, profits
might differ over the life cycle, and that is why profits are indexed by a. Also, the firm
might eventually exit the market in which case all future profits are zero. The probability
that a firm exits is incorporated in the expectation operator.

Denote average expected profits over the life cycle of a firm as Π =
E
∑
a Πa
T where T

denotes the average lifetime of the firm. Due to discounting, an entrepreneur prefers to
receive profits sooner rather than later. Compare the value of receiving the actual profit
stream with the value of receiving every period a constant level of profits, namely average
profits.2 Then, the more the entrepreneur prefers to receive the constant stream of profits
over the actual profit stream, the more back-loaded profits are. This naturally leads to the
following definition of back-loadedness.

Definition 1. Back-loadedness Γ of a profit stream equals
∑
a β

aΠ
V where V is the value of the firm

and Π are average profits, as defined in the above.

This definition of back-loadedness has some properties that seem natural for a measure
of back-loadedness. Consider a profit stream and suppose that profits shift to an older

2Here, it is assumed that a firm can live potentially forever. When firms live at most until Tmax it is natural
to calculate average profits as Π =

E
∑
a Πa

Tmax
. This has as advantage that total profits over the life cycle are the

same when comparing the actual profit stream with receiving every period average profits. This is obviously
not the case when considering an infinite horizon. However, the implications for back-loadedness and its
relationship with entry and profits are the same across both models.
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age, meaning that expected profits at age a1 decline by x while expected profits at age a2

increase by x with a1 < a2. Total expected profits over the life cycle of the firm do not
change and therefore average profits do not change. But because x profits now appear
at a later moment, the value of the firm goes down due to discounting. This leads to an
increase in the measure of back-loadedness. Furthermore, there is a cutoff age,

ã =
log (V/E

∑
a Πa)

log (β)
> 0 , (2)

such that when expected profits increase by 1 for an age larger than this cutoff age, back-
loadedness increases. And when expected profits increase by 1 for an age lower than
this cutoff age, back-loadedness decreases, or in other words, the profit stream becomes
more front-loaded. Both properties of this definition of back-loadedness are graphically
illustrated in Figure 2.

Now compare two separate economies with each other and assume that the entry
condition holds. If in one economy profits are more back-loaded than in the other economy,
average expected profits over the life cycle of the firm are larger in the economy with more
back-loaded profits and vice versa. This is because for entrepreneurs to be willing to enter
the market, they need to be compensated for the fact that profits appear later in life.

Theorem 1. In an equilibrium with positive entry, average profits of profit stream b are larger
than those of profit stream c (Πb

> Π
c) if and only if profit stream b is more back-loaded than profit

stream c (Γ b > Γ c).

Proof. The entry condition gives that V b = V c. Using Definition 1 to substitute out firm

value gives
∑
a β

aΠ
b

Γ b
=
∑
a β

aΠ
c

Γ c . Since
∑

a β
a cancels out, this proves the statement.

Higher average profits over the life cycle of a firm do not necessarily imply that
aggregate profits are also larger. This is because there might be fewer firms in the new
equilibrium. Denote the number of firms in an economy by N such that aggregate profits
equal Π̃ = NΠ.3 Suppose that aggregate profits increase while the number of firms
declines. This implies that average profits over the life cycle of the firm have risen. And
by Theorem 1 this means that profits have become more back-loaded. This is summarized
in the next corollary.

Corollary 1. In an equilibrium with positive entry, both the number of firms are smaller and
aggregate profits are larger under profit stream b than under profit stream c (N b < N c and
Π̃b > Π̃c) only if profit stream b is more back-loaded than profit stream c (Γ b > Γ c).

Since in the data profits have increased and the number of firms has declined, this
corollary implies that back-loadedness must have been increasing. However, Corollary 1
does not imply that a rise in back-loadedness necessarily leads to a rise in profits. It could

3To see that this equation holds, note that in a stationary equilibrium life expectancy of a firm is equal to
T = N

E
where E is the number of firms that enter each year (i.e, the number of 1-year old firms in a stationary

equilibrium). Then NΠ = EE
∑
a Πa which equals aggregate profits.
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be that in a new equilibrium in which back-loadedness has increased, aggregate profits
are smaller because the number of firms has decreased substantially. In such a case, the
rise in average profits over the life cycle of a firm would entirely be due to increases in
market shares and not due to increases in firm-level profit shares. However, it turns out
that the condition that aggregate profits are decreasing in the number of firms is sufficient
to guarantee that aggregate profits are larger the more back-loaded profits are.

Theorem 2. Suppose dΠ̃
dN < 0. In an equilibrium with positive entry, aggregate profits are

larger for profit stream b than for profit stream c (Π̃b > Π̃c) if and only if profit stream b is more
back-loaded than profit stream c (Γ b > Γ c).

Proof. ⇒ Suppose Π̃b > Π̃c. This implies N b < N c by dΠ̃
dN < 0. This gives Γ b > Γ c by

Corollary 1.
⇐ Using the entry condition and substituting out firm value using Definition 1 plus

multiplying both sides with Nb

Nc gives after rewriting that Π̃b

Π̃c
= Nb

Nc
Γ b

Γ c . Suppose Γ b > Γ c.

This gives that Π̃b

Π̃c
> Nb

Nc . I continue the proof by means of a contradiction. Suppose that

Π̃b ≤ Π̃c which implies thatN b ≥ N c by dΠ̃
dN < 0. Hence, it cannot be the case that Π̃b

Π̃c
> Nb

Nc .
Therefore, Π̃b > Π̃c.

The condition that aggregate profits are decreasing in the number of firms seems mild
at first sight. For instance, the presence of more firms implies more competition. An
alternative way in which the number of firms affects aggregate profits is through overhead
costs. Suppose there is a fixed overhead cost that has to be paid by all firms. Then, the
more firms there are, the larger aggregate overhead costs. Hence, this also gives a negative
relationship between the number of firms and aggregate profits. Nonetheless, a change
in back-loadedness is in practice driven by a change to firm’s incentives. For instance,
one way in which back-loadedness can have increased is that the return to innovation has
increased. Then, it is possible that firms start to spend much more heavily on innovation.
If this increase in overhead costs per firm is large enough it could be the case that aggregate
profits decrease while the number of firms decreases as back-loadedness increases. Denote
the returns to innovation by ψ such that the total derivative with respect to the number of
firms becomes

dΠ̃

dN
=
∂Π̃

∂N
+
∂Π̃

∂ψ

dψ

dN
.

Take the case where dψ
dN is negative, which is the relevant case since as back-loadedness

increases average profits increase (by Theorem 1) which is naturally associated with a
decline in the number of firms. When ∂Π̃

∂ψ is sufficiently negative it could be that dΠ̃
dN is

positive despite ∂Π̃
∂N being negative. Conversely, as long as the direct effect on aggregate

profits of the change in the economic environment that causes back-loadedness to increase
is not largely negative it is the case that increases in back-loadedness are associated with a
rise in profits.
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Furthermore, I have assumed that the discount rate and cost of entry have not changed.
During the last decades, interest rates have declined, and therefore, discount rates might
have declined as well. All else equal, this would increase the value of owning a firm, and
in equilibrium this would lead to downward pressure on profits as entry increases. Thus,
an increase in back-loadedness would not necessary imply a rise in profits if at the same
time discount rates fall (i.e., a larger β). However, it is still the case that a rise in profits
combined with a fall in entry is associated with profits being more back-loaded. In fact, a
fall in the discount rate would imply that back-loadedness would have increased faster
compared to when discount rates would not have decreased. Furthermore, entry costs
represent partly the opportunity cost of the foregone value of labor earnings. Thus as
agents become more patient, the effective entry cost also increases, and therefore, it is not
necessarily the case that becoming more patient leads to an increase in firm entry. Finally,
a rise in entry costs, for other reasons than a changing discount factor, is an alternative
explanation for the rise in profits and fall in firm entry.

To summarize the theory section, as long as entry costs have not increased, back-
loadedness must have been increasing to rationalize the joint fall in entry and rise in
profits. Moreover, we know that the change in the economic environment that has led to
the rise in back-loadedness cannot have had a large direct negative effect on profits as
this would be inconsistent with the rise in profits. For instance, a change in the economic
environment that not only increases back-loadedness but also increases overhead costs
substantially is unlikely to be the reason that back-loadedness has increased.

II Empirical Evidence Profits-Age Relationship

This section provides evidence of how the profits-age relationship has changed over time.
I use Compustat data for the United States from 1980 until 2019.4 Economic profits are
equal to nominal output, PY , minus operating expenses, PXX , and minus capital costs,
R · PKK,

Profits = PY − PXX −R · PKK . (3)

Nominal output, operating expenses and the nominal capital stock, PKK, are directly
observed. However, as the user cost of capital, R, is not directly observed, also economic
profits are not directly observed. To estimate the cost of capital and hence profits I use
the method developed in Van Vlokhoven (2019). In short, this method regresses firm-
level nominal output divided by operating expenses on a constant and on the capital
stock divided by operating expenses. The profit accounting identity gives an economic
interpretation to the coefficients in this regression. The intercept coefficient gives the
price-average cost ratio and the slope coefficient gives the price-average cost ratio times

4Compustat data goes back to the early 1950s. However, during the early years there are relatively few
firms and hence I focus on the period from 1980 onwards. This is also the relevant period for the increase in
profits and fall in firm entry.
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the cost of capital. The cost of capital is then simply the slope coefficient divided by the
intercept coefficient. I estimate the cost of capital this way for each industry and year.5

Alternatively, capital costs can be estimated using the required rate of return approach
which uses information on the real interest rate and depreciation rate (Hall and Jorgensen,
1967). Using the required rate of return approach gives similar results for the profits-age
relationship. See Appendix A for details on how I estimate economic profits, and for
details regarding the data.

In addition to profits, I need data on firm age which is not directly available in
Compustat. Therefore, I complement Compustat with data on the year in which a firm
was incorporated. This data comes from Field and Karpoff (2002), Loughran and Ritter
(2004), Jovanovic and Rousseau (2001) and fundinguniverse.com. Then, the age of the
firm in a given year is simply the year of incorporation subtracted from the reporting
year. When different sources report a different incorporation year, I take the lowest value
among these sources. I observe firm age for around 56% of the observations and I trim the
top and bottom percentile of the profits and profit share (of sales) distribution to remove
outliers. This leaves me with a sample of 82 thousand firm-year observations and a bit
more than 7 thousand unique firms for which I observe profits and firm age.

Compustat data covers mainly publicly listed firms and a disadvantage of this data is
thus that the firms included are not a random sample of the universe of US firms. These
are firms that tend to be older and larger than the typical firm. Nevertheless, although
Compustat tends to overrepresent older firms there are still many young firms in this
data set. Figure 3 shows that the firm ages that are most common in this data are the ages
from five till twenty years old.6 However, there are relatively few firms younger than five
years old. I mainly use the Compustat data to document how the profits-age relationship
has changed over time. Sample selection is therefore not a problem per se. However, it
can become problematic when sample selection is changing over time. The number of

5When I refer to industries I refer to 2-digit SIC codes. I use the SIC code instead of the NAICS code to
classify industries as around 1.5% of observations has a missing NAICS code (mainly in the early years).

6Also the distribution of firm age does not change much over time, although in the later period of the
sample there are particularly few firms younger than five years old (see Figure 11 in Appendix C).
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firms in Compustat displays an inverse U-shape over time with the maximum number of
firms occurring in the late 1990s. This can affect the results in several ways. If firms that
go public tend to be relatively profitable, then the decline in the number of IPOs would
have led to selection into more profitable firms after 2000 compared to before 2000. Thus,
this would lead to an upward biased estimate of profits among the relatively young firms
that appear in the data for the later periods. Hence, in this case, I would underestimate
the increase in the slope of the profits-age relationship. If, alternatively, during the later
period the most profitable young firms decided to stay private for a longer time or were
more likely to be acquired, I would overestimate the increase in the relationship between
profits and firm age. It is important to note here that Compustat also includes some firms
that have not gone public. For instance, when a firm has issued corporate bonds it might
be required to file reports to the SEC which provides the basis for Compustat.

To calculate profits over the life cycle of the firm I bin firms into age bins of five years
and I collapse the data into decades starting with the 1980s and ending with the 2010s. As
an example, suppose that I observe a firm that was founded in 1986 from 1990 onward.
Then, in order to calculate profits by age bin in the 1990s, that firm is used twice to calculate
profits of firms in the 0–5 years age bin (namely the observations for 1990 and 1991). The
observations of that firm for the years 1992 until 1996 are used to construct profits among
firms six to ten years old in the 1990s. And likewise for the years 1997 until 1999. The
observations of this firm for the years 2000 and 2001 are used to construct profits among
firms 11–15 years old in the 2000s etc.

Figure 4 shows the resulting average profits by firm age for the four different time
periods. Profits are deflated by the GDP deflator and the vertical lines denote 95% confi-
dence intervals in this and all subsequent figures, with standard errors clustered at the
firm level. The profits-age relationship has become steeper over time. During the 1980s
and the 1990s, old firms were only making moderately more profits than young firms. But
after 2000, old firms started to make much more profits while the profits of young firms
hardly changed. During the 2000s, firms younger than ten years old made essentially no
profits, while firms that were more than twenty years old made more than 100 million
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Table 1: Effect of age on profits

(1) (2) (3) (4)
Profits Profits Profits Profits

Age 2.295∗∗∗ 2.149∗∗∗

(0.203) (0.192)

Log age 86.36∗∗∗ 63.42∗∗∗

(6.179) (4.896)

1990s × age -0.264∗ -0.220
(0.103) (0.147)

2000s × age 0.991∗∗∗ 1.133∗∗∗

(0.205) (0.315)

2010s × age 3.567∗∗∗ 3.961∗∗∗

(0.493) (0.837)

1990s × log age -3.012∗ -9.556∗

(1.279) (3.747)

2000s × log age 11.71∗∗∗ 50.89∗∗∗

(2.344) (8.677)

2010s × log age 47.41∗∗∗ 180.6∗∗∗

(5.684) (28.65)

Industry × year FE X X
Observations 82727 82727 82537 82537
R2 0.090 0.146 0.065 0.133
Standard errors clustered at the firm level in parentheses. Profits refer to real
profits in millions of 2012 US dollars, deflated using the GDP deflator. Age is
denoted in years. The left out category for the decade times age interaction
is the 1980s.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

dollar of profits on an annual basis. During the 1980s and 1990s only for firms more than
40 years old there was a substantial increase in profits compared to younger firms, but this
increase in profits for the oldest firms is even steeper after 2000. The profits-age gradient
was also larger during the 2010s than during the 2000s.

Figure 4 simply plots average profits for each age bin. An alternative method to study
the life-cycle pattern of profits is to regress profits on firm age interacted with a dummy for
each decade, potentially with industry times year fixed effects. Table 1 shows that in the
2000s and 2010s the relationship between profits and age was significantly larger than in
the 1980s and 1990s both when profits depend linearly on age or in a logarithmic fashion.
Also, the results are robust to including industry times year fixed effects. In the 1980s and
1990s there was a positive relationship between age and profits. Firms that were 1 year
older would have on average 2.1 million larger profits measured in 2012 US dollars, and
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the profits-age relationship was not significantly different between the 1980s and 1990s.
In the 2000s firms that are 1 year older were making on average 3.3 million dollar more
profits, and during the 2010s increasing age by 1 year led to a 6.1 million dollars increase
in profits on average.7 These regressions assume profits depend linearly on age or in a
logarithmic fashion. These results are not driven by the very youngest and oldest firms.
Similar coefficients are obtained when omitting firms younger than 10 years and older
than 50 years. Table 4 in Appendix C shows that the coefficient on firm age also becomes
larger for the more recent periods when including firm-level fixed effects. Figure 10a in
Appendix C shows that also when profits are allowed to non-parametrically depend on
age (again by means of 5-year age bins) the profits-age relationship becomes steeper over
time when controlling for industry times year fixed effects.

It is not only the case that the slope of profits with respect to age has been increasing
over time, but also back-loadedness as defined by Definition 1 has been increasing. Figure 4
shows profits conditional on firm survival, whereas the definition of back-loadedness
uses profits expected at the time of entry, including the possibility of exiting the market.
To calculate expected profits I obtain the probability of survival up to a certain age from
the US census Business Dynamics Statistics. And expected profits is equal to profits
conditional on surviving multiplied by the survival probability. Figure 12 in Appendix C
shows that also expected profits have predominantly increased for the older firms. Given
the results on profits conditional on firm survival this should come at no surprise as the
exit rate by firm age has not changed much over time (Hopenhayn et al., 2018).8 More
formally, we can calculate back-loadedness according to Definition 1. Back-loadedness
depends on the discount rate. When the annual discount rate is 4% back-loadedness
increases by 30% from 8.0 before 2000 to 10.3 after 2000. And when the discount rate is 8%
back-loadedness increases from 7.5 to 16.7. Thus, we can conclude that back-loadedness
has increased over time. Note that a discount rate of 8% might seem large but one has to
take into account that this number refers to a stochastic discount rate. Furthermore, it is
relevant to note that the level of back-loadedness depends strongly on profits at a young
age and these are the least precisely estimated. However, Figure 4 indicates that also the
relationship between profits and age has become steeper over time when the youngest
firms are excluded.

It is also interesting to see whether the change in the profits-age relationship is different
across industries. Table 2 shows that for both manufacturing firms and non-manufacturing
firms the relationship between firm age and profits has become steeper over time, although

7One reason that there is a steeper age profile is that aggregate profits have been increasing over time.
When profits increase in the same proportion for all ages, the coefficient on age would mechanically increase
(it is not possible to regress log profits on age as profits can be negative). During the 2000s the profit share was
27% larger than during the 1980s (Van Vlokhoven, 2019). Thus, by this effect, we would have expected the
age coefficient for the 2000s to be 0.58 (= 0.27 × 2.15) larger while instead I find it to be 1.13 larger than in the
1980s. And during the 2010s, the profit share was 58% larger and thus we would expect the age coefficient to
be 1.25 (= 0.58 × 2.15) larger, while I find it to be 3.96 larger. Thus, the change in the profits-age relationship
exceeds what would have been expected from only an increase in aggregate profits.

8When we consider median profits instead of average profits, it becomes more clear that the youngest
firms make less profits in expectation than they used to do (see Figure 12).
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Table 2: Effect of age on profits for manufacturing and non-manufacturing

Manufacturing Non-Manufacturing
(1) (2) (3) (4)

Profits Profits Profits Profits
Age 2.410∗∗∗ 2.052∗∗∗ 2.301∗∗∗ 2.449∗∗∗

(0.248) (0.223) (0.353) (0.367)

1990s × age -0.126 -0.122 -0.707∗∗∗ -0.527∗

(0.120) (0.176) (0.204) (0.261)

2000s × age 1.220∗∗∗ 1.675∗∗∗ 1.159∗∗∗ 1.300∗∗

(0.242) (0.373) (0.339) (0.483)

2010s × age 3.920∗∗∗ 5.000∗∗∗ 2.615∗∗∗ 1.407
(0.619) (1.011) (0.788) (1.445)

Industry × year FE X X
Observations 47859 47859 34868 34868
R2 0.109 0.155 0.057 0.135
Standard errors clustered at the firm level in parentheses. Profits refer to real
profits in millions of 2012 US dollars, deflated using the GDP deflator. Age is
denoted in years. The left out category for the decade times age interaction
is the 1980s.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

the change has been somewhat stronger for manufacturing. Figure 13 in Appendix C
shows that also according to the raw data profits have become more back-loaded for both
manufacturing and non-manufacturing firms.

The changing life-cycle pattern of profits is robust to a variety of checks. The profits-age
gradient also increases over time when considering median profits within an age-decade
bin, and therefore the changing life-cycle pattern of profits is not driven by only a few
firms becoming extremely profitable (Figure 10b), although one difference is that the slope
for the median firm mainly changes only after 2010. Moreover, as already indicated, the
results are robust to using another estimate of the cost of capital. An alternative method
to estimate capital costs and economic profits is the required rate of return approach
which approximates the cost of capital by the real interest rate plus the depreciation rate.
Figure 10c shows that doing so leads to similar results. Also, the results are not driven by
the great recession affecting younger firms to a larger extent than older firms since there is
also a steeper life-cycle profile of profits for the period 2000–2005 (Figure 10d). Finally,
some of the firms in the data set are the result of a merger or of acquiring other firms.
Then one reason that older firms make more profits nowadays is that M&A activity has
increased over time. Therefore, I use data on M&A deals from SDC platinum and exclude
all firms that have been involved in M&A activity. This specification has as downside that
this excludes some of the most profitable firms as firms that are involved in M&A activity
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are likely to be relatively profitable.9 Figure 10e shows that the profits-age gradient still
increases over time when firms with M&A deals are excluded although the rise in the
gradient is smaller than in the baseline.

Finally, one possible explanation for the observed change in the life cycle of profits is
that young profitable firms are acquired by older firms nowadays. This would lower the
observed average profits among young firms compared to when these profitable firms
were not acquired and thus observed as a separate entity. This explanation would be
consistent with the increased number of M&A deals over time. To rule this possibility out
I obtain the M&A deals from 1980 onward from Securities Data Company Platinum when
the acquired company is based in the United States. I then correlate the deal value with
the firm age of the acquired firm at the time of acquisition (Figure 14 in Appendix C). This
exercise leads to two striking results. The first is that the value of firms younger than 20
years is not higher in real terms after 2000 compared to the period before 2000. Thus, the
results in Figure 4 are not driven by the most profitable young firms being more likely to
exit nowadays. The second striking result is that although Figure 14 shows that the value
of the youngest firms has not increased over time, the value of the older firms did increase
over time. This is consistent with the hypothesis laid out in this paper. Namely, when
entry cost are constant over time, but with profits becoming more back-loaded it is the
case that the (average) firm value only increases for older firms.

III Age or Firm Size?

The changing relationship between firm age and profits could be due to a direct effect or
it could be mediated through an other variable such as firm size. Older firms tend to be
larger and the relationship between firm size and profitability has become stronger over
time (Van Vlokhoven, 2019). Then, changes in the relationship between age and firm size
and in the relationship between firm size and profits affects the relationship between age
and profits. Suppose that age and firm size affect profits in an additive way:

Πt(a) = At(a) + St(st(a)) . (4)

The changing relationship between profits and firm age, Πt(a), can be due to a direct effect
of changes in At(a), but it could also be due to a changing relationship between firm size
and profits as denoted by the function, St(·), or a changing relationship between age and
firm size, st(a).

Here I decompose the change in the life cycle of profits in these three terms. That is, I

9Since I only observe M&A deals from 1980 onward I analyze profits only from 1990 onward as I am likely
to overestimate profits in the 1980s (i.e., I would still include firms that did an M&A deal in 1979). That I only
observe deals from 1980 onward is less of a problem for the later periods as firms that engage in M&A activity
are likely to do so more than once.
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regress the following equation

Profitsijt = β0 +
∑
k

βage,<2000
k Dk

ijt1t<2000 +
∑
k

βage,≥2000
k Dk

ijt1t≥2000+ (5)

S<2000(sijt)1t<2000 + S≥2000(sijt)1t≥2000 + Θjt + εijt ,

where Dk
ijt denote a dummy variable for whether a firm i in industry j in year t is in

age bin k. And S consists of a third-order polynomial in sales and log sales. Θjt denote
industry times year fixed effect. I use the coefficients of this regression to construct
counterfactuals of what would have happened to the profits-age relationship if only the
size-age relationship, s(a), would have changed and if the size-age relationship plus the
profits-size relationship, S(s), would have changed. Figure 5 shows the results of such a
decomposition. Like before, the blue circles and pink squares shows average profits for
each age bin before and after 2000, respectively. These values are identical to the values in
Figure 4, except that now the entire time period is split into two periods instead of into
four decades. The orange triangles show average profits for each age bin when profits are
constructed using β̂age,<2000 and Ŝ<2000(s), but with the size distribution for the period
after 2000. Thus, the orange triangles show the effect on profits over the life cycle of only
changing the relationship between firm size and firm age. As the orange triangles are
not much different from the blue circles, the changing profits-age relationship is not due
to a change in the size-age relationship.10 The black diamonds show average profits for
each age bin when profits are constructed using β̂age,<2000 and Ŝ≥2000(s). As the black
diamonds are close to the pink squares and very different from the orange triangles, the
change in the life cycle of profits is to a large extent determined by a changing relationship
between firm size and profits as captured by a change in Ŝ≥2000(s) compared to Ŝ<2000(s).
However, these results do not mean that almost the entire effect is due to a change in
S(s) only. The black triangles namely also include the interaction between a change in
the profits-size relationship and a change in the size distribution. It turns out that this
interaction is important. When calculating the life cycle of profits for the size distribution
before 2000 but with Ŝ≥2000(s) we get average profits that are relatively close to the orange
triangles. This implies that the changing life-cycle pattern of profits is mainly due to
a changing interaction between the size-age relationship and profits-size relationship.
Finally, the remaining direct effect of a change in At(a) is limited as the black triangles are
close to the pink squares.

IV Model

I build a quantitative model of the firm to study to what extent the changing life-cycle
pattern of profits explains the rise in profits. This also allows me to study what change

10This does not mean that the size-age relationship has not changed over time. Figure 15 shows that older
firms have become on average larger.
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Figure 5: Decomposition of profits over the life cycle

in firms’ incentives has led to an increase in profits, fall in entry and increase in back-
loadedness at the same time. I consider a model of monopolistic competition with a
Kimball (1995) aggregator.

Households Suppose there is a representative household that consumes a level C of
the final good, supplies labor, L, inelastically in a competitive labor market for a wage w,
and owns the firms. For simplicity, I assume that agents do not save and thus consume all
their income within each period. The income of households is labor income plus profits.

Final good sector Suppose there are N varieties indexed by ω and that a competitive
firm produces the final good, Y , according to a Kimball aggregator∫ N

0
χ(ω)ψΥ

(
y(ω)

Y

)
dω = 1 , (6)

where Υ(q) is strictly increasing, strictly concave and satisfies Υ(1) = 1. χ(ω) denotes
(perceived) quality of a variety, which I will also refer to as brand value or intangible
capital, and the parameter ψ governs to what extent quality is valued. Taking input prices
p(ω) as given, the first-order conditions yield the following demand equation for each
variety

p(ω) = χ(ω)ψΥ′
(
y(ω)

Y

)
PY

(∫ N

0
χ(ω)ψy(ω)Υ′

(
y(ω)

Y

)
dω

)−1

︸ ︷︷ ︸
D

, (7)

where D is a demand index and P denotes the aggregate price index. An increase in
perceived quality shifts the demand curve out.

Firms Each variety ω is produced by one firm using production labor, lp, according to
the production function y = zlηp . Each firm chooses its price and production level in order

to solve the following static maximization problem maxp(ω),y(ω) p(ω)y(ω) − w
(
y(ω)
z

)1/η
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subject to demand (7). This gives the following first-order condition

p(ω) =
1

1 + y(ω)
Y

Υ′′
(
y(ω)
Y

)
Υ′
(
y(ω)
Y

) mc(ω) ,

where the term in front of the marginal cost, mc(ω), is the markup. I use the Klenow and
Willis (2016) specification for Υ such that the markup becomes11

µ(ω) =
σ
(
y(ω)
Y

)−ε/σ
σ
(
y(ω)
Y

)−ε/σ
− 1

.

Thus, the price elasticity of demand, σ
(
y(ω)
Y

)−ε/σ
, is decreasing in firm size and therefore

the markup is increasing in firm size. σ denotes the average elasticity and −ε/σ is the
elasticity of the elasticity with respect to firm size (i.e., the super-elasticity). Panel a and b
of Figure 6 show how the price and the markup depend on productivity z and intangible
capital stock χ. The larger process efficiency the lower the marginal cost and therefore also
the lower the price. However, the price does not fall one-to-one with productivity as the
markup increases when productivity increases. The markup, and therefore the price, are
also increasing in intangibles. The reason is that when intangibles are larger, the demand
curve shifts outward leading to a larger quantity bought as displayed in panel c, this in
turn leads to a lower elasticity of demand and therefore a higher markup and price. Thus,
a larger intangible capital stock makes that consumers want to buy more of the product for
a given price and that consumers become less sensitive to the price which implies a larger
markup. Panel d shows that both productivity and intangibles have a positive effect on
profits. This is because both lead to a larger quantity sold and a higher markup charged.

Panel c and d of Figure 6 also show that the relationship between intangible capital
on the one hand and firm size and therefore profits on the other hand is larger when
productivity is larger. When productivity is low, the marginal cost is high and therefore
the price is relatively high. Given this high price, demand will always be relatively low
even when intangibles are large. On the other hand when productivity is large the price is
relatively low and a small increase in intangibles will lead to a large increase in demand.
This joint relationship between productivity, intangibles, and size and profits means that
there is a complementary between productivity and intangible capital. More productive
firms want to invest more in intangible capital. They can do so by hiring labor lχ. I further
assume that these investments take time to materialize and that the current intangible

11The Klenow-Willis specification is the following

Υ(q) = 1 + (σ − 1) exp(1/ε)ε
σ
ε
−1

[
Γ

(
σ

ε
,

1

ε

)
− Γ

(
σ

ε
,
qε/σ

ε

)]
,

with σ > 1, ε ≥ 0 and where Γ(s, x) denotes the upper incomplete Gamma function: Γ(s, x) =
∫∞
x
ts−1e−tdt.

This gives that Υ′(q) = σ−1
σ
e

1−qε/σ
ε and Υ′′(q) = −σ−1

σ2 e
1−qε/σ

ε q
ε
σ
−1.
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Figure 6: Relationship of firm-level productivity and intangible capital with indicators of firm
performance

capital stock also depends on past investments. This leads to the following dynamic firm
problem in which the firm invests in intangibles to maximize the present value of expected
profits

V (z, χ, a) = max
lχ

Gross profits︷ ︸︸ ︷
p(z, χ)y(z, χ)− wlp(z, χ)−

Intangible investment
plus fixed overhead︷ ︸︸ ︷

(wlχ + wlo) +β(1− δa)EzV (z′, χ′, a+ 1)

s.t. χ′ = g(χ, lχ) .

Labor used for intangible investment affects intangibles in the next period through the
function g(χ, lχ). In addition to labor used for production and intangible investment,
the firm also has to hire a fixed amount of labor, lo, for overhead purposes each period.
The discount factor is denoted by β. I take the exit rate to be exogenous as exit rates by
firm age have not changed over time (Hopenhayn et al., 2018). The probability of exit, δa,
depends on age, a, which makes that age becomes a state variable. Productivity evolves
stochastically over time.

Entry In order to enter the market an entrepreneur has to hire an amount of labor
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le for one period. Only after paying this entry cost the firm becomes aware of its initial
productivity level. Thus, the entry condition is

wle ≥ EV (z, χ, 1)

which holds with equality in case of a positive entry rate.
Equilibrium A stationary recursive equilibrium consists of a measure of firmsH(z, χ, a),

a value function V (z, χ, a), prices p(z, χ), allocations y(z, χ), lp(z, χ), lχ(z, χ, a), wages w,
aggregate output Y , consumption C, price index P , demand index D, labor supply L and
aggregate profits Π such that

1. y(z, χ) and Y solve the optimization problem of the final good sector given p(z, χ).
And P =

∫
p(z, χ, a)y(z,χ,a)

Y dH(z, χ, a) such that profits of the final good sector are
zero;

2. p(z, χ), y(z, χ) and lp(z, χ) solve the static firm problem given w, D and Y ;

3. V (z, χ, a) and lχ(z, χ, a) solve the dynamic firm problem given w, P , p(z, χ), y(z, χ),
and lp(z, χ);

4. H(z, χ, a) is consistent with intangible investment lχ(z, χ, a) and the entry condition;

5. Aggregate profits are equal to Π =
∫
p(z, χ, a)y(z, χ, a)−w[lp(z, χ, a) + lχ(z, χ, a)]−

wlo]dH(z, χ, a)− wle
∫
dH(z, χ, 1);

6. Labor markets clear:
∫
lp(z, χ, a) + lχ(z, χ, a) + lo dH(z, χ, a) + le

∫
dH(z, χ, 1) = L;

And good markets clear: Y = C.

See Appendix D for the solution algorithm.
Calibration I calibrate the model to the US economy between 1980 and 2000. I assume

that a period is one year and set the discount rate to 0.96. Furthermore, I let productivity
follow an autoregressive process over the firm’s life cycle

log(za+1) = ρa + ρz log(za) + ξa ,

where ρa denotes changes in average productivity over the life cycle of the firm. This
process is parameterized such that average productivity grows at the rate γz during the
first 25 years and is constant afterwards. γz is set to 0.0045 to target the growth rate in
profits of firms between the ages 8 and 28. Average log productivity at the time of entry is
normalized to zero. The error term, ξa, is normally distributed with standard deviation σz
which is set to 0.05 to target the variance of the log of sales of firms older than 30 years.
The autocorrelation of productivity, ρz , is set to 0.985 to target the autocorrelation of sales
among firms older than 30 years.

The evolution of intangible capital is modeled as follows

χa+1 = (1− δ)χa + νlφχa .
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Table 3: Calibration

Parameter Description Value Target moment Data Model
ψ Sensitivity to intangible capital 0.245 Difference log of sales between ages 8 and 28 1.06 1.00
σ Elasticity of demand 5.65 Cost-weighted avg markup (De Loecker et al., 2020) 1.26 1.25
γz Growth rate productivity 0.0045 Difference profits between ages 8 and 28 1.03 1.02
ρz Autocorrelation productivity 0.985 Autocorrelation sales 0.99 0.99
σz Std dev shocks to productivity 0.05 Variance log of sales 2.49 2.47
lo Overhead cost 0.0173 Profit share (Van Vlokhoven, 2019) 0.058 0.058
le Entry cost 0.147 Mass of firms 1 1
ν Productivity marketing 1.036 Output 1 1
δa Probability of exit by age — Exit rate (Business Dynamics Statistics) — —
β Discount rate 0.96 Externally calibrated — —
δ Depreciation rate intangibles 0.3 Externally calibrated — —
ε Super-elasticity 1 Externally calibrated — —
η Returns to scale production 1 Externally calibrated — —
φ Returns to intangible investment 0.5 Externally calibrated — —

Notes: if not indicated otherwise, all moments refer to Compustat data between 1980 and 2000. Sales and profits by age
are calculated using a 5-year average in both data and model. Thus, sales and profits at age 8 refer to average sales and
profits between the ages of 6 and 10. The autocorrelation and variance of sales are calculated for firms older than 40 years.

Past intangible capital caries over to the current period but depreciates over time at the
rate δ. The depreciation rate is exogenously set at 0.3. The returns to scale of the intangible
production function are denoted by φ and this parameter is exogenously set to 0.5. The
efficiency of intangible investment is denoted by ν which is set to 1.04 in order to normalize
the size of the economy, Y , to 1. Furthermore, it is assumed that firms enter the market
with an intangible capital stock of zero. The extent to which intangible capital or brand
value is valued by consumers, ψ, is calibrated targeting the growth of sales between
the ages of 8 and 28. The larger ψ, the larger the incentives to investing in intangible
capital and therefore the larger older firms are as they have had more time to accumulate
intangible capital. If find a ψ of 0.245.

I calibrate the elasticity of demand, σ, to target the cost-weighted average markup in
1990 as estimated by De Loecker et al. (2020). This gives an elasticity of 5.65. As is shown
above, the super-elasticity, ε/σ, governs the relationship between markups and firm size
measured in real terms. However, as I do not observe real quantities I cannot estimate this
parameter directly in this way. An alternative is to use the relationship between the profit
share and firm size. However, during the period before 2000 the relationship between the
profit share and firm size is limited which would imply a super-elasticity of close to zero,
while after 2000 a strong relationship emerges. Therefore, I exogenously set ε to 1. This
gives a super-elasticity of 0.18 which is close to the value of 0.16 that is found by Edmond
et al. (2018).

Overhead costs are calibrated to target the profit share gross of entry costs as estimated
in Van Vlokhoven (2019) and entry costs are such that the mass of firms is equal to 1. This
gives that labor needed for fixed overhead each period equals 0.0173 and labor needed to
set up a firm equals 0.147. Total labor supply is normalized to 1. The probability of exit is
taken from the firm exit rate as reported in the Business Dynamics Statistics. In the first
year, the exit rate is 0.19 after which it slowly declines to 0.05 in the eleventh year after

21



0 5 10 15 20 25 30 35 40

Age

-1.5

-1

-0.5

0

0.5

1

1.5

2

Lo
g 

sa
le

s
Data
Model

(a) Average log sales in model and data (normal-
ized to zero at age 8)

0 5 10 15 20 25 30 35 40

Age

-1

-0.5

0

0.5

1

1.5

2

N
or

m
liz

ed
 p

ro
fit

s

Data
Model

(b) Normalized profits

0 5 10 15 20 25 30 35 40

Age

0.05

0.1

0.15

0.2

0.25

0.3

0.35

S
ga

/s
al

es

Data
Model

(c) Sales-weighted average sga/sales in model
and data

0.8 0.9 1 1.1 1.2 1.3 1.4 1.5
0

0.1

0.2

0.3

0.4

0.5

(d) Labor used for intangible investment lχ as a
function of productivity z and current intangible
stock χ for old firms

Figure 7: Model moments

which I set it constant at 0.05. Finally, the returns to scale of production are set to 1.12 An
overview of the calibration values is given in Table 3. The model matches the targeted
variables well.

Figure 7a shows that the model overestimates sales growth for the youngest ages
while it underestimates sales growth for older ages. The reason is that the youngest firms
that are in Compustat are not representative of the typical young firm. They are likely
to be larger than the typical firm. Furthermore, in the model firms stop growing once
productivity is no longer increasing exogenously and firms have reached their equilibrium
value of intangible capital. Instead, in the data firms continue to grow. One explanation
for this difference is that the model captures single-product firms while in the data firms
might expand into new product lines as they grow older. Figure 7b shows how profits in
the model compare to the data. This figure shows profits normalized such that average

12In practice, setting the returns to scale equal to 1 gives some numerical problems as some firms grow
extremely large. To bound the firm distribution, I set the returns to scale close to but just below 1: i.e., to
1 − 10−12.
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profits during the first 40 years are equal to 1 in both data and model. In the calibration I
target the change in these normalized profits between the ages of 8 and 28. Also here, the
youngest firms make less profits in the model than in the data. However, different from
sales, profits do not increase for the older firms in the data which is captured by the model.
As it is for the purposes here more relevant to match profits than size over the life cycle I
choose to let productivity only grow until the age of 25.

Figure 7c shows how overhead expenditure as a share of sales varies over the life cycle
of the firm which is non-targeted. The sales-weighted average is plotted. In the model,
overhead expenditure refers to fixed overhead costs wlo plus intangible investments wlχ
while in the data it refers to selling, general and administrative costs (sga). Overhead costs
are larger in the data than in the model. This could partly be because firms have freedom
in deciding which costs to classify as sga and, therefore, some production costs might be
included in sga. However, both model and data display a negative relationship between
firm age and overhead expenditure relative to sales, and the relationship becomes flat for
older firms. The difference between model and data is that for young firms the model
yields much larger overhead expenditure relative to sales. This is mainly due to young
firms in the model being relatively small.

Finally, Figure 7d shows the complementarity between productivity and intangible
investment. Productive firms invest more in intangibles than unproductive firms. This
relationship holds independent of the current level of intangibles. Furthermore, the low-
productive firms invest almost nothing in intangibles. As discussed above, this is because
the level of profits is more responsive to intangible capital when productivity is large.

V Results

I will vary three different model parameters that are related to intangibles in order to study
the effect of back-loadedness on the profit share and the mass of firms. The first parameter
I vary is the depreciation rate of intangible capital. The lower the depreciation rate the
higher the stock of intangible capital that firms will accumulate eventually. This favors
older firms and therefore leads to profits becoming more back-loaded. The green solid
line in Figure 8a shows the relationship between back-loadedness and the profit share
when the depreciation rate varies between 0.2 and 0.35, and all other parameter values
do not change. When the depreciation rate falls to 0.2, back-loadedness increases by 22%
compared to the baseline while the profit share increases from 5.8% to 6.4%. On the other
hand, when the depreciation rate increases from 0.3 to 0.35 back-loadedness falls by 7.5%
and the profit share drops to 5.6%. Thus, varying the depreciation rate yields a positive
relationship between back-loadedness and the profit share as predicted by Theorem 2.
However, this relationship flips sign when it is the sensitivity to intangible capital, ψ, in
the Kimball aggregator that is changing. The more sensitive consumers are to intangible
capital the more firms will invest in intangible capital. A larger sensitivity favors older
firms as they have had more time to accumulate intangibles, and therefore, leads to profits
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becoming more back-loaded. When ψ increases from 0.245 to 0.275, back-loadedness
increases by 19%, but the profit share decreases from 5.8% to 5.6%. Also when it is the
productivity of intangible investment, ν, that is changing, a negative relationship between
back-loadedness and profits emerges. When ν increases from 1.04 to 2.5, back-loadedness
increases by 7.5% and the profit share drops to 5.5%. Figure 8b shows that varying each
parameter yields a negative relationship between back-loadedness and the number of
firms.

Why does a negative relationship emerge between back-loadedness and the profit share
when changes in back-loadedness are driven by changes in the sensitivity to intangible
capital and productivity of intangible investment? Let’s first focus on changes in ψ and
for now assume that firms do not change their intangible investment in response. This
makes that an increase in ψ is favorable for old firms. Young firms have a relatively low
intangible capital stock and therefore their market share and markup will decrease as
ψ increases. On the other hand, older firms have a larger intangible capital stock and
will therefore increase their market share and markup in response. This shifts profits
from a young to an old age and therefore makes that profits become more back-loaded.
The intuition behind Theorem 2 is that as a result of this, the value of entry falls below
the cost of entry and therefore entry will go down. Due to less competition, the markup
and aggregate profits will increase. Also with fewer firms, the fixed overhead costs have
to be paid by fewer firms which increases aggregate profits. However, in response to
the increased sensitivity to intangible capital firms will also increase their investment in
intangibles, which lowers aggregate profits. It turns out that the latter effect dominates the
direct effect on profits from a decline in the number of firms. Total expenditure on fixed
overhead costs and intangible investment increases by 1.1 percentage points as a share of
sales when ψ = 0.275 compared to the baseline while the fall in the profit share is only 0.2
percentage points. Thus, the rise in overhead costs is responsible for the fall in profits in
this case. Figure 8b shows that entry goes down substantially and the measure of firms
decreases by 18% as ψ increases from 0.245 to 0.275. This sharp drop is such that firms can
increase their market share and are able to recover their increased overhead expenditure.

Varying ν also leads to a negative relationship between back-loadedness and the profit
share but for different reasons. An increased productivity of intangible investment leads
to a larger stock of intangibles which in turn changes the firm size distribution. Due
to the markup being related to firm size, changes to the firm size distribution affect the
aggregate markup. In this case it leads to a lower markup. Thus, despite that there are
fewer firms, aggregate markups are declining which leads to a decline in the profit share.
Total expenditure on intangibles and fixed overhead as a share of sales does not depend
much on ν. Despite the fall in profits and rise in back-loadedness, the entry condition
holds because firm are now larger and the average level of profits per firm therefore
increases. That firms are larger is because there are fewer firms and total output increases
due to the increase in productivity.

Only a fall in the depreciation rate of intangibles can explain the increase in profits

24



0.9 0.95 1 1.05 1.1 1.15 1.2 1.25

Back-loadedness

0.054

0.056

0.058

0.06

0.062

0.064

0.066

P
ro

fit
 s

ha
re

(a) Back-loadedness and the profit share

0.9 0.95 1 1.05 1.1 1.15 1.2 1.25

Back-loadedness

0.8

0.85

0.9

0.95

1

1.05

1.1

1.15

M
as

s 
of

 fi
rm

s

(b) Back-loadedness and the measure of firms

Figure 8: Effect of model parameters on back-loadedness, the profit share and the mass of firms.
Back-loadedness is normalized to 1 in the baseline

combined with a fall in entry. To study to what extent a change in back-loadedness can
explain these trends quantitatively I set the depreciation rate such that the model matches
the observed rise in back-loadedness. A depreciation rate of 0.165 matches the observed
33% rise in back-loadedness. In the model, this implies a one percentage point increase in
the profit share, from 5.8% to 6.8%, while in the data, the profit share increases to 7.5%.
The increase in back-loadedness thus explains a bit more than half of the observed increase
in profits. Note, that this is the profit share gross of entry costs. The profit share net of
entry costs increases as well; from 4.7% to 5.8%. The rise in back-loadedness also leads to
a 10% decline in the number of firms which is a bit more than the observed 8% decline in
the number of firms. Thus, the change in back-loadedness can more than fully explain the
fall in firm entry.

The measure of back-loadedness is sensitive to the level of profits of the youngest
firms and therefore, it is problematic that I only observe relatively few young firms. A
more robust measure of the life cycle of profits is by how much do firm-level profits
grow between the ages of eight and twenty-eight. In the data, this alternative measure of
back-loadedness has grown by 56%. Matching this moment with the model implies that
the depreciation rate has fallen from 30% to 13%. This gives that the mass of firms drops
with 14% and that the profit share increases to 7.3%. Thus, the changing life-cycle pattern
of profits has the potential to explain the rise in profits almost in its entirety.13

The model suggests that it is more likely that the depreciation rate of intangibles
has declined than that productivity of intangibles has changed or that the sensitivity to
intangibles has changed. A natural question to ask is what can explain this fall in the
depreciation rate. Some options are given by the literature. For instance, a decrease in
knowledge diffusion as studied by Akcigit and Ates (2019) implies that laggards are less

13In an earlier version of this paper I have also studied a model in which firms engage in Cournot
competition à la Atkeson and Burstein (2008) but without investment in intangibles. Such a model could
as well explain more than half of the rise in profits and more than fully the fall in the number of firms. See
Van Vlokhoven (2020) for details.
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likely to catch up with leaders. From the perspective of the leaders, this implies that their
R&D investments depreciate slower. The decline in population growth as studied by Peters
and Walsh (2021) suggests there is less creative destruction coming from entrants. Having
a lower depreciation rate is a reduced form way of modeling less creative destruction.
Finally, an increase in consumer inertia as studied by Bornstein (2018) implies that firms
are less likely to lose their customers once they have attracted them. Thus, if intangibles
refer to the number of customers captured by a firm, then an increase in consumer inertia
refers to a decline in the depreciation rate.

VI Conclusions

This paper puts forward the hypothesis that the rise in profits and fall in entrepreneurship
is associated with an increased back-loadedness of profits. Nowadays profits appear at a
later stage in the life of the firm than they used to do. Young firms today make as much or
less profits than young firms used to do in the past while old firms nowadays make more
profits than old firms did in the past. That profits appear later in life lowers the value of
the firm and therefore makes entrepreneurs less eager to enter the market. As a result,
profits per firm increase such that the entry condition holds.

The increase in average profits per firm does, however, not necessarily imply that
aggregate profits increase as well. It could be that the increase in profits per firm is
entirely driven by firms becoming larger in terms of sales, and that the profit share does
not increase. In the quantitative model that I study, this is the case when the sensitivity
to intangibles increase and the productivity of intangible investment increases. When
the sensitivity to intangibles increases, expenditure on overhead costs increase which
offsets the increase in markups due to the decline in the number of firms. While when the
productivity of intangible investment increases, the firm size distribution changes such
that the aggregate markup does not change much although the number of firms declines.
Only when the depreciation rate of intangibles declines the model is is able to explain
both the fall in entry and rise in profits. With a lower depreciation rate, firms will decide
to invest more in intangibles but as the number of firms decreases faster it is the case that
overhead costs as a share of sales decline in the aggregate. This leads to a rise in aggregate
profits.

Quantitatively, the changing life-cycle pattern of profits can account for about half
to almost all of the rise in profits, depending on how the life-cycle pattern of profits is
measured. Furthermore, it more than fully explains the decline in entrepreneurship. It is
reasonable that the model can more than fully explain the fall in entry while less than all
of the rise in profits. This implies that there has been another force at play that has led to
an additional increase in profits. This could, for instance, be laxer antitrust regulation. An
additional rise in profits would make it more attractive to become an entrepreneur and
would therefore, lead to a slower decline in entrepreneurship.14

14For instance, in the monopolostic competition model, this could be modeled as a decline in the elasticitiy
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Appendix A Estimating Profits

Profits are not directly observed as capital costs are not directly observed. In my baseline
estimate I follow the method developed in Van Vlokhoven (2019) to estimate capital costs
and hence profits. Rewriting the profits accounting identity gives that nominal output,
PiYi, of a firm i is equal to the price-average cost ratio, ψi, times total costs,

PiYi = ψi
(
PXi Xi +Ri · PKi Ki

)
, (8)

where total costs consist of operating expenses, PXi Xi, and capital costs, Ri · PKi Ki.
Nominal output, operating expenses, and the nominal capital stock PKi Ki are directly
observed. To estimate the user cost of capital, R, I divide both sides of this equation by
operating expenses and bring this equation to a regression framework:

PiYi

PXi Xi
= ψ + ψR

PKi Ki

PXi Xi
+ εi . (9)

εi denotes the error term which consists of heterogeneity in the price-average cost ratio
and the cost of capital. The intercept coefficient in this equation refers to the average of
the price-average cost ratio, and the slope coefficient refers to the average of the price-
average cost ratio times the cost of capital. This procedure identifies the cost of capital by
dividing the slope coefficient by the intercept coefficient when the cost of capital and price-
average cost ratio are uncorrelated with the ratio of the capital stock to operating expenses.
Van Vlokhoven (2019) discusses identification in detail. As in Van Vlokhoven (2019), I
control for variation in the price-average cost ratio and the cost of capital across firms. In
particular, I control for the leverage ratio (i.e., liabilities divided by assets), the amount
of long-term debt relative to total liabilities, interest expenses relative to total liabilities,
the depreciation rate, lagged sales, growth of sales, and risk measured by the standard
deviation of sales within a firm. As these controls are controls for both the intercept
and slope coefficient I include them both in levels and interacted with the regressor. In
addition, I also allow the cost of capital to depend linearly on the capital-input ratio. This
yields the following regression, where Zji refers to the j-th control and Zj to the average of
each control:

PiYi

PXi Xi
=ψ +

∑
j

υj

(
Zji − Z

j
)

+ψR+
∑
j

γj

(
Zji − Z

j
)

+ ζ

(
PKi Ki

PXi Xi
− PKK

PXX

) PKi Ki

PXi Xi
+ εi . (10)

I run this regression by year and industry (at the two digit level). The coefficients of
interest are ψ and ψR which denote the price-average cost ratio and the price-average cost
ratio times the cost of capital for each industry-year. Dividing these two with each other
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gives the estimated cost of capital, R̂, by industry and year. Profits are then simply

P̂rofitsi = PiYi − PXi Xi − R̂ · PKi Ki .

It is also possible to use the controls to estimate a firm-level cost of capital. Doing so yields
similar results for the profits-age relationship.

Required rate of return approach An alternative method to estimate the cost of capital
is the required rate of return approach (Hall and Jorgensen, 1967). This method uses that,
according to theory, the cost of capital is identical to the expected real interest rate plus the
depreciation rate. For instance, Barkai (2020) uses this method to estimate the evolution of
the capital share and the profit share. I use this method as a robustness to calculate the
profits-age relationship. In particular, I use

R̂ = E
[

D

D + E
iD(1− τ) +

E

D + E
iE + δ − πk

]
1− itc− zτ

1− τ
. (11)

For the debt cost of capital, iD, I take the realized yield on AAA corporate bonds and for
the equity cost of capital, iD, I take the realized yield on ten-year government bonds plus
a 5% premium. These yields are obtained from FRED, Federal Reserve Bank of St. Louis.
D is equal to total liabilities and E (equity) is the number of common shares outstanding
times the closing price. Data on the corporate tax rate, τ , is taken from Jorgenson and Yun
(1991) for the period until 1986, and from the OECD tax database for the period thereafter.
The present value of capital consumption allowances for tax purposes, z, is taken from
the tax foundation. I impute the values post-2012 with the 2012 value. Values of the
investment tax credit, itc, come from Jorgenson and Sullivan (1981). Expected inflation of
the investment good, πk, is assumed to be equal to realized inflation of the investment
good of the non-financial corporate sector (obtained from the BEA). And the depreciation
rate, δ, is the depreciation rate as reported in Compustat.15

Data

This paper uses Compustat data.16 To focus on US firms, I keep firms that are incorporated
in the United States and report in US dollars. I drop observations for which there is a
missing or negative observation for sales, operating expenses or the capital stock. I drop
firms in the industries mining, finance or utilities, or for which the industry is not classified.
For nominal output I use the variable SALE and for operating expenses the variable XOPR.
For the capital stock, I use the book value of the capital stock, namely, property, plant
and equipment net of depreciation ("PPENT"). Since this variable is recorded as the end
of period stock, I use the lagged value. Furthermore, this variable represents tangible

15The depreciation rate is calculated using that under the assumption of a geometric depreciation rate

δt = 1 −
(

Net capitalt
Gross capitalt

)1/aget
, where the age of the capital stock is measured as accumulated depreciation

divided by the flow value of depreciation.
16Downloaded on 17 June 2022.
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capital, but some firms also include externally purchased intangible capital in this variable
while some other firms report externally purchased intangibles separately. For the latter
firms I add these intangibles to the capital stock. Internally developed intangibles do not
appear on the balance sheet and the costs of internally developing intangibles are part
of operating expenses. However, fully expensing these costs might not be appropriate,
and therefore, I also capitalize R&D expenditure and add this to the capital stock in a
robustness exercise. To calculate the internally developed intangible capital stock, KI

t+1, I
capitalize R&D expenditure as follows

KI
t+1 = (1− δI)KI

t +R&Dt ,

where R&Dt is the expenditure on R&D.17 I set the depreciation rate, δI , equal to 15%
(Griliches and Mairesse, 1984). Finally, I subtract R&D expenditure from operating ex-
penses to avoid double counting. Including internally developed intangibles in the capital
stock leads to similar results for the profits-age relationship.

Appendix B Firm Entry

It is well-known that firm entry has been declining over time. One way of illustrating this
is by looking at the number of firms relative to the number of employees in the private
sector. Figure 9 shows that the share of entrepreneurs has been declining by around half a
percentage point from just below 5% in the early 1980s to just below 4.5% nowadays.

0.035

0.04

0.045

0.05

0.055

1980 1990 2000 2010

Figure 9: The number of firms relative to the number of employees in the private sector. Source:
Business Dynamics Statistics (US Census Bureau).

17Given that most of these firms have been founded several years before they enter the Compustat data, it
is unlikely that they enter with an intangible capital stock of zero. Therefore, I use as starting value for the
intangible capital stock of each firm R&D expenditure divided by δI . The underlying assumption is that the
firm is in steady state. Furthermore, I set R&D expenditure equal to zero if it is negative in a period, and I
interpolate when R&D expenditure is missing.
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Appendix C Additional Figures
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(a) Coefficients of a regression with age, and year
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(c) R required rate of return approach
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Figure 10: Life cycle of profits - robustness
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Figure 11: Histogram age distribution by decade
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Figure 12: Expected profits over the life cycle by decade
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Figure 13: Life cycle of profits by sector
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Figure 14: Deal value of acquisitions by age of target firm

Source: Securities Data Company Platinum.
Notes: The plot shows the deal value by age of the target firm. The deal value is calculated as the reported
deal value divided by the shares acquired in order to reflect firm values. I only analyze the first transaction
for each firm in which more than 50% of the shares of that firm are acquired.
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Figure 15: Sales over the life cycle
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Table 4: Effect of age on profits with firm fixed effects

(1) (2)
Profits Profits

Age 4.541∗∗∗ 5.171∗∗∗

(1.496) (1.494)

1990s × age 0.346 0.653∗

(0.267) (0.275)

2000s × age 1.195∗ 1.576∗∗

(0.509) (0.497)

2010s × age 2.973∗∗ 3.350∗∗∗

(0.854) (1.006)

Firm FE X X

Year FE X
Observations 82727 82727
R2 0.584 0.586
Standard errors clustered at the firm level in parentheses. Profits
refer to real profits in millions of 2012 US dollars, deflated using
the GDP deflator. Age is denoted in years. The left out category
for the decade times age interaction is the 1980s.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Appendix D Solution Algorithm

I solve for the equilibrium as follows. Suppose we know the joint distribution of z and χ.
How to calculate the output and price of each firm? Divide the static firm optimization
problem by DY to obtain

max
q≥0

χψΥ′ (q) q −
(q
z

)1/η w

D
Y

1−η
η︸ ︷︷ ︸

A

, (12)

where q equals the market share y(z,χ)
Y and A is the aggregate state. This leads to the

following first-order condition:

χψΥ′′ (q) q + χψΥ′ (q) =
A

η
q

1−η
η z−1/η . (13)

That the markup equals Υ′(q)
Υ′(q)+qΥ′′(q) gives Υ′′(q) = 1−µ

µq Υ′(q). Plugging this into the
first-order condition gives that

χψΥ′ (q) = µ(q)
A

η
q

1−η
η z−1/η .
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And using the Klenow-Willis aggregator gives

σ − 1

σ
e

1−qε/σ
ε =

1

1− 1
σ q

ε/σ

A

η
q

1−η
η z−1/η 1

χψ
.

Thus, q and, therefore, µ are a function of z1/ηχψ. Using the above equation we can solve
for q as a function of A and z1/ηχψ. Then, we can calculate the equilibrium value of A
using the Kimball aggregator∫

χψΥ (q(z, χ,A)) dH(z, χ) = 1 .

This gives us the market share q(z, χ) = q(z, χ,A) and the markup. To aggregate
this economy let Y = ZLηp, where Lp is aggregate labor used in production; Lp =∫
lp(z, χ)dH(z, χ).18 Raising aggregate labor to the power η gives after rewriting the

following expression for aggregate productivity

Z =

(∫ (
q(z, χ)

z

)1/η

dH(z, χ)

)−η
. (14)

Given that we know q(z, χ) we can calculate Z using this formula. In addition, if we know
how much labor is used for intangible investment we can calculate aggregate output
Y using the aggregate production function and how much labor is left for production.
Knowing q and Y we can calculate firm-level output and profits.

The above algorithm assumes that we know the joint distribution of z and χ, the
amount of intangible labor used and the mass of firms N =

∫
dH(z, χ). Given a guess for

the aggregate state (i.e., Y , A and N ), the policy function lχ(z, χ) can be solved. Given a
distribution of productivity and intangible capital at the time of firm entry, this gives the
joint distribution of z and χ. I iterate until convergence and the entry condition holds.

18Note that I use the notation H(·) interchangeably for the measure H(z, χ) and H(z, χ, a).
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