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ABSTRACT   Applications for new businesses surprisingly surged during the  
COVID-19 pandemic, rising the most in industries rooted in pandemic-era  
changes to work, lifestyle, and business. The unexpected surge in applications 
raised questions about whether a surge in actual new employer businesses 
would follow. Evidence now shows increased employer business entry with 
notable associated job creation; and industries and locations with the largest 
increase in applications have had accompanying large increases in employer 
business entry. We also observe a tight connection between the surge in appli-
cations and quits—or close proxies for quits—both at the national and the 
local level. Within major cities, applications, net establishment entry, and 
our quits proxy each exhibit a “donut pattern,” with less growth in city centers 
than in the surrounding areas, and these patterns are closely related to patterns 
of work-from-home activity. Reallocation of jobs across firm age, firm size, 
industry, and geography groupings increased significantly. Relatedly, there is 
evidence of a pause of the pre-pandemic trend toward greater economic activity  
being concentrated at large and mature firms, but this development is quite 
modest in magnitude.

Conflict of Interest Disclosure: The authors did not receive financial support from any firm 
or person for this paper or from any firm or person with a financial or political interest in this 
paper. The authors are not currently an officer, director, or board member of any organization 
with a financial or political interest in this paper.

Brookings Papers on Economic Activity, Fall 2023: 249–302 © 2024 The Brookings Institution.



250 Brookings Papers on Economic Activity, Fall 2023

The US economic experience during the COVID-19 pandemic featured a 
surprising surge in applications for new businesses, shown in figure 1.  

After dropping in March and April of 2020, applications rose sharply, 
reaching an all-time high in July 2020; the series declined through the rest 
of 2020, then surged again in 2021, and have remained historically elevated 
through September 2023. These data received widespread attention amid 
high unemployment and broader economic volatility, in part because the 
surge was apparent even among “likely employers,” that is, applications 
with characteristics that predict the hiring of workers and growth.1 Monthly 
applications for likely employer businesses in September 2023 were more 
than 30 percent higher than the 2019 pace. Historically, there has been a 
tight relationship between likely employer business applications and true 
employer business formation, but questions have remained about whether 
the pandemic’s surging applications would translate into actual employer 
businesses with broader macroeconomic implications.

In this paper, we describe noteworthy aspects of the surprising surge in 
applications that point to its genuine economic content. We then draw on a 
range of data sources to show that the surge in applications was followed— 
after some lag—by a surge in employer business creation: quarterly data 
on establishment entry rose substantially starting in the second quarter of  
2021, while annual data on firm entry jumped in the year ending March 2022 
(figure 2). Moreover, we document a close empirical relationship between 
applications and employer business entry across industry and geography, 
with hallmark patterns from the application data appearing in employer 
entry data. We relate the surge in business formation to pandemic labor 
market stories such as the Great Resignation, that is, the rise in worker 
quit rates starting in early 2021 (Rosenberg 2022). Finally, we describe the 
striking resilience of small and young firms through the pandemic period, 
and we highlight modest hints of a reversal of pre-pandemic trends in busi-
ness dynamism—though we note that it is too early to declare an end to 
those trends.

This set of facts lends itself to a compelling narrative of pandemic 
business and labor market dynamics. The pandemic sparked rapid, dra-
matic changes to the composition of consumer demand and to preferences 
for work, lifestyle, and business; and these patterns continued to evolve 
into 2023. From the standpoint of potential entrepreneurs, these dramatic 

1. We more completely describe “likely employer” applications and the data from which 
they are derived in section I and online appendix A.
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Source: Business Dynamics Statistics (BDS); Business Employment Dynamics (BED); and Business 
Formation Statistics (BFS).

Note: BDS and BED annual firm births are age zero firms as of March. BFS applications are likely 
employers (the HBA series). All series expressed as rates except BFS. Quarterly series are seasonally 
adjusted. Gray bars indicate NBER recession dates (2001:Q1–2001:Q4, 2007:Q4–2009:Q2, 2020:Q1– 
2020:Q2).
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Figure 1. New Business Applications

changes presented opportunities—both to meet newly formed consumer 
and business needs and to change the career trajectories of the entrepre-
neurs themselves. Entrepreneurs made plans and applied to start busi-
nesses both early on and through the fall of 2023; some of these plans 
have resulted in new firms and establishments that hired workers in large 
numbers. Entrepreneurial opportunities and the demand for employees 
at these new firms appear to have played an important role in the Great 
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Resignation, as some quitting workers likely flowed toward new businesses 
(as either entrepreneurs or new hires). Taken together, these patterns imply 
significant economic restructuring across industry, geography, and the firm 
size and age distribution. The extent to which these changes will be long-
lasting has yet to be seen.

The surge in applications started in the second half of 2020, but it has 
taken time to determine the implications for new employer (and non-
employer) businesses. One reason for the delay may be that the initial surge 
in the summer of 2020 was relatively short-lived, with the more sustained 
surge in applications commencing later—in early 2021. Moreover, likely 
employer applications take up to eight quarters to yield the first hire—even 
conditional on making that transition. And in the United States, data on 
the creation of actual employer businesses—that is, businesses with paid  
workers—are published with a lag since such measures derive from adminis-
trative data with long processing time. The timeliest data on new employer 
businesses are for establishment births from the Bureau of Labor Statistics 
(BLS) Business Employment Dynamics (BED); as of September 2023, BED  
data on establishment births are available through 2023:Q1, while BED data  
on (annual) firm births are available through March 2022.2 The gold stan-
dard annual firm birth data from the Census Bureau Business Dynamic 
Statistics (BDS) are available through March 2021 for all firms, while 
quarterly data on single-establishment firms go through 2020:Q4. Between 
these and other sources, we now have sufficient data to characterize pat-
terns of employer business formation and related job and worker flows in 
the pandemic.

We observe strong sectoral and geographic correlations between busi-
ness applications and employer business entry (we measure the latter by 
either firms or establishments, and in either gross or net terms, depending 
on data availability). The rise in applications and employer entry is highly 
concentrated in a few industries that are conducive to pandemic patterns 
of work, lifestyle, and business (such as online retail and other high-tech 
industries), consistent with the changing sectoral structure of the economy. 
We also observe substantial spatial variation in the surge in applications 
and business entry, consistent with geographic restructuring. The surge 
in applications and business entry is especially notable in the South, with 
states such as Georgia standing out. Within large cities we observe a “donut 

2. An establishment is a single business operating location—such as one’s local Starbucks 
location—while a firm is a group of one or more establishments under a common tax identi-
fier (in BLS measures) or under common operational control or ownership (in Census Bureau 
measures).
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effect” with applications surging more in the suburbs of metropolitan areas 
than in central business districts.

The pandemic and its aftermath have been associated with increased 
churn of workers as found in (initially) elevated layoffs, many of them 
temporary (Cajner and others 2020), and, through much of the pandemic, 
elevated quits. We find a tight spatial correlation—at the state and county 
level—between surging business applications and quits (or excess separa-
tions, a close proxy for quits), with a much weaker correlation between 
applications and layoffs (or job destruction, a close proxy for layoffs). 
Among other possible explanations, these results are consistent with 
workers quitting their jobs to start or join new businesses—and much less 
consistent with job loss being a key driver of business formation.

This pandemic surge in entry occurred after decades of declining busi-
ness dynamism in the United States. The pace of job reallocation had fallen 
by about 25 percent from the 1990s to just before the pandemic.3 This 
decline in the pace of job reallocation was driven in part by the decline in 
employer business entry over this same time period, which can be seen in 
figure 2 or, for a longer view, online appendix figure E1; closely related 
is the shift of the firm distribution toward large and mature firms. While 
the sources of this decline have been widely debated in the literature, 
there is evidence that it has been associated with a decline in productivity- 
enhancing reallocation and is likely one of the factors underlying sluggish 
productivity growth in the United States since the early 2000s.4

3. US Census Bureau, “BDS Data: 2021 Business Dynamics Statistics Data Tables,” 
https://www.census.gov/programs-surveys/bds/data.html. From the Business Dynamics 
Statistics (BDS) data, the average pace of job reallocation (job creation plus job destruction) 
in 1997–1999 was about 32 percent and in the 2017–2019 period about 24 percent.

4. As discussed in Davis and Haltiwanger (2014), there are likely both benign and 
adverse factors underlying this decline in business dynamism. However, as discussed in 
Decker, Haltiwanger, and others (2020), there has been a decline in the responsiveness of 
businesses to idiosyncratic productivity shocks and a widening of revenue productivity  
dispersion—both consistent with rising distortions and frictions in the economy. Alon and 
others (2018) present related evidence that the shift in activity to more mature firms has 
contributed to the decline in productivity growth. Moreover, Akcigit and Kerr (2018) and 
Acemoglu and others (2018) show evidence that young and small firms are more likely 
to make radical innovations, while mature incumbents make more incremental innovations 
in order to avoid cannibalizing their market share. Akcigit and Goldschlag (2023) present 
evidence that in the post-2000 period inventors are more likely to join large incumbents than 
young firms; moreover, they find that inventors who join large firms obtain higher earnings 
but are less innovative. They argue that this is due to strategic considerations for the same 
argument made above—to avoid cannibalizing their market share. De Loecker, Eeckhout, 
and Unger (2020) and Autor and others (2020) present evidence of rising markups associated 
with the shift to larger firms.
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We show that the pandemic featured a surge in job reallocation, including 
reallocation between cells defined by industry, geography, firm size, and— 
especially—firm age. We also document a pandemic pause—and modest 
reversal—of the longer-run shift in activity toward large, mature busi-
nesses. The share of activity accounted for by young and small firms has 
ticked up; young and small firms exhibit a higher pace of dynamism than 
large and mature firms, so one might anticipate an ongoing increase in the 
pace of dynamism. In other words, we find early hints of a revival of busi-
ness dynamism; but in many respects it is too early to ascertain whether a 
durable reversal of pre-pandemic trends is occurring. Such a reversal—that 
is, a persistent rise in the pace of reallocation and a substantial shift of 
activity away from large, mature firms—will require a long-lasting con-
tinuation of elevated business entry as well as substantial growth among at 
least a subset of the pandemic entrants.

It is useful to state our view of our contribution—and the limits to that 
contribution. A key contribution of our work is that we draw on a wide range 
of data sources: the Bureau of Labor Statistics’ BED, Quarterly Census  
of Employment and Wages (QCEW), and Job Openings and Labor Turn-
over Survey (JOLTS), and the Census Bureau’s Business Formation Sta-
tistics (BFS), BDS, and Quarterly Workforce Indicators (QWI). While 
none of these data sources alone can tell a comprehensive story of pan-
demic business entry, each contributes a different perspective in terms of 
timeliness, industry and geography detail, or measurement concept. We 
provide an initial assessment of the potential causes and consequences 
of the surge in business applications by supplying a rich set of empirical 
facts pointing to substantive pandemic economic stories, but we do not 
provide identified causal empirical results or new formal theory; rather, 
we hope our results can direct and discipline future causal analysis. We 
also hope our approach of exploiting an eclectic combination of data sets 
can help other researchers better understand the range of available busi-
ness dynamics and labor market data that can inform timely analysis.

A study of actual application-to-employer transitions, post-entry 
dynamics, and job-to-job flows of workers must wait for the availability 
of administrative micro data.5 Such micro data can also facilitate rigorous  

5. Dinlersoz and others (2023) feature pre-pandemic cross-sectional analysis of the BFS 
micro data; it will be feasible to extend that work to the pandemic era once the administrative 
micro data tracking transitions and post-entry growth become available. This will require the 
confidential Longitudinal Business Database (LBD), which is currently available through 
March 2021.
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causal analysis and provide additional empirical moments of relevance to 
theoretical investigations. Separately, while we focus on new employer 
businesses, the likely surge in new nonemployer businesses appears impor-
tant and interesting as well; unfortunately, the nonemployer economy is 
measured with less detail and timeliness than the employer economy, so 
we leave that investigation for future work (but we provide some additional 
discussion near the end of this paper and in online appendix A).

Our work complements that of Fazio and others (2021), which docu-
ments similar aggregate patterns using zip code–level data on business reg-
istrations in eight states from the Startup Cartography Project; Fazio and 
others (2021) report striking time series relationships between pandemic 
fiscal stimulus and the registration surge and find that the surge was con-
centrated in zip codes with relatively high African American population 
and above-median income. They also find that the surge is apparent out-
side city centers within large cities; we show that this within-city pattern is 
apparent in county-level applications data for the United States as a whole, 
and we build on their earlier work by studying outcomes for net establish-
ment entry and excess worker flows as well. Duguid and others (2023) 
document similar within-city patterns for retail establishments using credit 
card merchant data and relate these patterns to population flows and remote 
work considerations. We also expand on Decker and Haltiwanger (2022), 
in which we provided a first look at the relationships between business 
applications and establishment births (and exits) in official data and ini-
tially documented the increase in small firms’ share of activity during the 
pandemic.6

In section I we briefly describe our main data sources, with much more 
detail in online appendix A. We review and document patterns of business 
applications in section II, then explore employer establishment and firm 
entry and their empirical relationship with applications in section III. We 
examine the relationship between worker churning—especially quits—and 
applications in section IV. In section V we document changes in the firm 
size and age distribution and consider implications for business dynamism. 
We take stock in section VI, then speculate about potential implications for 
the future in section VII.

6. An even earlier first look at the BFS surge in new business applications is in Haltiwanger 
(2022). This analysis focused on the surge in new business applications in the first year of the 
pandemic before data on actual employer business entry were available.
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I. Data

We exploit a variety of data sources, all of which are publicly available 
tabulations. Online appendix A describes each source in detail; here we 
simply list our main sources with brief descriptions.

Business Formation Statistics (BFS), US Census Bureau: monthly data 
on IRS employer identification number (EIN) applications. All employer 
businesses and nonemployer corporations and partnerships must have an 
EIN, and many nonemployer sole proprietors choose to obtain one for busi-
ness reasons. The total applications series (called “BA” in the BFS files) 
counts all EIN applications that are potential employer or nonemployer 
(zero-employee) businesses (this implies excluding applications for trusts, 
estates, and financial instruments). Our main interest is employer busi-
nesses; therefore, where possible we focus on what we call likely employer 
applications (high-propensity applications or “HBA” in the BFS files). This 
subset of the total applications series is based on Census Bureau modeling 
using application characteristics that have a high propensity for transition-
ing into an actual employer business with paid workers; these charac-
teristics include planned hiring and corporate legal form, among others. 
However, at narrow levels of industry (three-digit NAICS) or geography 
(county) detail, only total applications are publicly available, so we use the 
total applications series as a proxy for our preferred likely employer series. 
As shown in figure 1 (and below at more disaggregated levels by industry 
and geography), total and likely employer applications have tracked each 
other closely in the pandemic, which mitigates concerns about using the 
total series as a proxy for likely employers where necessary. We use BFS 
series through September 2023.

The BFS also includes series that report, in any given time period, the 
number of applications that actually transition to genuinely new employer 
firms within four or eight quarters. These series use micro data linkages 
tying applications to actual employer firm births; the four-quarter and 
eight-quarter series are currently populated through 2019:Q4 and 2018:Q4, 
respectively, and relate to new employer firm micro data available through 
2020:Q4. Since these transition series end relatively early (constrained by 
actual employer firm data timing in Census data), the BFS also features 
series for projected transitions at four- and eight-quarter horizons, where 
projections are based on application characteristics and include all appli-
cations (not just those labeled as likely employers). The motivation for 
the four- and eight-quarter horizons for actual and predicted transitions is 
that, as discussed further below, there is often a lag between applications 
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and transitions. An advantage of the projected series is that they take into 
account the full range of application characteristics (e.g., reason for appli-
cation and detailed industry).7

Quarterly Census of Employment and Wages (QCEW), Bureau of Labor 
Statistics: quarterly establishment and employment counts by detailed 
industry and geography. The QCEW is derived from the main business 
register of the BLS and is based on state unemployment insurance admin-
istrative data. We use the QCEW to measure net establishment growth at 
the national, industry, and local (county) level. The QCEW micro data also 
underly the Business Employment Dynamics.

Business Employment Dynamics (BED), Bureau of Labor Statistics: 
quarterly data on establishment openings, closings, births, exits, expan-
sions, and contractions, with associated job flows. The BED also features a 
research product with annual employment, firm, and establishment counts 
by firm age, where a firm is defined by an EIN. We use quarterly BED data 
extending through 2023:Q1 and annual firm age data through 2022:Q1. 
Importantly, in the BED, an establishment (firm) birth represents an estab-
lishment (firm) that did not previously exist; a new firm requires a new 
business application, while a new establishment of an existing firm does 
not require but may obtain a new EIN. Notably, new EINs acquired by 
existing firms would not count as employer firm transitions in the BFS 
four-quarter and eight-quarter transition series mentioned above but may 
appear as new establishments (or firms) in BED data.

Quarterly Workforce Indicators (QWI), US Census Bureau: quarterly 
data on employment and job and worker flows (i.e., hires and separations) 
by firm age with detailed industry (four-digit NAICS) and geography 
(county) tabulations. The QWI is the public-use version of the Longitu-
dinal Employer-Household Dynamics (LEHD) data based on state unem-
ployment insurance records and collected on a state-by-state basis; we use 
a balanced panel of forty-five states that covers just over 80 percent of 
private employment as of 2020. These data extend through 2022:Q2.

7. The likely employer series uses a more limited set of characteristics without the 
characteristic-specific loading factors from the estimated projection model that underlies 
the projected series. The projected series are by design a more reliable predictor of actual 
employer business formation, especially at the sector level. We include additional discussion 
of this issue in online appendix B. We primarily use the likely employer series in the main 
text since it is more transparent and because it is more comparable to the total applications 
series we must use for analysis of detailed industry or geography patterns, and there is gener-
ally a tight relationship between likely employer and the projected business formation series.
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Job Openings and Labor Turnover Survey (JOLTS), Bureau of Labor 
Statistics: monthly survey-based estimates of hires, separations, quits, and 
layoffs with state-level detail. We use JOLTS data through September 2023 
with a focus on quits and layoffs.

American Community Survey (ACS), US Census Bureau: annual survey- 
based data on work-from-home (WFH) prevalence for large counties. ACS 
data are available in two samples: five-year samples including the entire 
United States, and one-year samples including large counties. We use the 
one-year sample for 2019–2021 and focus on changes in WFH prevalence 
across counties within large cities. ACS WFH measures are based on loca-
tion of worker residence; we discuss existing literature on WFH using other 
data (Hansen and others 2023) in online appendix A.

Additionally, we use data from the Census Bureau’s Business Dynamics 
Statistics (BDS) in certain figures (e.g., figure 2); these data do not cur-
rently cover the pandemic period, so we do not use them in most of the 
exercises that follow. In online appendix A, we provide a discussion of the 
BDS and its relation to the BLS data sources listed above.

II. Business Application Patterns

II.A. The Early Pandemic Period

At the onset of the pandemic, plummeting weekly business application 
and registration data received widespread attention (Fazio, Guzman, and 
Stern 2020; Haltiwanger 2020; Federal Reserve System Board of Gov-
ernors 2020).8 But, as shown in figure 1, applications quickly recovered 
and surged to historic levels in July 2020. The surge is apparent in every 
application series, including total applications and likely employer applica-
tions (both shown in figure 1) as well as applications with planned wages 
and applications for corporations.9 Applications did fall off in August 2020 
through December 2020 (albeit still higher in December 2020 than prior to 
the pandemic) but then surged again in early 2021. This second wave has 
been more resilient, with monthly likely employer applications in 2023 so 

8. See also Fairlie (2020), who tracks the number of business owners in Current Popula-
tion Survey (CPS) data. Cognizant of challenges associated with measuring self-employment 
in CPS data (Abraham and others 2021), we do not explore CPS self-employment data in 
this paper.

9. Fazio and others (2021) similarly find surging business registrations for LLCs, 
partner ships, and corporations; interestingly, they find no surge among Delaware corporate 
forms preferred by venture capitalists.
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far averaging about 30 percent higher than the 2019 pace. Total applica-
tions are about 40 percent higher in 2023 relative to 2019, reflecting the 
even larger surge of likely nonemployers.

The sharp rise in the likely employers series is in stark contrast to the 
previous recession. Dinlersoz and others (2021) and Haltiwanger (2022) 
explore this comparison in detail; here we note that the decline in total appli-
cations seen in the Great Recession was driven by the likely employer series, 
while the likely nonemployer series was roughly flat in that episode.10 Flat 
or even rising nonemployer entrepreneurship during a recession can easily 
be rationalized in light of lack of opportunities for wage and salary employ-
ment, which may push many individuals into self-employment activities 
out of necessity; and, indeed, one plausible explanation for the pandemic 
surge in applications was that unemployment was elevated in the wake of 
spring 2020 shutdowns. But rising employer entrepreneurship is more dif-
ficult to understand, as businesses hiring employees are more likely to be 
pursuing genuine entrepreneurial opportunities; hence, the stark difference 
in likely employer behavior between the pandemic recession and the prior 
recession is all the more striking. And the pandemic surge in applications 
has persisted even as unemployment has fallen toward historic lows.

A number of factors could help account for the surge in applications for 
likely employers in the pandemic compared to the drop of likely employer 
applications and employer start-ups in the Great Recession. The pandemic  
provided new market opportunities given the changing nature of consumer 
demand and of work and lifestyles, and financial conditions—including  
house prices—were robust compared to the Great Recession (at least through 
early 2022). The potentially supportive role of stimulus programs—which 
included sizable support for aggregate demand and household balance  
sheets—is an open question. The US federal and state governments imple-
mented a wide range of fiscal support programs which could have had 
myriad effects on business formation; one example is the expansion of 
unemployment insurance benefits, which Choi and others (2023) find had 
a positive effect on business applications. On the other hand, programs 
like the Paycheck Protection Program (PPP)—along with other business 

10. Data on actual nonemployer activity during the Great Recession broadly confirm 
the relative resilience of the likely nonemployer applications data in that episode. The total 
number of actual nonemployer businesses declined just 1.6 percent between 2007 and 2008 
but fully rebounded in 2009, then rose further in 2010 and 2011; US Census Bureau, “Non-
employer Statistics,” https://www.census.gov/programs-surveys/nonemployer-statistics.html.
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support facilities—may have dampened new business formation since they 
provided support for incumbents and thus deterred exit.11

Even though some factors have been more favorable for business forma-
tion in the pandemic than in the Great Recession, an open question has been 
whether genuine employer business creation would result. Historically, 
likely employer applications have been strongly predictive of actual firm 
entry, with a national correlation of 0.9 and an elasticity roughly centered 
on one at the aggregate level, within states, and within industries.12 But one 
might fear that the transition rate from applications to actual businesses 
could change in the pandemic. Perhaps especially in the early months of 
the pandemic, maybe there was a surge in nascent entrepreneurship— 
individuals thinking about starting a business—without necessarily making 
the transition to an actual new business. This is a core question we address 
by providing available evidence on actual employer business formation 
below, but first we delve further into the applications themselves.

II.B. Sectoral Patterns of Applications

One clue about the economic substance of surging applications is the 
pattern across industries. For likely employer applications, data are only 
available at the broad sector level; while interesting (and discussed below), 
this level of industry detail misses important stories. For more detail, 
we use total applications, which are available at the three-digit NAICS 
industry group level (published as a special tabulation after the end of each 
calendar year—currently these data are available through the end of 2022). 
We use the total applications series with some caution given our focus 
on employer business entry, but we note that there has been a coincident 
surge in likely employer and likely nonemployer applications at observable 
national, state, and industry levels.13

11. There has been some speculation that sole proprietor nonemployer applicants for the 
Paycheck Protection Program (PPP) had incentives to acquire an EIN to facilitate processing 
the paperwork requirements of the PPP. This seems unlikely, however; the surge in business 
formation has persisted long past the last PPP disbursements in mid-2021. Moreover, Breaux 
and Gurnani (2022) matched PPP and BFS micro data and found that only a very small frac-
tion of PPP applicants applied for an EIN in 2020 and 2021. Only 800 PPP applicants applied 
for an EIN after they applied for PPP. The average PPP applicant had applied for an EIN 
about seven years prior to applying for a PPP. This study also rules out the concern that the  
surge in the BFS in the pandemic reflects any fraudulent PPP applications wherein individuals 
applied for an EIN to support fraudulent PPP applications.

12. Author calculations on BFS data; for state and industry regressions see online 
appendix B.

13. At the broad sector level, the correlation in the growth in total applications and likely 
employer applications (from pre-pandemic to pandemic) is 0.86.
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The surge in total applications was highly concentrated among three-
digit industries; a Herfindahl-Hirschman index of industry-level applica-
tions jumped by more than 10 percent in 2020 versus 2019 and remained 
historically elevated through 2022 (online appendix figure E5). Indeed, 
more than 20 percent of the jump in applications from 2019 to 2022 was 
accounted for by nonstore retailers (NAICS 454), which includes online 
retail; and more than half of the overall surge was accounted for by just five 
three-digit industries, shown in figure 3.

The industries making large contributions to overall application growth 
can plausibly be related to pandemic patterns of work, lifestyle, and business 
models. Nonstore retailers (NAICS 454) include online retail businesses 
facilitating shopping from home. Professional, scientific, and technical ser-
vices (541) is a tech-intensive sector, with about half of its employment in 
STEM-intensive industries such as architectural, engineering, and related 
services (5413), computer systems design (5415), and scientific research 
and development services (5417); business formation in these industries 
may be related to helping other businesses facilitate pandemic work and 
lifestyle changes and may also relate to recent technological develop-
ments like artificial intelligence (AI).14 The sector also includes industries 
such as building inspectors and interior designers potentially associated 
with the pandemic surge in home sales or rearrangement of home office 

Source: Census Bureau Business Formation Statistics.
Note: All applications. Average weekly pace by quarter (seasonally adjusted).
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Personal and
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support services

Truck transportation

Applications (thousands)

2019q3 2020q1 2020q3 2021q1 2021q3 2022q1 2022q3

Figure 3. New Business Applications, Selected Three-Digit Industries

14. Many AI-related businesses are classified in this industry; see Library of Congress, 
“Business Reference Services,” https://www.loc.gov/rr/business/BERA/issue31/codes.html. 
AI firms may also be classified in the Information sector (NAICS 51).
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environments. Personal and laundry services (812) include some indus-
tries that were likely harmed by the pandemic (e.g., nail salons) but also 
industries that enhanced work-from-home environments or facilitated 
pandemic hobbies, such as pet care. Administrative and support services 
(561) includes employment services that are sometimes important during 
recessions (e.g., temporary help agencies); industries that may facilitate 
changes in business models such as document preparation, call centers, 
and mail carriers; and businesses facilitating work-from-home transitions 
such as landscaping services and carpet cleaners. Truck transportation 
(484) includes both general and specialized freight trucking (an example 
of the latter is NAICS 484210, used household and office goods moving); 
such businesses likely benefited from changes to the use of commercial 
real estate, the shift toward online shopping, and the rotation of consumer 
spending away from services and toward goods.

The patterns in figure 3 also hint at interesting changes over the course 
of the pandemic and its aftermath. Applications for nonstore retailers exhib-
ited the most dramatic surge early in the pandemic; and while this remained 
elevated at the end of 2022, it has declined substantially from its 2020:Q3 
peak. By mid-2022 the highest industry was professional, scientific, and 
technical services; this tech-intensive industry has exhibited a sustained 
surge since the beginning, with 2022:Q4 being at about the same pace as 
2020:Q3. Truck transportation had a smaller initial surge, peaked in mid-
2021, then declined gradually, a pattern consistent with new businesses 
entering to address supply chain constraints along with the surge in goods 
consumption, both of which have receded somewhat in recent quarters.

We find similar patterns for likely employer applications at the broad 
sector level (online appendix figure E2); in particular, we observe strong 
increases in likely employer applications in the retail trade sector and in 
“Tech”—a proxy for the high-tech sector that combines professional, sci-
entific, and technical services with the information sector. Interestingly, 
when we use the projected firm births series from BFS, the two-digit sector 
that has the highest level of applications during the pandemic is the high-
tech sector (online appendix figure E3). As discussed in online appendix B, 
the predicted start-up series (PBF4Q and PBF8Q) is a better predictor than 
HBA of actual start-ups, particularly at the sector level.

II.C. Geographic Patterns of Applications

We next analyze spatial variation in applications, and we introduce 
a simple measure of growth in applications per capita in the pandemic 
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relative to the pre-pandemic norm, which we denote as g. We define g as 
follows, using annual data at various levels of geography:

(1)
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where xt is applications per capita in year t.15 That is, we study the differ-
ence between the average of (log) applications per capita in 2020–2022 and 
the average of (log) applications per capita during 2010–2019.

Using likely employer applications, figure 4 shows substantial varia-
tion across states, with the highest-growth states having growth rates of 
between 34 and 73 log points while the lowest-growth states exhibit little 
or no growth. Growth was particularly strong in the South and also parts 
of the West (e.g., California).

Source: Census Bureau Business Formation Statistics and population estimates.
Note: Difference of average (log) likely employer applications per capita, 2020–2022 versus 2010–2019.
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0.25, 0.34
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0.16, 0.20
−0.10, 0.16

Figure 4. Growth in Likely Employer Applications per Capita, 2020–2022 versus 
2010–2019

15. In all of our analyses of spatial variation, we focus on per capita variables using 
Census Bureau county-level population estimates. Karahan, Pugsley, and Şahin (2019) 
highlight that spatial variation in start-ups is connected to spatial variation in demographic 
factors such as population growth. Computing measures using annual population estimates 
helps take this into account, though investigating population migration and its connection 
to the patterns of start-up dynamics during the pandemic would be of independent interest.
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More variation can be seen at the county level, though at this level we 
must use total applications rather than likely employer applications.16 Growth 
in business applications has been widespread across US counties; more than 
95 percent of counties saw a higher pace of applications during 2020–2022 
than during 2010–2019, on average. Figure 5 provides the county analog to 
figure 4; the rapid growth in the South is evident in the county map as well, 
but there are pockets of rapid growth throughout the country.

While a small number of counties actually saw declines in applications 
per capita, the median county saw an increase of 40 log points, and the 
highest quintile saw growth of between 61 and 289 log points. The varia-
tion in county-level growth suggests material geographic restructuring, with 
some counties experiencing dramatically more business applications per 
capita than in pre-pandemic times.

Much of the variation across counties reflects larger geographic shifts: 
variation between Census Bureau divisions accounts for 25 percent, varia-
tion between states accounts for almost 50 percent, and variation between 
commuting zones accounts for 70 percent of the between-county variation 

Figure 5. Growth in Total Applications per Capita, 2020–2022 versus 2010–2019

Source: Census Bureau Business Formation Statistics and population estimates.
Note: Difference of average (log) all applications per capita, 2020–2022 versus 2010–2019.

0.61, 2.89
0.45, 0.61
0.36, 0.45
0.27, 0.36
−1.25, 0.27

16. At the state level, the correlation in the growth in total business applications and 
likely employer applications (pre-pandemic to pandemic) is 0.96.
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in total application growth (reported in online appendix table F1). How-
ever, counties vary considerably in scale, and even though we are exam-
ining growth in applications per capita, the latter is increasing in initial 
county population (and population density). Among counties that are part 
of large core-based statistical areas (CBSAs), those with population above 
1 million, about 50 percent of the between-county variation is accounted 
for by between-CBSA effects; over half of the US population is in these 
large CBSAs, so exploring the variation within large CBSAs is of inde-
pendent interest.

As an example of within-city variation, figure 6 zooms in on the counties 
of the New York City area (which includes counties in New York State, New 
Jersey, and Pennsylvania), again reporting growth in (total) applications per 
capita as calculated in equation (1).

Growth of applications per capita in New York City counties ranges from 
19 to 64 log points. We also observe a striking “donut” pattern: growth is 
stronger outside New York County (i.e., Manhattan—the central business 

Source: Census Bureau Business Formation Statistics and population estimates.
Note: Difference of average (log) all applications per capita, 2020–2022 versus 2010–2019.
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0.45, 0.48
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0.31, 0.35
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*Manhattan

Figure 6. New York City: Growth in Applications per Capita, 2020–2022 versus 
2010–2019
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district of the city) than inside it.17 These patterns are broadly consistent 
with zip code–level patterns documented earlier by Fazio and others (2021) 
using state business registrations; those authors find that, after the wide-
spread initial registration decline early in the pandemic, Manhattan regis-
trations returned to their 2019 pace while the Bronx, Harlem, and parts of 
Brooklyn saw historic registration growth.18 Duguid and others (2023) find 
similar results for retail establishments based on credit card transaction data 
for the country as a whole; the authors report relatively weak (or negative) 
establishment growth in core downtown areas, with stronger growth in inner 
suburbs (though not in outer suburbs).

The donut pattern is apparent in other major cities as well; for example, 
online appendix figure E7 shows the state of Washington, where King 
County—the central business district for Seattle—shows less application 
growth than surrounding counties.19 In unreported results, we visually 
observe a similar donut pattern in other cities, in the sense that a number of 
surrounding (close in and outlying) counties within CBSAs exhibit higher 
growth in applications per capita than the county that contains the central 
business district.20

The donut pattern we observe for applications appears related to popular 
pandemic themes about high-density downtown areas and the transition 
of many workers to work-from-home (WFH) activity. We more formally 
explore the relationship between the growth of applications, density, and 
WFH within cities using regressions reported in online appendix table F9. 
In particular, at the county level we regress growth of total applications per 
capita on population density, establishment density (from QCEW data), 
and growth of WFH activity (from ACS data, where the fraction of workers 
working from home is based on location of residence). We find highly non-
linear, statistically significant empirical relationships for all three covari-
ates. There is an alternating negative linear effect, positive quadratic effect, 
and negative cubic effect with magnitudes implying the linear negative 
term dominates for low values (of density and change in WFH share), the 
positive quadratic becomes relatively more important for larger values, 

17. Donut-like patterns have been observed on other dimensions such as housing and 
work, as documented by Ramani and Bloom (2021) among others.

18. Online appendix figure E6 shows that prior to the pandemic Manhattan was one of 
the top-ranked counties in the NYC CBSA in terms of applications per capita.

19. Online appendix figure E8 shows that prior to the pandemic King County was one of 
the top-ranked counties in the state of Washington in terms of applications per capita.

20. We hypothesize this effect would be even more prevalent using tract-level data—an 
approach that awaits the micro data on applications integrated with the LBD.
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then the negative term kicks in for very large values. In considering these 
patterns, it is useful to observe that within New York City, Manhattan has 
the highest population density and establishment density and a mid-range 
growth of WFH.21

We also consider a more complex spatial regression specification where 
we include a cubic of all of these terms for both own and adjacent counties 
(online appendix table F10). We find that each of these covariates have sig-
nificant own- and adjacent-county effects in this multivariate specification. 
Given the complexity of this specification, we focus on the overall predic-
tive power; the R2 of this specification is 0.77, compared to 0.49 in a speci-
fication with only CBSA fixed effects. Figure 7 shows that the predicted 

Source: Census Bureau Business Formation Statistics and population estimates; author modeling.
Note: Predicted difference of average (log) all applications per capita, 2020–2022 versus 2010– 2019.
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Figure 7. New York City: Predicted Growth in Applications per Capita, 2020–2022 
versus 2010–2019 (Spatial Model)

21. Fazio, Guzman, and Stern (2020) observe a positive, but not statistically significant, 
linear relationship between density and business registration growth in their eight-state 
sample, though they do not study nonlinear dimensions. A nonlinear relationship is consis-
tent with Duguid and others (2023), who also find nuanced relationships with WFH activity.
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variation in counties in the New York City CBSA from this spatial model 
closely corresponds to the actual application pattern (compare to figure 6).  
Put simply, we are able to approximately replicate the within–New York 
City donut pattern using population density, establishment density, and 
growth of WFH activity in own and adjacent counties—consistent with the 
broader high model fit for all cities suggested by the R2 of 0.77.

II.D. Applications and Actual Firm Births in the BFS

There is typically a lag between EIN application and new employer firm 
entry, even conditional on a successful transition. In much of our analysis 
of employer entry from other sources we use quarterly data, annual data, 
or growth rates based on the difference between pre-pandemic and pan-
demic averages, mitigating this lag.22 Figure 8 shows a tight relationship 
between likely employer applications and employer firm births within eight 
quarters. The solid line provides an index of actual employer firm births 
within eight quarters (through 2018:Q4), and the dotted line is an index of 
projected employer firm births within eight quarters. The surge in likely 
employer applications in the pandemic is accompanied by a surge in pro-
jected business formations.23

22. Dinlersoz and others (2023) show that in the same quarter as the application, the 
historical transition rate of applications with planned wages has been about 14 percent; the 
transition rate is 35 percent after four quarters and 40 percent after eight quarters.

23. In interpreting this finding, it is important to emphasize that the projected series takes 
into account the full range of application characteristics. We further discuss the relationship 
between the likely employer series and the projected firm birth series in online appendix B.

Source: Census Bureau Business Formation Statistics.
Note: Start-ups within eight quarters. Seasonally adjusted. Normalized by average 2006 levels. Shaded 

areas indicate NBER recession dates.

0.7

0.9

1.1

1.3
Likely employer applications 

Employer start-ups (actual)

Employer start-ups (predicted)

Startup index

2005 2007 2009 2011 2013 2015 2017 2019 2021 2023

Figure 8. High-Propensity Business Applications and Start-ups Eight Quarters Ahead
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Online appendix tables F2 and F3 provide more detail about this tight 
relationship between applications and actual employer start-ups. As a rough 
approximation, the (pre-pandemic) elasticity of new employer firms within 
eight quarters with respect to likely employer applications is centered on one 
in both the aggregate time series and in state-by-time pooled data. These his-
torical relationships as well as the projected series suggest strongly elevated 
employer entry during the pandemic as well—but with some lag relative to 
the timing of applications. The lag between application and new employer 
entry was increasing prior to the pandemic (see online appendix figure E4). 
While the actual transitions are not yet available beyond 2020, we explore 
these relationships below using a variety of available employer entry rates.

III. New Employer Businesses in the Pandemic

We now turn to data on actual employer business formations during the 
pandemic, expanding on the data first shown in figure 2. Here we draw on 
several sources: we use BED quarterly establishment births and openings 
data through 2023:Q1, BED annual firm births data through March 2022, 
and QCEW quarterly net establishment births data through 2023:Q1 (which 
permit finer geographic and industry detail than BED data). Importantly, 
the gold standard data set for tracking true employer firm births is the  
Census Bureau’s BDS, which features a more comprehensive firm iden-
tifier than the BED (see discussion in online appendix A); we report two 
different BDS series in figure 2, but these data do not currently cover a 
significant portion of the pandemic period.

The BED and QCEW have the key advantage of timeliness, though the 
most timely data are on establishment entry (gross entry in BED and net 
entry in QCEW), which include not only new firms but also new estab-
lishments of incumbent firms (e.g., new Starbucks locations). While our 
primary focus is on new firms, new establishments opened as expansions 
of existing firms are of independent interest, since such establishments are 
important components of the reallocation of activity across business loca-
tions. Moreover, it is likely that new establishments of existing businesses 
reflect similar incentives of new firms to take advantage of the market 
opportunities that arose in the pandemic and its aftermath.

III.A. Aggregate Establishment and Firm Entry: Gross and Net

Figure 9 shows quarterly data on high-propensity business applications 
(panel A), BED establishment births and exits (panel B), and jobs created 
(destroyed) by births (exits) (panel C).
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The surge in establishment births is especially pronounced starting 
in 2021:Q2—several quarters after the initial surge in applications in 
July 2020 but also after the second wave of the surge in applications in 
early 2021. It is not surprising that there is some lag since, as discussed 
above, it can take up to eight quarters for applications to transit to employer 
businesses—conditional on transiting at all. Like business applications, 
establishment births have reached record levels during the pandemic. Note 
also that births have been well in excess of exits, aside from the initial exit 
surge in 2020:Q2.

As shown in panel C, job creation from establishment births has been 
above one million per quarter, on average, during 2021:Q2–2023:Q1— 
a historically high pace. Establishment birth has played a significant role 
in the pandemic job recovery, accounting for more than 10 percent of 
gross private job creation from 2020:Q3 through 2023:Q1; at a quarterly 
frequency, in 2022:Q4 establishment births’ share of gross job creation 
reached 12.9 percent for the first time since 2007. While this increase in job 
creation from births is striking, the surge in the number of establishment 
births (panel B) is proportionally greater than the surge in birth employ-
ment; the average size of a new establishment birth declined from about 
3.3 jobs in 2019 to 2.9 jobs in 2022.24 As we discuss in section V.B below, 
average firm entrant size also stepped down in the pandemic—though 
incumbent size declined as well.

Source: Census Bureau Business Formation Statistics (BFS) and BLS Business Employment Dynamics.
Note: Seasonally adjusted. Shaded areas indicate NBER recession dates. High-propensity applications. 

Panel C shows jobs created by births and jobs destroyed by exits.
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Figure 9. Business Applications, Establishment Births, and Exits

24. Author calculations from BED data.



DECKER and HALTIWANGER 271

The elasticity of establishment births with respect to likely employer 
applications has, if anything, strengthened in the pandemic—at least at the 
national level; we obtain this evidence with simple regressions of estab-
lishment births per capita on applications (online appendix table F2). For 
the aggregate series we actually find a higher elasticity of establishment 
births when we include the pandemic period than if we end the sample 
in 2019. Online appendix table F4 reports state-by-quarter regressions 
and table F6 reports sector-by-quarter results, in which the pre-pandemic 
elasticities (shown on the top panel of each table) are generally similar 
to those estimated on pandemic-inclusive data (bottom panel). We also 
examine the relationships between firm births, establishment births, and 
the projected start-up series from the BFS. Online appendix tables F7 and 
F8 illustrate three findings. First, there is a strong positive historical (pre-
pandemic) relationship between BFS predicted firm births and actual firm 
and establishment births. Second, this relationship remains strong during 
the pandemic for establishment births. Third, especially for the sector-based 
results, the elasticities are substantially higher using the BFS projected 
start-ups series compared to those using the likely employer applications. 
We discuss these analyses more in online appendix B.

It is clear from the BED data in figure 9 that net establishment entry 
surged in the pandemic; this fact is corroborated in other data sources 
and for firms as well. Figure 10 shows annual net growth of firm and 
establishment counts from the BDS, BED, and QCEW. Reassuringly, the 
various series track each other well through March 2020, after which the 

Source: BDS; BED; and QCEW.
Note: Annual Davis-Haltiwanger-Schuh denominator (DHS) growth rate of unit counts, first quarter 

versus one year earlier.
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BDS becomes unavailable. Net establishment growth was strong in 2021 
and, especially, 2022 and 2023.25 Firm growth was similarly impressive, 
as the total number of firms (in BED data) increased by more than 250,000 
from March 2020 through March 2022, from under 5.3 million to more 
than 5.5 million. The largest surge is from March 2021 to March 2022—
broadly consistent with the finding that the increase in establishment births 
is especially pronounced starting in 2021:Q2. In online appendix figure E9 
we report similar results if growth is calculated on a per capita basis.

Here we have focused on true establishment birth and exit; temporary 
closings and reopenings of establishments also played a large role in early 
pandemic labor market dynamics. In online appendix figure E12 we report 
total establishment openings and closings, and figure E13 shows reopen-
ings (i.e., openings minus births) and temporary closings (i.e., closings 
minus exits). In 2020:Q2, more than 400,000 establishments closed tem-
porarily, with nearly 1.8 million associated jobs. Reopenings jumped in the 
following quarter, accounting for 1.2 million jobs in 2020:Q3 and nearly 
800,000 jobs in 2020:Q4. These patterns imply a need for caution in the 
use of establishment openings out of context—especially in 2020:Q3; 
the patterns also highlight the large role of temporary job dislocation in 
the early pandemic labor market.

While establishment reopening and temporary closure was a significant 
feature of the pandemic—particularly in early quarters—the cumulative job 
reallocation associated with births and exits is even a bit larger.26 Over the 
2020:Q2–2023:Q1 period, job reallocation from establishment births and 
exits cumulated to 20.6 million jobs, with births contributing 11.4 million 
and exits 9.2 million. Reallocation from births and exits necessarily reflects 
permanent job reallocation. During the same period, temporary closings and 
reopenings cumulated to 17.5 million jobs, with temporary closings contrib-
uting 9.1 million and reopenings 8.4 million. In contrast to births and deaths, 
these job flows associated with temporary closings and reopenings reflect 
transitory reallocation—although it may be that some workers who lost 

25. We are not the only researchers to notice the striking surge in establishment counts; 
for example, O’Brien (2022) highlights the net growth of establishments and explores cross-
city variation.

26. For the calculations in this paragraph, we impute job destruction from establishment 
exit in quarters after exit data end (that is, after 2022:Q2) by setting exit job destruction 
equal to its average over 2020:Q3–2022:Q2, which is a bit over 700,000 jobs per quarter. We 
use this imputed exit job destruction path to estimate employment associated with tempo-
rary establishment closures in quarters for which exit data are unavailable (but total closure 
employment data are available).
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their jobs to temporary closings did not return to the same employer, since 
reopenings took some time. We discuss the implications of these dynamics 
for job and worker reallocation further below.

III.B. Sectoral Patterns of Employer Business Entry

As noted in section II.B, the industry pattern of business applications is 
consistent with broader economic restructuring in the pandemic. We next 
ask whether these industry patterns are reflected in data on actual employer 
business formation. Annual firm births by broad sector are available from 
the BED through March 2022; the scatterplots in figure 11 compare pan-
demic firm births with likely employer applications by sector, where we 
focus on pandemic growth relative to pre-pandemic norms as described in 
equation (1).

Panel A in figure 11 gives insight into the contribution of different sec-
tors to the aggregate surge in firm births and likely employer applications 
by measuring the average level of births or applications—in thousands—
during the pandemic versus the pre-pandemic pace. Educational and health 
services, professional and business services, and construction are sectors 
with large increases in both firm births and likely employer applications, 
accounting for a large share of the aggregate surges in both.

Panel B is more informative about growth within sectors, as it is based on 
the log difference between pandemic and pre-pandemic norms. Sector-level  
growth in firm births and business applications is strongly positively related,  
with most sectors lining up reasonably close to the 45-degree line. Trans-
portation and warehousing, information, education and health services, 
financial services, construction, and professional and business services are 
all sectors with large growth (approximately 20 percent or larger) of both 
applications and firm births. The retail trade sector is notable, however, for 
having a smaller surge in firm births than in applications; this could reflect 
the differing nature of the 2020 application surge (which, as discussed 
above, was led by online retail) versus the later pandemic surge, where 
other sectors became more important.27 It may be that the early surge in 
applications, especially in sectors like online retail, saw lower rates of tran-
sition to employer business formation. Indeed, the BFS itself suggests this; 
in online appendix figure E11, we find that the sector-level relationship 

27. More industry detail can be seen in online appendix figure E10, which narrows 
down to the three-digit NAICS level (but necessarily relies on establishment openings and 
total applications). We find strong, statistically significant relationships using this detailed 
variation.
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Source: Business Employment Dynamics (BED) and Business Formation Statistics (BFS).
Note: Average pace during 2021–2022 versus average pace during 2011–2020. Panel A expressed as 

average annual pace. Solid line is the 45-degree line. “T&W” is transportation and warehousing. Years 
end in March. High-propensity applications.
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between firm births and BFS projected firm births is even stronger, with the 
retail sector being less of an outlier.

III.C. Geographic Patterns of Employer Business Entry

Given the striking geographic pattern of business applications described 
in section II.C, we next explore county-level correlations. Data limitations 
continue to bind, however, as BED establishment birth (or opening) data 
are not available at the county level, so we focus on net establishment entry 
(i.e., change in the number of establishments) in QCEW data. To start, 
we consider the spatial variation in growth of establishments per capita 
between the pre-pandemic and pandemic periods using the same measure 
as implied by equation (1). Figure 12 highlights substantial variation in the 
growth of establishments per capita across counties (this figure can be com-
pared usefully with figure 5, the analogous map for business applications). In 
the top quintile, establishments per capita increased between 13 and 52 log  
points while in the bottom quintile establishments per capita declined.

The spatial patterns in figures 12 and 5 are broadly similar, with the 
South and parts of the West standing out as having especially high growth 
in both applications per capita and establishments per capita. We can see 
this more formally in panel A of figure 13, which is a binscatter relating 
county-level growth in total establishments per capita to growth in appli-
cations per capita, 2020–2022 versus 2010–2019, following equation (1).

Source: QCEW and Census Bureau population estimates.
Note: Difference of average (log) establishments per capita, 2020–2022 versus 2010–2019.
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Figure 12. Net Establishment Growth from Pre-pandemic to Pandemic
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We observe a tight, highly statistically significant relationship between 
establishment growth and applications. Of course, net establishment growth 
conflates establishment birth and exit, and the latter has likely been an 
important margin of local economic adjustment during the pandemic 
period; see Decker and Haltiwanger (2022) and Crane and others (2022) 
for discussion (though recall that figure 9 shows that establishment death 
was not materially elevated after its initial spike in 2020:Q2, with the 
exception of 2022:Q2).28 Moreover, as in our three-digit industry scatter-
plots above, at the county level we have total business applications, not 
the narrower category of high-propensity applications, though recall that 
total applications and high-propensity applications have moved together 
in the pandemic. The strong spatial relationship between net establishment 
entry and total applications suggests that surging business applications are 
related to growth in net entry in the geographic cross section.29

Source: QCEW and BFS.
Note: County-level log differences of 2020–2022 versus 2010–2019 levels. Straight line is a regres-

sion line with reported slope and standard error. Total applications. Panel A is a binscatter with one 
hundred bins.
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Figure 13. Net Establishments Growth versus Applications Growth

28. The 2022:Q2 establishment exit jump is puzzling, and we confirmed with BLS staff 
that it is not an artifact of any obvious measurement or scope issue. We note, however, that 
exits are measured with a lag, and that parts of the data used to measure exit in this quarter 
could still be revised in future years.

29. The small slope coefficient reflects the much greater variation in the growth of appli-
cations per capita relative to growth of establishments per capita, which is apparent from the 
chart axes.
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We provide some concrete perspective into our county maps and the 
binscatter just mentioned by focusing on the counties in two states: Georgia 
and Washington. Panel B of figure 13 depicts the growth in applications 
and establishments for counties in just these two states; Georgia (crosses) 
is a state with high growth on both margins, while Washington (squares) is 
not. Interestingly, this between-state pattern holds pervasively across coun-
ties within these respective states.

As another specific example, figure 14 shows net establishment growth 
for counties of New York City in the same manner as figure 6. While not 
identical to the pattern of application growth, we still observe a donut pat-
tern of strong growth in establishments per capita in the city suburbs, with 
less growth in the city center of Manhattan.

We provide further perspective on these geographic patterns in online 
appendix C. We find, for example, that the high-growth counties in terms 
of net establishment growth in the NYC area have higher growth rates 
than Manhattan across a wide variety of industry sectors. Some of this 

*Manhattan

Source: QCEW and Census Bureau population estimates.
Note: Difference of average (log) establishments per capita, 2020–2022 versus 2010–2019.
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0.09, 0.12
0.06, 0.09
0.04, 0.06
0.00, 0.04

Figure 14. Net Establishment Growth, New York City
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reflects sectors that are apparently supporting the change in the habits of 
the daytime population (e.g., large increases in sectors such as leisure and 
hospitality—NAICS codes 71 and 72). However, we also observe the high-
growth counties having higher growth in high-tech sectors like information 
(51) and professional, scientific, and technical services (54). Similar obser-
vations apply to high-growth states such as Georgia relative to low-growth 
states such as Washington.

Our geographic exercises, like our industry exercises, suggest a strong 
relationship between business applications and actual employer business 
growth. Moreover, these patterns are consistent with thriving business 
creation in industries that complement pandemic changes in work and life-
styles as well as movement of some forms of economic activity from city 
centers to outer areas. Notably, our geographic analysis is all done on a per 
capita basis, so these flows of businesses do not simply reflect underlying 
population flows.

IV. Worker Flows and Business Formation

The pandemic labor market has featured several notable patterns, including 
mass layoffs followed by rapid job growth, migration, and a large number 
of workers quitting their jobs (which has been called the Great Resigna-
tion). A natural question is whether these labor market patterns have any 
relation to the surge in business formation. In section III.A we described 
the significant role of firm and establishment birth in gross and net job 
growth in the pandemic; and in section III.C we reported striking geo-
graphic patterns consistent with popular stories about migration flows (north 
to south, inner cities to outer cores) but that reflect flows above and beyond 
simple population moves.

In this section, we focus specifically on quits and layoffs or, where nec-
essary, close proxies for quits and layoffs. The early pandemic period was 
characterized by a massive spike in layoffs; while many of these proved 
temporary (Cajner and others 2020), the 2020:Q2 spike in establishment 
deaths (figure 9) indicates that there was also considerable permanent job 
destruction. Separately, the pace of quits rose to record levels—and well 
above its pre-pandemic trend—in late 2021 and early 2022.

Workers who experience a permanent separation through either quits or 
layoffs could be joining a new business either as the entrepreneur or as an 
early employee. Indeed, since quits are thought to be dominated by job-
to-job flows, workers who quit likely had a job to go to at the time of the 
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quit.30 But the administrative micro data required to track these flows on a 
comprehensive basis are not yet available. Instead, we examine patterns at 
the aggregate and spatial levels as we have in previous sections.

For this purpose, we exploit data from the Census Bureau’s Quarterly 
Workforce Indicators (QWI) and other sources. The QWI provide informa-
tion on hires (i.e., new worker-firm matches), separations (broken worker- 
firm matches), job creation (growth in firm employment), and job destruction 
(contraction of firm employment) in various granular tabulations.31 We take 
advantage of that granularity to decompose separations into job destruction 
and what we denote—following Davis and Haltiwanger (1992)—as excess 
separations (the difference between separations and job destruction).

It is important to grasp the intuition of excess separations. Separations 
include both layoffs and quits. Workers may be separated from jobs because 
those jobs are being destroyed as a firm contracts; for example, a firm may 
be eliminating a position entirely as part of a downsizing or restructuring 
plan. In these cases, there is no excess separation, and worker and job flows 
are equal. But many workers are separated from jobs while those jobs con-
tinue to exist and will be filled by another worker. A likely reason for such a 
separation is that the worker is quitting the job to start a new job elsewhere. 
Both conceptually and historically, job destruction and layoffs track each 
other well, and excess separations and quits track each other well (Davis, 
Faberman, and Haltiwanger 2012).

Figure 15 reports worker flows (i.e., quits and layoffs and their proxies), 
establishment births, and business applications. Panel A shows excess 
separations from QWI and the standard quits series from the BLS Job 
Openings and Labor Turnover Survey (JOLTS), along with BED estab-
lishment births and BFS high-propensity business applications (all series 
indexed to 2019 rates). Prior to the pandemic, quits and excess separations 
moved in similar patterns (albeit with some level shift), consistent with 
their close conceptual relationship. This co-movement continued in the 
pandemic, with an initial drop in quits and excess separations followed by 
a recovery to historic levels (admittedly more dramatic for quits). Over the 
same period, business applications and actual establishment births surged 
as well. Panel A shows one other series as well: job-to-job separations from 

30. Elsby, Hobijn, and Şahin (2010) find that layoffs, not quits, account for cyclical flows 
from employment into unemployment. Davis, Faberman, and Haltiwanger (2012) find a tight 
connection between job destruction and layoffs, and job-to-job flows are tightly linked with 
quits; see Molloy and others (2016), including the comment by Haltiwanger (2016).

31. See online appendix A for detail about the QWI and how we use it.
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Figure 15. Worker Flows and Applications

the Census Bureau’s Job-to-Job Flows (J2J), which is closely related to 
the QWI. This series measures separations of workers in which the worker 
quickly starts a new job with a different firm; as suggested by the discus-
sion, excess separations closely track job-to-job separations in figure 15, as 
both are closely related to quits.

Panel B of figure 15 shows the spike in job destruction and layoffs 
in the second quarter of 2020. Both spikes are short-lived and, as noted 
previously, the layoffs in particular reflect a surge in temporary layoffs. 
Using data from the Current Population Survey (CPS) on inflows to unem-
ployment from employment (using those entering unemployment in a 
month based upon duration data), about 85 percent of the massive surge 
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in unemployment inflows in 2020:Q2 was due to temporary layoffs (see 
online appendix figure E17). Both series drop to low levels after mid-2020, 
even while business applications surged.

The two panels of figure 15, taken together, are suggestive of a relation-
ship between quits (or their proxy, excess separations) and business forma-
tion, consistent with a theory in which workers quit their jobs to start, or 
join, new businesses. On the other hand, such a relationship between layoffs 
and business formation is not obviously apparent, as if the surge in business 
creation does not simply reflect laid-off workers starting businesses due to 
weak labor market opportunities. Still, these are simply aggregate series.

We therefore turn to spatial variation. We start at the state level, where 
JOLTS data on quits and layoffs as well as BFS likely employer appli-
cations are available; we employ the same approach as prior analyses to 
study the pandemic relative to pre-pandemic norms. As shown in panel A 
of figure 16, states with especially large surges in likely employer applica-
tions also saw especially large surges in quits during the 2020–2023 period; 
while there is much variation in both series, there is a substantive positive 
relationship that is statistically significant.32 As seen in panel B, there is 

Source: JOLTS and Business Formation Statistics (BFS).
Note: State-level log differences of 2020–2023 versus 2010–2019 seasonally adjusted pace. The 

straight line is a regression line with reported slope and standard error. Data through August 2023.
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Figure 16. Quits, Layoffs, and Applications, 2020–2023 versus 2010–2019

32. We apply equation (1) using monthly data for this purpose, computing the mean of 
the log of series per capita for the pre-pandemic (2010–2019) and pandemic (2020–2023) 
periods.
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no apparent association between layoffs and high-propensity applications 
across states, consistent with the aggregate data in figure 15.

We next drill down to the county level, where we can examine related 
patterns using excess separations and job destruction from the QWI (our 
proxies for quits and layoffs) and total applications from the BFS. In 
figure 17, panel A shows a binscatter of county-level growth in the excess 
separations rate and county-level growth in (total) business applications per 
capita, where growth is again constructed as in equation (1). We observe a 
tight, statistically significant spatial relationship between growth in excess 
separations and growth in business applications. In panel B, though, we 
observe a much weaker (albeit positive) relationship between job destruc-
tion and applications.

While we might imagine multiple mechanisms underlying the observed 
spatial relationships, one possible explanation is that surging business 
creation and resulting labor demand is an important component of the overall  
story of worker flows in the pandemic, including quits. New businesses 
aggressively poach workers from other firms (Haltiwanger and others 
2018) and, therefore, likely contributed to the pandemic reallocation of 
workers by providing new opportunities in pandemic-friendly industries.  
We know from figure 9 that job creation by establishment births during  
2021 was substantial; with new establishments creating roughly one million 

Source: Quarterly Workforce Indicators (QWI) and Business Formation Statistics (BFS).
Note: County-level log differences of 2020–2022:Q2 versus 2010–2019 seasonally adjusted pace. The 

straight line is a regression line with reported slope and standard error. Binscatter with one hundred bins.
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Figure 17. Excess Separations, Layoffs, and Applications, 2020–2022 versus 2010–2019
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jobs per quarter, some job-to-job flows—arising from excess separations— 
would likely result.

Interestingly, within cities we find a donut pattern of excess separation 
growth similar to the pattern for applications (and net establishment births); 
online appendix figure E19 shows that county-level growth in excess sepa-
rations for New York City has been greater in the counties surrounding 
Manhattan than in Manhattan itself.

V. Business Dynamism Revived?

A large body of literature explores declining business dynamism, or the 
slowing of job and business flows in recent decades, including a decline 
in the firm entry rate and the share of activity accounted for by young and 
small firms. The evidence above suggests that the pandemic has been a 
period of increased dynamism relative to the 2010–2019 period. In this sec-
tion, we consider the possibility of a return of the higher dynamism pace of 
the past (pre-2000). While we find noteworthy evidence of substantial eco-
nomic restructuring during the pandemic—including reallocation of jobs 
and changes in the firm age and size distribution—we conclude that more 
time (and data) is needed for a material reversal of pre-pandemic trends.

V.A. Job Reallocation

Following literature that goes back a long way (Davis and Haltiwanger 
1992), we define the job reallocation rate as:

(2)
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where jct is gross job creation (total jobs created by entering and expand-
ing establishments), jdt is gross job destruction (total jobs destroyed by 
downsizing and exiting establishments), et is employment, and t indexes 
time (quarters, for our purposes). Job reallocation is a summary measure of 
the reallocation of jobs across expanding, opening, contracting, and clos-
ing establishments and is often used as a measure of business dynamism. 
The denominator in equation (2) is the Davis-Haltiwanger-Schuh (DHS) 
denominator after Davis, Haltiwanger, and Schuh (1996). Panels A and B 
of figure 18 show gross job creation, gross job destruction, and job real-
location; panel A zooms in on the pandemic period, while panel B shows 
a longer view.
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As has been extensively documented in the literature, job reallocation 
exhibits a downward trend over the last few decades and especially since 
the early 2000s. More recently, job reallocation spiked early in the pan-
demic; as shown in panel D, the pandemic spike was historic. The 2020:Q2 
spike in reallocation was driven by the surge of job destruction. In the 
following quarter, reallocation moved down some but remained elevated; 
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initially this reflected the surge of job creation as temporarily destroyed 
jobs returned.

There are two critical points to make about the early pandemic spike 
in reallocation. First, as just noted, the 2020:Q2 spike was driven entirely 
by surging job destruction and therefore simply reflects net (negative) job 
growth in that quarter rather than a dynamism phenomenon of simultaneous 
job creation and destruction across establishments; the 2022:Q3 elevation 
is similar but driven by job creation. Second, the pandemic was peculiar in 
that many of the jobs created in 2020:Q3 (and the immediately following 
quarters) were the same jobs—in the same establishments—that had been 
destroyed in 2020:Q2, as pandemic business restrictions or voluntary social 
distancing causing initial business closures and temporary layoffs were fol-
lowed by quick resumption of business activities and recalls (Cajner and 
others 2020). As a result, quarterly excess job reallocation (job reallocation 
in excess of absolute net employment growth, or jrt − | jct − jdt|) actually 
moved down in 2020:Q2 and has not generally been significantly elevated 
during the pandemic (this can be seen in the one-quarter line in panel C of 
the figure, which we discuss more below).

Readers should carefully note that excess reallocation measures can be 
misleading in quarterly data, as noted in Davis and Haltiwanger (1992) and 
related work, especially when creation and destruction are decoupled or 
staggered in terms of timing. A clearer perspective emerges from measur-
ing excess job reallocation using multi-quarter averages of job creation 
and destruction. Excess reallocation measured at two-, four-, or six-quarter 
horizons did indeed surge to a pace not seen in more than a decade, as 
can be seen in panels C and D of figure 18 (which also shows the dip in 
one-quarter excess reallocation).33 Excess reallocation measured at multi-
quarter horizons (e.g., the six-quarter line in figure 18) was elevated for an 
extended period in the pandemic, though it came down again in 2022.

Without access to the micro data, we still cannot be certain that this 
multi-quarter horizon increase in excess job reallocation does not simply 
reflect job destruction in one quarter followed by job creation in the same 
establishment in subsequent quarters. To explore this question more, 
we return to the rich QWI data and focus on between-cell excess job 

33. Excess reallocation measured at an h-quarter horizon is given by: 

ert
h = j–ct

h + j–dt
h −•j–ct

h − j–dt
h•,

where j–ct
h is average quarterly job creation over the h quarters leading up to (and including) t, 

and j–dt
h is the corresponding average of job destruction.
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reallocation, where cells are categories that can be defined in terms of firm 
age groups, firm size groups, geographic divisions, or industries; details 
are provided in online appendix D, but we provide an overview here. We 
find that between-cell excess job reallocation increased substantially in the 
pandemic, especially for cells defined in terms of firm age or firm size by 
themselves as well as when interacted with spatial or sectoral cells. In other 
words, we observe a substantial rise in the flow of jobs across these cell 
boundaries, which implies genuine job reallocation across businesses. The 
dominant role of reallocation across firm age and firm size groups leads us 
to explore changes in the firm age and size distribution in the next section.

V.B. Changes in the Firm Age and Size Distribution

The evidence on reallocation—and especially between-cell excess 
reallocation—implies an increase in the reallocation of activity across busi-
nesses in the pandemic. While the changes in the magnitudes of between-
cell excess reallocation are large in percentage terms, they are relatively 
small in terms of absolute flows of jobs. We know from Decker and others 
(2016), Decker, Haltiwanger, and others (2020), and Karahan, Pugsley, and 
Şahin (2019) that an important source of the decline in indicators of busi-
ness dynamism is the shift in activity toward large, mature firms: young 
and small firms are inherently more dynamic, so the decline in the share 
of the economy accounted for by young and small firms underlies a sig-
nificant fraction (albeit far from all) of the decline in the pace of realloca-
tion. In this context, it is instructive to explore changes in the age and size 
distribution of activity that occurred in the pandemic; we use annual BED 
data on activity by firm age and size through March 2022.

Figure 19 reports the change in the firm age distribution from March 
2020—the very beginning of the pandemic—through March 2022. Panel A  
shows the percentage point change in the share of firms (solid bars) and 
employment (hollow bars) accounted for by each firm age group. Young 
firms’ share of activity has risen a bit during the pandemic (after decades 
of trend decline); the shift in the share of firms is greater than the shift in 
employment, which is not surprising since pandemic entrants have been 
smaller than before the pandemic and because the effect of the surge of 
business entry on employment shares will inherently take time depend-
ing on survival rates and post-entry growth patterns of the new firms. The 
surge in entry has clearly left a mark on the firm age distribution, but even 
the share of firms five to nine years old increased; these are not pandemic 
births but are instead relatively young firms that were born before the pan-
demic. While the activity share changes in panel A of figure 19 must sum 
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to zero, panel B of the figure shows the percentage growth in the number 
of firms (solid bars) and employment over this period; for the 2020–2022 
period as a whole, all firm age groups saw absolute growth, but the rate of 
increase was much higher for younger firms (though the growth rates are 
not quite monotonic). Again, even the oldest young firm category—those 
age five to nine years—saw rapid growth, with 5 percent more firms and 
2 percent more employment than at the beginning of the pandemic (do not 
forget, though, that firms naturally progress through the age distribution via 
the process of aging).

Panel B: Change in firm count and employment

Panel A: Change in firm and employment shares

Source: BLS Business Employment Dynamics (BED).
Note: Firms and firm age defined by EIN.
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We also examine changes in the firm size distribution. This is more chal-
lenging since firms can move both directions through the size distribution; 
firms with net job destruction may move into smaller size bins, while grow-
ing firms may move into larger bins. With this caution in mind, figure 20 
reports changes in the size distribution in a manner analogous to figure 19. 
Panel A shows a shift in the share of firms and employment accounted 
for by small firms with fewer than 20 employees; but this shift has not 
been monotonic—firms with between 50 and 499 workers have seen large 
declines in their share of employment and, especially, firms. In contrast, 
firms with at least 500 employees have exhibited a modest decline in their 
share of firms—possibly reflecting firm exit but more likely reflecting firms 
downsizing into lower bins—but actually saw an increase in their share of 
employment, as some large firms likely benefited from the pandemic. Panel B,  
which reports growth in the level of firms and employment, tells a some-
what similar story, with all but the smallest size class seeing a decline in the 
number of firms but with the largest size class adding jobs. It is important 
to note that the 1 percent employment growth rate among large firms is 
substantial given that these firms account for roughly half of all employ-
ment, compared with the smallest size class whose share of employment 
is closer to one-sixth; at the same time, the smallest size class accounts 
for roughly 90 percent of all firms, so its 3 percent firm count growth rate 
reflects a large gain in the number of small firms.

As just noted, a challenge associated with firm size distribution analysis  
is that firms may move either direction across the distribution. But an 
attractive feature of the BED is that statistics on what BLS denotes as 
“dynamic sizing” are provided. Dynamic sizing assigns firm job growth 
to the size bin in which it occurred. For example, if a firm increases from 
zero employees (i.e., is a firm birth) to thirty-five over a window of time, 
the first nineteen jobs added are attributed to the 1−19 size class, and the 
increase from twenty to thirty-five jobs is attributed to the 20−49 size class. 
Thus, dynamic sizing provides insights into how much of the change in 
employment observed by size class is due to firms moving across size 
classes relative to changes within size classes. The BED provides dynamic 
sizing–based job growth by firm size bin on a quarterly basis.34

Panel C of figure 20 reports both the actual change in the level of 
employment associated with each size bin (hollow bars), which is based 
on comparing employment levels in March 2022 and March 2020, and 

34. See Helfand, Sadeghi, and Talan (2007) for discussion of the BLS dynamic sizing 
methodology.
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the cumulative dynamic sizing–based employment change (solid bars, 
constructed by summing quarterly dynamic job flows, by size class, from 
March 2020 through March 2022). Consider the smallest size class: since 
the solid bar (dynamic change) is larger than the hollow bar (change in  
levels), we can infer that there was net movement of firms up and out of this 
size bin; job growth of firms that graduate out of the size class is (partly) 
attributed to that size class under dynamic sizing (solid bar) but is not attrib-
uted to that class when we simply measure the change in static employment 
levels (hollow bar). This result for the smallest class is consistent with the 
surge in firm births, which are typically small, and suggests that some of 
these firm births—and perhaps also some preexisting small firms—grew 
out of this size bin. In contrast, for the largest size class, the hollow bar is 
larger than the solid bar, from which we can infer that there was net move-
ment of firms downward out of this size bin; this is consistent with the net 
decline in the number of firms in this size class shown in panel B.

Additional perspective on firm size can be gained by studying the aver-
age size of new firm entrants; online appendix figure E14 shows that the 
average size of new firm entrants in BED data stepped down in the pan-
demic, consistent with our earlier discussion about unit counts versus 
employment from entrants. But figure E14 also shows that average entrant 
size relative to average incumbent size has remained on its pre-pandemic 
trend; that is, the drop in average entrant size is similar—relative to trend—
to the change in average incumbent size. In other words, the relative small 
size of entrants in the pandemic is not unique to entrants.35

These shifts in the firm age and size distribution are remarkable, par-
ticularly in a recessionary environment; small and young firms—including 
young firms born before the pandemic and its dramatic business formation 
surge—appear to have fared remarkably well during the pandemic. But how 
much have these shifts reversed the pre-pandemic trends toward mature and 
large firms? The answer is “not much.” Figure 21 depicts the evolution of 
indexes of employment (panels A and C) and firm counts (panels B and D) 
by firm age (panels A and B) and firm size (panels C and D). Focusing on 
panels A and B reporting firm age data, the pre-pandemic shift in activity 
toward mature firms is evident as the indexes of mature-firm employment 
(panel A) and firm counts (panel B) rise dramatically during 2000–2020.36 

35. Online appendix figure E14 also shows BED average size patterns relative to BDS 
data in the pre-pandemic period; we discuss this in the data appendix.

36. We have confirmed with BLS staffers that there is not a left-truncation bias in the 
firm age files starting in 2000, despite public-use BED data only starting in 1992, as the BLS 
has internal micro data affording full accounting of the age 10+ category starting in 2000.
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In contrast, consistent with the decline in employer business entry, the 
indexes for young firms (especially firm births at age zero) decline, on 
net, over this twenty-year period. In the pandemic, these trends begin to 
reverse—but the decline for mature firms is very modest.

Turning to the evolution of the size distribution (panels C and D 
of figure 21), the activity shift toward larger firms in recent decades is 
evident.37 Again, in the pandemic we have seen some reversal of earlier 
trends—especially for small firm counts, but not so much on the employ-
ment side. Large firms have more employment in 2022 than in 2019, con-
sistent with our evidence above.

Our reading of the data is that there is potentially a beginning of a reversal 
of the shift in activity to large and mature firms; this is noteworthy and 
suggests young and small firms weathered the pandemic reasonably well 
(and, of course, entry has been remarkable). But so far the reversal relative 
to previous trends is quite modest. A related way to see that the impact has 
been modest is to compare firm- and employment-weighted entry rates, 
which we do in online appendix figure E1; there is a notable increase in the 
firm-weighted start-up rate, but the increase in the employment-weighted 
start-up rate is less noteworthy.

It is too early to declare an end to the multi-decade decline in business 
dynamism; such an end will require a sustained increase in employer busi-
ness entry with, in turn, robust post-entry dynamics (i.e., not a decline in 
survival rates and post-entry growth conditional on survival). A onetime 
increase of entry and job reallocation—even if spanning a few years—is 
different from a persistent elevation of dynamism flows. Still, the striking 
rise in young and small firm activity in the pandemic is noteworthy.

VI. Taking Stock

Using several official data sources, we document close relationships between 
business applications, business entry, and job and worker flows during  
the pandemic. Our findings indicate that the surprising surge in business 
applications and registrations seen during the pandemic represented genu-
ine entrepreneurial activity and resulted in considerable job creation and 
reallocation of jobs and workers. This surge in employer entrepreneur-
ship is remarkable given the weakness in broader economic conditions 
from which it emerged, and it stands in sharp contrast with the plunge in 

37. For firm size, we are able to start in 1994 rather than 2000, given we do not face left 
truncation of the firm size measure as we do for the firm age measure.
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employer entrepreneurship seen during the Great Recession. The increase 
in entrepreneurial activity left its mark on the firm age and size distributions, 
with a higher share of activity accounted for by young and small firms.

Our findings are consistent with the surging applications yielding 
increasing new employer businesses. However, it is still too early to study 
these transitions directly, a task that will require micro data not currently 
available: the micro data will permit studying applications that transi-
tioned into employer start-ups with a focus on characteristics like industry, 
location, and entrepreneur demographics, along with post-entry life cycle 
dynamics. Investigating the demographic patterns of pandemic entrepre-
neurship looks to be of considerable interest; for example, Fazio and others  
(2021) find that at the zip code level African American population is 
strongly predictive of business registrations, so the pandemic may have 
provided entrepreneurial opportunities to minority groups that have histori-
cally faced challenges to business entry.38

A related issue that warrants further attention is the high-frequency 
dynamics of applications and business entry over the course of the pan-
demic. As we have noted, the surge in applications came in two waves: 
an initial short-lived wave in the summer (especially July) of 2020, then a 
second, still ongoing wave commencing in early 2021. It may be that these 
two waves reflect different incentives and dynamics. The first wave may 
reflect the distinct market opportunities that arose just after the onset of the 
pandemic (e.g., online retail), but it may also reflect an increase in nascent 
entrepreneurship or entrepreneurial brainstorming. Many people found 
themselves with extra free time in the summer of 2020, given avoidance 
of high-contact leisure activities and time savings from fewer commutes; 
some may have used that time—along with broader reassessment of career 
goals—to consider starting a business. In some cases, these early entre-
preneurial ideas may have been overtaken by the (partial) return to more 
normal patterns of work and leisure later in 2020, and, indeed, we find 
that the BFS projected firm birth series jumps less than simpler application 
count series and features a smaller surge in the retail sector. In contrast, 
in 2021, vaccines started becoming available and pathways out of pan-
demic isolation were becoming increasingly clear as the country gradually 

38. In pre-pandemic data, Dinlersoz and others (2023) find that census tracts with higher 
African American shares of population have higher application rates but lower transition 
rates to becoming employers. The latter effect dominates so that census tracts with higher 
African American shares of the population have lower employer start-up rates per capita. 
It is of great interest to know whether these distinct patterns of applications and transitions 
changed in the pandemic.
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transitioned toward a post-pandemic new normal. Potential entrepreneurs 
had more information to plan and start serious businesses by 2021 and this 
has continued through 2023. We raise these issues since it may be that the 
transition dynamics of applications to new businesses are very different 
across these waves. We still lack the data to rigorously discern this distinc-
tion, but we do find preliminary evidence for lower transition rates in the 
early wave, which we discuss in online appendix B.

Our strongest evidence on the surge in business entry is from data on 
gross and net establishment entry, which includes both new firms and new 
establishments (new operating locations) of incumbent firms. We find a 
large and sustained increase in aggregate gross and net establishment entry 
through 2023:Q1, and the industries and locations with the largest increases 
in gross and net establishment entry tend to have the largest increases in 
new business applications. Our evidence on firm entry is consistent with 
these patterns but is only available through 2022:Q1 and with less industry 
and spatial detail.

The incentives for new business opportunities induced by the pandemic 
and its aftermath apply to both new and existing firms, but is the distinction 
important? Both types of establishment entry are inherent components of 
reallocation of business activity across the economy, but historically, rapid 
post-entry growth and innovation are more associated with new firms than 
with new establishments of existing firms.39

Our findings also raise questions about the role of pandemic policies 
that strongly supported aggregate demand and eased credit conditions— 
which may be expected to boost firm entry—while also subsidizing 
incumbent firms via the PPP, the Main Street Lending Program, and the 
Federal Reserve’s corporate credit facilities; Decker, Kurtzman, and others  
(2020) find that these business support policies included virtually the 
entire (incumbent) business distribution in their nominal scope for firm 
size, industry, and legal form. We must leave these and related questions 

39. We have some preliminary evidence that this distinction is important. The BED 
annual files that currently run through 2022:Q1 permit computing establishment entry for 
establishments less than one year old and for firms less than one year old (where by construc-
tion the establishments are also less than one year old). From 2019:Q1 through 2022:Q1, 
annual total establishment births (i.e., age less than one year) rose by 38 percent, while the 
annual number of establishments of new firms grew at 21 percent (the latter is consistent 
with the firm entry rates reported in online appendix figure E1). Both are substantial, but the 
higher growth of total establishment births suggests an important role for new establishments 
at incumbent firms. Notably, though, we also find total establishment births grew more rapidly 
from 2020:Q1 to 2021:Q1 than establishments at firm births, suggesting establishment entry 
for existing firms was more resilient early in the pandemic than firm births.



DECKER and HALTIWANGER 295

for future research, which we hope will be informed by the large collection 
of facts we have assembled. In the meantime, our existing results suggest 
that entrepreneurship has played a key role in pandemic-era labor market 
dynamics.

One topic that is conspicuously missing from our analysis is an investi-
gation of the surge in business applications that are likely nonemployers.  
Per Bayard and others (2018), likely nonemployer applications have a 
very low probability of becoming employer businesses (about 3 percent), 
and prior to the pandemic these applications tracked nonemployer activity  
reasonably well (Haltiwanger 2022).40 Given the very large increase in 
likely nonemployer applications, the increase in entrepreneurship may be 
substantially greater than we have characterized via the potential increase in 
new nonemployer businesses. But the Nonemployer Statistics (NES) from 
the Census Bureau are currently available only through 2020. An alterna-
tive path is to use the Current Population Survey (CPS) or other household 
surveys that track self-employment activity; but there has been a grow-
ing discrepancy between self-employment activity tracked by the admin-
istrative data, such as the NES, and household data (Abraham and others 
2021). Relatedly, the nonemployers of relevance to the BFS are those with 
an EIN, but most nonemployers do not have an EIN. Non employers with 
EINs are substantially larger than those without an EIN; only 15 percent 
of sole proprietors have EINs, and the small sole proprietors without EINs 
are dominated by individuals for whom nonemployer activity is supple-
mental (often to a wage and salary income) or reflects stopgap activity.41 
Published NES data do not separately tabulate sole proprietors with and 
without EINs, and the CPS only distinguishes between incorporated and 
non-incorporated self-employed. In short, there are challenges to inves-
tigating the implied dynamics of the surge in likely nonemployers. But 
given the magnitude of the increase in likely nonemployer applications 
(see figure 1), exploring this topic is of considerable interest; moreover, 
there has been much discussion of the pandemic changing attitudes toward 
work, including the recognition that important tasks can be done remotely. 
And an argument could be made that the nonpecuniary benefits of being 
one’s own boss—as discussed in Hurst and Pugsley (2011)—may have 
risen. A potential implication is that individuals have increasingly decided 
to go out on their own as nonemployers, but at this point nonemployer 
measurement is limited.

40. See also online appendix A.
41. See Davis and others (2009) and Abraham and others (2021).
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VII. Implications for the Future?

Given that we are only beginning to observe the real activity effects con-
nected to the surge in new business applications, discussion of the implica-
tions of this surge for the future of US economic activity can only be highly 
speculative. Thus, here we provide some discussion about what potential 
patterns are worth contemplating in the coming months and years.

First, we emphasize that the full implications of the pandemic start-up 
surge will take several years to unfold. This reflects the highly volatile 
nature of start-ups, especially over their first five to ten years. Most start-
ups fail or, at least, do not grow (Decker and others 2014). A small fraction 
grow rapidly, and this small subset of entrants is disproportionately impor-
tant for the contribution of start-ups to job creation, innovation, and pro-
ductivity growth (Decker and others 2014; Guzman and Stern 2020; Sterk, 
Sedláček, and Pugsley 2021). Theory and evidence suggest that start-ups 
are a core part of the experimentation that accompanies the development 
and adoption of new technologies and production processes, though this 
experimentation necessarily involves many business failures (Foster and 
others 2021).

Second, this increase in start-ups has occurred in spite of factors that 
were dampening the pace of business entry—and business dynamism more 
generally—in the decades leading up to the pandemic (Decker, Haltiwanger, 
and others 2020). It is unlikely that those factors, while still not completely 
understood, have disappeared entirely. Whether the countervailing forces 
driving the pandemic surge are sufficient to change the pre-pandemic 
trend decline is unclear; as we discuss in section V, the shock to entry and  
reallocation seen during the pandemic would have to be very persistent, 
and the new cohorts of entrants would have to feature a sufficient number 
of high-growth firms, for past trends to be substantially reversed.

Third, it may be important to consider the dynamics of aggregate pro-
ductivity prior to the pandemic. In online appendix figures E21 and E22, 
the well-known productivity slowdown in the post-2005 period, and espe-
cially since 2014, is evident even in the innovative high-tech sectors 
of the economy. Many factors have been proposed as underlying this 
slowdown—including the decline in dynamism and entrepreneurship 
(Decker, Haltiwanger, and others 2020)—so the pandemic-era pattern of 
business formation may have implications for how productivity evolves 
going forward.

This discussion suggests some possible implications of the pandemic 
business entry surge. One possibility is that this surge is associated with 
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a burst of innovation, with start-ups being an important component of the 
experimentation leading to that innovation. Hints of this possibility may 
be seen in the industry composition of surging applications and establish-
ment openings (online appendix figure E10), with high-tech industries like 
nonstore retail, software publishing, computer systems design, scientific 
research and development services (e.g., AI businesses), and data pro-
cessing apparently seeing especially elevated entry. While the evidence 
on actual new employer businesses in high-tech industries is still emerg-
ing, high-tech industries have the highest pace of projected start-ups of 
any broad sector through September 2023. Tracking the potential for 
surging entrepreneurship to spark economic growth and technological 
progress should be a high priority; eventually we would hope to see 
such progress reflected in productivity statistics, and a productivity 
boost from surging start-ups could mean stronger growth of potential 
output for the economy overall. Again, it will take some time for these 
dynamics to unfold, but early signals of the nature and composition of this 
surge might be detected, for example, using the nowcasting methodology 
of Guzman and Stern (2017).

Alternatively, this surge may reflect the type of spatial and sectoral 
restructuring that we have detected—but only insofar as such restructuring 
is necessary for providing basic support activities for the changing nature 
of work and lifestyle, with no broader spillovers in terms of innovation, 
productivity, and growth. In other words, the surge in start-ups suggested 
by the data we have reviewed could reflect a reshuffling of economic activ-
ity without leading to additional technological progress or growth. The 
surge of entrants in the service industries (e.g., restaurants and gyms) is 
consistent with this perspective. And the within-city donut effects we (and 
others) observe in the spatial patterns of applications and actual increases 
in net establishment growth may reflect business formation to support the 
increased fraction of working hours spent at home, and little else. Such 
support activity is likely very important to enable the changing nature of 
work—to the extent that the change is persistent—but it is unclear that such 
reallocation would herald a burst of innovation and productivity growth.  
A related possibility is that the pandemic presented a shock to entrepre-
neurial preferences, as in Hurst and Pugsley (2011); this is consistent 
with the drop in average entrant size. Whether persistent or not, such a 
shock is also unlikely to be associated with a burst of innovation and pro-
ductivity growth.

Finally, we acknowledge the widely speculated upon possibility of an 
economic slowdown. Since early 2022, US monetary policy has tightened 
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materially in response to elevated inflation, and financial condition mea-
sures are now much more restrictive than they were in the early pandemic 
period (Ajello and others 2023). While business applications have remained 
reasonably stable at their elevated pandemic level through September 2023 
(see figure 1), monetary policy is typically thought to operate with long 
and variable lags. Existing literature—for example, Davis and Haltiwanger 
(2021)—finds that start-ups and young businesses are particularly sensitive 
to business cycle fluctuations, particularly those associated with tight finan-
cial conditions (e.g., falling house prices, rising interest rates, or declining 
business lending activity). The young businesses started during the pan-
demic, and the continued elevated trend of business applications, may be 
at risk in the event of a broad economic slowdown.
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Comment and Discussion

COMMENT BY
JORGE GUZMAN  Ryan Decker and John Haltiwanger bring to this 
issue of BPEA a thought-provoking piece on the evolution of US entrepre-
neurship after the COVID-19 pandemic. Using multiple US Census Bureau 
data sets they present systematic evidence that the level of firm forma-
tion for both employer and nonemployer firms increased after COVID-19. 
This increase is large and, at least up to the time of writing, persistent. 
Importantly, the rise in entrepreneurship comes as a much needed respite 
to the long drop in the quantity of young firms previously documented by 
the authors (Decker and others 2014). At least within their census data, 
it is the first substantial increase in the number of new firms since 1977, 
the earliest year available. Other data sets unrelated to the census have 
also documented an increase in entrepreneurship after COVID-19, most 
notably business registration statistics using state-level registries (Fazio 
and others 2021), suggesting that the increase documented by Decker and 
Haltiwanger is real.

The bulk of my discussion focuses on two questions. First, what is 
causing this boom in new firm formation? Second, what does such a large 
increase in new firms imply for the economy? Neither question has a clear 
answer, but the gap is particularly salient for the latter one. The inability 
to answer these questions emphasizes how nascent our understanding of 
the role of entrepreneurship in the economy is, making it fertile ground for 
future research.

Editorsʼ Note: Benjamin Pugsley provided a thoughtful discussion on the conference version 
of the paper by Decker and Haltiwanger at the Fall 2023 BPEA Conference. The recording of 
his discussion can be found at https://www.brookings.edu/events/bpea-fall-2023-conference/.
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WHY DID ENTREPRENEURSHIP INCREASE AFTER COVID-19?

Is entrepreneurship rising due to higher business dynamism and cre-
ative destruction? For economists, the most valuable benefit of entrepre-
neurship to the economy is its crucial role in productivity growth. This 
occurs through two channels: business dynamism, or the reallocation 
of labor and capital from less productive to more productive firms even 
within narrowly similar product categories (Decker and others 2014); and 
creative destruction, or the process through which the desire for profits 
leads to process, product, and organizational inventions that incorporate 
a de novo way of doing economic activities (Schumpeter 1943; Akcigit 
and Kerr 2018; Acemoglu and Robinson 2013). The line between these 
two activities is not clearly defined. Many cases may imply both, and 
some economists have used the terms business dynamism and creative 
destruction interchangeably. However, they refer to different sources of 
variation on the nature of productivity growth. Business dynamism more 
closely relates to the efficient allocation of capital and labor across exist-
ing projects in the economy, while creative destruction, even if resulting in 
business dynamism, focuses more on the way profit motives promote 
investment for the development of new technologies, organizations, and 
business models.

Both within and outside the paper, evidence is consistent with both 
effects being partly responsible for the changes in US entrepreneurship 
after COVID-19.

Consider creative destruction first. By looking at changes within indi-
vidual industries, Decker and Haltiwanger show in figure 3 that changes in 
industry composition related to technological innovation are taking place. 
Some of these industry changes are temporary (e.g., the need for more per-
sonal and health care services in 2020 or the supply chain struggles of 2021). 
However, by 2021, we observe what appears to be a partial reorganization 
of the economy: the founding of new nonstore retailers (e-commerce) has 
more than doubled, and new firm start-ups in the professional, scientific, 
and technical category, which includes the majority of those typically called 
tech firms, has also increased.

Other evidence outside the paper also supports this hypothesis. In par-
ticular, there was a boom in venture capital financing during the COVID-19  
years, which in 2022 reached its highest levels since the year 2000. Research 
has documented clearly that venture capital booms lead to the financing 
and growth of more innovative ideas (Howell and others 2020; Nanda 
and Rhodes-Kropf 2013), making it possible that the current wave of new 
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innovations, such as artificial intelligence or commercial space travel, 
creates a more productive organization of the economy.

Next, consider business dynamism. Beyond innovation incentives, do 
we observe economic activity reallocating from less productive to more 
productive firms?

Here, it is useful to remind ourselves of the details of the economic 
moment in which the boom in entrepreneurship occurred. In the period after 
COVID-19, employee quit rates increased despite strong economic funda-
mentals, leading to a phenomenon sometimes called the Great Resignation. 
By 2022, for example, employee quit rates were 50 percent higher than 
would have been predicted by models based on economic fundamentals  
(Gittleman 2022). At the same time, existing firm sales dropped precipi-
tously, by up to 40 percent in 2021 (Barrero and others 2021), while labor 
force participation appears, if anything, to have increased (Sheiner and 
Salwati 2022). Put simply, the economy is robust and there are a substan-
tial number of jobs, but incumbent firms are not doing well and workers  
are leaving them quickly. Where is all this labor to flow? The most likely 
possibility is new entrants, that is, entrepreneurship.

Decker and Haltiwanger present evidence that appears consistent with 
this story. In figure 9, for example, they show that establishment exits have 
been increasing concurrently with entry. In figure 11, they show that excess 
entry has occurred in virtually all sectors of the economy.

Overall, the evidence suggests an increase in business dynamism and 
business reallocation. However, it is also fundamental to ask why indi-
viduals have increased their preference to become entrepreneurs.

Is there a changing utility value of entrepreneurship, and could there 
be a role for work-from-home technology? A different family of explana-
tions does not focus so much on macroeconomic concepts such as cre-
ative destruction or dynamism but instead uses a choice-based approach 
to consider why some individuals would leave wage employment for the 
opportunity to start a new firm. When one considers the typical US resi-
dent’s utility function, what is entrepreneurship’s role in maximizing utility, 
and has this changed? Explanations considering this argument focus on 
two separate shocks through COVID-19. First, they emphasize that the 
COVID-19 shock and lockdowns, by requiring families to remain at home 
for extended periods (sometimes making significant changes to their space 
at home or their living situation), increased the importance individuals 
placed on being at home or independent. This, in turn, led them to start 
more firms. Second, the argument also tends to have a technological logic 
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behind it: the advent of work-from-home (WFH) technologies, particu-
larly videoconferencing, enabled many individuals to remain at home and 
finally do the independent work that is best suited to them.

Under these utility-based explanations, the economic benefits of the rise 
in entrepreneurship become more nuanced. Even if the choice to start a 
firm is utility maximizing, it does not lend itself directly to productivity 
improvements for the economy. While the once-worker-now-entrepreneur 
is possibly better off (at least based on revealed preferences), the economy 
may be the same. Indeed, in extreme cases, the additional focus on inde-
pendence and leisure may lead to a productivity slowdown, in which the 
economy is composed of too many small firms that do not scale due to 
utility-driven growth frictions (Hamilton 2000).

For existing workers, the hypothesis that WFH technologies increased 
entrepreneurship does not appear consistent with research on the impact of 
information technology (IT). In particular, the presumed role of WFH tech-
nologies in enabling a large portion of new home-based businesses seems 
less likely, because even though WFH technologies certainly increased the 
possibility of starting a business at home, its most significant impact was 
in enabling the possibility of working from home as the employee of a 
company. The main utility benefits of entrepreneurship, such as freedom 
and time flexibility (Hamilton 2000), being close to home (Rosenthal and 
Strange 2012), or being away from one’s boss, have become relatively much 
more accessible to company employees. Given evidence that IT typically 
supports a decentralization of decision authority and an emphasis on sub-
jective incentives, both of which seem complementary to working from 
home, the most realistic prediction would instead be a reduction in new 
firm formation and a boom in jobs in big corporations, as a large share of 
both existing and new workers find a series of jobs (previously inacces-
sible) that give the freedom they seek.

Yet, this argument is only half the picture. To the extent that worker pref-
erences also changed toward being an entrepreneur by valuing freedom and 
flexibility more, or that WFH technologies allowed individuals previously 
out of the labor force to reenter the economy, then the overall incidence 
of entrepreneurship could increase.

A different potential channel for WFH technologies involves changing 
the boundary of the firm, allowing some transactions that used to take place 
in a firm to be done through the market (Forman and McElheran 2019). 
This is the case, for example, with gig workers on platforms such as Uber 
and Taskrabbit, both of which created many small-scale entrepreneurs who 
provide services to the platform or use gig work as a baseline to start firms 
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on their own (Barrios, Hochberg, and Yi 2022). The possibility that these 
platforms enabled additional online services is still to be investigated.

Finally, bringing back the possibility of changing worker preferences, 
there may be individual changes in the types of jobs people are willing to 
accept. Besides the COVID-19 pandemic, the year 2020 was witness to one of  
the largest social movements since the civil rights era, Black Lives Matter,  
leading one to ask whether minority groups might have more directly expe-
rienced a change in the way they think through or choose their career.

Is there a rise in entrepreneurship for minorities? Building on the 
results presented in earlier work by Haltiwanger, in Fazio and others 
(2021) my coauthors and I use business registration records to document 
a significant heterogeneity in the changing geography of entrepreneurship 
after COVID-19.1 Our key result is that this heterogeneity does not merely 
reflect the gradual transition of individuals out of central business districts 
into the suburbs but instead is statistically related to race: zip codes with 
a high share of Black residents have the highest increases in entrepreneur-
ship. Other variables such as income, population density, or age hold no 
relationship. The impact is even more striking when one considers con-
tiguous zip codes within a city. For example, in maps of New York City, 
we can consider changes in entrepreneurship across neighborhoods that 
are adjacent but have significantly different racial compositions, such as 
Central Harlem, Morningside Heights, and Washington Heights. There are 
substantial differences among them, with Harlem clearly having a larger 
increase in new firms compared to others. This pattern is also apparent in 
this paper by Decker and Haltiwanger. In their state-level map (figure 4), 
we observe that the largest increases are in the Deep South, including 
states typically low on productivity, such as Alabama and Mississippi. 
These increases surpass other states that saw ample in-migration during 
COVID-19 by people expecting to work from home, such as Florida, 
Arizona, Texas, and Tennessee. All of this suggests the possibility that the 
increase in entrepreneurship after COVID-19 is related to the incidence 
of Black population across regions.

There are at least three mechanisms for such an increase. The first possi-
bility is a change in local demand. Since the pandemic created a significant 
movement of people, these new residents would now create local demand 
in new neighborhoods. Such an explanation does not appear readily consis-
tent with the empirical patterns. While pandemic reallocation happened out 
of business districts and toward lower-density areas, Black neighborhoods 

1. See, for example, Haltiwanger (2022).
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are in more dense locations than white neighborhoods. Zip code population 
density also does not predict the increase in entrepreneurship rates in our 
analysis.

A second group of explanations instead relates to more behavioral aspects 
associated with changes in the demand, jobs, or general expectations for 
potential Black business owners. Bennett and Robinson (2023) document 
significant differences in business practices across race, which in turn can 
be influenced by social movements that co-occurred with the COVID-19 
pandemic, such as Black Lives Matter. This appears an important question 
much in need of empirical evidence.

Finally, a third (and clearer) option is that COVID-19 ultimately brought 
differences in financial access.

Has there been improved financial access for minorities after COVID-19?  
There are at least two mechanisms through which the COVID-19 pandemic  
could have increased financial access. One is government intervention; the 
other is technological change through fintechs. To understand the logic of 
both it is important to recognize the differences that exist in the incidence 
of financial institutions across neighborhoods and race. As documented by 
Small and others (2021), predominantly Black neighborhoods tend to be 
farther away from conventional retail banks, making traditional access to 
financing harder. Policies that reduce such geographic inequality can be 
particularly valuable for new investments, including new firms.

Consider the government interventions during the pandemic: the 
COVID-19 stimulus package was, to a large extent, equally distributed 
across neighborhoods, ameliorating disparate access to financing due to 
geography. In Fazio and others (2021), we also show a measurable increase 
in entrepreneurship in the few weeks after the American Rescue Plan 
(Biden stimulus).

In the case of fintechs, the key possibility is that because online banking 
companies are less locally determined, they may be able to access areas 
that are not typically well banked. Erel and Liebersohn (2022) show that 
fintech banks are more likely to serve minority households and locations 
with fewer bank branches. Chernenko and Scharfstein (2022) find there 
were wide racial disparities in the Paycheck Protection Program, which 
are at least partially ameliorated by fintechs.2 In essence, the transition to 
more online banking after COVID-19 may have had a positive influence 
for previously underbanked neighborhoods.

2. See also Griffin, Kruger, and Mahajan (2023).
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WHAT IS THE IMPACT OF A BOOM IN ENTREPRENEURSHIP ON THE ECONOMY?  
Moving beyond the causes of the rise in entrepreneurship after COVID-19 
to the consequences, it is only natural to ask what are the economic impli-
cations of this massive increase in new firms.

Here, one can’t help but be surprised at the level of uncertainty that 
comes with these predictions. Even though the rise in entrepreneurship 
during COVID-19 is the largest increase in our lifetimes, the predictions 
drawn from this increase by the authors and other entrepreneurship econo-
mists (myself included) are very cautious. We do not know exactly what 
it means, and we are not sure whether it implies increases in productivity 
growth, creative destruction, or social equity.

The fact that we are unable to predict outcomes is a symptom of the 
incompleteness, and opportunity, of entrepreneurship economic theory. 
Whereas a macroeconomist knows that productivity numbers of 4 percent,  
2 percent, or 1 percent are worlds apart from each other in their implica-
tions for the economy, or that inflation at 1 percent versus 5 percent would 
lead to drastically different paths of investment and business activity, entre-
preneurship economists do not yet know what to make of the shifts and 
flows of new firm formation for the economy or even for our own con-
clusions. While the mechanisms of entrepreneurship are now somewhat 
appreciated, the way these come together to have an impact on economic  
growth is not.

CONCLUSION Decker and Haltiwanger present a paper that, like many 
good papers, opens more questions than it answers. By going through the 
careful process of simply describing the evolution of measures of new firm 
formation within the US Census, they leave the reader with the desire to 
learn a lot more about both the causes and consequences of entrepreneurship 
in the economy. Large economic shocks, such as the Great Depression, the 
stagflation of the 1970s, or the collapse of the Soviet Union, have always 
provided fertile ground for economists to test their theories and, ex post, 
develop new substantive ones that can better explain the changing economy. 
The COVID-19 pandemic is likely to be a similar shock, providing much to 
study regarding the reorganization of the economy, with entrepreneurship 
being one of the settings in which this takes place.

REFERENCES FOR THE GUZMAN COMMENT

Acemoglu, Daron, and James A. Robinson. 2013. Why Nations Fail: The Origins 
of Power, Prosperity, and Poverty. New York: Crown.

Akcigit, Ufuk, and William R. Kerr. 2018. “Growth through Heterogeneous Inno-
vations.” Journal of Political Economy 126, no. 4: 1374–443.



310 Brookings Papers on Economic Activity, Fall 2023

Barrero, Jose Maria, Nicholas Bloom, Steven J. Davis, and Brent H. Meyer. 2021. 
“COVID-19 Is a Persistent Reallocation Shock.” American Economic Associa-
tion Papers and Proceedings 111:287–91.

Barrios, John M., Yael V. Hochberg, and Hanyi Yi. 2022. “Launching with a Para-
chute: The Gig Economy and New Business Formation.” Journal of Financial 
Economics 144, no. 1: 22–43.

Bennett, Victor Manuel, and David T. Robinson. 2023. “Why Aren’t There More 
Minority Entrepreneurs?” Social Science Research Network, February 21. https:// 
papers.ssrn.com/sol3/papers.cfm?abstract_id=4360750.

Chernenko, Sergey, and David S. Scharfstein. 2022. “Racial Disparities in the Pay-
check Protection Program.” Working Paper 29748. Cambridge, Mass.: National 
Bureau of Economic Research. https://www.nber.org/papers/w29748.

Decker, Ryan A., John C. Haltiwanger, Ronald S. Jarmin, and Javier Miranda. 
2014. “The Role of Entrepreneurship in US Job Creation and Economic Dyna-
mism.” Journal of Economic Perspectives 28, no. 3: 3–24.

Erel, Isil, and Jack Liebersohn. 2022. “Can FinTech Reduce Disparities in Access 
to Finance? Evidence from the Paycheck Protection Program.” Journal of 
Financial Economics 146, no. 1: 90–118.

Fazio, Catherine E., Jorge Guzman, Yupeng Liu, and Scott Stern. 2021. “How 
Is COVID Changing the Geography of Entrepreneurship? Evidence from 
the Startup Cartography Project.” Working Paper 28787. Cambridge, Mass.: 
National Bureau of Economic Research. https://www.nber.org/papers/w28787.

Forman, Chris, and Kristina McElheran. 2019. “Production Chain Organization 
in the Digital Age: I.T. Use and Vertical Integration in U.S. Manufacturing.” 
Social Science Research Network, June 13. https://papers.ssrn.com/sol3/papers.
cfm?abstract_id=3396116.

Gittleman, Maury. 2022. “The ‘Great Resignation’ in Perspective.” Monthly Labor 
Review, July. https://www.bls.gov/opub/mlr/2022/article/the-great-resignation-
in-perspective.htm.

Griffin, John M., Samuel Kruger, and Prateek Mahajan. 2023. “Did FinTech Lenders 
Facilitate PPP Fraud?” Journal of Finance 78, no. 3: 1777–827.

Haltiwanger, John C. 2022. “Entrepreneurship during the COVID-19 Pandemic: 
Evidence from the Business Formation Statistics.” Entrepreneurship and Inno-
vation Policy and the Economy 1:9–42.

Hamilton, Barton H. 2000. “Does Entrepreneurship Pay? An Empirical Analysis 
of the Returns to Self-Employment.” Journal of Political Economy 108, no. 3: 
604–31.

Howell, Sabrina T., Josh Lerner, Ramana Nanda, and Richard R. Townsend. 2020. 
“How Resilient Is Venture-Backed Innovation? Evidence from Four Decades of 
U.S. Patenting.” Working Paper 27150. Cambridge, Mass.: National Bureau of 
Economic Research.

Nanda, Ramana, and Matthew Rhodes-Kropf. 2013. “Investment Cycles and Startup 
Innovation.” Journal of Financial Economics 110, no. 2: 403–18.



COMMENT and DISCUSSION 311

Rosenthal, Stuart S., and William C. Strange. 2012. “Female Entrepreneurship, 
Agglomeration, and a New Spatial Mismatch.” Review of Economics and Sta-
tistics 94, no. 3: 764–88.

Schumpeter, Joseph A. 1943. Capitalism, Socialism and Democracy. Oxford: Taylor  
and Francis.

Sheiner, Louise, and Nasiha Salwati. 2022. “How Much Is Long COVID Reducing 
Labor Force Participation? Not Much (So Far).” Working Paper 80. Washington:  
Hutchins Center on Fiscal and Monetary Policy at Brookings.

Small, Mario L., Armin Akhavan, Mo Torres, and Qi Wang. 2021. “Banks, Alterna-
tive Institutions and the Spatial-Temporal Ecology of Racial Inequality in US 
Cities.” Nature Human Behaviour 5:1622–28.

GENERAL DISCUSSION  John Sabelhaus asked the authors about the 
role of the social safety net in a broad sense, including student loan for-
giveness, for understanding business formation during COVID-19. While 
issues such as financing constraints tend to be front of mind when discuss-
ing start-ups, Sabelhaus noted how the risk environment for entrepreneurs 
changed significantly during COVID-19 and how government intervention 
played an important role in enabling more people to start businesses.

Related to the active role of policy during this period, Ben Harris pointed 
to a range of programs specifically designed to route capital to small busi-
nesses, including the $800 billion in the Paycheck Protection Plan (PPP), 
$10 billion passed through the American Rescue Plan for the State Small 
Business Credit Initiative, and $9 billion through the Emergency Capital 
Investment Program.1 He asked the authors to what extent they believed the 
stimulus programs were part of the story.

Moritz Schularick asked the authors to speculate on the literature on 
aggregate demand conditions and business formation and how that relates 
to the fact that this period was one marked by extensive government stimu-
lus and relief efforts.

Şebnem Kalemli-Özcan suggested linking some of the results to the 
broader macro picture. First, she was curious about how entrepreneurs 
financed their new businesses and the extent to which personal savings 
played a role on the backdrop of the PPP. Second, Kalemli-Özcan noted 

1. US Small Business Administration, “SBA Announces Opening of Paycheck Protection 
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Treasury, “State Small Business Credit Initiative (SSBCI),” https://home.treasury.gov/policy- 
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that, during COVID-19, labor allocation was limited and asked how this 
fact could be reconciled with the authors’ findings.2

Ryan Decker agreed that trying to incorporate the effect of policy in 
thinking about changes in business formation is important. Related to the 
risk environment, Decker commented that he believed there was perhaps 
a greater risk appetite given the expansion of the safety net, a change in 
people’s sense that “everything will be all right.” At the same time, he was 
struck by how business applications in the 2021 administrative data were 
rising despite many of the government stimulus programs coming to an end 
or having already come to an end.

John Haltiwanger clarified that the PPP was not for new businesses 
but rather for existing businesses—and theory suggests that this may in 
fact stifle entry. Haltiwanger said that while there has been concern that 
individuals set up employer identification numbers (EINs) in order to be 
eligible for PPP, data from the Census Bureau matched to the Business  
Formation Statistics (BFS) suggest this is not the case. Thus, fraud 
wouldn’t be able to explain the surge, either. Along the same line of argu-
ment, Haltiwanger noted that we have seen a strong labor market for two 
plus years now, with lots of opportunities for employment, and we still 
had an enormous surge in business applications.

Pinelopi Goldberg argued that as people relocate, demand for services 
is expected to increase in these locations, explaining some of the new busi-
ness entries. Similarly, we would expect to see exit rates increase in other 
locations. Consequently, Goldberg was interested in exploring what the net 
entry rate looked like.

Ayşegül Şahin asked the authors to discuss which part of the wage dis-
tribution workers who turned self-employed came from, stating that she 
thought it was of importance to wage dynamics. Following up on Şahin’s 
comment, Gerald Cohen asked if there was a way to link micro data such 
as the Current Population Survey (CPS) to the authors’ findings, to iden-
tify educational attainment and other characteristics of the newly self-
employed. That would help shed light on the extent to which the rise in 
new businesses would bring increases in productivity, Cohen suggested.

In terms of gaining a more detailed understanding of who these new 
entrepreneurs are, Haltiwanger pointed to the possibility of integrating the 
BFS with the Longitudinal Business Database, and with the Longitudinal 

2. John Fernald and Huiyu Li, “The Impact of COVID on Productivity and Potential  
Output,” in Economic Policy Symposium Proceedings: Reassessing Constraints on the 
Economy and Policy (Jackson Hole, Wyo.: Federal Reserve Bank of Kansas City, 2022).



COMMENT and DISCUSSION 313

Employer-Household Dynamics data, which can provide information on 
who started a business and who was hired, noting that this is an impor-
tant avenue for future work. He also mentioned that in joint work with  
Dinlersoz, Dunne, and Penciakova they found enormous spatial variation, 
suggesting the propensity for entrepreneurship differs by location.3 He 
further praised the work of discussant Jorge Guzman focusing on racial 
disparities in access to finance, which Haltiwanger argued is a first-order 
issue.4

Katharine Abraham questioned the paper’s implicit assumption that all 
employer businesses are a primary activity, arguing this need not be the case. 
She offered the example of a catering business, which likely would have 
employees but could be something a person ran on weekends. Abraham  
also questioned the use of CPS data for drawing conclusions about how 
multiple job holding has changed over time, citing known issues in those 
data with undercounting the number of secondary jobholders. Offering 
advice to the authors, Abraham suggested they could use the data employed 
in their study to explore what kinds of jobs new businesses have been 
creating. It would be interesting, for example, to know how intensive 
these new jobs are, something that could be proxied using payroll per added 
employee.

Haltiwanger agreed that the CPS data do not track self-employment 
well in general, as documented by Abraham and others (2018), and that 
it is interesting to consider both new employer and nonemployer busi-
nesses. The focus of the paper is on new employer businesses but there 
has also been a surge in applications for likely new nonemployers as seen 
in figure 1. Nonemployer businesses are important; overall there are more  
than 25 million nonemployer businesses, compared to a little more than 
6 million employer businesses.5 Most nonemployers are very small, but 

3. Emin Dinlersoz, Timothy Dunne, John C. Haltiwanger, and Veronika Penciakova, “The 
Local Origins of Business Formation,” working paper CES-23-34 (Washington: Center for 
Economic Studies, 2023).

4. Catherine E. Fazio, Jorge Guzman, Yupeng Liu, and Scott Stern, “How Is COVID 
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Project,” working paper 28787 (Cambridge, Mass.: National Bureau of Economic Research, 
2021), https://www.nber.org/papers/w28787.

5. Katharine G. Abraham, John C. Haltiwanger, Kristin Sandusky, and James R. Spletzer, 
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Accounting for Innovation in the Twenty-First Century, Carol Corrado, Jonathan Haskel, Javier 
Miranda, and Daniel Sichel, eds. (Chicago: University of Chicago Press, 2021); US Small 
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nonemployers that have an EIN are larger, as discussed in the paper. None-
theless, Haltiwanger conceded that, to Abraham’s point, any new non-
employer businesses may still reflect mainly secondary activities.

In light of decreasing self-employment rates, Betsey Stevenson remarked 
that while we did see labor reallocation and increased entrepreneurship 
supported by the expansion of the social safety net during COVID-19, we 
ought to consider the extent to which the ability to form new businesses 
constitutes part of the safety net as well, helping individuals weather a 
storm when there are no employers around.

Robert Hall noted that a huge number of workers were placed on layoff 
in April 2020. Over the next few months, they were recalled to their exist-
ing jobs.6 Hall suggested that the rapid rate of return to existing jobs is 
an important fact that should be kept in mind in studying business forma-
tion during this period.

To the points of Stevenson and Hall, Haltiwanger thought that there 
might have been a lot of brainstorming related to entrepreneurship going 
on, particularly in the first period of the pandemic—people wanted to do 
things differently, and many were not in their offices.

Martin Baily steered the discussion toward productivity and brought up 
the ambiguity of projected productivity at the beginning of the pandemic. 
While the authors suggested there was a sense of general pessimism, sev-
eral sources deemed positive productivity growth likely: work by Barrero, 
Bloom, and Davis pointed to reallocation effects which could be positive 
for productivity; Goldman Sachs expected that there would be a productiv-
ity surge following some creative destruction, and McKinsey produced a 
study that suggested there would be increases in investment and an expan-
sion of new technologies.7 Baily continued, saying that in retrospect, while 
there were some fluctuations in productivity, the trend ultimately did not 

 6. Robert E. Hall and Marianna Kudlyak, “The Unemployed with Jobs and without Jobs,” 
Labour Economics 79 (2022): 102244.

 7. Jan Hatzius, Joseph Briggs, Devesh Kodnani, and Giovanni Pierdomenico, “The 
Potentially Large Effects of Artificial Intelligence on Economic Growth,” Goldman Sachs, 
March 26, 2023, https://www.gspublishing.com/content/research/en/reports/2023/03/27/
d64e052b-0f6e-45d7-967b-d7be35fabd16.html; Jose Maria Barrero, Nicholas Bloom, 
and Steven J. Davis, “COVID-19 Is Also a Reallocation Shock,” working paper 27137  
(Cambridge, Mass.: National Bureau of Economic Research, 2020); Shaun Collins, Ralf  
Dreischmeier, Ari Libarikian, and Upasana Unni, “Why Business Building Is the New Priority  
for Growth,” McKinsey Quarterly, December 10, 2020, https://www.mckinsey.com/ 
capabilities/mckinsey-digital/our-insights/why-business-building-is-the-new-priority-for-
growth.
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go anywhere, as documented by John Fernald and Huiyu Li.8 He asked the 
authors whether they believed that the increase in dynamism, which they 
speculated about, would lead to increases in productivity.

In response to Baily’s comment, Haltiwanger made the point that while 
new small businesses may not all turn into the next big tech firm, they do 
represent a form of economic mobility not just for themselves but for the 
workers they hire. To Şahin’s point, he noted that such hires are often low-
skill labor. Haltiwanger believed that ranking industries to determine where 
innovation will come from next provides very crude information, empha-
sizing that every industry has a right tail which provides important contri-
butions to innovation, productivity, and job creation. He also pointed to 
recent work on the particularly high rates of entrepreneurship documented 
in neighborhoods with a higher proportion of Black residents as a reason 
for preliminary optimism and an important avenue for continued research.9 
Nonetheless, Haltiwanger highlighted that professional, scientific, and tech-
nical services have historically been particularly important for innovation— 
with the last productivity surge in the 1990s—but he noted that the effect 
from a surge in entry in high-tech sectors comes with a lag: previous research 
has shown that the productivity response comes six to nine years after an 
entry surge.10 Consequently, we should expect that any effect on productiv-
ity this time around would also take some time to materialize. Work by Gort 
and Klepper, as well as by Jovanovic and MacDonald, makes a compel-
ling argument about how entrants induce innovation.11 But innovation also 
spurs new business formation—the causality goes both ways, Haltiwanger 
concluded.

On the topic of innovation, Michael Falkenheim wondered whether 
there might be lessons to be learned from the literature on war for business 
formation and entrepreneurship, noting that COVID-19 was a similarly 
destructive event, and as such may also give rise to creativity.

 8. Fernald and Li, “The Impact of COVID.”
 9. Fazio, Guzman, Liu, and Stern, “How Is COVID Changing the Geography.”
10. Lucia Foster, Cheryl Grim, John C. Haltiwanger, and Zoltan Wolf, “Innovation, Pro-

ductivity Dispersion, and Productivity Growth,” in Measuring and Accounting for Innova-
tion in the Twenty-First Century, Carol Carrado, Jonathan Haskel, Javier Miranda, and Daniel 
Sichel, eds. (Chicago: University of Chicago Press, 2021).

11. Steven Klepper, “Entry, Exit, Growth, and Innovation over the Product Life Cycle,” 
American Economic Review 86, no. 3 (1996): 562–83, http://www.jstor.org/stable/2118212; 
Michael Gort and Steven Klepper, “Time Paths in the Diffusion of Product Innovations,” 
Economic Journal 92, no. 367 (1982): 630–53; Boyan Jovanovic and Glenn M. MacDonald, 
“The Life Cycle of a Competitive Industry,” Journal of Political Economy 102, no. 2 (1994): 
322–47, http://www.jstor.org/stable/2138664.
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Decker pondered whether the pandemic represented a persistent shock 
to the pace of entry; he expressed some skepticism but noted that one might 
need only a few cohorts of really innovative new firms in scientific and 
technical services in order to see an effect on productivity down the line, 
noting that recent entries include businesses that are helping other firms 
undergo technical change, such as IT consulting, engineering consulting, 
and data centers.

Iván Werning suggested that it may be useful to look at the outcome in 
other countries to perhaps gain additional insights given that we were all 
affected by COVID-19. Janice Eberly pointed to the United Kingdom as an 
example, noting that while workers were paid to stay with their employer 
through the Coronavirus Job Retention Scheme, many still ended up leaving.
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A Data appendix

We gather data from a variety of sources, all of which are public-use files from U.S. statistical
agencies.

In most cases, we use data that have been seasonally adjusted by the statistical agencies.
In certain cases we seasonally adjust the data ourselves, either because seasonally adjusted
series are not available (as is the case for the Business Formation Statistics 3-digit NAICS
files at weekly frequency) or because doing so is more appropriate given the nature of data
transformations we employ (e.g., our Quarterly Workforce Indicators exercises). We use ad-
ditive seasonal factors, but results are generally similar under multiplicative seasonal factors
where possible; and we estimate seasonal factors on all data, not excluding the pandemic
period, relying on standard outlier routines to look through large pandemic swings. We use
the Census X-13ARIMA-SEATS algorithm implemented through the SAS X13 procedure.

Our county-level analyses are complicated by a recent change in county definitions for
Connecticut. New county definitions are present in BFS and Census population data starting
in 2022. In most cases, new county definitions roughly approximate old definitions (either
in one-to-one or many-to-one fashion). In certain cases we share out population and appli-
cations from the new scheme to the old scheme using population shares from the Federal
Register notice announcing the change.36 This issue does not (yet) affect QCEW coun-
ties. Our rough mapping is not critical for our results; all county-level results are nearly
quantitatively identical if Connecticut is omitted.

We next provide details on each main data source in turn.

36See https://www.federalregister.gov/documents/2022/06/06/2022-12063/

change-to-county-equivalents-in-the-state-of-connecticut.
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A.1 Census Bureau Business Formation Statistics (BFS)

The BFS are based on IRS applications for new EINs integrated with the Census Bureau’s
Longitudinal Business Database (LBD).37 The Census Bureau receives the application data
from the IRS on a weekly flow basis in almost real time. The weekly BFS series is publicly
released on Thursday for the prior week (just for total applications), and the monthly series
(with the narrower series listed below) are released within two weeks of the end of the
reference month.

The BFS excludes applications that are not associated with business formation such as
applications for tax liens, estates, trusts, or certain financial filings as well as applications
lacking geographic information; the BFS also excludes many applications associated with
public administration (NAICS 92), farms, private households, and civic or social organiza-
tions. Business owners operating under their social security number (rather than an EIN)
will not appear in BFS. However, many sole proprietors do obtain EINs; employer sole pro-
prietors need an EIN to file payroll taxes, and even among nonemployers, having an EIN
facilitates doing business with other businesses and other business needs (e.g., having a busi-
ness bank account) and can help prevent identity fraud. Nonemployer sole proprietors with
EINs have three times the revenue of sole proprietors without EINs, on average (Davis et
al., 2009).

There are four main application series published in the BFS; their names as given in the
actual data files are:

• BA: (Total) business applications (excluding only the items mentioned above, such
as trusts).

• HBA: High-propensity business applications are those applications deemed (based
on internal Census Bureau modeling) to have a high propensity to turn into a business
with payroll. We refer to the HBA series as “likely employers.”

• WBA: Business applications with planned wages are applications that feature
a planned date of first wage payments to employed workers. We do not use this series
in the present paper.

• CBA: Business applications from corporations as indicated on the application
form. We do not use this series in the present paper.

The likely employer series (HBA) consists of applications with any of the following char-
acteristics: (a) for a corporate entity, (b) that indicate they are hiring employees, (c) that
provide a first wages-paid date (planned wages); or (d) that have a NAICS industry code
in accommodation and food services (72) or in portions of construction (237, 238), manu-
facturing (312, 321, 322, 332), retail (44, 452), professional, scientific, and technical services
(5411, 5413), educational services (6111), and health care (621, 623). The industry selection

37The BFS was initially described by Bayard et al. (2018). BFS data and related technical documentation
can be found at https://www.census.gov/econ/bfs/about_the_data.html.
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is based on industries with a high propensity to transit to employer businesses based on
historical patterns.

Additionally, the Census Bureau leverages its internal data on actual employer firm for-
mation (from the LBD) to provide information about likely and actual “transitions” from
application to employer business. Among others, the BFS includes the following resulting
series:

• BF4Q/BF8Q: Business formations within 4 (8) quarters count applications
that result in actual employer firm formations within 4 or 8 quarters.

• PBF4Q/PBF8Q: Projected business formations within 4 (8) quarters fea-
ture predicted employer firm formations resulting from applications, based on internal
Census Bureau modeling described in Bayard et al. (2018).

The transition series reflect actual transitions through 2020:Q4, the latest date through
which firm births are available in the Longitudinal Business Database at the time of writing.
Thus, the actual 8-quarter series features applications through 2018:Q4, and the actual 4-
quarter series features applications through 2019:Q4. The projected series (PBF4Q/PBF8Q)
predictive model is based on application characteristics including whether the application
has planned wages and whether the application is for a new corporation, as well as detailed
industry information.

Our focus is on employer business formation—and predictions thereof—but we also report
“likely nonemployer” or “NHBA” series, which we define as total applications (BA) minus
likely employer applications (HBA). As we have noted, Bayard et al. (2018) find that the
propensity for likely nonemployer applications to transition to employer businesses is very
low (about 3 percent). There has been less microdata analysis of the transitions of NHBA
applications to nonemployer businesses, but aggregate evidence suggests a close relationship
between fluctuations likely nonemployer applications and actual nonemployer business activ-
ity. We provide a crude, limited analysis here. Generating the projected nonemployer index
from likely nonemployer applications is as follows (this is similar to Haltiwanger, 2022):

NESPredictedt = (1− ExitRate(t))NESt−1 +NHBAt (A1)

where NESPredictedt is the predicted nonemployer index; ExitRate(t) refers to the nonem-
ployer firm exit rate in year t, NESt−1 refers to the total number of actual operating nonem-
ployer businesses in year t − 1—which we obtain from the Census Bureau’s Nonemployer
Statistics (NES)—and NHBAt is the number of likely nonemployer applications in year t
(obtained, as noted above, by subtracting likely employers from total applications). This is
a crude comparison for a number of reasons. First, the actual NES data include all nonem-
ployer sole proprietors—both with and without EINs—whereas we would expect business
application data to correspond only to those businesses with EINs; the NES does not sep-
arately tabulate business with and without EINs. Second, the ExitRate(t) variable from
equation A1 must necessarily be obtained from microdata, as the NES does not provide
gross firm flows; we are not aware of recent microdata-based estimates so we obtain the exit
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rate from microdata-based work of Davis et al. (2009)—with just an average exit rate and
no time variation. Third, there are unknown timing issues since we know little about the
lag from application to forming a nonemployer business (whereas lags from application to
employer business formation have been more thoroughly studied).

We show actual and application-predicted nonemployer series on E24; in spite of the
limitations just discussed, the figure shows a tight relationship between the indices, with
a correlation of 0.98. In the figure, the projected nonemployer series is provided through
2021. Given the increase in likely nonemployer applications in the pandemic, the index of of
projected nonemployers is expected to increase substantially in 2021 and beyond. The lack
of time series data on exits at high frequency is likely important for some of the year-to-year
deviations in the actual and projected series. For example, in 2008 the actual series fell
slightly while the projected series rose; it is likely that exits increased in 2008. There might
also be timing differences between applications and transition rates (to being a nonemployer)
that vary over time.

A strong relationship between likely nonemployer applications and actual nonemployer
firms is also apparent in the cross section. The NES and likely nonemployer application
data are available at the state level, and figure E25 uses these data for examining five-year
growth rates in the NES and likely nonemployer applications per capita for intervals over
the 2005-2019 period. It is apparent that these two series are closely related.

A.2 BLS Quarterly Census of Employment and Wages (QCEW)
and Business Employment Dynamics (BED)

A.2.1 QCEW

The BLS business register underlies both the QCEW and the BED. The source data are state
unemployment insurance records, so the scope of the data products is limited by unemploy-
ment insurance program participants; most nonfarm establishments are in scope, though
in some states large nonprofit organizations are exempt from mandatory filings and may
choose not to participate (see Decker et al., 2021, for extensive discussion of BLS scope with
comparison to Census Bureau business register scope).

The QCEW consist of quarterly tabulations of establishment and employment counts
(with some monthly detail by quarter); wage data are also included, though we do not use
wages in the present paper. The tabulations feature extensive granularity, with detailed
(6-digit) industry and geography to the county level. The scope of the QCEW is employer
establishments as defined in unemployment insurance programs; as a result, the QCEW can
include establishments that, in a given quarter, have zero paid employees. The QCEW is
the primary source for annual benchmark revisions to the official U.S. payroll employment
statistic, the Current Employment Statistics (which is benchmarked annually to match the
March employment level of the QCEW, with some additional sources for establishments
outside of unemployment insurance system scope). QCEW data are released with a lag of
roughly two quarters, making the QCEW the most timely source of administrative business
data. We use the QCEW to track net establishment entry: total establishment counts at
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industry, geography, or aggregate levels are readily available for each quarter, but gross
establishment flows (i.e., total entry or exit) are not available in the QCEW.

While the QCEW is a product of administrative data, it is subject to revision in successive
releases as the BLS must initially impute information for late-responding unemployment
insurance units. We thank Seth Murray for sharing the following unpublished analysis of
recent QCEW revision patterns. In the few years leading up to the COVID-19 pandemic,
revisions from first to second release of quarterly private employment levels tended to be
positive and averaged a bit under 50,000 jobs, but this average rose to nearly 200,000 after
mid-2020. Subsequent revisions after the second release tended to be close to zero prior
to the pandemic but have become slightly positive more recently. Murray also found that
revisions tend to be inversely correlated with initial response rates.

The BLS does not consider the QCEW to be a time series product, but it is used as a
time series in many settings. For example, the wage data from the QCEW inform quarterly
compensation growth estimates for the National Income and Product Accounts (NIPA) pro-
duced by the Bureau of Economic Analysis; NIPA compensation estimates in turn inform
compensation per hour growth estimates from the BLS Productivity and Costs statistical
product. QCEW microdata are also used as inputs to the Current Employment Statistics net
establishment birth-death model, which is used in monthly payroll employment estimates.

A.2.2 BED

More relevant for the present paper is that the QCEW microdata are used to construct the
time series BED statistic that we use extensively in our analysis. The BED is based on
longitudinally processed QCEW data and features a slightly narrower scope; in particular,
establishments with zero reported employment in a quarter are strictly excluded from the
BED (and may be counted as closures and openings as they move out of and into actual
employer status). BED data are particularly useful for tracking gross flows of establishments
and employment, allowing for measurement of establishment entry and exit as well as gross
job creation and destruction. The BED facilitates further detail of establishment flows using
the following variables:

• Openings include all establishments that have positive employment in the (third
month of the) current quarter but zero employment (or no presence at all) in the
(third month of the) prior quarter. Reopenings of previously operating establishments
can be included.

• Births include only those establishments that are openings and have not appeared in
any of the previous four quarters.

• Closings or closures include all establishments that had positive employment in the
(third month of the) prior quarter but no employment (or no reporting) in the current
quarter. Temporary closures can be included.
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• Exits (called “deaths” in BLS documentation) are those closings that have no reported
employment for four subsequent quarters. Exits are therefore published with a lag; see
Sadeghi (2008) for detail and analysis of exit measurement.

Quarterly BED data are published with a lag of roughly three quarters, though reporting
of exits are delayed as noted above. Importantly, BED data are only revised once each
year in a benchmark revision (associated with the first-quarter estimate of each year); the
“current” BED estimate is based on microdata associated with the first QCEW release. As
noted above, QCEW revisions can be nontrivial and have been particularly noteable during
the pandemic, so the most recent year of data in our analysis above should be thought of as
preliminary.

The quarterly BED product does not allow users to distinguish between establishment
births associated with incumbent firms and establishment births associated with newly
formed firms. However, the BED also features an annual (March snapshot) “research”
product that identifies employer firm births, where firms are defined based on EIN (see
Handwerker and Mason, 2013). This firm definition contrasts with the broader definition
from Census Bureau data, where firms are defined based on ownership or control and can
feature multiple EINs per firm. Therefore, some new firms in the BED research product may
actually be new EINs of existing firms by Census Bureau definitions. Still, firm births in
the BED closely track the more broadly defined firm births from Census Bureau data (figure
E1) and do not appear to overstate birth rates, as might be expected if the firm definition
issue were significant. In both sources, a firm birth is defined as a firm with age zero, where
firm age is based on the age of the oldest establishment in the firm.

The annual BED firm age product is available at the national and broad sectoral levels.
These data are a valuable resource for watchers of U.S. firm dynamics, since the Census
Bureau counterpart—the Business Dynamics Statistics—is published with a lag of years.
We use BED firm age data extending through March 2022.

It is important to note that the BED made the transition from the NAICS 2017 standard
to the NAICS 2022 standard starting with the release of the 2022:Q1 data. This change
affected the entire series history. A major change in NAICS 2022 relative to NAICS 2017
is for industry 454, nonstore retailers—which includes increasingly important online retail
businesses (and, as noted above, accounted for a disproportionate share of the business ap-
plication surge); other industries in NAICS 454 are vending machine operators and direct
selling establishments. NAICS 454 was a distinct industry group in the NAICS 2017 taxon-
omy, but for NAICS 2022 establishments from this industry were distributed into the specific
industries where their online activity is occurring (e.g., an online retailer for electronic prod-
ucts becomes classified in the electronic products retail industries under NAICS 2022). See
Haley and Keller (2023) for a helpful discussion of the NAICS 2017 to 2022 transition for
the retail trade sector.

In discussions with BLS staff, we learned that the current vintage of the BED simply
dropped the time series of industry groups which do not appear in the NAICS 2022 taxonomy
(and newly created industries for 2022 are also omitted) since microdata necessary for full
industry mappings were unavailable. We carefully examined the pre- and post-transition
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vintage data files and found that the total establishment count in 2021:Q4 is nearly 700,000
lower in the post-transition vintage than in the pre-transition vintage, and discontinuities in
individual 3-digit industry groups affected by the transition are observable. As a result, in the
current vintage the aggregate establishment count found by summing across 3-digit industries
is roughly 10 percent lower than the aggregate count reported in high-level tabulations (the
employment count discrepancy is similar). For this reason, all 3-digit BED tabulations in
this paper are based on the last BED vintage to use NAICS 2017, which covers the period
through 2021:Q4. This problem does not materially affect sector-level BED tabulations.

A.3 Census Bureau Business Dynamics Statistics (BDS) and com-
parison with the BLS business register

Census Bureau data on business dynamics feature slower release schedules than the BLS data
described above—with annual snapshots released roughly 2.5 years delayed—but the Census
data offer other advantages in terms of concepts and granularity. The Census Bureau’s
workhorse public use data product for business dynamics is the BDS, which consists of
tabulations from the underlying Longitudinal Business Database (LBD).

LBD data derive from the Census Bureau Business Register and cover the near-universe
of private nonfarm employer business establishments.38 The LBD features high-quality firm
identifiers based on firm ownership and control, which facilitates the study of firms with
multiple EINs (whereas such firms would count as separate firms in BED data). The LBD has
been used extensively in the firm dynamics literature; for example, LBD data first facilitated
the study of the distribution of firm growth by both firm size and firm age (Haltiwanger
et al., 2013) and have been used in the large literature on declining business dynamism
(e.g., Decker et al., 2014). The ultimate source data for the LBD derive from federal
tax information supplemented with Economic Census and other survey data housed at the
Census Bureau. For detail on the LBD and the Census Bureau Business Register see Jarmin
and Miranda (2002), Chow et al. (2021), and DeSalvo et al. (2016).

Like the annual BED firm age research product, the main BDS product is annual and
features snapshots as of March of each year. Tabulations by firm age and size are available
at the detailed industry level (up to 4-digit NAICS) and at the detailed geography level
(counties). Additionally, the BDS features a quarterly research product on single-unit firms
(the “BDSSU”), that is, firms with only one establishment. We use these sources in figure 2
alongside BLS sources and the BFS.

The QCEW/BED and the BDS provide data from independent business registers—state
unemployment insurance records and federal tax and census data, respectively. Yet the ag-
gregate figures they produce match reasonably well, albeit with some notable discrepancies.
Figure E26 shows the number of firms (left panel) and establishments (right panel) as re-
ported in the BDS and BED. Unit counts in the two data sources generally move together,
and firm counts are particularly close. BDS features more firms than BED, though not by a

38The most notable omission—from both Census Bureau and BLS employer business registers—is railroads;
see Decker et al. (2021) for discussion.

7



wide margin; the higher firm count in BDS is surprising, though, given that the BDS features
a broader firm definition, with multi-EIN firms counting only once in BDS while counting as
multiple firms in the BED. As noted above, though, the BED is limited to the scope of the
unemployment insurance system, and some nonprofits are not required to participate. This
may help explain why the BED has fewer firms than the BDS, though further investigation
is needed. Average firm size is somewhat lower in the BED than the BDS; while the two
had very similar firm size in the 1990s, as of 2020 the average BDS firm had 25 employees
while the average BED firm had just under 24.

Establishment counts show much more divergence; while the BED featured fewer estab-
lishments than the BDS in the 1990s, the BED establishment count surpassed the BDS count
in the 2000s and there is now a large discrepancy—roughly 1 million establishments in the
latest data. The discrepancy is even larger if the QCEW is used instead of the BED; while
QCEW and BED are based on the same business register, the BED strictly omits establish-
ments with zero employment and may also reduce counts through longitudinal cleaning.

The large establishment count in BLS sources relative to Census Bureau sources has
been described before; for example, Barnatchez et al. (2017) document this discrepancy
by comparing QCEW with County Business Patterns (which, like the BDS, is based on
the Census Bureau Business Register) and also show that the discrepancy is driven by
small establishments. The authors find that in 2014, the number of establishments with
fewer than 5 employees in the QCEW exceeds the comparable establishment count in the
County Business Patterns by more than 30 percent; most other size categories feature similar
establishment counts, though the County Business Patterns actually has more of the largest
establishments. Consistent with small establishments being the source of the discrepancy,
the QCEW actually has lower aggregate employment than County Business Patterns.

Taken together, these various discrepancies imply that the average establishment size has
diverged between the two sources; indeed, average establishment size was between 16 and
17 employees in both sources in the mid-1990s, but after that the average size in the BED
declined precipitously, reaching just above 15 in 2020, while average size in the BDS actually
rose to above 18 in 2020. The establishment size discrepancy is much larger than the firm
size discrepancy mentioned above. These establishment data discrepancies require further
study, but one likely explanation is that movement of businesses between the employer and
nonemployer universes is captured differently in the two sources.

These discrepancies notwithstanding, key patterns of firm dynamics are similar in the
two sources, as can be seen from figure E1. Entry rates—both unweighted and employment
weighted—exhibit reasonably similar fluctuations and are at roughly similar levels.

A.4 Census Bureau Quarterly Workforce Indicators (QWI)

The Census Bureau QWI combines source data related to both the BLS and the Census Bu-
reau business registers; worker-level data and establishment characteristics come from state
unemployment insurance records and the QCEW, while firm characteristics are obtained
from the federal tax and census data underlying the BDS.

For our purposes the key advantages of the QWI are twofold:
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1. Timely measurement of job flows at the narrow industry and geography level in addition
to firm age and size bins; for our between-cell exercises we use up to 4-digit NAICS
industry detail and up to county-level geography detail

2. Measurement of worker flows (particularly separations) at the county level

While a national QWI file is available, we obtain more control over coverage by combining
state-level files. State files are updated by the Census Bureau with widely varying timing
(dependent on state provision of data); we utilize a balanced panel of 45 states ranging from
2004:Q1 through 2022:Q2 and covering just over 80 percent of private sector employment
as of 2020. The omitted states are Alaska, Arkansas, District of Columbia, Massachusetts,
Michigan, and Mississippi.

In the QWI, we measure separations using the QWI SepBeg variable rather than the
Sep variable. The latter measures all separations in a quarter, which includes an often
large number of short-duration within-quarter jobs. SepBeg measures separations of workers
who held the job in the prior quarter and were separated in the current quarter, which
tends to be more quantitatively comparable to JOLTS worker flow estimates. We measure
job destruction with the FrmJbLs variable and job creation with the FrmJbGn variable;
FrmJbLs is end-of-quarter employment minus beginning-of-quarter employment among firms
that shrank in a given quarter, and FrmJbGn is the job gain counterpart. When expressing
QWI variables as rates, we use the DHS denominator calculated as the average of Emp and
EmpEnd, which are the beginning- and end-of-quarter employment, respectively.

Job flow rate fluctuations in the QWI are broadly similar to those found in the BED but
tend to be at a somewhat lower level due to subtle conceptual differences in their construction.
In particular, QWI job flows measure flows across firms (and do not capture flows across units
within firms), while BED job flows measure all flows across establishments. Seasonality may
also be more pronounced in BED data. We thank Erika McEntarfer for a helpful discussion
of these differences.

We also report data from the J2J product in figure 15 (where we show job-to-job sep-
arations). The J2J program is closely related to the QWI and uses the underlying worker
linkages to track job-to-job flows.

A.5 BLS Job Openings and Labor Turnover Survey (JOLTS)

JOLTS provides the workhorse statistics for tracking worker flows in the U.S., with data for
a given month being released with a two-month lag. JOLTS is the main source of the popular
pandemic stylized fact about elevated quit rates (the “Great Resignation”). JOLTS data are
based on a monthly survey in a sample of roughly 21,000 establishments. Response rates
have trended down in recent years, and while this trend began before the pandemic, it accel-
erated in the pandemic; recent response rates have been just above 30 percent. Importantly,
though, monthly JOLTS data are continually benchmarked against the Current Employment
Statistics (CES)—the main U.S. payroll survey—to make net employment changes roughly
consistent between the two products.
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We use data on quits and layoffs from JOLTS (though the product also features data on
hires and on separations other than quits and layoffs). Both quits and layoffs are measured
as totals for the entire reference month. Quits include all voluntary separations except
retirements or within-firm transfers. Layoffs include all layoffs and discharges expected to
last more than 7 days.

A.6 Census Bureau American Community Survey (ACS)

The ACS is a monthly household survey designed to measure population demographics
between decennial censuses and is the workhorse source of annual information about U.S.
households by geography. The ACS sample methodology varies between the so-called “5-
year” and “1-year” estimates; 5-year estimates feature full geographic coverage of the U.S.
while 1-year estimates cover only geographic areas with populations of 65,000 or more. We
use the ACS to measure growth in the faction of workers working from home (WFH) at the
county level during 2019 through 2021 (the latest available); we use the 1-year estimates,
so our exercises are necessarily limited to large counties. As in our “donut” exercises more
broadly, we focus on large CBSAs, so our ACS-based exercises are limited to large counties
within large cities.

The ACS data are limited in capturing only individuals who only work from home in the
reference week of the survey (which differs across individuals); such measures have limitations
since “hybrid” WFH home activity (i.e., some days at home and some days in office) will not
be captured Still, the ACS WFH data show a large increase in working from home—from
5 to 15 percent at the county level. Even more strikingly, the right tail of the distribution
shifts dramatically, with the 99th percentile increasing from 13 to 36 percent.

It is useful to compare the ACS-based WFH statistics to WFH patterns documented by
from Hansen et al. (2023). Using vacancy postings, those authors produce data on the share
of vacancies that include references to WFH, including hybrid work, and find large increases
from 2019 to 2023. The ACS and the Hansen et al. (2023) vacancy data provide correlated
patterns—with cities such as New York and San Francisco having very large increases in
both sources. However, within-city patterns differ reflecting the fact that the ACS is based
on location of residence while the vacancy data are based on location of business. While
the vacancy data are more up to date (through June 2023), we use the ACS data given
our interest in within-city variation (and in particular our interest in variation by place of
residence).

B Applications and employer entry: Further analysis

B.1 Applications and firm births (pre-pandemic)

Our most convincing evidence of the relationship between applications and employer business
entry uses the BFS applications and transitions from those applications to actual firm births.
We report those results in the first two columns of table F2 using aggregate time series
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data, in table F3 using state-by-quarter variation, and in table F5 using sector-by-quarter
variation. For the purposes of this analysis, we have collapsed the monthly BFS series to the
quarterly frequency to make the analysis comparable to our analysis below using the BED
establishment births below (results are similar if we use the monthly data directly). The
elasticity is roughly centered on one across these specifications; for example, the elasticity of
aggregate firm birth transitions within 8 quarters to aggregate likely employer applications
is 1.230, as shown in the first column of table F2.

A major advantage of this analysis is that the public domain series of transitions over the
respective horizons are directly linked to the applications in a given month via the internal
Census Bureau microdata; the specific firm births reported in these series are actually asso-
ciated with the corresponding applications occurring in a given month within 4 or 8 quarters.
Of course, the major limitation of this analysis is that actual transitions are only available
for transitions that occur through the end of 2020; therefore, the 8-quarter transition series
tracks applications through 2018:12, and the 4-quarter series tracks applications through
2019:12.

B.2 Applications and establishment births, pre-pandemic and pan-
demic

In the main text we describe a variety of indicators of employer business entry suggesting that
that the surge in applications yielded a surge in employer business entry. A related question
is whether the relationship between applications and business entry changed during the
pandemic relative to pre-pandemic. We cannot directly answer that question with available
data given that our measures of employer business entry (unlike the actual transitions found
in BFS data) are not directly linked to the applications; in other words, we cannot be sure
that the firm and establishment births we document in the main text reflect the same business
applications that are represented in the applications data. However, we can explore whether
the relationship between our proxies for transitions (establishment births) and applications
changes in the pandemic relative to the pre-pandemic period—and even use cross-sectional
variation to further describe this relationship. To start, we use quarterly BED establishment
births, both nationally and at the state and sector level; establishment births are the most
up-to-date indicators of actual employer business entry but, as discussed in the main text and
data appendix, appropriate caution needs to be used. Regressions relating quarterly national
establishment births with likely employer applications are reported in columns 3, 4, and 5 of
table F2; these columns use data ending in 2018:Q4, 2019:Q4, and 2022:Q4, respectively. We
find that the elasticity of establishment births with respect to likely employer applications is
positive and significant—and the coefficient actually increases when including the quarters
from the pandemic (column 5).

The aggregate time series evidence of table F2 is compelling, but in table F4 we examine
the elasticity for establishment births using state-by-quarter variation; the top panel reports
elasticities for the pre-pandemic period, while the bottom panel includes the pandemic. We
again find that the elasticity of establishment births with respect to likely employers is
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positive and significant; and the results are broadly similar whether or not we include the
quarters during the pandemic.

We repeat this type of exercise in table F6 using sector-by-quarter variation. We again
find that the elasticity of establishment births with respect to likely employers is positive
and significant; and the results are broadly similar whether or not we include the quarters
during the pandemic.

B.3 BFS-projected firm births and the evolving pattern of pan-
demic business formation

In the main text and in the analysis in the prior subsection we focus on likely employer appli-
cations (HBA in BFS files) as the measure of applications closely linked to likely employers.
HBA is by construction designed to be closely linked to likely employers; it includes appli-
cations with planned wages (WBA), applications for corporations (CBA), and applications
in selected industries that have a high propensity to transit to employer businesses. The ev-
idence we have presented shows that this close connection holds on several dimensions (over
time, across locations, and across industries). There is, however, an alternative measure of
applications that may have even better predictive power for employer startups—specifically,
the PBF4Q and PBF8Q series. These series are weighted application series where the weights
(or loading factors) are chosen to yield the most accurate prediction of transitions within
4 (or 8) quarters. The weights are based on a model relating the probability of transition
to detailed application characteristics. The characteristics in the model include reason for
the application and detailed industry assigned to the application. In contrast, the HBA has
loading factors of 1 or 0 on specific characteristics (e.g., a weight of 1 for WBA, CBA and
specific industries, 0 otherwise).

In this subsection, we consider these projected birth series with a focus on the sectoral
variation; we focus on sectoral variation since it is on this dimension that the PBF4Q and
PBF8Q series should be especially informative (given that detailed industries of applications
get different loading factors that can be positive or negative in these series). Table F7 shows
the elasticities of actual firm births to the PBF4Q and 8Q variation using sector-by-time
variation. Comparing to the analogous elasticities using HBA in table F5, the elasticities
are uniformly higher and closer to one using the PBF4Q and PBF8Q series—consistent with
the notion that the BFS projection series are optimized for predicting actual employer birth.
Similarly, table F8 shows that the elasticities of establishment births with respect to the
PBF4Q series are uniformly higher than those using HBA in table F6.

A closely related way to observe the greater predictive power of the PBF4Q and PBF8Q
series is to consider the relationship between the pandemic-era increase in firm births by
sector using the BED through 2022:Q1 and the pandemic-era increase in the sector-level
predicted firm births using the PBF4Q and PBF8Q series. Figure E11 shows this pattern
analogous to the main text’s figure 11 (which uses HBA). The relationship between PBF4Q
(and PBF8Q) and BED firm births is even tighter than the relationship between HBA and
BED firm births—again, consistent with the intent of the BFS projection series. Especially
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noticeable is that the relationship between the increase in PBF4Q (PBF8Q) and BED firm
births is much closer to the 45-degree line for retail trade.

Further evidence that PBF4Q and PBF8Q offer distinct information can be seen in
comparing figures E2 and E3. For one, it is apparent that the rank ordering of top industries
is different for HBA and PBF8Q. For HBA, during the pandemic the top industries tend to
be construction (23) and food & accommodation (72); for PBF8Q, the top industry is high
tech (51 and 54). This difference reflects the actual and predicted differences in transition
rates. Focusing on the pandemic period where we can only calculate predicted transition
rates (i.e., PBF8Q/HBA), the predicted transition rate for NAICS 51 is 33% and NAICS
54 is 34%. This is much higher than predicted transition rates for construction (NAICS
23) of 21% and food & accommodation (NAICS 72) of 21%. While these are only predicted
transition rates, the pre-pandemic relationship between actual and predicted transition rates
is very strong.

These differences partly reflect level differences; but, in addition, HBA turns out to be
somewhat more volatile than PBF8Q. We find that July 2020, a month with a sharp upward
spike in HBA, has a predicted transition rate that is 12 pecent lower than the average
transition rate in 2019 (August 2020 has a predicted transition rate 9 percent lower).39 In
contrast, the average predicted transition rate in 2021 is less than 3 percent lower than in
2019, and the average in 2022 and 2023 is the same as in 2019. We note that one of the
driving forces of this lower transition rate in mid-2020 is the nonstore retailers industry group
(NAICS 454); this is a nonemployer-intensive industry (prior to the pandemic 92 percent
of nonstore retailers were nonemployers), and the dramatic increase in applications in this
industry during 2020 likely reduces predicted rates of transition to employer businesses.

Another perhaps more transparent way of making these observations is to examine the
patterns in figure 8 for PBF8Q (the dashed line in that figure during the post-2018 period).
The dramatic surge in HBA in July 2020 is apparent; PBF8Q rises signifantly as well–but
not as dramatically as HBA. By December 2020, PBF8Q is not much higher than in 2019.
In contrast, in 2021 and beyond there is a sustained increase in PBF8Q. These patterns
are consistent with the notion that the detailed characteristics of the applications—some
of which are not tabulated in public-use BFS data—must have changed over the course of
the pandemic. The changing composition of application characteristics yields differences
between the fluctuations in HBA and the PBF8Q series.

Another indication of volatility in HBA that is not reflected in PBF8Q (or PBF4Q) can
be seen in September 2023 in figures E2 and Figures E3. Note the retail trade sector in the
two figures; in particular, HBA jumped in September 2023 while PBF8Q was little changed.
This likely reflects changes in the composition of detailed industries in HBA within retail
trade. Our working hypothesis is that there is a surge in applications for NAICS 454 (non-
store retailers); but we cannot evaluate this hypothesis until the detailed industry data for

39For this discussion of high-frequency predicted transition rates we use the monthly BFS to highlight the
volatility in 2020. We find broadly similar patterns using the ratio of PBF4Q/HBA. If we use BA as the
denominator we observe an even larger percentage point decline in the predicted transition rate in July 2020
relative to the average transition rate in 2019.
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2023 are released.40 As noted above, NAICS 454 is a nonemployer-intensive industry. It is
worth noting that the increase in HBA in retail trade in September 2023 is also observed
in WBA (a key component of HBA). However, WBA reflects planned but not actual hiring
and wages. The findings in Bayard et al. (2018) and Dinlersoz et al. (2023) highlight that
even for WBA, (i) the transition rate is only 40% on average and (ii) there is considerable
variation across WBA applications in transition probabilities. It would be interesting to
more fully understand the factors that generate such variation, especially in the pandemic.
The analysis in Dinlersoz et al. (2023) highlights spatial factors as well as other application
characteristics (e.g., detailed industry) play an important role.

As a closing note for this section, our results suggest that the BFS projected transition
series contain important information relative to simpler application counts such as HBA.
For the main analysis in the paper, we focus on likely employer applications (HBA) rather
than projected transitions since the simple application count series are more transparent; this
approach has low cost, as the two series are closely related (correlation of 0.9 in the aggregate
data). Moreover, while it would be interesting to explore the cross-sectional dimensions of the
projected transitions series further than we have in this appendix, this series is limited—like
the likely employer series—to being available only at the national, broad sector, and state
level in the public-use BFS data. In the main text, much of our cross-sectional analyses use 3-
digit industry and county-level variation, where we are restricted to using total applications,
the only BFS series available. In our analysis of the 3-digit and county-level variation we
focus on the growth in applications and measures of employer business entry from the pre-
pandemic (averaged over 2010-2019) to the pandemic (averaged 2020-2022) periods; this
approach has the advantage of focusing attention on the surge in applications and measures
of employer business entry in the pandemic without requiring analysis of some of the detailed
timing issues discussed in this section.

B.4 Growth in establishment openings and applications in the
pandemic: 3-digit industry level variation

Beyond the evidence in the main text at the broad sectoral level about the relationship
btween firm births and likely employer applications, the BED provides establishment open-
ings at the 3-digit industry level. The BFS provides total applications at this industry
detail. Unfortunately we must end this comparison in 2021:Q4, as the BED switched to the
NAICS 2022 format in 2022 while the BFS is still based on the NAICS 2017 taxonomy (see

40We reached out to the Census Bureau to inquire about this increase in HBA for retail trade in September
2023. Census Bureau staff suggested that the increase may be due to businesses applying for EINs to comply
with the INFORM Consumers Act of 2023 that went into effect in late June. Evidence suggests there was a
lag in implementation of the INFORM Consumers Act; the Federal Trade Commission issued guidelines in
mid-August 2023. New regulations, laws, and tax provisions can affect administrative data—such as IRS EIN
records—especially when these changes are related to the administrative data’s underlying programmatic
purpose. The INFORM Consumers Act would especially impact NAICS 454, as the law requires new
information to be provided to online marketplaces (like Amazon, Shopify, Ebay, and Etsy) by third-party
sellers that operate on such sites.
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appendix A for more discussion). Moreover, to avoid the spike of reopenings in 2020:Q3, we
start the pandemic period in 2020:Q4 and compare the growth of establishment openings to
the growth of (total) business applications for the pandemic (2020:Q4-2021:Q4) versus the
pre-pandemic period (2010-2019), again following equation 1. This is shown in figure E10,
where the left panel shows the change in levels (thousands) while the right panel shows the ra-
tio of the pandemic pace to the pre-pandemic pace. The left panel of figure E10 gives insight
into the contribution of different industries to the aggregate surge in establishment openings
and business applications. See appendix tables F11 and F12 for a full list of industry codes
and their titles; here we summarize certain noteworthy industries. Professional, scientific, &
technical services (NAICS 541) leads the surge in establishment openings, while—as noted
above—nonstore retailers (NAICS 454) accounts for a large share of surging applications.
The right panel reports the log change of pre-pandemic to pandemic openings and appli-
cations, providing further insight into specific industry stories. NAICS 511—publishing,
which includes software publishing—leads the surge in the growth of establishment openings
(and also shows significant growth in applications), while the tech-intensive sector NAICS
454 (nonstore retail) leads the surge in the growth of new business applications (while also
showing strong growth of establishment openings).

The growth of establishment openings and business applications are positively correlated
(0.34 and highly statistically significant); that is, industries with surging applications also
tended to have surging establishment openings. Some differences are apparent from the
figure, however; these could reflect a number of factors including the distinction between
openings and births (of establishments or firms), the role of establishment births within
incumbent firms, and industry variation in the propensity of applications to convert to
employer businesses. Overall, however, the industry-level data on establishment openings
and business applications are broadly consistent.

Figures 11 and E10, taken together, point to similar industry patterns of applications and
actual employer business formation, adding to the aggregate evidence relating applications
and true business entry.

C Geographic and sectoral variation in net establish-

ment entry

In this section, we dig further into the sectoral differences in the growth of establishments
per capita. In figure E15, the left panel compares sector establishment growth in Manhattan
(vertical axis) and Kings County (i.e., Brooklyn, right axis), illustrating within-city patterns,
while the right panel compares Georgia and Washington (state). In both cases, the high-
growth areas (Kings County and Georgia, respectively) exhibit higher growth in almost all
sectors; that is, the geographic growth pattern is broad-based across sectors. In figure E16
we show the growth in establishments per capita in Manhattan relative to the average for
high growth counties in the NYC CBSA (including the Bronx, Brooklyn, Essex, Hudson,
Kings, Middlesex, Passaic, and Queens). Patterns are broadly similar to those in Figure
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E15.
Sectors that stand out in Kings County relative to Manhattan include information (51),

arts, entertainment, & recreation (71), professional, scientific, & technical services (54),
and food & accommodations (72). These patterns are consistent with economic activity
moving away from downtown areas both for high-tech industries (such as 51 and 54) and
for household support industries (such as 71 and 72); it is worth noting, for example, that
fitness gyms are in 71. As for Georgia vs Washington, Georgia features 14 of 19 sectors
having notably higher growth in establishments per capita than in Washington. The sectors
with especially high growth in Georgia relative to Washington include construction (23), the
professional services industries (54, 55 and 56), arts, entertainment, and recreation (71), and
food and accommodation (72). The information sector (51) features the highest growth in
establishments per capita in Georgia; it is also a high-growth sector for Washington, which
is perhaps not surprising given the important role of that high-tech sector in Washington in
recent decades. However, it is interesting that Georgia—which is less well known for being
an information sector hub—exhibits higher net establishment growth per capita.

D Between-cell excess reallocation

Following Davis and Haltiwanger (1992), for a set of cells indexed by s, between-cell excess
reallocation is given by:

brt =
S∑

s=1

|jcst − jdst | − |jct − jdt| =
S∑

s=1

|netst | − |nett| (D2)

That is, between-cell excess reallocation brt is obtained by calculating cell-level absolute
employment changes, summing across cells, and subtracting the aggregate absolute employ-
ment change.41 Between-cell excess job reallocation for a given set of cell definitions over a
multi-quarter horizon has the property that if all cells exhibit net employment contraction
early in the horizon followed by matching net employment expansion later in the horizon,
then between-cell excess job reallocation will be zero. Moreover, even if the recovery is not
complete but is evenly distributed across cells then between-cell excess job reallocation will
be zero. Using a sufficiently long horizon permits offsetting net contractions and expansions
within cells to cancel out. In contrast, net contraction in one cell followed by net expansion
in a different cell—that is, actual net movement of jobs across cells—contributes positively
to between-cell excess job reallocation. Between-cell excess reallocation can be constructed
as a rate when divided by the DHS denominator, 1

2
(et−1 + et).

The magnitude of the between-cell excess reallocation rate depends, of course, on the
way cells are defined. We focus on the following cell schemes permitted by the QWI:

• Firm age categories: 0-1 years old, 2-3 years old, 4-5 years old, 6-10 years old, and

41Within-cell excess reallocation is given by wrt =
∑S

s=1(jr
s
t − |jcst − jdst |). Aggregate excess reallocation

is brt + wrt.
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greater than 10 years old, where a firm is age 0 in the first year in which one of its
establishments has positive employment

• Firm size categories: 0-19 employees, 20-49 employees, 50-249 employees, 250-499 em-
ployees, and 500 or more employees

• States

• Counties

• Broad NAICS sectors

• 3- or 4-digit NAICS industries

• Interactions of some of the above as permitted by the public-use data

Figure E20 shows the between-cell excess reallocation rate for the pre-pandemic period
(2010-2019, red bars) and the pandemic period (2020:Q1-2022:Q2, blue bars) for several
different cell schemes, where reallocation is defined on a 6-quarter horizon (that is, net
changes are averaged over the trailing six quarters before constructing equation D2). We use
a 6-quarter horizon to permit offsetting net changes within cells to cancel out.

The chart is sorted in descending order of the change from 2010-2019 to 2020-2022 (i.e.,
the difference between the blue and red bar) such that the largest increases are shown at
the top. In general, between-cell reallocation rose markedly in the pandemic, as evidenced
by larger blue bars. Focusing on the first row of the figure, the rate of excess reallocation
between firm age categories jumped from about 0.2 percent of employment per quarter (for
2010-2019 on average) to about 0.4 percent per quarter during the pandemic. We also observe
large jumps in between-cell excess reallocation across state × sector × firm age and across
county × firm age categories.

We also note that simple reallocation across simple firm age categories is not the only
story told by figure E20: reallocation across firm age categories appears to have important
geographic and industry dimensions as well.

E Supplemental figures
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Figure E1: Startup Rates from the BDS and BED, Firm and Employment Weighted
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Figure E2: New business applications, selected industries
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Figure E3: Predicted firm births, selected industries
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Figure E4: Ratio of startups 8 quarters after application to startups 4 quarters after appli-
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Figure E5: Concentration of business applications, 3-digit annual
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Figure E6: New York City: Average (log) applications per capita 2010-19
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Figure E7: Washington State: Growth in applications per capita, 2020-2022 vs. 2010-2019
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Figure E8: Washington State: Average (log) applications per capita, 2010-19

21



-4

-2

0

2

4

6

-4

-2

0

2

4

6

20
11

20
12

20
13

20
14

20
15

20
16

20
17

20
18

20
19

20
20

20
21

20
22

20
23

BDS firms BED firms
BDS estabs BED estabs
QCEW estabs

Note: Annual DHS growth rate of unit per capita counts, Q1 versus year earlier.
Source: BDS, BED, QCEW.

Annual unit per capita growth rate (%)

Figure E9: Net increase of establishments and firms
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Figure E10: Establishment openings and business applications, industry detail
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Figure E11: Firm births and BFS-predicted firm births, industry detail
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Figure E12: Establishment openings and closures
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Figure E13: Establishment reopenings and temporary closures

0

2

4

6

0

2

4

6

19
80

19
90

20
00

20
10

20
20

BDS
BED

Firm birth size (employees)

.1

.15

.2

.25

.3

.1

.15

.2

.25

.3

19
80

19
90

20
00

20
10

20
20

Relative firm birth size

Note: Average size in first year (left); relative to incumbent average size (right). 
Source: Business Dynamics Statistics (BDS) and Business Employment Dynamics (BED).

Figure E14: Average firm entrant size, BDS and BED
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Figure E15: Differences in sectoral net establishment growth: Two examples
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Figure E16: Net establishment growth in Manhattan and high-growth counties in NYC
CBSA
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Figure E17: Inflow rates from employment to unemployment, CPS, Quarterly
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Source: JOLTS, Business Formation Statistics (BFS).

Figure E18: Quits, layoffs, and applications, 2020-2023 vs. 2010-2019
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Note: Difference of average (log) excess separation rate, 2020-2022 vs.
2010-2019.
Source: Census Bureau Quarterly Workforce Indicators.

Figure E19: New York City: Growth in excess separations, 2020-2022 vs. 2010-2019
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Figure E20: Between-cell reallocation rate (6-quarter horizon)
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Figure E21: Productivity growth pre-pandemic

Source: San Francisco Federal Reserve
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Figure E22: Productivity growth pre-pandemic: High tech vs. non high tech

Source: Tabulations from BLS data
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Figure E23: Productivity Growth During the Pandemic

Source: San Francisco Federal Reserve
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Figure E24: Relationship between actual and projected nonemployers using NHBA

Source: Census NES data with BFS.
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Figure E25: Growth in nonemployer businesses and growth in NHBA, 5-year differences

Source: Census NES data with BFS.
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Figure E26: Firm and establishment counts from the BDS and BED
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F Supplemental tables

Table F1: Analysis of Variance of Between-County Variation in Growth in Business
Applications

Dependent variable:
Application growth

All Counties – Fixed Effects
Division State Commuting Zone

R-squared 0.25 0.49 0.7
Fixed Effects 9 51 704
Observations 3802

Counties Part of Large CBSAs –Fixed Effects
CBSA

R-squared 0.50
Fixed Effects 53
Observations 437

Note: Reported are R-squared from regressions of change in (log) applications per capita, 2020-
2022 versus 2010-2019 (see equation 1) at county level on alternative fixed effects. The top
panel includes all counties. The bottom panel includes only counties that are part of CBSAs.
Source: Author calculations from BFS and Census Bureau population estimates.
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Table F2: Elasticity of business births with respect to applications, Aggregate
quarterly

(1) (2) (3) (4) (5)
Firms 8Q Firms 4Q Estabs Estabs Estabs

Applications (HBA) 1.230∗∗∗ 1.336∗∗∗ 0.342∗∗∗ 0.372∗∗∗ 0.843∗∗∗

(0.069) (0.092) (0.085) (0.092) (0.084)

R2 0.851 0.780 0.226 0.214 0.583
Sample end 2018:4 2019:4 2018:4 2019:4 2022:4
Observations 58 62 58 62 74
Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Quarterly regression of log firm or establishment birth measures on likely em-
ployer applications (HBA) in aggregate data; all samples start in 2004:Q3. Column 1
uses actual transitions from applications in subsequent 8 quarters from the BFS which
are available for applications made through 2018:4. Column 2 uses actual transitions
from applications in subsequent 4 quarters from the BFS which are available for applica-
tions made through 2019:4. The next three columns use establishment births from the
BED. Column 3 uses the sample for which which actual 8-quarter BFS transitions are
available (through 2018:4). Column 4 uses the sample for which actual 4-quarter BFS
transitions are available (through 2019:4). The last column uses the sample through
2022:4, the latest available data.
Source: Author calculations from BFS and BED.
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Table F3: Pre-pandemic elasticity of firm births per capita with respect to likely
employer applications per capita, state/quarterly

(1) (2) (3) (4)
Firm births Firm births Firm births Firm births

A. Births within 8 quarters

Applications (HBA PC) 0.791∗∗∗ 1.222∗∗∗ 0.683∗∗∗ 1.034∗∗∗

(0.123) (0.064) (0.138) (0.172)

R2 0.330 0.725 0.393 0.757
Observations 2802 2802 2802 2802

B. Births within 4 quarters

Applications (HBA PC) 0.722∗∗∗ 1.206∗∗∗ 0.610∗∗∗ 0.626∗∗∗

(0.076) (0.058) (0.077) (0.105)

R2 0.577 0.906 0.691 0.967
Observations 3006 3006 3006 3006

Controls None State Time State,Time
Standard errors in parentheses, clustered at state level.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: All variables expressed in per capita terms. State-by-quarter regressions of log firm
births per capita over 8- or 4-quarter horizon on log likely employer applications per capita.
Column 1 uses no controls, column 2 uses state effects, column 3 uses time (year-by-quarter)
effects, and column 4 uses state and time effects. The sample is 2004:3-2018:4. Variables
winsorized at 99% and 1%.
Source: Author calculations from BFS.
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Table F4: Elasticity of establishment births per capita with respect to likely
employer applications per capita, state/quarterly

(1) (2) (3) (4)
Est Births Est Births Est Births Est Births

A. Pre-pandemic (2004:Q3 through 2019:Q4)

Applications (HBA PC) 0.512∗∗∗ 0.315∗∗∗ 0.552∗∗∗ 0.305∗∗∗

(0.065) (0.035) (0.079) (0.104)

R2 0.355 0.803 0.410 0.843
Observations 3006 3006 3006 3006

B. Pandemic-inclusive (2004:Q3 through 2022:Q4)

Applications (HBA PC) 0.533∗∗∗ 0.569∗∗∗ 0.498∗∗∗ 0.188∗

(0.064) (0.040) (0.076) (0.094)

R2 0.325 0.708 0.462 0.842
Observations 3618 3618 3618 3618

Controls None State Time State,Time
Standard errors in parentheses clustered at the state level.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: All variables expressed in per capita terms. State-by-quarter regressions of log
establishment births per capita on log likely employer applications per capita. Column 1
uses no controls, column 2 uses state effects, column 3 uses time effects (year-by-quarter),
column 4 uses state and time effects. Variables winsorized at 99% and 1%.
Source: Author calculations from BFS and BED.
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Table F5: Pre-pandemic elasticity of firm births with respect to likely employer
applications, Sector/quarterly

(1) (2) (3) (4)
Firm births Firm births Firm births Firm births

A. Births within 8 quarters

Applications (HBA) 1.005∗∗∗ 0.823∗∗∗ 0.904∗∗∗ 0.597∗∗∗

(0.126) (0.085) (0.046) (0.110)

R2 0.917 0.992 0.969 0.995
Observations 754 754 638 638

B. Births within 4 quarters

HBA 0.998∗∗∗ 0.870∗∗∗ 0.899∗∗∗ 0.606∗∗∗

(0.125) (0.113) (0.050) (0.122)

R2 0.916 0.990 0.965 0.994
Observations 806 806 682 682

Controls None Sector Time Sector,Time
Standard errors in parentheses, clustered at state level.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Sector-by-quarter regressions of log firm births over 8- or 4-quarter horizon on log
likely employer applications. Column 1 uses no controls, column 2 uses sector effects,
column 3 uses time (year-by-quarter) effects, and column 4 uses sector and time effects.
The sample is 2004:3-2018:4 for 8Q and 2004:3-2019:4 for 4Q.
Source: Author calculations from BFS.
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Table F6: Elasticity of establishment births with respect to likely
employer applications, sector/quarterly

(1) (2) (3) (4)
Est Births Est Births Est Births Est Births

A. Pre-pandemic (2004:Q3 through 2019:Q4)

HBA 0.592∗∗∗ 0.325∗∗ 0.592∗∗∗ 0.222∗

(0.116) (0.121) (0.121) (0.102)

R2 0.743 0.984 0.747 0.989
Observations 682 682 682 682

B. Pandemic-inclusive (2004:Q3 through 2022:Q4)

HBA 0.569∗∗∗ 0.408∗∗∗ 0.567∗∗∗ 0.202∗∗

(0.106) (0.118) (0.109) (0.087)

R2 0.719 0.962 0.729 0.977
Observations 814 814 814 814

Controls None Sector Time Sector,Time
Standard errors in parentheses clustered at the state level.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: State-by-sector regressions of log establishment births on log likely
employer applications. Column 1 uses no controls, column 2 uses sector
effects, column 3 uses time effects (year-by-quarter), column 4 uses sector
and time effects.
Source: Author calculations from BFS and BED.
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Table F7: Pre-pandemic elasticity of firm births with respect to predicted
firm births, Sector/quarterly

(1) (2) (3) (4)
Firm births Firm births Firm births Firm births

A. Births within 8 quarters

PBF8Q 1.004∗∗∗ 1.002∗∗∗ 1.002∗∗∗ 0.886∗∗∗

(0.005) (0.055) (0.009) (0.083)

R2 0.994 0.995 0.996 0.998
Observations 754 754 638 638

B. Births within 4 quarters

PBF4Q 1.017∗∗∗ 1.028∗∗∗ 1.008∗∗∗ 0.922∗∗∗

(0.008) (0.063) (0.010) (0.100)

R2 0.994 0.996 0.996 0.998
Observations 806 806 682 682

Controls None Sector Time Sector,Time
Standard errors in parentheses, clustered at state level.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Sector-by-quarter regressions of log firm births over 8- or 4-quarter horizon
on log predicted firm births(PBF8Q and PBF4Q). Column 1 uses no controls,
column 2 uses sector effects, column 3 uses time (year-by-quarter) effects, and
column 4 uses sector and time effects. The sample is 2004:3-2018:4 for 8Q and
2004:3-2019:4 for 4Q.
Source: Author calculations from BFS.
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Table F8: Pre-pandemic elasticity of establishment births with respect to
PBF4Q, sector/quarterly

(1) (2) (3) (4)
Estab Births Estab Births Estab Births Estab Births

A. Pre-pandemic (2004:Q3 through 2019:Q4)

PBF4Q 0.671∗∗∗ 0.520∗∗∗ 0.674∗∗∗ 0.391∗∗

(0.101) (0.133) (0.107) (0.130)

R2 0.788 0.967 0.794 0.991
Observations 682 814 682 682

B. Pandemic-inclusive (2004:Q3 through 2022:Q4)

PBF4Q 0.650∗∗∗ 0.520∗∗∗ 0.649∗∗∗ 0.403∗∗∗

(0.097) (0.133) (0.102) (0.093)

R2 0.762 0.967 0.774 0.980
Observations 814 814 814 814

Controls None Sector Time Sector,Time
Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Sector-by-quarter regressions of log establishment births on log 4-quarter pre-
dicted firm births (PBF4Q). Column 1 uses no controls, column 2 uses sector effects,
column 3 uses time effects (year-by-quarter), and column 4 uses sector and time ef-
fects time.
Source: Author calculations from BFS and BED.
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Table F9: Applications, population density,
establishment density and changes in work-
ing from home

Dependent variable:
Application growth

ln(population density) -0.736***
(0.158)

ln(population density)2 0.111***
(0.024)

ln(population density)3 -0.005***
(0.001)

R-squared 0.55

ln(establishment density) -0.102***
(0.020)

ln(establishment density)2 0.039***
(0.006)

ln(establishment density)3 -0.004***
(0.001)

R-squared 0.53

Growth(WFH) -1.00***
(0.293)

Growth(WFH)2 1.05***
(0.286)

Growth(WFH)3 -0.302***
(0.086)

R-squared 0.53

Note: Three separate regressions reported. All
have dependent variable of county-level regres-
sion of change in (log) applications per capita,
2020-2022 versus 2010-2019 (see equation 1) on
population density. CBSAs with 2019 population
at least one million. Includes CBSA fixed effects.
First panel uses cubic in Log population density
measured in 2019. Second panel uses cubic in log
establishment density measured in 2019. Third
panel uses cubic in growth in fraction of workers
working from home between 2019 and 2021 from
the ACS. Robust standard errors in parentheses.
***denotes statistical significance with p < 0.01.
Source: Author calculations from BFS and Cen-
sus Bureau population estimates.
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Table F10: Applications, population density, establishment density,
and working from home; own and adjacent counties

Dependent variable:
Application growth

Own county Adjacent county Indirect Impact

ln(population density) -1.075** -0.847*** -0.526***
(0.480) (0.217) (0.134)

ln(population density)2 0.247*** 0.318*** 0.197***
(0.069) (0.063) (0.039)

ln(population density)3 -0.013*** -0.021*** -0.013***
(0.003) (0.004) (0.003)

ln(establishment density) -0.306*** -0.397 -0.247
(0.089) (0.270) (0.167)

ln(establishment density)2 -0.052 -0.119** -0.074**
(0.025) (0.058) (0.036)

ln(establishment density)3 0.007 0.019*** 0.012***
(0.002) (0.005) (0.003)

Growth(WFH) -0.818*** -1.251** -0.777**
(0.227) (0.633) (0.393)

Growth(WFH)2 0.851*** 1.056* 0.656*
(0.221) (0.615) (0.382)

Growth(WFH)3 -0.264*** -0.303 -0.188
(0.067) (0.186) (0.115)

Observations 282
Pseudo R-squared 0.77

Note: Single county-level regression of change in (log) applications per capita,
2020-2022 versus 2010-2019 (see equation 1) on population density, establish-
ment density, and change in fraction of workers working from home in own and
adjacent counties (the two columns are from the same regression). CBSAs with
2019 population at least one million. Includes CBSA fixed effects. Population
and establishment density measured in 2019. Change in working from home
from the ACS from 2019 to 2021. The third column reports the implied indirect
impact of the adjacent county effects on the predicted mean of the dependent
variable. The direct impact of the own county effects on the predicted mean of
the dependent variable are equal to the effects reported in the first column.
***denotes statistical significance with p < 0.01, ** denotes p < 0.05, * denotes
p < 0.10.
Source: Author calculations from BFS, QCEW, ACS and Census Bureau pop-
ulation estimates.
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Table F11: Three-digit NAICS 2012 codes and titles (part I)

Code Title

111 Crop Production
113 Forestry and Logging
114 Fishing, Hunting and Trapping
115 Support Activities for Agriculture and Forestry
211 Oil and Gas Extraction
212 Mining (except Oil and Gas)
213 Support Activities for Mining
221 Utilities
236 Construction of Buildings
237 Heavy and Civil Engineering Construction
238 Specialty Trade Contractors
311 Food Manufacturing
312 Beverage and Tobacco Product Manufacturing
313 Textile Mills
314 Textile Product Mills
315 Apparel Manufacturing
316 Leather and Allied Product Manufacturing
321 Wood Product Manufacturing
322 Paper Manufacturing
323 Printing and Related Support Activities
324 Petroleum and Coal Products Manufacturing
325 Chemical Manufacturing
326 Plastics and Rubber Products Manufacturing
327 Nonmetallic Mineral Product Manufacturing
331 Primary Metal Manufacturing
332 Fabricated Metal Product Manufacturing
333 Machinery Manufacturing
334 Computer and Electronic Product Manufacturing
335 Electrical Equipment, Appliance, and Component Manufacturing
336 Transportation Equipment Manufacturing
337 Furniture and Related Product Manufacturing
339 Miscellaneous Manufacturing
423 Merchant Wholesalers, Durable Goods
424 Merchant Wholesalers, Nondurable Goods
425 Wholesale Electronic Markets and Agents and Brokers
441 Motor Vehicle and Parts Dealers
442 Furniture and Home Furnishings Stores
443 Electronics and Appliance Stores
444 Building Material and Garden Equipment and Supplies Dealers
445 Food and Beverage Stores
446 Health and Personal Care Stores
447 Gasoline Stations
448 Clothing and Clothing Accessories Stores
451 Sporting Goods, Hobby, Musical Instrument, and Book Stores
452 General Merchandise Stores
453 Miscellaneous Store Retailers
454 Nonstore Retailers
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Table F12: Three-digit NAICS 2012 codes and titles (part II)

Code Title

481 Air Transportation
482 Rail Transportation
483 Water Transportation
484 Truck Transportation
485 Transit and Ground Passenger Transportation
486 Pipeline Transportation
487 Scenic and Sightseeing Transportation
488 Support Activities for Transportation
491 Postal Service
492 Couriers and Messengers
493 Warehousing and Storage
511 Publishing Industries (except Internet)
512 Motion Picture and Sound Recording Industries
515 Broadcasting (except Internet)
517 Telecommunications
518 Data Processing, Hosting, and Related Services
519 Other Information Services
521 Monetary Authorities-Central Bank
522 Credit Intermediation and Related Activities
523 Securities, Commodity Contracts, and Other Financial Investments and Related Activities
524 Insurance Carriers and Related Activities
525 Funds, Trusts, and Other Financial Vehicles
531 Real Estate
532 Rental and Leasing Services
533 Lessors of Nonfinancial Intangible Assets (except Copyrighted Works)
541 Professional, Scientific, and Technical Services
551 Management of Companies and Enterprises
561 Administrative and Support Services
562 Waste Management and Remediation Services
611 Educational Services
621 Ambulatory Health Care Services
622 Hospitals
623 Nursing and Residential Care Facilities
624 Social Assistance
711 Performing Arts, Spectator Sports, and Related Industries
712 Museums, Historical Sites, and Similar Institutions
713 Amusement, Gambling, and Recreation Industries
721 Accommodation
722 Food Services and Drinking Places
811 Repair and Maintenance
812 Personal and Laundry Services
813 Religious, Grantmaking, Civic, Professional, and Similar Organizations
814 Private Households
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