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Abstract

Using administrative data from the U.S. Census Bureau, we introduce a new public-
use database that tracks activities across firm growth distributions over time. With
these new data, we uncover several key trends for high-growth firms—critical en-
gines of innovation and economic growth. First, the share of firms that are high-
growth has steadily decreased over the past four decades, driven not only by falling
rates of entrepreneurship but also languishing growth among existing firms. Sec-
ond, this decline is particularly pronounced among young and small firms, while
the share of high-growth firms has been relatively stable among large and old firms.
We also find rich variation across states and sectors. To facilitate future research, we
highlight how these data can be used to address various research questions.
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1 Introduction

Since Penrose’s (1959) seminal work on the growth of firms, extant literature in both
management and economics has offered various theoretical accounts of where and how
high-growth firms emerge—ranging from external factors such as environmental con-
ditions and competition (e.g., Carroll and Hannan 1989; Baum and Mezias 1993; Sterk
et al. 2021; Sivadasan et al. 2024) to organizational traits including routines, manage-
rial quality, and technological innovation (e.g., Lucas Jr 1978; Nelson and Winter 1982;
Acs and Audretsch 1987; Eisenhardt and Schoonhoven 1990). In spite of the different
disciplinary roots, a common theme in this large body of research is that firm growth
critically depends on the age of the organization (for review, see Khaire 2010 and Coad
2024). In particular, recent studies have shown that young firms exhibit both high dis-
persion and positive right skewness in growth rates (Decker et al., 2016; Haltiwanger
et al., 2016; Guzman and Stern, 2020), highlighting the central role of entrepreneurship
for economic dynamism and high-growth activity. At the same time, others document a
decline in the pace of entrepreneurship and growth rates among young firms, as well as
an increasingly dominant role of large incumbent firms (Autor et al., 2020; Haltiwanger,
2022). While the heterogeneous nature of firm growth is an increasingly active area of
research, one barrier to studying high-growth firms—especially among young and small
organizations—is the limited access to large-scale data.

Nationally representative administrative microdata, such as the Census Bureau's
Longitudinal Business Database (LBD), have been valuable for advancing our under-
standing of organizations and how they grow (Nagaraj and Tranchero 2023; Sterk et al.
2021; Sivadasan et al. 2024). However, gaining access to such data can be difficult. In
the case of confidential Census microdata, access is limited to approved projects via the
Federal Statistical Research Data Centers (FSRDCs). Alternative data sources such as

National Establishment Time Series (NETS) or Compustat introduce sample selection



and measurement challenges.! Meanwhile, the Organisation for Economic Co-operation
and Development (OECD) has collected and made available aggregate data on firm
dynamics—with an emphasis on high-growth firms given their relevance for policy—
by partnering with national statistical agencies. To date, no such data are available for
the U.S.

We address these gaps by introducing the Business Dynamics Statistics of high-
growth firms (BDS-HG) tables, which offers a rich, public-use source of information
on firm growth in the U.S. Although the BDS-HG tables provide category-level statis-
tics, they are very granular. For example, the statistics by detailed industries provides
more than 114 thousand observations of growth rate bin by 4-digit NAICS classifica-
tion. These newly available public-use statistics open up new research opportunities by
providing variation by state and industry. We describe some of the potential research
avenues enabled by these data in greater detail below. Additionally, the BDS-HG tables
allow researchers to validate analyses conducted using other datasets or measures. We
regard the BDS-HG data as a complement rather than a substitute for comprehensive
administrative microdata on firms such as the LBD. The latter remain important sources
for firm-level analysis. However, the BDS-HG provides novel firm-based growth rate
distribution statistics at a granular level in the public domain that can be used for a
variety of research purposes.

In this paper, we describe the BDS-HG tabulations, which provide the annual stock
and flow of firms, establishments, and employment across the firm growth rate distri-
bution. These new public-use data tables leverage confidential administrative data from
the U.S. Census Bureau covering all non-farm employer businesses in the U.S. between
1977 and 2021. The BDS-HG tables provide tabulations by both within-year growth rate
percentile groups and absolute growth rates. The BDS-HG data tabulates firms, estab-

lishments, and employment by firm growth at the national-level and by state, detailed

!We discuss some of these challenges in greater detail below.



industry (up to 4-digit NAICS), firm size, and firm age categories with several multi-way
tables (e.g,. firm growth by firm age and firm size).>? The BDS-HG data will be updated
on annual basis. Access to these new data along with additional documentation can be
found at https://www.census.gov/programs-surveys/ces/data/public-use-data/ex
perimental-bds/bds-high-growth.html. To illustrate the potential use and promise of
these new data, we begin by characterizing the changing nature of the firm employment
growth distribution in the past few decades and the origins of high-growth firms.
Several striking patterns emerge. First, while there generally has been an increase in
the number of firms in the U.S. in the past four decades, the share of firms that are high-
growth has steadily decreased from 18% in 1985 to 12% in 2015. This decline is driven
by both falling shares of new firms and languishing growth among existing firms. In
tandem, the U.S. economy has witnessed a substantial rise in firms with virtually zero
employment change from 32% to 40% over the same 30-year period. Second, we explore
the evolving sources of high-growth firms. With respect to firm size and age, we find
that the decline in the share of high-growth firms is particularly severe for young and
small firms. In contrast, mature and large firms do not exhibit substantial changes in
high-growth activity over time. In terms of industry, we find that all sectors—especially
construction and manufacturing—have shown a general decline in the share of high-
growth firms. Interestingly, a few sectors such as Information (e.g., software, media
streaming, computing infrastructure) have shown a modest rebound beginning in 2010.
However, all sectors remain far below their shares of high-growth firms from earlier
decades. We also find meaningful geographic variation in high-growth firm activity.
Compared to the baseline share of all firms, 14 states and DC are “overrepresented” in

their share of high-growth firms. Among them, Florida, California, and Texas dispropor-

2The Fall 2024 release will include more granular statistics at the sector x state level, which would
enable researchers to make use of sector- or state-specific shocks in a difference-in-differences analytic

framework.
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tionately contribute to high-growth firms even after accounting for their relatively large
baseline share of all firms.

Our initial results highlight the rich potential of the BDS-HG data for future research.
To further demonstrate this point, we discuss various domains for future research related
to firm growth—such as diversification, labor market frictions, and innovation—and how
the BDS-HG data can help in advancing each line of work. Our hope is that the BDS-HG
data will help enable a host of new research questions underlying high-growth firms.

The paper proceeds as follows. Section 2 describes the input data and the method-
ology for computing firm growth rates along with some descriptive statistics about the
properties of the firm growth rate distribution. Section 3 provides a preview of the
BDS-HG data, describing the characteristics of high-growth firms. Sections 4 outlines
specific use cases of the BDS-HG for relevant future research in strategic management

and economics. Section 5 concludes.

2 Data and Methodology

The BDS-HG tables are derived from the Longitudinal Business Database (LBD), the
frame of all non-farm employer businesses in the U.S. (Jarmin and Miranda, 2002; Chow
et al., 2021).3 Currently, the LBD covers years 1976 to 2021. The LBD provides infor-

mation at the establishment-level such as employment, payroll, industry, age, and firm

3Several alternative data sources are currently available, but they face some constraints. For instance,
researchers commonly use data on venture capital-financed startups (e.g., VentureSource) and public com-
panies (e.g., Compustat) to study high-growth firms. However, a key limitation is that these samples
are highly selected on successful companies that manage to raise funding or reach an IPO. In contrast,
establishment-level data from NETS provide a more comprehensive coverage. However, this dataset is
known to be limited in its longitudinal coverage especially for startups; for example, Crane and Decker
(2019) estimate that 90% of young firms’ employment records are imputed. Similarly, state business regis-
tration records provide large-scale data on potential high-growth firms at birth (Guzman and Stern 2020),

but longitudinal information (e.g., employment growth) is not available.



identifiers. Employment captures both full and part-time employees who are on the
establishment’s payroll, including salaried officers and executives of corporations, dur-
ing the pay period that includes March 12, This also includes employees on paid sick
leave, holidays, and vacations but excludes proprietors and partners of unincorporated
businesses.*

We compute year-to-year growth of establishments and firms using a measure first
developed by Torngvist et al. (1985), which has become standard in the firm dynamics
literature (Davis et al., 1996; Coad, 2024). This growth measure, henceforth TVV/DHS,
divides the change in employment from ¢t — 1 to t by average employment. We discuss
this measure in greater detail below. The TVV/DHS measure shares useful properties
with log differences and naturally accommodates entry and exit. Since the denominator
contains the average value over two years, this measure is also symmetric and alleviates
regression-to-the-mean effects (Haltiwanger et al., 2013). Moreover, TVV/DHS growth
has useful aggregation properties. It can be flexibly defined for aggregations of es-
tablishments either into firms or cells defined by establishment or firm characteristics.
Aggregating this growth measure to the firm-level results in a measure of “organic” firm
growth that abstracts away from firm-level employment changes due to mergers and ac-
quisitions (c.f., Sivadasan et al. 2024). By construction TVV/DHS growth is bounded
between -2 (firms that transition from non-zero to zero employment i.e., exit) and 2
(firms that transition from non-zero to zero employment i.e., entry).

Specifically, establishment i’s growth rate (g; ;) is defined as

Eit—Eit 1
. — 7 7 1
gl,t Xl,t ( )

“The March 12" reference period also implies that much of the economic effects of the COVID-19
pandemic appear in the 2021 but not 2020 BDS tabulations. None of the states in the U.S. had a mandatory
shelter-in-place order (i.e., lockdown) as of March 12, 2020. For additional information about the timing

of Census Business data and the COVID-19 pandemic see Beem et al. (2022).



where E;; is employment at establishment i at time t and X;; = %(Ei/t +Ej; 7). Firm-
level growth is then the sum of employment changes divided by the sum of average
establishment employment, for all establishments i associated with firm f at time ¢, as

follows:

YicfEit —Eit Xi Eit—Ei;1
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The sum of employment changes weighted by average employment is equivalent to
the weighted average of establishment-level growth rates using the employment share,
(%), as weights.®

There are several relationships between firm size, age, and growth that are important
to note. First, the shape of the growth rate distribution by firm size depends critically
on whether average (between t — 1 and t) or initial (t — 1) firm size is used to classify
firms.® Average size will tend to allocate more growth and less contraction to large
tirm size bins compared to an initial size measure. This is because firm growth exhibits
significant mean reversion—firms that grew from t — 2 to t — 1 are much more likely
to contract from t — 1 to t—due to transitory shocks. Second, in addition to transitory
shocks, firms experience systematic and persistent growth patterns over the firm age
life cycle (Decker et al., 2016). Online Appendix A provides additional details about the
TVV/DHS measure and its relationship to size and age.

We categorize high-growth firms using two distinct but related methods of grouping
firms based upon their employment growth rates. The first is percentile-based and uses
the distribution of growth rates across firms and the second is based upon growth rate
values. In both cases, our methodology attempts to maximize the comparability of the

BDS-HG tabulations to the OECD’s DynEmp program, which provides internationally

SExiting establishments will be assigned a firm growth rate based upon their associated firm in ¢ — 1.
® Average and initial firm size groupings corresponds to fsize and ifsize, respectively, from the BDS

tabulations.



comparable measures of business dynamism for a number of OECD countries.”

For the first method, we classify firms based on their position on the within-year av-
erage employment-weighted growth rate distribution. Employment weighting is done,
after computing firm growth rates and the sum of average employment (denom) at the
tirm-level, sorting firms within a year in ascending order by their growth rate, breaking
ties randomly, computing each firm’s cumulative share of economy wide average em-
ployment, then summing this share across firms in the sorted file. Firms that account of
a cumulative share of less than or equal to 10 percent of total average employment are
assigned to the p1 to p10 bin.

We classify firms into five percentile-based employment growth bins (fempgr_grpct
in the BDS-HG tables): a) pl-p10; b) p11-p25; c) p26-p75; d) p76-p90; e) p91-p99. By
construction, this method involves growth rate cut-offs that vary over time. As the firm
growth rate distribution contracts over time, the growth rate associated with the 90t
percentile of the employment-weighted growth rate distribution will change. To illus-
trate this point, Figure 1 shows the average growth rate associated with the 10t, 50t,
and 90t percentile of the employment-weighted growth rate distribution for groupings
of years. Consistent with the findings of Decker et al. (2016), we find that the growth rate
associated with the 90t percentile of the growth rate distribution has fallen significantly
over time from 0.35 to 0.23 from the late 1980s to the 2010s. Less dramatic, but still ap-
parent, is the rise of the growth rate associated with the bottom, or 10th percentile, which

rose from -0.27 to -0.20 over the same period. Even the median, or 50t

percentile, has
contracted slightly falling towards zero. These patterns over roughly forty years imply
an increasing compression in the firm growth rates at both the top and bottom portions

of the distribution, whereby the fastest growing firms in the economy are growing less

"Notable differences between the BDS-HG and OECD DynEmp methodologies include: (1) we do
not randomly perturb the growth rates of zero growth firms, (2) provide slightly less detail around the
median of the within-year employment-weighted growth rate distribution, and (3) we do not provide firm

weighted percentile bins.



and the firms contracting the most are contracting by less.
FIGURE 1: FIRM GROWTH RATES BY PERCENTILE OVER TIME

47

Average Employment Growth Rate

[
10th 50th 90th
B S e I
O N O O O
I P I PSS

Source: LBDv202100.

Notes: Figure shows the average firm-employment growth rates by decades among firms classified
between the 9™ and 11 (labeled 10), 49" and 51 (labeled 50t), and the 89™ and 91t (labeled 90t)
percentiles of the employment weigthed growth rate distribution.

Motivated by the time varying nature of the percentile-based method, our second
approach classifies firms based upon their employment growth rate values. We classify
firms into nine bins (fempgr_gr in the BDS-HG tables): a) -2; b) (-2 to -0.8]; c) (-0.8 to
-0.2]; d) (-0.2 to -0.01]; e) (-0.01 to 0.01); f) [0.01 to 0.2); g) [0.2 to 0.8); h) [0.8 to 2); i) 2.
By defining fixed ranges of employment growth rates for each group, this time-invariant
approach allows us to compare the absolute growth dynamics of firms over time. During
economic downturns, for example, firms may be growing less and contracting more, in
which case economic activity will shift across the growth rate bins.

In the analyses that follow we focus on high-growth firms using the growth rate-
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based tabulations (fempgr_gr). This allows us to analyze the absolute growth perfor-
mance of firms in the U.S. economy over time. We define high-growth firms whose
firm growth rate is 0.8 or greater. For comparison, for the percentile-based measures we
define firms in the top 10 percentile of the within year growth rate distribution as high-
growth. Continuing firms are considered high-growth, by this definition, if their size
increased by more than approximately 130% year-over-year.® In addition to continuers,
new and reactivating firms will also be considered high-growth since their growth rate
is mechanically equal to 2.

To motivate this threshold for high-growth firms, Figure 2 shows the count of firms
across detailed firm growth rate bins in Panel A and the percent of firms Panel B.?
In Panel A, the height of each dark circle shows the count of firms (with a log scale
y-axis) at each point along the firm growth rate distribution on average between 1978
and 1982. The size of each bubble reflects the share of average employment accounted
for by each growth rate bin in those years. The hollow circles show a similar statistic
for the years 2016 to 2021. Panel B shows the percent of firms across the growth bins
over time rather than firm counts. Several patterns are notable in Figure 2. First, in
Panel A and B we see that the majority of firms have growth rates between -0.2 and 0.2,
which roughly corresponds to a 22% contraction or expansion.!? In particular, almost
29% of firms in the late 1970s had nearly zero growth rates, which rose to 37% in late
2010s. There are also a large number of firms that exit (-2) or enter (2), but they account

for much less employment than those within the -0.2 to 0.2 band. Since the number

8The TVV/DHS growth measure can be translated into percent differences using the implied relation-

ship between the two. For a given x and y, the percent difference is given as gyt = % and the TVV/DHS

23 tvv/dhs

x—y _
t 2_gtvv/dhs ’

difference is Stov/dhs = W

. This implies that gpc

9These bins have more details than are available in the BDS-HG tabulations.
19The “kink” in the distribution at (-1,0.8] and [0.8,1) is driven by “lumpiness” in the joint size and

growth rate distribution. Firms with one or two employees are quite common among the population of
firms. If a firm with one employee adds two additional employees its growth rate is 1, which is on the

excluded edge of the [0.8,1) bin.



FIGURE 2: DETAILED DISTRIBUTION OF FIRM GROWTH RATES, 1980 vs. 2018
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Source: LBDv202100.

Notes: Panel A shows average count of firms (log scale y-axis) across groupings of years by detailed
growth rate bins. Note that these bins are more disaggregate than those provided in the BDS-HG
tabulations. Solid circles represent average counts for the earlier period (1978-1982) and hollow circles
show average counts for the later period (2016-2021). Panel B shows ther percent of firms accounted for

by each bin.
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of firms has risen significantly over time the absolute count of firms that enter or exit
increases slightly (Panel A) but the share of firms that enter or exit has declined (Panel B).
Second, the compression of the growth rate distribution shown in Figure 2 can be seen
in the changes in the counts and shares of firms across the growth rate distribution. The
number of firms that with little to zero change in employment rose the most between
1980 to 2018. The count of firms that experienced significant growth or contraction
declined significantly.

To further demonstrate the differences between the percentile-based and growth rate-
based bins, Figure 3 shows the share of firms that are classified as high-growth by both
measures. Panel A shows the percent of firms that are classified as high-growth using
the growth rate-based measures, decomposed into all firms (light gray bars) and just con-
tinuers (dark gray bars). Panel B does the same but for the percentile-based measures.
Panel A shows that whereas roughly 17% of firms were high-growth in 1980, that share
tell to 13% in 2020. In contrast, unsurprisingly, the percentile-based bins show a much
flatter series for both all high-growth firms and continuer high-growth firms. As men-
tioned previously, this is driven by the fact that as the growth rate distribution contracts
so too does the 90t percentile cutoff. The top percentile-based bin will always contain
the 10% of average employment with the highest growth rates even as the growth rates
of those firms declines. Variation in the share of firms covered by that bin, then, reflect
differences in the size composition of the fastest growing firms. The percentile-based
method also casts a wider net with many more firms classified as high-growth than the
0.8 cutoff we use for the growth rate-based method.

In the next section we provide a preview of these statistics, highlighting interesting
patterns in the composition of high-growth firms over time in terms of firm size, age,
industry, and geography. All of the following figures can be generated using the new,

publicly available BDS-HG tabulations.
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FiGURrE 3: HIGH-GROWTH FIRM SHARES
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Source: BDS-HG 2021.

Notes: Panel (A) shows the percent of firms classified as high-growth using the growth rate-based
method (> 0.8 TVV/DHS) and Panel (B) shows the percent using the percentile-based method (> 90th
percentile). All high-growth firms as a percent of all firms is shown in light gray and only continuer
high-growth firms in dark gray.

3 Trends in High-Growth Firm Activity

Anatomy of firm growth over time

Table 1 shows the count of firms, job creation, and total employment associated with
all firms and the share of each accounted for by high-growth continuing firms, and
high-growth entrants over time. All of the analyses in this section utilize the growth
rate-based high growth classification. The total number of non-farm employer firms
rises from about 3.6 million in the late 1970s to roughly 5.3 million by 2020. Over the
same period, the share of high-growth firms fell from approximately 18.4% to 13.1%.
The share of high-growth continuers declined by half and high-growth entrants fell by
approximately a quarter over the period. In terms of employment, high-growth firms

account for a much smaller share, falling from about 4% of total employment in the late
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1970s to about 2.2% by the end of the period. In contrast, high-growth firms account for
a large but falling share of job creation, from approximately 40.3% in the late 1970s to
32.2% in the 2010s.!

"Entrants account for the bulk of high growth firms as can be seen from Table 1. Therefore, with the
recent surge in new business applications (Haltiwanger, 2022; Decker and Haltiwanger, 2023), the share

of high growth firms is likely to have risen somewhat after the pandemic.
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TABLE 1: SUMMARY StATISTICS OF HIGH-GROWTH FIRMSs 1IN THE U.S.

Firms Employment Job Creation

Decade All  high-growth (%) All high-growth (%) All  high-growth Firms (%)

Cont. Entrants Continuers Entrants Continuers  Entrants
1978-1980 | 3,663 4.1 14.3 | 71,603 2.2 1.8 | 11,120 16.5 23.8
1981-1985 | 3,883 3.7 14.1 | 76,301 2.1 2 110,776 17.9 27.8
1986-1990 | 4,303 3.7 13.9 | 87,498 2.1 2 | 13,002 16.8 26.9
1991-1995 | 4,514 3.3 12.3 | 93,615 1.7 1.6 | 12,571 14.9 23.7
1996-2000 | 4,827 3.2 11.7 | 105,511 1.7 1.5 | 15,150 14.2 20.3
2001-2005 | 5,018 29 11.8 | 113,433 1.5 1.5 | 14,944 13.9 22.2
2006-2010 | 5,178 2.7 11.1 | 117,188 1.3 1.3 | 13,731 13.1 21.9
2011-2015 | 5,072 24 10.6 | 116,651 1.1 1.2 | 13,434 11.2 20
2016-2021 | 5,302 22 10.9 | 128,764 1 1.1 | 13,603 11 21.2

Source: BDS-HG 2021
Notes: Table reports the average count of firms within groupings of years. Employment is average employment (denom). High growth firms are
those with growth rates of 0.8 or higher. Counts reported in 1,000s.



One important trend that these new tabulations highlight is the rising share of firms
with little to zero change in their employment. Figure 4 shows the percent of firms with
growth rates between -.01 and .01 (fempgr_gr bin e)). The share of zero-change firms
rose from roughly 30% in 1980 to 40% in 2020. Interestingly, this trend has reversed in
2021, during which COVID-19 likely shifted many zero-change firms toward contraction
or exit. Zero-change firms tend to be relatively small. Despite being 40% of firms in

2020, they only account for about 15.3% of employment.'?

FIGURE 4: RISE OF FIRMS WITH NO CHANGE IN EMPLOYMENT
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Source: BDS-HG 2021.
Notes: Figure shows the percent of firms with firm growth between -0.01 and 0.01.

12The Business Employment Dynamics (BED) data published by the Bureau of Labor Statistics (BLS)
provides comparable measures of zero change businesses. The BED publishes the count of establishments
with zero employment change from the prior quarter. Both series exhibit a trend increase in zero change
businesses. The BED zero change establishment share rises from 46% to 54% from 1993 to 2021 and
the BDS-HG firm share rises from 34% to 38% over the same period. These measures are not directly
comparable because (1) the BED measures are establishment-level while the BDS-HG are firm-level, (2)
the BED measures are changes from the prior quarter while the BDS-HG captures year-over-year changes,
and (3) the BDS-HG reflects near-zero changes (-0.01 to 0.01) while the BED measures exact zero change

establishments.
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Despite their rising prevalence, it is not clear how to interpret firms with steady
employment. One benign view is that firms—especially large, incumbent firms—are
more easily able to reach their optimal size and thus keep their employment relatively
stable. In contrast, it may be that firms—in particular, startups and small firms—face
increasing frictions to growth in spite of a desire for greater scope and scale. To explore
these perspectives, we break down the prevalence of zero-change firms by their size and
age.

Figure 5 shows the change in the percent of zero change firms by firm size (Panel A)
and firm age (Panel B). By firm size, the largest increase in zero change firms was among
the smallest firms—those with 1 to 19 employees. Panel A shows that the percent of zero
change firms among those with 1 to 19 employees rose 12 p.p. from 33% to 45% from
1978 to 2020. Among large firms the share of zero change firms is much lower, about 7%
in 1978, but also rose by about 6 p.p. to 13% in 2020. Perhaps most surprising, Panel B
shows that even the youngest firm age group saw a significant increase in the percent of
zero growth firms. Among firms ages 1 to 5, from 1983 to 1990 the share of zero growth
tirms fell from 38% to 35% but then rose to 45% by 2020. Nearly half (45%) of firms age
1 to 5 years saw zero change in employment in 2020. Mature startups (i.e., ages 6-10)
and established firms (i.e., ages 11 and above) saw 8 and 7 p.p. increase in the percent
of zero growth firms, respectively. Analysis taking size and age together provides an
even richer portrait of the evolution of zero change firm shares. Table Al in the Online
Appendix shows the evolution of zero change firms within firm size and firm age bins,
which suggest, consistent with Figure 5, that the largest increases of zero change firm

shares within an age group is among the smallest firms.
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FIGURE 5: FIRMS WITH NO CHANGE IN EMPLOYMENT, SIZE AND AGE
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Source: BDS-HG 2021.
Notes: Panel (A) shows the percent of firms with firm growth between -0.01 and 0.01 by firm size bins.
Panel (B) shows the same by firm age bins.

Next, we decompose net job creation, or contributions to net employment growth
in the economy, across the growth rate distribution. Figure 6 shows the count of jobs
created or destroyed, on net, by firms in each growth rate bin. On average, each year,
entrants account for about 3 million jobs per year, high-growth continuers ([0.8 to 2)) ac-
count for about 1.8 million, moderately growing firms ([0.2 to 0.8)) about 4.2 million and
the slower growth firms ([0.1 to 0.2)) about 2.7 million. Consistent with the compression
of the growth rate distribution and the declining share of activity among high-growth
firms, the amount of net job creation from the high-growth continuers declines over
time. Much of the variation in the levels of net job creation across the firm growth rate
bins reflects differences in total employment. The net job creation rate, for example, of
the high-growth continuers is roughly 118% and the moderately growing bin ([0.2 to
0.8)) has a net job creation rate of about 37%. The net job creation of the negative firm

growth rate bins, not surprisingly, are uniformly negative. The most prominent COVID-
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19 effects, which appea

rs for the first time in 2021 due to the fact that employment

measurement is taken on March 12th of each year, are most severe for the moderately

contracting ((-0.8 to -0.2]

) and the significantly contracting firms ((-2, -0.8]).
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creation counts in 1,000s by firm growth rate bins.

What are the characteristics of high-growth firms?

In this section, we use

come from. The compo

the BDS-HG tabulations to examine where high-growth firms

sition of activity in the U.S. economy has changed dramatically

since the 1980s. There has been a secular decline in entry (Decker et al., 2016), a rising

share of activity among

large firms (Autor et al., 2020), and significant sectoral changes,

in particular a decline in manufacturing (Fort et al., 2018). In light of these changes, we

examine where high-growth firms originate from (e.g. firm age, firm size, sector, and
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state) and how that has changed over time. To do this, we focus on the share of firms and
employment associated with high-growth firms (those growing at a rate of 0.8 or higher),
or “high-growth intensity”, by firm and establishment characteristics. This allows us to
abstract away from the changing composition of economic activity and see how different
groupings of firms and establishments have contributed more or less, relative to their
size, to high-growth activity over time.!3

By firm maturity. We begin with firm maturity, categorizing firms as young startups
(i.e., ages 1-5), mature startups (i.e., ages, 6-10), and established firms (i.e., ages 11 and
above).!* Much of the decline in the economy-wide share of high-growth firms is due
to a decline in entry (Figure 3, Panel A), but an interesting question is how much high-
growth activity declined among different firm age groups. For instance, are firms less
likely to grow quickly post-entry? Figure 7 presents the intensity of high-growth firm
activity by firm maturity. Panel A shows the share of high-growth firms and Panel B
shows the share of employment among high-growth firms. The key takeaway from this
tigure is that a smaller share of young startups grow quickly after entry than in the past.
In Panel A, 10% of young startups in 1985 were high-growth, but this share fell to less
than 8% before the COVID-19 pandemic. We see a similar pattern in employment shares
(Panel B). The share of employment among young startups associated with high-growth
tirms fell from just under 10% in 1985 to below 6% in 2020. The share of high-growth
mature startups, on the other hand, have remained more stable on a firm-weighted basis

but declined on an employment-weighted basis. The share of mature startups that were

13A related but distinct analysis could focus on the distribution of high-growth firms and employment
across different age, size, industry, and geography cells. While meaningful, this alternative approach is
subject to compositional changes of firms such that if a specific group (e.g., young firms) experiences a

decline in the number of firms over time.

4In the LBD, firm birth is recorded as the year during which the firm is observed with the first paid
employee. Birth year is coded as firm age of zero. In this analysis, we exclude new firms (i.e., age zero)

because they are by definition high-growth.
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high-growth remained around 6% while their share of employment fell from just below
4% in 1988 to about 2% in 2020. This suggests that high-growth mature startups are
becoming smaller over time. Established firms saw a relatively flat trend in the share of
high growth firms and the high growth share of employment fell by a quarter, 0.2 p.p.,
from .8 to .6, from the early 1990s to 2020.

FIGURE 7: INTENSITY OF HIGH-GROWTH FIRMS BY FIRM MATURITY
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Notes: The first year observed in the LBD is 1976, Because we cannot observe firm birth occurring before
1976, which is when our data coverage begins, it is possible that firm age is not accurately measured in
the earlier years. Therefore, we begin our analysis for each group in the year in which left truncation is
no longer present—that is, 1983 for young startups and 1988 for mature startups and 1989 for established
firms.

The effects of the COVID-19 pandemic can be seen in the 2021 spike in the share
of high-growth firms for all age groups and a more modest increase in the share of
employment in high-growth firms. This is consistent with recent evidence finding that
the post-COVID surge in entry is concentrated among smaller firms (Dinlersoz et al.,
2021). Taken together, the patterns across firm age groups suggest that the intensity of
high-growth firm activity reflects not only a decline in entry but also slower post-entry

growth.
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By firm size. Next, we describe how high-growth firm activity varies with firm size.
We classify firms based on their employment size into the following groups: small if
between 1 and 19 employees, medium if between 20 and 499 employees, and large if
500 employees or more."® Similar to the firm age figures, Panel A of Figure 8 shows the
share of firms that are high-growth by firm size groups and Panel B shows the share of
employment associated with high-growth firms by firm size groups. We find that the
decline in high-growth firms between 1980 and 2020 is particularly severe for small (from
18% to 14%) and medium firms (from 4.5% to 2.8%), while their larger counterparts did
not experience as significant changes (from 1.2% to 1%). We find similar trends in the

FiGure 8: INTENSITY OF HIGH-GROWTH FIRMS BY SMALL, MEDIUM, AND
LARGE FIrMS
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share of employment from high-growth firms for each of the three groups. The growth
rate-based bins allow us to provide additional intuition for the magnitude of the changes

across size bins. For example, a growth rate of 0.8 is equivalent to a 130% change in

15We use the average size measure from the BDS (fsize), which captures the average size of the firm in

tand f — 1.
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employment from t — 1 to t. For the 1 to 19 size group, this means adding between 2
to 26 employees. Interestingly, about 1% of firms with 500+ employees added at least
667 employees. In sum, we find that while the shares of firms and employment from
high-growth have declined for small- and medium-sized firms, similar declines are not
observed for large firms.

By firm maturity and size. Analyzing the joint size and age distribution often yields
rich insights into firm characteristics and dynamics (Haltiwanger et al., 2013; Sivadasan
et al., 2024). Figure 9 shows the share of high-growth employment within firm age and
firm size bins. The darker shaded bars capture younger firm age groups with the bars
grouped by firm size. Holding size constant, a much larger share of employment among
younger firms is associated with high-growth firms. This is consistent with young firms

being more dynamic and innovative (Akcigit and Kerr, 2018). Holding age constant,

FIGURE 9: SHARE OF EMPLOYMENT FROM HIGH-GROWTH FIRMS BY SIZE AND
AGE
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there is less of a systematic relationship. For very young firms, the smallest and largest
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size classes have the highest shares. For firms 6-10 (still young), the highest share is the
small firms but medium and large firms have about the same shares. For mature firms,
there is decline in the share of high-growth employment moving from the small to large
groups.

By industry. There have been significant changes over the past four decades in the
composition of economic activity across broad sectors of the economy (Fort et al., 2018).
In this section we examine what industries contribute relatively more or less to high-
growth activity. We classify industries based on two-digit 2017 North American Indus-
try Classification System (NAICS) codes, which represent the broadest categorization
scheme and are commonly referred to as sectors. Panel A of Figure 10 shows the per-
cent of high-growth firms for a subset of sectors. All six sectors shown exhibit a general
decline in the share of high-growth firms. Construction and manufacturing have the
largest declines from 30% and 16% in 1978 to 16% and 8% in 2021, respectively. Interest-
ingly, a few sectors have shown increases beginning in 2010—most notably Information,
though others such as Education & Health show a more modest rebound. Nonetheless,
the share of high-growth firms in all sectors in 2020 remains well below the levels in
1978.

The construction sector has the highest share of high-growth firms activity, which
might at first glance seem perhaps surprising given evidence of stagnant productivity
growth in that sector (Goolsbee and Syverson, 2021). However, this is a reminder that the
high-growth firm share of a sector is a sign of volatility. In construction, this volatility
stems from construction firms expanding and contracting as large, temporary projects
start and are completed. As a new project begins many jobs are created in a specific
location and once complete those jobs are destroyed. Panel B of Figure 10 provides
evidence consistent with these patterns. Panel B shows the distribution of each sector’s
employment across the growth rate bins. While the construction sector has a particularly

high share of employment from high-growth firms (i.e., growth rate between 0.8 and
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FiGure 10: INTENSITY OF HIGH-GROWTH FIRMS BY INDUSTRY
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Notes: Panel A shows the share of high-growth firms within a subset of sectors over time. Panel B shows
the distribution of employment on average, within sectors, by growth rate bins.

2), it generally has longer tails at both ends including firm death and entry. These
patterns highlight that the construction sector exhibits higher rates of both creation and
destruction.

By geography. An important dimension of these data for local and regional policy
makers is the geographic distribution of high-growth activity. With these new BDS
tabulations we can ask the question: where are high-growth firms located? High-tech
employment, for instance, is highly concentrated in a relatively small number of metro
areas (Chow and Goldschlag, 2023). To do this we analyze state-level data with the
growth rate distribution for all 50 states and the District of Columbia. First, we assess
the share of all high-growth firms in the U.S. economy residing in each state. Because
larger states are more likely to account for more high-growth firms, we normalize this
measure by differencing each state’s share of high-growth firms from its share of all

firms in the economy. This measure indicates a region’s contribution to high-growth
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tirms relative to its overall share of firms. Positive values indicate “more” high-growth
tirms than we would have expected given the state’s size.

The results are shown in Figure 11, with the difference (in percentage points) between
a state’s share of high-growth firms and its share of all firms on average between 2010
and 2019 captured by the height of each bubble and the size of the bubble reflecting
total employment of each state. A handful of states have significantly more high-growth
firms that one would expect just based on their size. In particular, Florida, California,
and Texas are distinctly positioned with the highest premium in high-growth firm share
along with a large base. Florida, for example, accounts for 7% of all firms but 8.7%
of high-growth firms, which yields the 1.7 percentage points difference shown in the
tigure. California, similarly, accounts for 11.8% of all firms and 13.5% of high-growth
firms, a gap of about 1.7 percentage points. New York, Colorado, and Washington also
have more high-growth firms than we would expected given their share of all firms.
In contrast, states such as Pennsylvania and Ohio exhibit a substantially lower share of

high-growth firms than their share of all firms.
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F1GURE 11: STATE’S SHARE OF HIGH-GROWTH FIRMS VERSUS SHARE OF ALL
Firms

()
1

California

Florida

(percentage points)
n
Texas

High Growth Firm Share - Firm Share

<
b
=]
2 -1 = s ggﬁ 9"9‘5—8
€ 2 £ 5.3 %%8 258 BAE
£ 2 4 £ 8% pCER g@E o558
> = &n = L2RAISSA L I = 35 >NE 5 [>;
2 5 8 s Ese8._ 82 LERZ8O-5558¢9388555220
£ 5,558,233 55:s5E855 0888232 8€5E8¢05284<RE7
2EpKE2F4E, 352 EESS2E .85 5E5ES 83
HSE8c2 8 35‘-’_wgg—‘o'ﬁfm$€535~5m”>535025>\°<O'—'2 A
2] 22 e a8 zxg2 > 8L s 27 ISIR) 200 %z 32
0= g.Eﬂg8%3nﬁ58§55ﬁ§£,53_~4221w>2 2922770 '
B 2528288 ) o ‘ :
E FEEESRELS M=
ERp-s-tc
27
50O
Ay

Source: BDS-HG 2021.

Notes: States are ordered by the difference between a state’s share of all firms and the state’s share of all
high-growth firms. Positive values indicate a state’s share of high-growth firms is greater than its share
of all firms. Bubble sizes capture the states size in terms of employment. All measures are averaged
between 2010 and 2019.

Given the long time series available in the BDS-HG tabulations, we are able to ask
a related question: how has the high-growth firm intensity of each state changed over
time? To do this, we start with the percent of firms in each state that are high-growth
in 2000 and 2020 and difference the two. This is shown as the shaded line in Figure
12. It is also important to consider the heterogeneity across states in the changes in
high-growth entrants (growth rate of 2) and high-growth continuers (growth rate in
[0.8,2)). Some states saw a much steeper decline in entry than others, which drives their
declining share of high-growth firms. The changes in the high-growth entrant share and
high-growth continuer share are shown as the gray circles and black “X”s respectively.

Nevada, for instance, saw a decline in the share of high-growth firms within the state
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of about 2.8 percentage points (18.6% to 15.8%), with its share of high-growth entrants
falling by 1.5 percentage points (14.8% to 13.3%) and its share of high-growth continuers
falling by 1.3 percentage points (3.8% to 2.5%). Unlike Figure 11, these statistics are not

normalized by the region’s overall share of firms.

F1GURE 12: CHANGE IN HiIGH-GROWTH FIRM SHARE BY STATE IN 2000 VER-
sus 2020
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Notes: States are ordered by the overall change in within state high-growth firm shares, in percentage
points, captured by the shaded region. The change in high-growth continuers is shown in the “X”s and
the change in high-growth entry is shown circles. The change in high-growth continuers and entry can
be aggregated to get the total for a given state.

Several remarkable patterns emerge in Figure 12. First, all but three states—Delaware,
North Dakota, and the District of Columbia—have experienced a decline in their share
of high-growth firms in this twenty-year period. Second, the change in the high-growth
continuer share varies much less across states than the change in the high-growth en-
trants. Most states saw a decline in the share of high-growth continuers of about one
percentage point. In contrast, some states like Nevada, New Mexico and Mississippi saw
a decline in the share of entrants of about 1.5 percentage points while Florida, Missouri,

Wyoming, North Dakota, and Delaware all saw an increase in their share of entrants of
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more than 0.5 percentage points. This implies that differences in the overall high-growth

intensity across regions are primarily driven by differences in the decline of entry.

4 Examples of Use Cases for Future Research

In this section, we highlight various research avenues that can be enabled by the three
primary advantages of this new, publicly available dataset—namely, (1) detailed infor-
mation on the distribution of firm growth rates extending beyond birth and death rates
(e.g., high- versus low-growth); (2) a long time-series (covering 1978-2021) with con-
sistent measures; (3) and coverage of different firm types by age (i.e., startups versus
established firms), size, industry, and geography. Below, we discuss several example
questions—covering a wide range of topics from firm diversification to employment pro-
tection laws—along with their underlying motivation and how specifically the BDS-HG

data can help.

How does the enforceability of non-competes impact the growth of firms? Prior stud-
ies show that non-competes can not only reduce long-term wages, but also suppress the
rate of entrepreneurship (Starr et al. 2018; Marx 2022; Jeffers 2024). It is not clear how
they may impact the growth prospects of existing firms. For instance, large incumbent
firms may benefit from stronger enforceability of non-competes by being able to retain
key employees, who may otherwise be well-positioned to leave and start their own firms.
Leveraging state-level legal changes in the enforceability of non-competes (e.g., Jeffers
2024), BDS-HG can be used to construct the dependent variable of the number of firms

in each growth-bin at the state-year level.

How do changes in the market structure influence a firm’s decision to enter through
diversification? Diversification is a central strategic choice that enables firms to ex-

pand into new markets and thereby reduce risk (Gort 1962; Rumelt 1982; Silverman
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1999). Among others, an important factor in influencing the performance implications
of diversification is the underlying market structure (Caves et al. 1980; Montgomery
1985; Christensen and Montgomery 1981). Future research can extend this line of work
by highlighting the dynamic effects of market structure—most notably, the rising levels
of concentration in various industries (Autor et al. 2020)—on both the firm’s decision to
enter through diversification and the subsequent performance implications of diversifi-
cation. BDS-HG can be used to construct the independent variable characterizing the
(changing) degree of competition in the same market defined at the sector-state level.
Competition could be further broken down by the types of firms in terms of size and

age.

What explains the rise of startups with zero growth? As discussed with Figure 4,
there are multiple potential explanations why firms are increasingly experiencing little
to no change in employment, especially among young firms. While one possibility is
that a declining share of startups are born with growth aspirations (Hurst and Pugsley
2011), another is that entrepreneurial firms face greater barriers in attaining the resources
necessary for growth (c.f., Alvarez and Barney 2017). BDS-HG can be used to construct
the dependent variable on the share of startups with zero employment change at the

sector-state-year level.

How does foreign import competition impact entry and growth of domestic firms?
While trade is understood to benefit the global economy through efficiency gains via
specialization, it has been shown to have deleterious effects on the labor market (Autor
et al., 2013). Less understood is how rising competition from imports heterogeneously
affects the growth prospects of domestic firms in different industries and regions. BDS-

HG can be used to construct the dependent variable reflecting the number of firms in
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each growth-bin at the sector-state-year level.'®

How do changes in bank lending affect young firms’ growth distributions? Bank
loans are a common source of financing for young businesses (Robb and Robinson,
2014). Accordingly, an increase in banks” small business lending leads to an increase
in firm entry (for evidence at the state level, see Cetorelli and Strahan 2006). However,
little is known about its impact on the growth distribution of these firms. For example,
bank lending may primarily affect young firms with low risk but little growth potential
and have only minimal impact on young firms with high risk and high growth potential.
BDS-HG can be used to construct the dependent variable reflecting the number of firms

in each growth-bin among young firms at the state-year level.

How does employment protection affect distribution of firm growth? Employment
protection laws are known to lower employment rates (Autor et al., 2006) and affect
tirm size distribution (Hopenhayn and Rogerson, 1993), but there is little evidence on
its effects on firm growth distribution. For example, employment protection laws may
reduce firm growth, or limit contraction, or both. Also, these effects may differ along
tirm size and age. BDS-HG can be used to construct dependent variables that measure

growth rate distributions by firm age and size, at the state-year level.

How does the type of innovative firms relate to firm growth? A core question in the
innovation literature is the role of startups and established firms in generating radical
versus incremental innovation (Tushman and Anderson 1986; Tripsas 1997; Christensen
1997; Benner 2010; Akcigit and Kerr 2018). In a follow-on extension, Garcia-Macia et al.
(2019) have shown that there is a mapping between these dynamics and the evolution of

the shape of the firm growth rate distribution. The working hypothesis is that disruptive

16 As noted above, the Fall 2024 release will include more granular statistics at the sector x state level.
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innovations by young firms will lead to fat right tails in the growth rate distribution.

BDS-HG provides a unique public domain database for investigating these questions.

What are the causes and consequences of changes in US business dynamism? Busi-
ness dynamism has declined in the U.S. over the last several decades (at least through
2021). Alternative hypotheses include changes in adjustment costs, changes in the distri-
bution of firm productivity including slowing diffusion, and rising market power. BDS-
HG offers the richest public-domain data on the changing shape of the firm growth rate
distribution available. Changes in the shape alone are informative (e.g., the increased
share of inactive firms is an indication of rising nonconvex adjustment frictions). The
variation by geography and industry in the BDS-HG can help researchers test some of

these consider alternative hypotheses.

How does the U.S. firm growth rate distribution compare to other OECD countries?
The measurement approach described in Section 2 was designed to be maximally compa-
rable to similar statistics collected as part of the OECD’s DynEmp program (Desnoyers-
James et al., 2019). Research by the OECD suggests that though many countries experi-
enced significant declines in business dynamism, there is significant cross country vari-
ation that can be used to evaluate economic policy (Calvino et al., 2020). By combining
BDS-HG data with the OECD’s DynEmp statistics, researchers could better understand
how the evolution of the firm growth rate distribution in the US compares to other OECD
countries. Moreover, the presence of the U.S. in such a dataset would offer additional
cross country policy variation, providing a more complete picture of the relationship

between dynamism and economic policy.
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5 Conclusion

In this paper, we present a newly available dataset on the sources and contributions
of high-growth firms in the United States. This dataset allows us to compute national
statistics around high-growth firms that are comparable to those generated by the OECD.
Using this dataset spanning 1978 to 2021, we find several striking patterns. First, high-
growth firms contribute disproportionately to economic vibrancy; while they make up
roughly 15% of all firms in a given year, and typically less than 2% of employment, they
account for 45% of job creation. Second, the firm growth distribution has become less
dispersed and less skewed over time, resulting in a decline in the share of high-growth
tirms coupled with a rise in the share of firms demonstrating little to no employment
change. Third, while the share of high-growth firms has fallen for all types of firms,
this decline is particularly severe for young as well as small firms. Fourth, in terms
of industries, information sector has shown a considerable rise in the share of high-
growth firms since 2010, though all industries have generally exhibited a downward
trend throughout our sample period. Fifth, Florida, California, and Texas exhibit the
greatest intensity of high-growth firms as measured by the difference between high-
growth firm share and overall firm share. However, all regions have shown a decline in
their high-growth activity between 2000 and 2020.

Beyond these trends, our hope is that this new, publicly available dataset will help
facilitate future research in management, economics, and other related disciplines. The
dataset, along with detailed information, can be accessed through the U.S. Census Bu-

reau’s Public-Use Data program which we plan to update on an annual basis.!”

7Data can be accessed here: https://www.census.gov/programs-surveys/ces/data/public-use-

data/experimental-bds/bds-high-growth.html
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