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Abstract
The well-documented decline in business dynamism, measured by the net entry rate of employer
firms, has been proposed as an explanation for the productivity growth slowdown in the United
States. We assess the role of nonemployers, firms without paid employees, in business dynamism
and aggregate productivity. Including nonemployers, the total number of firms has instead
increased since the early 1980s, which in the context of a standard model of firm dynamics
implies an annualized growth of measured aggregate productivity of 0.22%, one-quarter of
the productivity growth in the data. Further accounting for time changes in the share of
nonemployer firms and in the distribution of employment across firms, we find that productivity
growth is even higher (0.47% per year). The productivity growth slowdown is not due to changes
in net firm entry.
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Introduction

A number of studies have documented a slowdown in business startups and entrepreneurship
in the United States over the last several decades. The decline since the Great Recession,
in particular, has been proposed as a potential source of the growth slowdown in aggregate
productivity (Decker et al., 2016; Furman and Orszag, 2018). However, Decker et al. (2016)
and Li (2017) have noted that standard measures of business dynamism appear unrelated to
estimates of growth in aggregate total factor productivity (TFP) before the Great Recession.
In this paper, we construct a broader measure of the total number of firms that contributes to
a more comprehensive picture of business dynamism in the United States, and use this measure
to assess the quantitative contribution of net firm entry on aggregate productivity growth.
Canonical theories of firm size and firm dynamics, such as Hopenhayn (1992), are used to draw
implications for aggregate TFP from data on business dynamism. In these models, aggregate
output depends on aggregate factor inputs and a term that aggregates the productivity of all
firms, which also depends on the total number of firms. In this context, measured TFP, the aggregate amount of output per unit of composite aggregate inputs, depends on the total number
of firms. We construct a comprehensive measure of U.S. businesses that includes nonemployers,
that is businesses that are subject to federal income tax but have no paid employees, composed
solely of owner-managers and unpaid workers such as family members. We show that this measure of the number of firms has increased substantially. Typical measures of business dynamism
are based on employer firms, firms with at least one paid employee. But nonemployers account
for 82% of all firms in 2014, suggesting their evolution over time is an important determinant of
changes in the total number of firms. We show using standard models of firm dynamics to draw
TFP implications from firm counts or startup rates, that inferences are substantially biased if
only a subset of all firms is counted.
We combine employers data from the Business Dynamics Statistics (BDS) with nonemployers
data from the Nonemployer Statistics (NES) and other data sources, to construct a measure
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of the total number of U.S. businesses from 1982 to 2014. We focus on the number of firms
per worker, which in theory is the relevant measure when drawing implications for aggregate
productivity (Hopenhayn, 1992; Karahan et al., 2019). Although the number of employers per
worker decreased by −8.7% from 1982 to 2014, consistent with the findings in Karahan et al.
(2019), the total number of firms per worker in our measure with nonemployers increased by
41% over the same period.
We consider a standard model of firm dynamics with endogenous entry in order to quantitatively
assess the impact of the surge in the number of firms on aggregate TFP. In the baseline model,
we assume that the distribution of firm-level productivities is constant over time but we allow
for changes in aggregate employment as observed in the data. We infer changes over time
in the cost of entry such that the model matches the observed evolution in the number of
firms; and study the aggregate productivity implications. The calibrated model implies that
aggregate measured TFP associated with the change in the number of firms per worker grew at
an annualized rate of 0.22% from 1982 to 2014, one quarter of the actual growth in measured
TFP. In contrast, using the number of employers as is standard in the literature, the model
implies slightly negative growth in TFP (−0.06% per year). Over 32 years, the compound effect
in aggregate TFP is an increase of 7.1% when using the total number of firms per worker and
a decrease of −1.8% when using the number of employers per worker. These findings illustrate
the importance of a comprehensive measure of the total number of businesses for productivity
implications. Moreover, the baseline model implies a substantial decline in entry costs which is
consistent with some evidence (Koske et al., 2015; Bollard et al., 2016) and robust to changes
in other parameter values.
Our baseline model allows us to compare aggregate productivity implications when nonemployers are included in firm counts and when they are not, assuming the distribution of firm-level
productivity is constant over time. But while the baseline model matches the increase in the
total number of firms, we show that it does not account for the full rise in the share of nonemployers, potentially affecting the productivity implications. It also implies a time invariant
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employment size distribution, while the data and recent studies of market concentration suggest otherwise (Autor et al., 2020; Rossi-Hansberg et al., 2021). To accommodate these changes
in the data, we extend the model to allow for changes in average productivity over time arising
from differential and changing exit rates for employers and nonemployers, and from changes
over time in the productivity of incumbents. While the baseline model allows us to draw aggregate productivity implications from the rise in the number of firms over time, keeping the
distribution of firm-level productivity constant, the extended model allows us to separably infer
the aggregate productivity implications of the observed shift in economic activity across firms
over time.
We discipline the extended model using data on differential exit rates between employers and
nonemployers, changing exit rates over time, and data on changes in the employment-size
distribution of employer entrants and incumbents as well as changes in the revenue share of
nonemployers. Under relatively weak structural assumptions commonly made in the firmdynamics literature, we show how this additional data can be used to derive the implied change
in the average productivity of firms over time up to a constant, that is, relative to any change
in productivity common to all firms. We find that the implied average firm-level productivity
has increased from 1982 to 2014, a TFP effect that is similar in magnitude to the effect of the
increase in the number of firms, implying a combined cumulative increase in aggregate TFP of
16.4% compared to 7.1% in the baseline model. Because in our framework the TFP effect of
changes in the number of firms is the same in the baseline and extended models, the additional
productivity increase is due to a shift in the firm size distribution whereby incumbents have
become more productive relative to entrants over time, due to a combination of lower exit rates
and higher productivity growth over the life of the average firm. Importantly, our strategy
to infer changes in average firm-level productivity in the extended model accounts for the
productivity effect of any changes in firm dynamics driving the shift in economic activity from
entrants to incumbents over time.
Our more comprehensive measure of business dynamism that includes nonemployers comple-
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ments the important work of Decker et al. (2014) and Decker et al. (2016), who emphasize
the persistent decline in net entry rates for employer firms. We show that the net entry rate
of all firms declined until the mid-1990s, then began increasing. Karahan et al. (2019) and
Hopenhayn et al. (2019) document a marginally declining trend in employers per worker and
conclude that changing business dynamism has not been a quantitatively important driver of
TFP trends. We show instead that when incorporating nonemployers in the total number of
firms, net firm entry has contributed substantially to productivity growth. Karahan et al.
(2019) and Hopenhayn et al. (2019) also document an increase in the average age of employer
firms over time, driven by lower exit rates. We show that accounting for lower exit rates over
time increases the implied contribution of net firm entry to aggregate TFP growth, as older
firms tend to be much more productive than young firms. Pugsley and Şahin (2019) provide
evidence that growth in the numbers of employer and nonemployer firms tend to move together
over time between 1997 and 2012, and that these growth rates are correlated with aggregate
employment. We extend their analysis by looking at nonemployers over a longer time period,
and show that while annual growth rates are correlated, the number of nonemployers grew
much faster than the number of employers.
The literature on business dynamism has also documented a drop over time in the job reallocation rate of employer firms, measured by the sum of job creation and job destruction normalized
by aggregate employment, as another metric of the decline in business dynamism (Decker et
al., 2014, 2016). Hyatt et al. (2020) construct a new measure of job reallocation that accounts
for flows to and from nonemployers in addition to employers, and find the decline over time
in the job reallocation rate is smaller compared to measures that abstract from nonemployers.
Our analysis does not account for changes over time in job reallocation rates or labor flows
that might affect the effective productivity of the workforce. We instead focus on the aggregate
productivity impact of changes in business dynamism arising from changes in the total number
of firms per worker, the share of nonemployers, and the employment size distribution. Nevertheless, to the extent that lower rates of job destruction are driven by lower exit and higher
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growth rates for the most productive firms, our model suggests lower destruction rates may
be accompanying the higher aggregate productivity driven by the shift in employment towards
these firms.
A recent literature has identified policy and institutional distortions in developing countries
that encourage more firm entry while distorting the allocation of labor across firms, thereby
lowering aggregate TFP (Hsieh and Klenow, 2014; Bento and Restuccia, 2017, 2021; Bento,
2020). We assess whether changes in correlated distortions (distortions that increase with firm
size) may be driving trends in business dynamism in the United States using establishment data
on employment and revenue; finding that changes in correlated distortions are not substantial in
accounting for the U.S. experience in recent decades. Guner et al. (2008) study a particular class
of policies, size-dependent policies, which effectively distort the operation of firms after a certain
firm-size threshold, thereby encouraging smaller firms and lowering aggregate productivity.
Motivated by their work, we consider whether the rise in nonemployers relative to employers
could be due to an increase over time in effective distortions faced by firms hiring employees. To
do so, we extend the baseline model by imposing a proportional revenue tax to firms demanding
more than one unit of labor (employer firms) and infer the evolution over time of this distortion
to exactly match the increase in the fraction of firms that are nonemployers. We find that such
effective taxes must be very small (less than 2% of firm revenue) and barely change over time.
More importantly, the inferred contribution of the increase in the number of firms to aggregate
productivity over time remains largely unchanged relative to the baseline model. We conclude
that changes in the effective cost of being an employer firm, relative to a nonemployer, are not
important in accounting for the U.S. experience.
In the next section, we discuss the evidence on nonemployers and why they may matter for
business dynamism. Section 3 describes the data for employers and nonemployers and documents trends in the variables of interest. In section 4, we describe our baseline model of firm
entry to assess the quantitative impact of firms per worker on aggregate productivity. Section
5 extends the analysis to include differences and changes in exit rates as well as growth in
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firm-level productivity, showing that implied TFP growth from firm dynamics is even larger
than in the baseline model. Section 6 provides a discussion of potential alternative drivers of
business dynamism. We conclude in section 7.

2

Nonemployer U.S. Businesses

We construct a comprehensive measure of the total number of (non-farm) firms in the U.S.
economy to assess the role of changes in net firm entry on aggregate productivity. We focus on
a measure of the total number of firms that includes nonemployer businesses. Nonemployers
are businesses with no paid employees, including self-employed entrepreneurs, that have annual
business receipts of $1,000 or more ($1 or more in construction) and are subject to federal
income taxes. In 2012, 86% of nonemployers were sole proprietors such as real estate agents and
independent contractors, 7% were partnerships, and 7% were corporations. A comprehensive
measure of firms may be relevant in understanding changes in net entry rates over time, as
is the case when considering very small firms in the context of cross-country differences in
establishment size (Bento and Restuccia, 2017, 2021).
For many economic questions it is reasonable to abstract from nonemployers, as they contribute
little to aggregate output in the U.S. economy. Although nonemployers constitute 82% of all
U.S. businesses in 2012, they represent only about 3% of total revenues. However, theories of
firm size and firm dynamics suggest patterns of firm entry and exit are essential for aggregate
productivity implications. In this context, it is important for the analysis to account for all
firms. This is the case even if nonemployers are less productive than employer firms and
account for a small proportion of output and employment, although these characteristics need
to be taken into account.
Including nonemployers in the total measure of firms raises important questions. Are nonemployer firms using different technologies than employer firms or operating in different product
markets? Or are nonemployers the same as employer firms albeit with lower productivity? Our
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data, together with recent papers by Acs et al. (2009), Davis et al. (2009), and Fairlie et al.
(2018), provide a characterization of U.S. nonemployers that can be compared with employer
firms. In the data, nonemployers coexist and compete with employers within narrow industries.
In each of the nine industries we consider, nonemployers represent more than 55% of all firms
in 2007 (more than 80% in five industries) and are more prevalent in industries with smaller
average employment firm size. The survival rate of nonemployer startups is close to that of
small employer startups. Data on employment in nonemployers (i.e., owner-managers and unpaid workers) are not available, but average growth rates of revenue are similar to that of small
employer firms. A small percentage of nonemployers transition into employer status each year,
roughly consistent with employment growth rates among small employers. Nonemployers compare to small employers in similar proportions as small employers compare to medium or large
employers. For instance, in terms of average revenue per firm in 2007, nonemployers are about
12% of that of small employers (less than 5 employees). Small employers in turn are about
17% of that of medium size employers (10 to 19 employees), which in turn are 16% of that of
large employers (50 to 99 employees). Nonemployers certainly do not resemble large employers in terms of average revenue, but the difference between nonemployers and small employers
resembles the difference between small and large employers. The main difference between employer and nonemployer firms other than size appears to be their rate of exit, consistent with
a decreasing exit rate with size (Haltiwanger et al., 2013). In particular, while about 8 to 9%
of all employers exit each year, the exit rate of all nonemployers is higher, about 15% (Davis
et al., 2009). The smallest employers (less that 5 employees) exit at a very similar rate of 14%.
We also note that most owners of nonemployer firms also work in other jobs while running their
nonemloyer firms. For example in 2017 only about one third of all entrepreneurs identified selfemployment as their main occupation according to Current Population Survey data. See also
Abraham et al. (2019) for a discussion of the distinction between measures of self-employment
inferred from the Current Population Survey and Nonemployer Statistics.
From these facts we conclude that, as a first pass and absent more detailed data, it is reasonable
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to assume nonemployer businesses are similar to small employers but operating at a lower scale,
possibly because of lower productivity, with higher exit rates. This interpretation is similar to
how small employers are treated in the literature, relative to larger employers. A key distinction
is that if nonemployers are defined as firms demanding less than one unit of labor, then labor of
nonemployers is supplied by owner-maganers who also may supply labor to other firms, while
labor of larger firms (employers) is supplied by owners and hired labor. We use these facts and
interpretation to develop a model of employer and nonemployer firms in Section 4.

3

Data

We describe the data and procedure used to construct our measure of the total number of firms
over time in the U.S. economy. Data for employer firms is from the U.S. Census Bureau’s Business Dynamics Statistics (BDS), the standard data source in the business dynamism literature
(Decker et al., 2014). The employer data contains employer-firm counts by industry, employment size, and age from 1977 to 2014. All non-farm firms with at least one formal employee
are included.
Data for nonemployers is from the U.S. Census Bureau’s Nonemployer Statistics (NES). NES
contains economic data for businesses that have no paid employees and are subject to federal
income tax, providing nonemployer business counts by industry for 1992 and from 1997 onward.
The U.S. Internal Revenue Service (IRS) tax return data is used by the Census Bureau to
identify the universe of potential nonemployers. IRS counts up to 2008 are reported in U.S.
Statistical Abstracts. Care is then taken to identify duplicates (multiple tax numbers belonging
to one firm), and reclassify nonemployers when they are properly part of an employer firm.
To construct our measure of the total number of firms, we simply add nonemployer businesses
to employer firms. This is done for the years 1992 and 1997 to 2014, for which we have
data for both nonemployers and employer firms. We impute nonemployer counts for the years
1981 to 1991 and 1993 to 1996. For the years 1993 to 1996, we simply assume that the
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number of nonemployers increased smoothly from 1992 to 1997, and add the implied number
of nonemployers to the observed number of employers. For the years 1981 to 1991, we impute
the number of nonemployers using IRS data. We describe this imputation in Appendix A.
Figure 1 documents the evolution of the number of firms and firms per worker in the United
States. Panel (a) reports our measure of the number of firms and the more common measure of
the number of employers over time, normalized to one in 1982. Panel (b) reports the net entry
rate (growth in the number of firms) of all firms and employers. Two features of the data stand
out. First, the net entry rate of all firms has been consistently higher than that of employer
firms. Second, the net entry rate of all firms declined along with that of employer firms from
the early 1980s, but then diverged sharply starting in the late 1990s. From 1982 to 2014, while
the number of employers increased by 40%, the total number of firms increased by a striking
117%. Note that although we have data for 1981, our analysis requires changes in variables, as
a result, for consistency we focus on the period from 1982 to 2014.
Theories of firm dynamics suggest the more relevant measure of business dynamism when drawing implications for TFP is the number of firms per worker. Using data on the total employed
civilian non-institutional population (minus government workers) from the U.S. Bureau of Labor Statistics’ Current Population Survey (CPS), Figure 1 panel (c) documents the number of
firms per worker for all firms and for employers, and panel (d) the net entry rate per worker.
The CPS data includes farm employment, while our firm data excludes farms. We address this
inconsistency in Appendix D, where we show our results are unaffected if we adjust aggregate
employment to remove farm workers. Both the total number of firms per worker and the number
of employers per worker drop during the 1990s. But whereas the growth rate of employer firms
per worker stays negative (on average) after 2000, the total number of firms per worker recovers
and grows at a positive rate. From 1982 to 2014, the number of firms per worker increases by
41%, whereas the number of employers per worker decreases by 8.7%. Our measure of CPS
employment is consistent with the measures of labor force participation analyzed in Karahan
et al. (2019) and Hopenhayn et al. (2019).
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Figure 1: Evolution of Firms and Firms per Worker
(a) Number of firms

(b) Net entry rate

(c) Firms per worker

(d) Net entry rate per worker

Notes: Panel (a) reports the number of all firms and the number of employer firms with levels normalized to one
in 1982. Panel (b) reports the net entry rate of all firms and of employer firms. Panel (c) reports the number
of firms per worker and panel (d) the net entry rate per worker.

The striking difference in the number of firms over time between all firms and employers is robust
to removing sole-proprietors from nonemployer counts. Data on the legal form of nonemployers
is available from 1997 onwards. As a fraction of total nonemployers, the share of sole-proprietors
is 87.2% in 1997 and 86.4% in 2014. Clearly, the number of partnerships and incorporated
nonemployers increased even more than did all nonemployers. Figure 2 compares the number
of all firms per worker, the number of firms without counting nonemployer sole-proprietors, and
the number of employers. Although the cumulative increase in the number of firms per worker
since 1997 is lower when removing sole-proprietors, a 7% increase rather than a 24% increase
with all firms, it is still markedly higher than the −7% for employers per worker. We also note
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Figure 2: Firms per Worker with and without Sole-Proprietor Nonemployers

Notes: The solid line represents the total number of firms per worker in the data, the dotted line is employer firms
per worker, and the dashed line is the total number of firms per worker excluding nonemployer sole-proprietors.
In each case, levels are normalized to 1 in 1997.

the increase in the number of firms per worker over time occurs within sectors and is not the
result of reallocation across sectors with different firms per worker. We document in Appendix
B that firms per worker have increased in seven out of nine sectors and that most employment
reallocation has occurred between manufacturing and other services with similar increases in
firms per worker. More formally, we show via a counterfactual that only 20% of the increase
in the number of firms per worker can be accounted for by the change in economic structure
during the period.
In summary, accounting for nonemployer businesses in firm counts dramatically changes the
pattern of net entry over time in the U.S. economy. While the number of employers per worker
has fallen somewhat over the last three decades, the number of all firms per worker has risen
substantially by 41%.

4

Baseline Model

We consider a version of the firm dynamics model in Hopenhayn (1992) in order to provide
a mapping from changes in net entry of firms to aggregate TFP. We also use the model to
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assess the factors leading to the divergence over time between the number of employer and
nonemployer firms.

4.1

Environment

At each date, a single homogeneous good (the numéraire) is produced by firms. Firms have
access to a decreasing returns to scale technology in variable inputs and are heterogeneous with
respect to their productivity z:
y = (Az)1−α `α ,

(1)

where y is output, ` is the labor input, and A an exogenous productivity term common to all
firms that can change over time. Decreasing returns to scale in variable inputs implies α ∈ (0, 1),
hence the optimal scale of a firm depends non-trivially on productivity. More productive firms
operate at a larger scale by hiring more inputs, producing more output, and generating higher
profits. Firms take the current real wage w as given, and the only cost incurred by incumbents
is their wage bill.
There are a large number of potential entrants that can become producers by incurring an
entry cost equal to cE · Y /L, where Y /L is aggregate output per worker. We assume that entry
costs scale up with output per capita, consistent with the evidence in Bollard et al. (2016)
and Bento and Restuccia (2021). We allow cE to change over time in order to match the
evolution of the net entry rate of firms as we explain below. We assume potential entrants
draw their productivity z from some constant cumulative distribution function G(z), and learn
their productivity after entry. We assume firm-level productivity stays fixed over the lifetime
of a firm and all firms face an exogenous probability of exit λ in each period after production.
We also assume there is no fixed overhead cost for producers but in Appendix C we show that
incorporating overhead costs does not change the main implications of the model.
We denote employment by L which can change over time. We assume that firms always believe
current levels of L, cE , and A persist forever. At the beginning of each period they learn
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otherwise, but then again believe current levels of these variables persist. We discuss below and
elaborate in Appendix E that this assumption about beliefs does not affect our main results
other than the implied value of entry costs. We abstract from household choices by assuming
a constant exogenous real interest rate R.

4.2

Equilibrium

A competitive equilibrium is defined by a wage rate w, firm-level functions labor demand `(z)
and per-period profits π(z), and number of firms N , given exogenous entry cost cE · Y /L, labor
supply L, real interest rate R, and firm-level productivity distribution G(z), such that:
(i) Given w, firms choose `(z) to maximize π(z).
(ii) Free entry ensures the expected present value of lifetime profits for an entrant is equal to
R
the entry cost, z π(z)
dG(z) = cE · Y /L, where ρ = (1 − λ)/(1 + R) is the effective discount
1−ρ
factor.
(iii) The labor market clears: aggregate labor is equal to the quantity of labor demanded by
R
firms, L = N z `(z)dG(z).
The equilibrium in each period can be easily solved. Producers choose labor to maximize
operating profits, resulting in the following optimal demand for labor, output, and operating
profits, expressed as functions of z;

` = Az

y = Az
π = Az

1
 α  1−α

,

(2)

,

(3)

(1 − α).

(4)

w
α
 α  1−α

w

α
 α  1−α

w
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Labor market clearing implies total labor is equal to aggregate labor demand;

L=N ·A

1
 α  1−α

w

z̄,

where z̄ is average firm-level idiosyncratic productivity, equal to the expected value of each
R
draw z from G(z), or z z dG(z). The wage can therefore be expressed as a function of the
number of firms per worker (N/L);

1−α

w = α(Az̄)



N
L

1−α
.

(5)

Using equations (3) and (5), aggregate output per worker as a function of firms per worker is;
α
 α  1−α
Y
N
=
·A
z̄ = (Az̄)1−α
L
L
w



N
L

1−α
.

(6)

Free entry ensures N in each period is such that the discounted expected profits of an entrant
are equal to the cost of entry:

cE ·

α
Y
A(1 − α)z̄  α  1−α
=
.
L
1−ρ
w

(7)

Along with equations (5) and (6), the free entry condition implies the following characterization
of the number of firms per worker;
N
1−α
=
.
L
cE (1 − ρ)

(8)

We emphasize that in our framework, the number of firms per worker in equation (8) does not
depend on the common productivity term A, on average firm-level idiosyncratic productivity
z̄, or on the size of the workforce L.
Output per capita and the wage can be expressed as functions of exogenous variables;
Y
= (Az̄)1−α
L



1−α
cE (1 − ρ)
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1−α
,

(9)

w =α·

Y
.
L

(10)

We define aggregate TFP in the model analogous to how it is measured in the data, aggregate
output per unit of aggregate composite variable inputs, which is a constant-returns-to-scale
function of aggregate variable inputs. As such, we refer to aggregate TFP in the model as
measured TFP. We do this in order to make direct comparisons of how changes in firm net
entry contribute to changes in measured TFP in the U.S. data. Given that labor is the only
variable input in the model, aggregate TFP in the model is the same as aggregate output per
worker Y /L.
We note that while TFP depends on the common productivity term A, the number of firms
per worker does not. This implies that in our quantitative analysis, we can treat A as a free
parameter that captures all changes in measured TFP in the data that are not accounted for
by the endogenous forces in the model such as the change in the number of firms per worker.
As a result, we report below the change in TFP associated with the change in the number of
firms per worker.

4.3

Implications

Entry costs. In the model, the number of firms depends on employment L and the entry
cost cE (as well as α, R, and λ which we assume constant), whereas the change in the number
of firms per worker depends only on the change in entry costs as indicated in equation (8).
Hence, given the employment data, we infer changes in entry costs to match changes in the
number of firms per worker in the data, normalizing the initial entry cost to one. Figure 3a
documents the evolution of entry costs cE which follows the inverse of the number of firms per
worker. We note that the implied entry costs depend on the assumptions about beliefs held by
firms with respect to future aggregate employment growth and future entry costs. The overall
decline in entry costs is robust to alternative assumptions about firms’ expectations, as we show
in Appendix E when firms know the future paths of cE and L.

16

Figure 3: Implied Entry Costs and Aggregate TFP in Baseline Model
(a) Entry Cost

(b) Aggregate TFP

Notes: Entry costs cE calibrated to match the changes in total number of firms per worker in the data, normalized
to 1 in 1982. Aggregate TFP in each year relative to 1982 is from equation (11) using the total number of firms
per worker (solid line) and the number of employer firms per worker (dashed line).

The implied change in entry costs also depends on our assumption that the labor share α,
the real interest rate R, and the exit rate λ are constant over time. Allowing any of these
parameters to change could therefore lead to a different path for entry costs. We note, however,
that given observed changes in firms per worker, any changes in R and λ would not affect
the conclusions about the impact on aggregate productivity in our framework. We start by
considering potential changes in the labor share α. Equation (8) shows that a decrease in α
increases the number of firms, essentially by increasing firm profit margins. Note that such a
decrease in α would lower each firm’s labor expenditure relative to revenue. But Kehrig and
Vincent (2021) report a small increase in this ratio over the time period we consider, almost
2% higher. This suggests that changes in α are not driving the dramatic rise in the number of
firms per worker we document.
Next, we consider potential changes in the real interest rate R and in the exit rate λ. There
is clear evidence that real interest rates and firm exit rates (at least for employers) have both
declined over time. Equation (8) shows that these trends should have contributed to the rise
in the number of firms per worker. To assess their quantitative effect on the implied changes in
entry costs, we recalculate entry costs for 1982 and 2014 using different values for R and λ. For
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R we use 0.058 for 1982 and 0.005 for 2014. These are averages over 1982-1986 and 2010-2014
using annual 10-year real interest rates from Federal Reserve Bank of Cleveland (2022). For
λ, given our lack of data for nonemployer exit rates in years other than 1997, we assume a
survival rate of 0.86 across all firms in 1997, and then assume this rate changes proportionately
with employer survival rates from the BDS data. We then average these survival rates over
1982-1986 and 2010-2014. We obtain exit rates of 0.148 for 1982 and 0.128 for 2014. Using
these changes for R and λ, we find a decline in entry costs of 28% from 1982 to 2014, almost
identical to the 29% decline in entry costs illustrated in Figure 3a.
Is a decline of almost 30% in entry costs plausible as a source of the increase in the number
of firms per worker? Keeping in mind the lack of direct measures for the costs of starting and
operating a firm, we discuss two pieces of supporting evidence: a direct qualitative measure and
an indirect quantitative measure. First, the OECD (Organisation for Economic Co-operation
and Development) constructs an index of how restrictive regulatory barriers to entrepreneurship
are for a number of countries, using objective data on de jure laws and regulations (Koske et
al., 2015). They report a consistent decline in barriers from 1998 to 2013 in the United States,
consistent with Figure 3a. Second, Bollard et al. (2016) use a framework similar to ours to
infer how entry costs change over time. Acknowledging lack of data on nonemployers, they
infer changes in entry costs using firm-level data on value-added over time. They note that the
present discounted value of lifetime value-added for entrants should be proportional to entry
costs, as in our framework. The analysis suggests that total entry costs have decreased by about
50% from 1982 to 2012 (from Figure 1 in Bollard et al., 2016), relative to aggregate output per
worker. This is even larger than the 29% decline we find in our analysis.

Aggregate productivity. Aggregate labor productivity and aggregate TFP coincide in the
model and are characterized by equation (9) as a function of parameters and exogenous variables
such as the entry cost, or by equation (6) as a function of exogenous variables and the number
of firms per worker. As a result, we connect changes in the number of firms per worker in
the data to changes in aggregate TFP, noting that average productivity z̄ drops out since we
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assume a constant distribution of productivity:
T F Pt
=
T F P1982



At
A1982

1−α 

Nt /Lt
N1982 /L1982

1−α
.

(11)

To calculate the implied change in aggregate TFP (from 1982 to 2014) associated with the
change in the number of firms per worker, we use a value for α equal to 0.8, consistent with
much of the firm-dynamics literature. Note that α = 0.8 implies a conservative estimate of
TFP growth, as the lower values occasionally used in the literature imply larger effects on TFP
growth from changes in the number of firms per worker. Our focus is on the implications for
TFP from the change in firms per worker, so we abstract from changes in A over time that would
force the variation in TFP in the model exactly match the data. Figure 3b illustrates the main
result on the implied TFP in equation (11) using the total number of firms per worker (solid
line), contrasting it with the number of employers per worker (dashed line) as an alternative
measure of the number of firms. The increase in the total number of firms per worker from 1982
to 2014 implies a 7.1% cumulative increase in TFP over the 32 year period, or an annualized
growth rate of 0.22%. This is substantial relative to the data. We consider a measure of TFP in
the data from Fernald (2012), which adjusts for capacity utilization and is updated to 2014, to
calculate an annual growth of 0.87% in measured TFP in the United States between 1982 and
2014. The implication is that about one quarter of the growth in TFP during the period can
be attributed to the substantial change in the number of firms per worker, whereas using the
number of employers per worker as is standard in the literature, the productivity effect would
be a decrease of −0.06% per year during the period.

The number of nonemployer firms. To derive the implications of the model for the share
of employer and nonemployer firms, we assume that nonemployers are firms with optimal labor
demand less than one unit of labor, with labor supplied by an owner-manager. This implies that
owners of nonemployer firms use any remaining labor endowment to supply labor to employer
firms and earning a competitive wage, consistent with our discussion of the self-employment
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data in Section 2. We derive the demand for labor by firms by combining the firm’s optimal
demand for labor (equation 2), which is increasing in productivity z and decreasing in the wage,
with the market clearing wage rate (equation 5), which is increasing in the number of firms per
worker and average firm-level productivity z̄;

`=

 z   N −1
z̄

L

.

(12)

If the number of firms per worker increases, demand for labor increases and pushes up the equilibrium wage (equation 5). This results in lower employment for any given level of productivity.
Using equation (12) we can solve for a productivity threshold z1 below which a firm is counted
as a nonemployer;

z1 = z̄

N
L


.

(13)

The number of nonemployers per worker is the number of firms below the productivity threshold
z1 , which is increasing in the number of firms per worker. If the number of firms per worker
increases, the fraction of firms that are nonemployers G(z1 ) increases as z1 rises. We calibrate
G(z) to U.S. data, targeting BDS data on the firm size distribution for employers and data on
the revenue share of nonemployers in 1987. We provide more details in Appendix F.
Figure 4a compares the fraction of firms classified as nonemployers in the model to the data.
The fraction of nonemployers in the model tracks the data closely until the late 1990’s as the
fraction of nonemployers grows from 74% in 1982 to 77% in the 1990s. After 1998 the fraction of
nonemployers increases more in the data than in the model—the data shows an increase in the
share of nonemployers to 82% by 2014, while the model implies a smaller increase to 79%. Figure
4b illustrates the same comparison between the model and the data for the revenue share of
nonemployers. Note that revenue data for nonemployers and employers is only available during
census years starting in 1987. The model implies a relatively steady increase in the revenue
share of nonemployers from 2.8% to 3.6%. Although the model-implied share follows the data
relatively closely up to 2002, it then diverges from the data through 2012.
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Figure 4: Nonemployer Firms in the Model and Data
(a) Fraction of Nonemployers to All Firms

(b) Revenue Share of Nonemployers

To summarize, the increase in firms per worker in the data can account for much of the change
over time in the share of nonemployer firms, but starting in the late 1990s other forces may be
contributing to changes in the firm-size distribution, for instance changes in exit rates or in the
productivity distribution which are assumed constant in the model. We assess the importance
of changes in the firm-size distribution for productivity implications in the next section.

5

Extended Model

The baseline model does not capture the entire shift in the share of nonemployer firms observed
over time, from 74% in 1982 to 82% in 2014, potentially affecting the productivity implications.
If the rise in the share of nonemployer firms implies a shift of employment to nonemployers,
then average firm-level idiosyncratic productivity could fall as a result. This potential effect
is abstracted from in the baseline model by assuming constant productivity and employment
distributions.
Empirically, recent studies highlight a shift in employment shares from small to large firms,
consistent with a recent literature documenting broader trends in market concentration of
economic activity at the top of the firm distribution (Autor et al., 2020; Rossi-Hansberg et al.,
2021). Our data also suggests that the average employment size of all incumbent firms relative
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to entrants rose from a factor of 5 in the early 1980s to 7.5 by 2014. The shift in employment
shares is relevant in our context since it may reflect an increase in the average productivity
of incumbents relative to entrants. For instance Hopenhayn et al. (2019) note that average
exit rates for incumbents have fallen over time and Aghion et al. (2020) point to a falling cost
of expansion for incumbents. Both of these factors could result in a higher concentration of
employment at incumbent firms, relative to entrants. While the baseline model captures the
aggregate productivity implications from the rise in the number of firms, in this section we
extend the model to fully account for the observed shift in the share of nonemployer firms and
to account for the shift in economic activity within the distribution of firms.
To derive implications for aggregate productivity over time, we use equation (6) with 1982 as
the base year:
T F Pt
=
T F P1982
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Nt /Lt
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.

(14)

Then, changes in TFP can then be decomposed into: (a) changes in a common productivity
term for all firms A; (b) changes in average idiosyncratic productivity across firms z̄; and (c)
changes in the number of firms per worker, which as discussed previously, is independent in our
framework from A and z̄.
We continue to use our measure of the total number of firms per worker over time for N/L, but
unlike in the baseline model where average firm-level productivity z̄ is assumed constant, in
the extended model we endeavour to infer the evolution of z̄ that could result from the change
in the share of nonemployers. We emphasize that the contributions of changes in A, N/L, and
z̄ to TFP enter multiplicatively and since N/L is independent of A and z̄, the contribution of
changes in the number of firms N/L to productivity growth remains the same as in Section 4.
As in the baseline model, we treat the common productivity term A as a residual, equal to any
growth in TFP not accounted for by the model. We now describe the specifics of our approach,
starting with how we infer productivity from firm size.
The model provides a mapping from relative size to relative productivity, given by equation
(12). Denoting the average employment size of all firms and entrants by `¯ and `¯ent , average
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productivity of all firms relative to entrants in each year is;
z̄t
z̄ent,t

`¯t
= ¯
`ent,t

⇒

`¯t
z̄t = z̄ent,t ¯ .
`ent,t

Note that, from equations (2) and (3), the same mapping applies between productivity z and
output y or revenue, hence, the above expressions hold when substituting revenue for labor.
Since entrants draw z from a constant distribution G(z) (their average and expected z is
constant), we infer average idiosyncratic productivity of all firms in each year relative to 1982
as;
z̄t
z̄1982

=

z̄ent,t
z̄ent,1982


·


`¯t /`¯ent,t
`¯t /`¯ent,t
=
,
`¯1982 /`¯ent,1982
`¯1982 /`¯ent,1982

(15)

noting that relative employment variables could be replaced with relative revenue.
To illustrate what kind of additional data is needed to infer changes in average idiosyncratic
productivity, it is useful to decompose average productivity relative to entrants z̄/z̄ent as follows;
z̄
z̄ent

Nent
=
N



emp emp
emp emp
non non
non non
Ninc
z̄ent
Nent + z̄inc
Ninc + z̄ent
Nent + z̄inc
emp emp
non non
z̄ent Nent + z̄ent Nent


,

(16)

where z̄ on the left-hand side is a weighted average of the productivities of nonemployer and
employer entrants, and nonemployer and employer incumbents, weighted by the number of
firms in each category. Average productivity of entrants z̄ent is defined analogously. This decomposition illustrates that z̄/z̄ent can be calculated given values for each of the eight variables
on the right-hand side: four variables on the number of entrant and incumbent firms for employers and nonemployers; and four variables related to the average idiosyncratic productivity
for each type of firm. As a result, with separate measures of labor ` (or revenue) for entrant
and incumbent nonemployers and employers, in addition to measures of the number of firms of
each type, equations (15) and (16) can be used to infer changes in average productivity relevant
in equation (14).
While the BDS data provide information for entrant employer firms, the NES data do not
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distinguish between entrant and incumbent nonemployers. Similarly, while the revenue share
of nonemployers (for some years) is reported, the data do not distinguish between entrants and
incumbents. We specify below how we separate nonemployer entrants and incumbents using
additional data and assumptions. We proceed in two steps.
non
First, to infer the number of nonemployer entrants Nent
, we use information on exit rates. In

particular, we use a survival rate of 85% for nonemployers in 1997 from Davis et al. (2009)
and given the lack of exit data for nonemployers over time, we assume that the survival rate
of nonemployers changes over time in proportion to the survival rate for employers, which we
take from the BDS data. Hence, we impute the survival rate of nonemployers as follows:

(1 −

λnon
t )

(1 − λemp
)
t
= 0.85 ·
emp .
(1 − λ1997 )

Given that the exit rate for employers from BDS data decreases from 10% in 1982 to 7.5% in
2014, the implied exit rate for nonemployers decreases from 15.8% to 13.5%. Using these exit
rates and data on the total number of nonemployers each year Ntnon , we calculate the number
of nonemployer entrants as:

non
non
Nent,t
= Ntnon − (1 − λnon
t−1 ) · Nt−1 .

(17)

With the total number of nonemployers in each year, the number of incumbent nonemployers is
non
non
given by Ninc,t
= Ntnon −Nent,t
. Note that we abstract from nonemployer to employer transitions

since we cannot differentiate between new employers and transitioning nonemployers. As a
result, we potentially overstate the number of employer entrants. However, we argue this bias
should not be quantitatively substantial given the small number of transitioning nonemployers
emp
in a given year (Davis et al., 2009). The number of incumbent employer firms Ninc
is simply

calculated from data on the total number of employer firms N emp and the number of employer
emp
entrants Nent
.

This analysis implies that as a fraction of the total number of firms, the share of nonemployer
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incumbents increases from 57% in 1982 to 68.9% in 2014, whereas the share of employer incumbents decreases from 23.7% to 16.1%, and the share of entrants nonemployer and employer
decrease from 15.9% to 13.6% and 3.4% to 1.4%.
Second, to infer average idiosyncratic productivity of entrants and incumbents for employer and
nonemployer firms given the lack of separate data for nonemployer firms, we make the following
non
is constant over time
two assumptions: (a) average productivity of nonemployer entrants z̄ent
non,t
and without loss of generality we normalize it to one, i.e., z̄ent
= 1 for all t, and (b) average
non
is constant. Given the
productivity of all entrants relative to nonemployer entrants z̄ent /z̄ent

normalization in (a), this implies that z̄ent is constant to some value. We explain below how
we discipline this value.
Since average productivity of entrants is the average productivity of employer and nonemployer
entrants weighted by their share of entrant firms,

emp emp
non
z̄ent Nent = 1 · Nent
+ z̄ent
Nent ,

we compute average employer entrant productivity for each year as;

emp
z̄ent
=

non
(z̄ent Nent − 1 · Nent
)
,
emp
Nent

(18)

where z̄ent is given from assumption (b) above. Using BDS data on employment at employer
firms for entrants and incumbents, we calculate employer incumbent productivity as;

emp
z̄inc

=

emp
z̄ent

 ¯emp 
`
· ¯inc
.
`emp
ent

(19)

We do not have data on employment at nonemployer firms (unpaid or owner-provided). To
non
infer average idiosyncratic productivity of incumbent nonemployers z̄inc
, we therefore use data

on the revenue share of nonemployers, which the model assumes is equal to their employment
share. Denote the revenue share of nonemployers as Rnon . The model implies the following
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relationship between the revenue share of nonemployers and average productivity z̄;

Rnon =

non non
non non
Ninc
Nent + z̄inc
z̄ent
emp
emp
emp emp ,
non non
non non
z̄ent Nent + z̄inc Ninc + z̄ent Nent
+ z̄inc
Ninc

which we use to infer the average idiosyncratic productivity of nonemployer incumbents;

non
z̄inc
=

emp emp
emp emp
non
Rnon · (z̄ent
Nent + z̄inc
Ninc ) − (1 − Rnon ) · 1 · Nent
.
non
(1 − Rnon ) · Ninc

(20)

Note that we have data for the revenue share of nonemployers in Census years starting in 1987.
For the years between census years, we assume that the average productivity of nonemployers
relative to all firms changes smoothly from one census year to the next, and calculate the
corresponding revenue share. We then calculate the average annual growth rate of this measure
between 1987 and 2012, and use this growth rate to impute values before 1987 and after 2012.
Our imputed revenue share of nonemployers increases from 2.71% in 1982 to 3.11% in 2014,
and (as in the data) changes from 2.80% in 1987 to 3.07% in 2012.
We discipline the value of average productivity of entrants z̄ent by ensuring that it implies a
non
reasonable value for the productivity of nonemployer incumbents zinc
. We find that values of
non
non
non
non
z̄ent ≥ 7 ensure that zinc
> zent
for all years, with z̄ent = 7 generating an average zinc
/zent
non
is generally increasing over time).
equal to about 1.2 across the first five years (the implied zinc
non
increases with higher values of z̄ent , as a result, we use z̄ent = 7 as
The implied value of zinc

a conservative choice since the implied growth in aggregate TFP from 1982 to 2014 is also
(slightly) increasing in z̄ent .
emp
emp
non
To summarize, equations (18) to (20) identify the values for z̄ent
, z̄inc
, and z̄inc
, which together
non
with the assumption that z̄ent
= 1 provide all the additional information required to calculate
non
average productivity relative to entrants z̄/z̄ent using equation (16). With z̄ent
normalized to
emp
non
one, this analysis implies that between 1982 to 2014, z̄inc
increases from 1.15 to 1.86, z̄ent
from
emp
35.6 to 65.3, and z̄inc
from 118.9 to 268.7.

Using the implied values for z̄t /z̄ent,t and data for Nt /Lt , we calculate the implied aggregate
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Figure 5: Aggregate TFP in Extended Model

Notes: The solid line reports aggregate TFP in the extended model due to changes in the number of firms
and average idiosyncratic productivity z̄ relative to 1982. The dashed line is aggregate TFP in the baseline
model. The ratio between the solid and dashed lines is the contribution to aggregate TFP of changes in average
idiosyncratic productivity.

TFP from the last two terms in equation (14). Recall that A is treated as a residual to isolate
implied changes in TFP due to changes in firm dynamics. Figure 5a reports aggregate TFP in
the extended model compared with the baseline model. The implied measure of average firmlevel productivity (15), equal to the ratio of the two measures of TFP in Figure 5a (normalized
to 1 in 1982), is generally increasing from 1982 to 2014. This growth averages 0.07% per year
between 1982 and 1997, then a much a higher 0.42% per year from 1997 to 2014. As a result,
the cumulative increase in aggregate TFP is higher in the extended model than in the baseline
model. From 1982 to 2014, the cumulative increase in TFP is 16.4% compared to 7.1% in the
baseline model. The cumulative growth in TFP observed in the data between 1982 and 2014
amounts to 32%, and so the implied measure of TFP in the extended model accounts for 51%
of the actual increase.
Since the model implies that the shares of employment and revenue of nonemployers are the
same, we use revenue shares of nonemployers to bypass the lack of data on employment. This
implicitly assumes that revenue per unit of labor for nonemployers is the same as revenue
per labor of all firms. Is this a reasonable assumption? Presumably, revenue per labor of
nonemployers is closer to small employers than to all employers. We look at disaggregated
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employer data from the U.S. Census’ Statistics of U.S. Businesses for 2012 and find that revenue
per employee in the smallest employers (less than 5 employees) is equal to or greater than
revenue per employee for all employers in 70 percent of the 2-digit industries (14 industries out
of 20). It is also not clear there are systematic patterns of change over time. For instance, across
all industries, revenue per employee across small employers is 13% lower than that across all
employers in 2012 but about 8% higher in 1997. Nevertheless, we assess the potential relevance
of our assumption using the revenue per employee of small employers. Taking the value for
2012, we assume a constant revenue per unit of labor for nonemployers that is 13% lower
than for all employers. We find that the productivity effect of this adjustment is very small,
an implied TFP increase between 1982 and 2014 of 16.38% compared with 16.35% using our
simpler assumption in the extended model.
Aggregate TFP growth implied by the model can be decomposed into two parts. First, the
increase in the number of firms per person by itself implies cumulative growth in TFP of 7.1%
from 1982 to 2014, as captured by the baseline model.1 This growth in productivity is the result
of smaller firms on average and hence a higher marginal (and average) product of labor. Second,
the shift in the firm size distribution suggests that incumbents have become more productive
than entrants over time, due to a combination of lower exit rates and higher productivity growth
over the life of the average firm. This shift suggests average productivity across all firms has
increased by an additional 8.6% since 1982. We emphasize that our analysis allows for any
underlying exit and growth dynamics by size and age among incumbent employers. What
ultimately matters for our calculation is the average z̄ among incumbents, relative to entrants
(all relative to 1982), regardless of which incumbent employers are growing more or less, or
surviving with higher or lower probabilities.
We also note that a 10-year moving average of our measures of TFP growth features a much
higher correlation with productivity growth in the data (22.3%), suggesting that net firm entry
1

When calculating firms per worker in Section 3 we use CPS data for our measure of aggregate employment.
In Appendix D we recalculate firms per worker using a measure of aggregate employment inferred from the BDS
data for robustness.
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when including nonemployers in fact plays an important quantitative role in driving trends in
aggregate productivity, especially relative to a measure of implied TFP growth in the baseline
model that includes only employers, which features a correlation of −35% with productivity
growth in the data. While our analysis is not designed to account for the short- and mediumrun movements in TFP that surely depend on many factors not included in the model, we
emphasize that the extended model significantly improves on the strong negative correlation
between observed TFP growth and that implied by the model with employer firms as highlighted
by Decker et al. (2016) and Li (2017).

6

Alternative Drivers of Firm Dynamics

There is a growing literature in macroeconomic development linking low average firm size (the
ratio of workers to the number of firms) and low aggregate productivity to policy distortions
in developing countries. It is therefore relevant to ask whether the increase in the number of
firms, and hence the observed decline in average firm size when including nonemployers, may
be due to changes in distortions rather than changes in exit and productivity growth patterns
considered in our model. If evidence of this exists, then the increase in the number of firms
may in fact imply a negative contribution to aggregate TFP, in contrast to what we report in
Section 4. We consider two broad mechanisms as potential alternative drivers of the change
in net firm entry: increased factor misallocation and increased barriers for firms to enter new
markets.

Increasing misallocation among employer firms. The literature investigating the extent
and impact of the misallocation of productive factors across firms shows that ‘random’ misallocation need not affect the equilibrium number of firms. But if larger and more productive
firms are effectively taxed at higher rates (or face tighter constraints) than smaller unproductive
firms, then all firms reduce investment in productivity. This effectively reduces non-production
costs for all firms, thereby increasing profitability and encouraging entry. In equilibrium, these
29

size-dependent distortions result in more firms that are less productive on average. Hsieh and
Klenow (2014) and Bento and Restuccia (2017) show that cross-country differences in the extent
to which firm-level distortions are positively related to firm size can go a long way to rationalizing the large differences in average firm size across countries at differing levels of development.
We therefore consider whether an increase in the prevalence of idiosyncratic distortions may be
driving the increase in the number of firms in the U.S. economy over time.
To assess this mechanism, we use publicly-available data from the Economic Census for 74
3-digit NAICS industries for the years 2002 and 2012. Within each industry, we have data on
the total number of firms, the number of firms in each size bin, the number of employees per
firm within each bin, total payroll, and total revenue. For manufacturing industries, we use
establishments rather than firms, and value added rather than revenue. Although we only have
data from 2002 to 2012, this period is still characterized by a substantial increase in the number
firms of 22%. For each size bin within an industry, we use the ratio of revenue to payroll as
our measure of the average distortion faced by each firm within the bin. Hsieh and Klenow
(2009) show that, under certain structural assumptions, profit maximization implies that in
the absence of distortions, firms within an industry choose labor inputs to equalize the average
product of labor across firms within the industry. To the extent that the average product is
higher for firms in a large size category relative to a small category, we interpret this as evidence
that larger firms face larger implicit taxes within a particular industry.
For each industry, we regress (logged) average products on (logged) employment size, using
the number of firms per bin/observation as weights, to obtain industry-specific estimates of
the elasticity of distortions with respect to size in each year as our measure of misallocation.
The higher the elasticity, the larger the effective tax rate faced by large firms relative to small
firms. For 2002, we find an average elasticity across industries equal to −0.075, with a variance
across industries of 0.02. Taken at face value, this suggests that a typical industry features
larger firms behaving as if they face slightly lower effective taxes (or constraints) compared
with smaller firms. For 2012, we find an average elasticity closer to zero, with a lower variance.
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These results suggest that there is essentially no change in the extent of misallocation over
time as measured by the size elasticity of distortions. To address the potential issue of unpaid
workers not being counted in small firms, we have reproduced these estimates using only firms
with at least 5 employees, with the resulting estimated elasticities even closer to zero and even
lower variances, reinforcing our findings.
While the average industry has low and roughly constant elasticity, it is still possible that a
significant number of firms are in industries that experienced larger increases in the size elasticity
of distortions. Figure 6 addresses this possibility, reporting the fraction of firms in industries
that saw a given change in the size elasticity of distortions from 2002 to 2012. The histogram
indicates that the vast majority of firms are in industries that saw little change in this elasticity
over time. This finding is consistent with Bils et al. (2020) who use more disaggregated data
to account for measurement error and show that there is no significant change in misallocation
over time in the U.S. economy. Although we do not measure total misallocation, the focus
of Bils et al., our results suggest that correlated distortions (a particularly harmful driver of
misallocation) are not becoming worse over time. We conclude that increased misallocation
across employer firms is not driving the increase in the number of firms in the U.S. economy.
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Increasing misallocation between employer and nonemployers. The previous evidence
relies on measures of distortions inferred from employer data, and as a result it abstracts
from potential distortions affecting firms’ decisions whether to have employees or not. We
now turn to assess this possibility. Consider that all potential entrants must pay an entry
cost (cE ) to become a producer as before, but now firms that demand more than one unit of
labor, that is demand labor beyond the labor supplied from the owner-manager, must incur a
proportional tax on revenue equal to τe . This tax, a size-dependent distortion, discourages firms
that would otherwise hire more than one unit of labor, and results in an inaction zone between
two distinct thresholds of productivity, z1 and ze . This mechanism is similar to that in Guner
et al. (2008), who study the impact of size-dependent distortions across countries. They focus
on effective taxes incurred by employer firms that apply after some legal size threshold. Firms
with productivity z < z1 demand labor given the wage below one unit of labor (interpreted as
the labor supplied by the owner-manager). Firms with productivity z > ze hire labor optimally
given the wage and the tax τe . And firms with productivity z ∈ (z1 , ze ), in the inaction zone,
choose to operate with only one unit of labor to avoid the tax. In Appendix F we show that
a decrease in cE raises z1 and ze in the same proportion, whereas an increase in τe lowers z1
and increases ze /z1 . In this setting, it is possible that the observed increase in the fraction of
nonemployers over time could be associated with an increase in labor misallocation between
employer and nonemployer firms and lower aggregate T F P , relative to that inferred by the
baseline model. If an increase in τe were responsible for the increase in nonemployers, a growing
fraction of firms would be firms that choose to stay small in order to avoid τe . In Appendix F,
we assess this possibility by calibrating the tax on employers to match the observed increase in
the fraction of nonemployers over time. The τe we infer from the data is very low and increases
only slightly over time, from 1.44% in 1982 to 1.87% in 2014. When combined with the inferred
drop in cE (virtually identical to that implied by the baseline model), we find that the large
drop in cE decreases the fraction of firms that are constrained nonemployers (those that would
be employers if τe = 0), even while the total fraction of nonemployers increases as in the data.
The net result is an implied cumulative increase in aggregate TFP from 1982 to 2014 equal
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to 7.1%, which is the same increase as in the baseline model. Although the slightly increasing
implied tax by itself lowers TFP by increasing misallocation, the declining implied entry cost
increases TFP by both increasing the number of firms (as in our baseline model) and reducing
misallocation. This reinforces our previous conclusion that increased misallocation is not likely
driving the increase in the number of firms or the share of nonemployers in the U.S. economy
over time.

Increasing entry barriers to new markets. Another possible alternative explanation for
the increase in the number of firms is higher barriers to entering a market. Bento (2020) shows
that when firms choose how many markets to enter, and the cost of entering is increasing in the
number of markets entered, barriers to market entry (distinct from barriers to starting a firm)
encourage more firm startups, with each firm competing in fewer markets in equilibrium. As a
result, each market is characterized by fewer competing firms, and aggregate productivity drops
even as the aggregate number of firms increases. If barriers to market entry have been increasing
in the U.S. economy, we should observe fewer firms competing in each local market, even as the
aggregate number of firms increases. We do not have data on the number of firms present in
each market, and defining a market is difficult. But we can consider how the aggregate number
of establishments changes over time. To the extent that firms create multiple establishments
to access multiple markets, the number of establishments per firm can serve as a proxy for
the number of markets per firm. Figure 7 reports that the number of establishments per firm
essentially remained constant from 1982 to 2014, even as the number of firms per worker grew
by 41%. Note that Aghion et al. (2020) and Cao et al. (2020) make a similar observation
about establishments per firm over time in the context of employer firms. This suggests that
increasing barriers to market entry are not likely driving the increase in the number of firms
per worker in the U.S. economy.

Increasing constraints for entrants. Our framework assumes that entering firms operate
at their optimal scale, while in practice there may be frictions that affect their operational scale
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Figure 7: The Number of Establishments per Firm (Relative to 1982)

and changes in these frictions could affect our inferences. In particular, if financial constraints
have gotten worse for entrants over time relative to other firms, then this could account for
some of the increase in the relative employment or revenue of incumbents to entrants. This
feature would imply lower idiosyncratic productivity for entrants and, as a result, our analysis
would be over-stating the increase in average idiosyncratic productivity. To assess the potential
impact of this, we note that we don’t have data on capital inputs by firm age, nevertheless, we
do have revenue and payroll data by age for employer firms in 2007 and 2012 that can be used to
investigate the possibility of changing constraints over time. From Hsieh and Klenow (2009), the
ratio of revenue to wage bill can be interpreted as a broad measure of the labor wedge (1 + τL ),
that is implicit ‘taxes’ on labor inputs. The idea is that firms that are financially constrained
should have problems financing employees through ‘working capital.’ As a result, financial
constraints should show up as contributing to the distortion measure τL . If τL is increasing over
time more for entrants than for incumbent firms, this would suggest that financial constraints
are becoming more binding for entrants (relative to incumbents) over time. Based on these
assumptions we find: (a) the ratio of revenue to wage bill is lower for entrants in both 2007
and 2012; and (b) the ratio of revenue to wage bill for entrants relative to all firms decreases
from 2007 to 2012. We take this admittedly crude evidence to suggest that our analysis is not
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over-stating the increase in average idiosyncratic productivity z̄ due to changes in constraints
over time.
In summary, the evidence presented in this section suggests that various mechanisms encouraging firm entry while lowering TFP, which may be prevalent in developing countries, may not be
driving the increase in firm net entry or the increase in the share of nonemployer firms in the
United States; and we find no evidence of increasing constraints to entering firms. Nevertheless,
the evidence is tentative due to the lack of more granular data at the firm level and future work
may be needed to reassess these conclusions.

7

Conclusions

An important literature documenting a decline in business dynamism in the U.S. over the
last several decades has focused solely on employer firms. We consider a broader measure
of firms that includes nonemployers, and find that the total number of firms has diverged
dramatically from the number of employer firms over time. We interpret this fact, along with
the evolution of the employment distribution across firms, through the lens of a model of firm
dynamics based on Hopenhayn (1992). We show that accounting for nonemployers drastically
changes the implications for aggregate productivity. Although nonemployers are small relative
to employers, the increase in the number of firms and in firm-level productivity together imply
that the increase in net firm entry has been responsible for between one quarter to one half of
observed aggregate productivity growth from 1982 to 2014. This is in striking contrast to a
decrease in productivity implied by a model considering only employer firms.
Decker et al. (2016) and Li (2017) show that standard measures of business dynamism, which
focus on employer firms, do not correlate well with TFP growth, casting doubt on the quantitative importance of theories of firm dynamics. Our broader measure of firm net entry, which
accounts for nonemployers and the evolution of the size distribution over time, follows TFP
growth in the data more closely since the 1980s. Nevertheless, an important question remains
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on what accounts for the productivity slowdown in the U.S. economy in recent decades. Our
results indicate it is not a decline in firm net entry. One promising recent study instead focuses
on the decline in the quality of innovative activity resulting from a misallocation of R&D investments across firms (Ayerst, 2020), driven by firm-level heterogeneity in the wedge between
the private and social return to innovation.
Our results suggest several avenues for future research. It would be useful to relate our comprehensive measure of the number of firms with recently documented trends in market concentration and price-cost markups, as documented in De Loecker et al. (2020), and Rossi-Hansberg
et al. (2021). Relatedly, theories developed to explain increasing markups and market concentration, as well as the declining labor share of aggregate income, have taken as given a decline
in the number of firms. For instance, Akcigit and Ates (2019) relate these trends to declining
business dynamism. As a result, an important direction for future research may be exploring
mechanisms that can account for these trends in the context of higher firm net entry. We have
abstracted from the underlying causes of changes in exit rates and productivity growth across
firms and over time. Understanding these patterns remains an important area of research
(Aghion et al., 2020; Cao et al., 2020). Similarly, given the growing importance of nonemployer firms in the U.S. data, it is essential to document and better understand the nature of
nonemployer business activity. We leave these important explorations for future research.
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Appendix
A

Data Imputation

For the years between 1981 to 1991, we impute the number of nonemployers by using the
growth rate in the total number of firms reported by the IRS (constructed using tax returns).
We work backwards from 1992, imputing the total number of firms using the growth rate in
each year from the IRS data, then subtracting the number of employers (from BDS) to obtain
the number of nonemployers. Figure A.1 documents the fact that the growth rate in the total
number of firms reported by the IRS tracks very closely our measure of the growth rate of the
total number of firms over the years for which we have data for nonemployers and employers.
Hence, we argue this imputation of the number of nonemployer firms is reasonable.
Figure A.1: The Growth Rate in the Number of Firms, IRS and Our Measure

B

Sectoral Composition in the Number of Firms

Given the structural transformation in the U.S. economy over the last several decades, it is important to assess whether the large increase in the total number of firms per worker is driven by
within-sector changes in net entry or by changes in sectoral employment shares, that is changes
from sectors with a low number of firms per worker to sectors with a high number of firms
per worker. We analyze how sectoral employment shares have evolved over time between 1983
to 2014 for 9 sectors of the economy: agriculture, forestry, and fishing; mining; construction;
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manufacturing; wholesale trade; retail trade; transportation, communication, and utilities; finance, insurance, and real estate; and other services.2 We find that the most significant change
is the reallocation of employment away from manufacturing to other services. Within these
two sectors, firms per worker in manufacturing rose by 47%, while firms per worker in other
services rose by a close 46%, which suggests that the process of structural transformation is not
driving the increase in the total number of firms per worker. Indeed, firms per worker rose in
seven out of nine sectors. The only sectors that experienced a drop in the number of firms per
worker are Mining (−52%) and Retail Trade (−16%).
Table B.1: The Role of Structural Transformation in Total Firms per Worker
Employment share Firms per worker
(%)
(×100)
1983
2014
1983
2014
Sectors
Agriculture, forestry, and fishing
Mining
Construction
Manufacturing
Wholesale trade
Retail trade
Transportation, communication, and utilities
Finance, insurance, and real state
Other services
Aggregate

4
1
7
20
4
12
6
7
40
100

2
1
7
11
3
12
6
7
52
100

9
25
21
3
17
21
11
29
15
14

16
12
29
4
20
17
24
38
22
20

Nevertheless, to get a more concrete quantitative assessment of the importance of structural
transformation to the increase in the number of firms per worker, we compute a counterfactual
aggregate number of firms per worker assuming that the number of firms per worker in each
sector is fixed at 1983 levels. Changes in this counterfactual measure over time are therefore
solely driven by changes in sectoral employment shares. Figure B.2 reports this counterfactual
measure of the aggregate number of firms per worker, along with the actual number of all firms
per worker for comparison. The counterfactual shows that only 20% of the increase in the total
number of firms per worker can be accounted for by structural change.
2

We do not have data identifying government workers by industry, so sectoral measures of employment
include these workers.
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Figure B.2: Total Number of Firms per Worker, Actual vs. Counterfactual

Notes: The solid line represents the evolution of the total number of firms per worker in the (sectoral) data,
whereas the dashed line is the counterfactual evolution of the total number of firms per worker when firms per
worker in each sector is kept fixed at 1983 levels.

C

Extension with Overhead Costs

In the baseline model in Section 4, we assume entry costs are the only non-production costs
incurred by firms. We extend the baseline model to show that allowing for realistically-specified
overhead costs (and allowing these costs to change over time) does not affect the main implications of the model. We start by noting that specifying overhead costs as fixed in nature
(unrelated to the productivity of a firm) is inconsistent with the presence of very small firms in
the data, a point made by Hsieh and Klenow (2014) among others. As a result of this insight,
the literature specifies overhead costs as increasing in firm productivity. We therefore follow
Asker et al. (2014) in assuming that a producer with productivity z must incur an output cost
equal to z · cp · Y /L each period in order to operate. Instead of equation (4), operating profits
for a producer with productivity z can now be expressed as;
π(z) = Az

α
 α  1−α

w


 

w z 
L
(1 − α) − z · cp · Y /L = ·
(1 − α)
− z̄cp ,
α
z̄
N

(C.1)

where the right-hand-side expression takes into account equilibrium values of w and Y /L.
Note that the square-bracketed terms imply that a firm’s decision about whether to operate
is independent of productivity. If a firm chooses to operate, all firms do (conditional on the
number of firms). Free entry ensures that the discounted value of expected lifetime profits
(net of operating costs) at entry is exactly equal to the cost of entry, resulting in the following
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characterization for the number of firms in equilibrium;
N
1−α
=
.
L
cE (1 − ρ) + z̄cp

(C.2)

For a given average productivity z̄, the number of firms per person is increasing in the sum
of cE (1 − ρ) + z̄cp . The only difference with the baseline model, then, is that an increase in
the number of firms per person implies a decrease in the discounted expected value of all nonproduction costs. Because the addition of cp does not change the relationship between TFP
and N/L, and does not affect z̄, the model-implied contribution of a higher number of firms
per person to TFP is left unchanged.

D

Alternative Measures of Aggregate Employment

We assess our main results using alternative measures of aggregate employment.

Accounting for farm workers in the CPS. Farm workers are included in the CPS data
we use for aggregate employment, while farms are not included in our firm counts. We do
not have data specifically for farm workers, which is why we use the aggregate CPS data in
our calculations. But the CPS does report the total number of workers in farming, fishing,
and forestry occupations starting in 1983. Although this includes workers in agricultural firms
accounted for in our firm data, we can nevertheless check whether removing these employees
results in any difference in aggregate labor trends over time. We find it does not. After
removing these workers, the overall increase in aggregate employment is exactly the same as
for the aggregate CPS data we use in the main body of our paper. As a consequence, using
this alternative measure of aggregate employment does not affect any of our results.

Aggregate employment from BDS data. In Section 5 we combine BDS employment data
for employers with revenue share data for both employers and nonemployers to infer the share
of aggregate employment in nonemployer firms. But we continue to use CPS data as our
measure of aggregate employment. It is important to note that these two data sources capture
two different concepts of of employment – the CPS is measuring workers, while the BDS is
measuring formal jobs. A worker can be employed in multiple jobs (formal and informal), while
a job may employ either a part-time or full-time (formal) worker. Clearly a better measure of
employment across firms for our purposes would be number of hours, but we use BDS data as
the best available alternative. For aggregate employment, we believe the CPS measure matches
the model most closely. Although it does not account for hours, neither does the BDS data.
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And the CPS has two important advantages. First, it does not double-count workers with
multiple jobs. Second, it accounts for workers not being paid formal wages—owners, family
workers, under-the-table workers, among others. Nevertheless, we can recalculate our measure
of firms per worker each year and the contribution of its increase to aggregate TFP, using the
same strategy to infer employment at nonemployers based on BDS employment and revenue
share data, and simply adding this to total BDS employment (ignoring the CPS). When we
do this, we find aggregate employment increases by a larger 61% from 1982-2014, compared to
54% in the CPS data. As a result, the number of firms per worker grows by a lower 35%, rather
than 41%. This translates into a cumulative increase in aggregate TFP of 6.2%, compared to
the 7.1% we report in Section 4.

E

Alternative Beliefs

We show that our assumptions about the beliefs of firms in the baseline model affect the implied
evolution of the entry cost over time, but do not affect our calculation of the implied evolution
of aggregate productivity. In the baseline model we assume firms always believe the current
supply of labor L and entry cost cE will persist indefinitely, and are subsequently shocked each
period. We now assume that firms know the future paths of both L and cE with certainty. For
this exercise we assume that the economy is in a steady state in 1982, such that L and cE were
previously constant at 1982 levels. We further assume these variables stop changing after 2014.
Per-period optimal output, labor demand, and profits are still described by equations (2)
through (4), as functions of firm productivity. The wage is still described by equation (5),
as a function of the number of firms per worker. That equation (5) still holds in each period
implies that our calculation of implied TFP (11) also holds, given the observed number of firms
per worker in each year in the data.
Free entry requires that the expected discounted profits of entrants are exactly equal to the
entry cost in the period they enter. This can be expressed recursively as;
ce,t =

ce,2014 =

(1 − α)
+ ρce,t+1 ,
(Nt /Lt )

(E.3)

(1 − α)
.
(N2014 /L2014 )(1 − ρ)

(E.4)

Potential entrants now take into account future entry and labor supply growth when making
their entry decision. Taking as given the number of firms per worker in the data, the more
firms per worker in the future, the lower the current entry cost must be to rationalize a given
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Figure E.3: Implied Entry Cost with Alternative Beliefs

current number of firms per worker. In Figure E.3 we show how the implied entry cost cE must
evolve over time in order to match the observed evolution of the number of firms per worker
in the data. Compared to the baseline, this alternative implied entry cost must be lower in
1982, given that firms are now taking into account the future observed increase in the number
of firms per worker. By 2014, the two measures converge, as must be the case since the two
sets of beliefs also converge. With these alternative beliefs, the implication for the evolution of
entry costs is much the same, except here the implied entry cost is less volatile over time.

F

Share of Nonemployers

To assess the ability of our baseline model to explain the change in the number of nonemployers
over time, given observed changes in the total number of firms, we calibrate the distribution
of productivity across firms G(z) to match U.S. data for 1987. The BDS data includes the
number of employer firms falling within 12 different employment-size bins, along with average
employment per employer firm within each bin. Two issues arise here. First, we do not have
data for labor used in nonemployer firms (ie., owners, informal workers). Second, the BDS data
does not report informal workers and owners in employer firms. To address these issues we use
data from the Survey of Business Owners and the Statistical Abstract of the U.S., from which
we can calculate the share of aggregate revenue generated by nonemployer firms. This data is
available in census years starting in 1987.
We start by noting that in the model the share of aggregate revenue generated by a group
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of firms is equal to its share of aggregate labor, from (2) and (3). We therefore assume that
the share of labor used across all nonemployers is equal to the share of revenue generated by
nonemployers. For our purposes, we need a distribution of labor across nonemployers and across
small employers (those with less than 5 formal employees). We make a further assumption about
the employment data, that the difference between total persons engaged (from the CPS) and
formal employees (from the BDS) is distributed across all firms in proportion to their reported
number of employees. In other words, if firm A is reported to have 5 times the employees of
firm B, then we assume firm A also has 5 times the number of total workers as firm B. In 1987
nonemployers are therefore assumed to employ 2.8% of aggregate labor, while small employers
employ 6.2%. Taking into account the numbers of each type of firm, these translate to an
average employment size of 0.20 for nonemployers and 2.41 for small employers.
To map the above results to relative firm-level productivity, we note that equation (2) implies
the following productivity ratio between two arbitrary firms i and j with different levels of
employment;
`i
zi
= .
(F.5)
zj
`j
To infer the distribution of productivity across nonemployers and small employers, we assume
nonemployers are firms with optimal (reported) labor less than 1, which translates to optimal
actual labor less than 1.05. For comparison, small employers are firms with actual labor between
1.05 and 5.24 (1-5 multiplied by 1.049). We assume the distribution of productivity within each
group is described by the Beta distribution, Beta(a, 1|zL , zU ), where zL and zU are the bounds
of each distribution, zL = 0 for nonemployers, and a is specific to the group.3 The flexibility
of this distribution allows us to match the average z (average labor) for each group from the
data. Doing this, we obtain anon = 0.24 and asmall = 0.48.4 Given G(z), we then calculate the
fraction of firms that are nonemployers generated by the model as the number of firms changes
each year (again, we assume the entry cost changes over time to generate this outcome).

G

Tax on Employers

We extend the baseline model by assuming that any firm demanding more than one unit of
labor (an ‘employer’) must pay a proportional tax rate τe on revenue. This size-dependent
tax discourages firms that would otherwise demand more than one unit of labor from doing
so, and results in two distinct thresholds of productivity, z1 and ze . Firms with productivity
a−1

L)
The pdf of this distribution is f (z | zL < z < zU ) = a(z−z
(zU −zL )a .
4
We only need within-group distributions of productivity for nonemployers and small employers, as the share
of these firms in 1987 is 88%, while the share of nonemployers never rises above 82.5%.

3
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z < z1 demand less than one unit of labor given the wage, which is assumed to be supplied
by the owner-manager. Firms with productivity z > ze demand more than one unit of labor
optimally given the wage and the tax τe . And firms with productivity z ∈ (z1 , ze ), the inaction
zone, choose to operate as nonemployers with only with one unit of labor supplied by the
owner-manager. We now have three expressions characterizing optimal labor conditional on
productivity z;
1
 α  1−α
`(z | z < z1 ) = Az
,
(G.6)
w
`(z | z1 < z < ze ) = 1,
(G.7)
1
 α  1−α
1
(1 − τe ) 1−α ,
(G.8)
`(z | z > ze ) = Az
w
with the following corresponding expressions for output and operating profits;
y(z | z < z1 ) = Az

α
 α  1−α

w

,

y(z | z1 < z < ze ) = (Az)1−α ,
α
 α  1−α
α
y(z | z > ze ) = Az
(1 − τe ) 1−α ,
w
α
 α  1−α
,
π(z | z < z1 ) = (1 − α)Az
w
π(z | z1 < z < ze ) = (Az)1−α − w,
α
 α  1−α
1
π(z | z > ze ) = (1 − α)Az
(1 − τe ) 1−α .
w

(G.9)
(G.10)
(G.11)
(G.12)
(G.13)
(G.14)

We can pin down z1 using `(z1 ) = 1, resulting in the following;
−1

z1 = A

−1
 α  1−α

w

.

(G.15)

The threshold ze can be characterized by noting that a firm with productivity ze is indifferent
between hiring more than one unit of labor while paying the tax τe and using only one unit of
labor without paying the tax;
(1 − α)Aze

α
 α  1−α

w

1

(1 − τe ) 1−α = (Aze )1−α − w.

Combining the above expression with equation (G.15), we get ze /z1 as an implicit function of
τe ;
 α
 
1
z
z1
1
(1 − α)(1 − τe ) 1−α =
−α
.
(G.16)
ze
ze
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Given that the right-hand side of the above equation is decreasing in ze /z1 , the ratio ze /z1 must
increase when τe increases.
For tractability we now assume G(z) can be described by a Pareto distribution with lower
bound equal to 1, scale parameter ξ > 1, and cdf G(z) = 1 − z −ξ .5 Given that potential
entrants only learn their z after incurring the entry cost, G(z) also describes the distribution
of z across producers. The fraction of firms that are employers, i.e., use labor other than that
of the firm owner, is therefore;
Ne
= ze−ξ .
(G.17)
N
Further, note the number of firms that are employers as a fraction of firms that would be
employers if τe = 0 (given w) is;
 ξ
1 − G(ze )
z1
,
=
1 − G(z1 )
ze
which is decreasing as τe increases.
Labor market clearing now implies the following;
L
N

Z
1
 α  1−α

z dG(z|z < z1 ) + G(ze ) − G(z1 )
Z
1
 α  1−α
1
+ [1 − G(ze )] A
z dG(z|z > ze ),
(1 − τe ) 1−α
w
z>ze

= G(z1 )A

w

z<z1

or
L
=
N



ξ
ξ−1



z1ξ−1 − 1
z1ξ

+

1
z1ξ


1−

z1
ze

ξ !

1

+

(1 − τe ) 1−α



z1ξ

ξ
ξ−1



z1
ze

ξ−1
.

(G.18)

Aggregate output per worker can be calculated in a similar way, resulting in the following
expression;
Y
A1−α ξ
= ξ+α−1
L
z1



N
L

"

z1ξ−1 − 1
1
+
ξ−1
ξ+α−1


1−

z1
ze

ξ+α−1 !

α

(1 − τe ) 1−α
+
ξ−1



z1
ze

ξ−1 #
.
(G.19)

We change slightly how we specify the cost of entry, relative to the baseline model. The cost is
still in terms of the consumption good, but we now assume it scales up with the wage w rather
5

Note that the lower bound of the productivity distribution is a free parameter in this framework. By
normalizing it to 1, we assign all exogenous productivity changes over time to A.
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than Y /L. This serves to simplify the free entry condition, which can be expressed as;
w · cE
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(G.20)

The revenue share of nonemployers can be derived and characterized as follows;

 ξ+α−1 
+
1 − zz1e

 ξ+α−1 
 ξ−1 .
α
(1−τe ) 1−α
z1
z1
1
+ ξ+α−1 1 − ze
+ ξ−1
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z1ξ−1 −1
ξ−1

rev. sharenon =

z1ξ−1 −1
ξ−1

1
ξ+α−1

(G.21)

From the above expressions, we derive the following observations from comparative statics.
First, a higher τe increases ze /z1 and therefore increases the number of firms that are nonemployers because of τe , relative to the number of actual employers. Second, a higher cE does not
affect ze /z1 . Third, if increases in cE and τe lower the equilibrium wage, then they must lower
z1 .
To assess the quantitative implications of the model, we need values for cE , τe , and ξ. For ξ,
we exploit the mapping from relative firm-level employment to relative firm-level productivity
across employer firms, choosing ξ = 1.08 to match the ratio of average to median employment
for employer firms (BDS data for manufacturing firms in 2007). We then choose parameter
values for cE and τe in each year to match the number of firms per person engaged and the
fraction of firms that are employers. We obtain these values, along with values for z1 and
ze , using equations (G.16), (G.17), (G.18), and (G.20). We cannot target the revenue share
of nonemployers, as this is not possible when the productivity distribution is assumed to be
Pareto. We nevertheless report the change over time in model-implied revenue share.
Table G.2 reports outcomes of interest for 1982 and 2014, comparing model-generated outcomes
to the data. Our inferred cost of entry cE decreases by 29%, as in the baseline model. This
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Table G.2: Tax on Employers, 2014 vs. 1982
Model
1982
2014
cE
τe

7.99
1.44%

5.68
1.87%

Fraction nonemployers to all firms
Fraction firms to persons
Fraction constrained nonemployers to all firms
Revenue share nonemployers (1987, 2012)
Aggregate TFP (1982=1)

0.73
1.00
0.18
0.096
1.000

0.82
1.41
0.15
0.119
1.071

Data
1982 2014
–
–

–
–

0.73 0.82
1.00 1.41
–
–
0.028 0.031
1.000 1.320

by itself leads to a higher z1 and an identical increase (in percentage terms) in ze , implying no
increase in the number of constrained nonemployers (those who would choose to be employers
if τe = 0) relative to the total number of would-be employers (all firms who would choose to be
employers if τe = 0). In Section 4 we note that such a drop in cE can not increase the fraction
of nonemployers enough relative to what we observe in the data. This rationalizes why our
inferred tax τe must increase in the model in order to push ze higher to match the increase in
the share of nonemployers.
We emphasize that the inferred tax is a very low 1.44% in 1982 and only increases to 1.87%
by 2012. This leads to both a drop in z1 and an increase in ze /z1 , resulting in a slight increase
in the number of constrained nonemployers relative to would-be employers. But as a fraction
of all firms, the number of constrained nonemployers drops from 18% to 15% as the total
number of nonemployers increases. While the increase in τe leads to a shift in employment from
employers to nonemployers, the drop in the number of constrained nonemployers offsets this,
resulting in the same net increase in measured TFP as in the baseline model. To gain a better
understanding of how the increase in τe inferred in this experiment contributes to the outcomes
in Table G.2, we perform an experiment where we increase τe by the same amount but keep cE
fixed at its 1982 level. We find that that the fraction of nonemployers increases only slightly
from 73% to 75%, and the number of constrained nonemployers, relative to all firms, increases
slightly from 18% to 21%. This implies the decline in entry costs more than offsets any increase
in misallocation due to a higher τe .
The assumption of a Pareto distribution of productivity does not allow the model to match
the revenue share of nonemployers observed in the data. Nevertheless, we emphasize that the
nonemployer revenue share generated by this model increases by 23% from 1987 to 2012 (the
period for which we have revenue share data for comparison), much larger than observed in the
data and only slightly lower than that implied by the baseline model.
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In summary, while considering an effective tax on employers allows the model to match exactly
the increase over time in the fraction of nonemployers, the implications for aggregate productivity are identical to those from the baseline model. We conclude that an increase in the effective
cost of being an employer, relative to a nonemployer, is not a significant driver of trends in
the U.S. economy. We also conclude that relaxing the assumption of an invariant incumbent
firm dynamics over time, as we have done in the extended model of Section 5, is important for
capturing the quantitative importance of the relatively constant revenue share of nonemployers
observed in the data.
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