The Minimum Wage, Self-Employment, and the Online Gig
Economy∗
By Benjamin Glasner

This paper estimates the effect of minimum wage increases on work
that is not covered by minimum wage laws. I find minimum wage
increases in the early 2000s resulted in small reductions in engagement in traditional self-employment. Following the development of the online gig economy in the 2010s, a 10% increase in
the minimum wage increased the number of nonemployer establishments classified as transportation and warehousing services by
approximately 2.7%. The counties most likely to exhibit a positive relationship between the minimum wage and participation in
uncovered work are those with low labor market concentration and
active Uber marketplaces.

I.

Introduction

In this paper, I address three research questions. First, what is the impact of the minimum wage on work uncovered by minimum wages? Second, how does the effect of the
minimum wage vary by county-level labor market concentration and the availability of the
online gig economy? Third, does the interaction of local labor market concentration and
the online gig economy have a significant effect on the impact of minimum wage laws?
I answer these questions using data from 2000 to 2018 on nonemployer establishments,
a category of workers primarily composed of the unincorporated self-employed, which includes independent contractors and participants in the online gig economy. I also include
a Herfindahl-Hirschman Index (HHI) to measure county-level labor market concentration
and Uber deployment data within the US at the county level as a measure of the expansion
in the online gig economy. This paper finds evidence that the effect of the minimum wage
on the uncovered labor market has changed over time; I attribute this change to the expansion in low-barrier uncovered work opportunities, including the online gig economy. I also
find evidence of heterogeneous effects across labor market concentration, where counties
with low levels of labor market concentration drive a recent positive relationship between
the minimum wage and engagement in uncovered labor, while highly concentrated labor
markets exhibit no significant relationship.
The literature covering the effects of minimum wage legislation has rarely explored the
∗ I would like to thank Mark Long, Jacob Vigdor, Caroline Weber, Brian Dillon, Paul Christian, Hilary Wething,
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audiences who attended LERA 2019, APPAM 2019, and ASSA 2021 for their thoughtful comments, suggestions, and
support.
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effect of minimum wages on transitions between work that is covered (i.e., employees) and
uncovered (i.e., the self-employed) by the minimum wage (Belman and Wolfson, 2014). The
effect of the minimum wage on employment has often been found to be negative but small
(Wascher, 2007; Neumark and Wascher, 2007; Neumark et al., 2008; Belman and Wolfson,
2014; Wolfson and Belman, 2019), implying a surplus of labor exists following increases
in the minimum wage. This surplus in labor may lead some workers to seek alternative
sources of income in the uncovered labor market.
The uncovered labor market includes independent contractors, the self-employed, spotmarket workers, and the online gig economy. The online gig economy, composed of hybrid
organizational structures that walk the line between uncovered and covered workers as
well as traditional and alternative work arrangements (Simon, 1991; Malone, Yates and
Benjamin, 1994; Sundararajan, 2016), is a relatively small share of uncovered work (US
Department of Labor, 2016; Katz and Krueger, 2016; Current Population Survey Staff,
2018; Katz and Krueger, 2019).1 These hybrid organizations have reduced the barriers for
transition into independent contracting and platform self-employment. The ease of entry
has contributed to the taxi and limousine industry outpacing other industries as a source
of self-employment (Abraham et al., 2018a).
The interaction between the minimum wage and workers in the uncovered labor market
is unclear, particularly in the context of the online gig economy. The expansion of the
online gig economy is more prevalent in dense population centers, which tend to have a
lower level of labor market concentration among firms, as shown in Figure A9, and are
the center of the metropolitan level expansion in minimum wage laws (Dube and Lindner,
2021).
This paper builds on the literature relating the minimum wage to self-employment (Blau,
1987; Bruce and Mohsin, 2006) and labor markets concentration (Azar et al., 2019). Blau
(1987) and Bruce and Mohsin (2006) have explored the effect of the minimum wage on
self-employment while treating the minimum wage as an indicator for wage rigidity. Both
estimated a negative relationship between higher minimum wages and participating in
traditional self-employment, but these papers were written before the expansion in the
availability of low-barrier independent contracting opportunities offered by the online gig
economy. This paper moves minimum wages to the center of the analysis and demonstrates
how the expansion in the online gig economy has changed the previously observed relationship. Azar et al. (2019) find that minimum wage increases have smaller disemployment
effects in more concentrated labor markets and build evidence in support of the use of HHI
as a measure of monopsonistic competition.
I find that for a 10% increase in the minimum wage, from 2000 to 2006, the number
of participants in the uncovered labor market fell by 0.78% and the average receipts of
uncovered workers fell by 0.87%. This result is in line with Bruce and Mohsin (2006) who
estimated that a $1 increase in the real minimum wage resulted in a drop in the rate of
entrepreneurship by 0.84. These results contrast strongly with the effect of the minimum
1 The online gig economy is composed of numerous low-barrier platform-based marketplaces, including, but not
restricted to, Uber, Lyft, Airbnb, TaskRabbit, Etsy, and Upwork.
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wage from 2010 to 2018. For these years, an increase in the minimum wage resulted in a
positive, but insignificant, effect on the number of participants in the uncovered labor market and the average receipts of nonemployer establishments. When the analysis is restricted
to exclusively transportation and warehousing services, the industry which captures the
expansion in Uber and Lyft over this period, a 10% increase in the minimum wage results
in a 2.7% increase in the number of participants in the uncovered labor market. Transportation and warehousing services represented roughly 51% of the increase in the count
of nonemployer establishments following a minimum wage increase while only representing
approximately 1% of the stock of nonemployer establishments as of 2018. This analysis
contributes to the finding that minimum wages have differing impacts across labor market
concentration and the growing literature on the online gig economy and its relationship to
public policy.
II.

Theory
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Figure 1. : An illustration of the competitive model of the minimum wage in the covered,
on the left, and uncovered, on the right, labor market.

To help frame the effects of a minimum wage on the covered and uncovered labor market,
I use the model of the minimum wage outlined by Welch (1974) and Gramlich, Flanagan
and Wachter (1976). The covered and uncovered model of the minimum wage assumes
that the two markets are not economically independent. In the case shown in Figure 1, the
wage in the covered and uncovered markets before introducing a binding minimum wage
is Pc∗ and Pu∗ respectively.2 If the minimum wage is set at level P̄c , such that P̄c > Pc∗ , the
2 Without any differences in job characteristics, P ∗ = P ∗ . As noted by Bracha and Burke (2016), independent
c
u
contractors tend to earn higher wages than their covered counterparts. This higher wage could be compensation for
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Figure 2. : An illustration of the competitive model of the minimum wage in the covered,
on the left, and uncovered, on the right, labor market after the introduction of the online
gig economy.

quantity of labor purchased in the covered labor market falls from Q∗c to Qc . The difference
between Q∗c and Qc is the change in the quantity of labor purchased in the covered market.
At the new minimum wage, P̄c , the difference between the supplied covered labor and
purchased covered labor is Qs − Qc . If jobs are distributed randomly among the set of Qs
workers until reaching Qc , then the number of job-seekers unable to acquire employment
in the covered sector is θ = Qs − Qc . A share of θ would be willing and able to transition
between the covered and uncovered sector, so long as the wage received is greater than their
reservation wage, conditional on job characteristics. This share, φ, is dependent on worker
and job characteristics, including the reservation wage of workers, worker skill sets, and
job requirements. This model assumes that φ is independent of the level of the minimum
wage. As workers transition into the uncovered market, the uncovered wage is bid down,
and the transition into the uncovered market slows, resulting in an uncovered wage pu < p∗
and the uncovered quantity of labor Qu > Q∗u . The movement across markets of size φθ
is under the assumption that the total supply of labor across the covered and uncovered
market is equal to the sum of Q∗c and Q∗u , and that the search for work both within the
covered and uncovered sector and across the sectors, is costless. Note that an individual
worker’s labor is divisible across markets, as individuals may split hours of work across
both.
The introduction of the online gig economy, through a firm like Uber, would yield an
increased demand for uncovered labor. Firms participating in the online gig economy
increase the demand for uncovered labor and reduce barriers to entry into the uncovered
the lack of access to non-monetary benefits of the FLSA and other sources of policy support (Harris and Krueger,
2015; Hyman, 2018). For this example, I make no assumptions about the relative size of Pc∗ or Pu∗ .
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labor market (Abraham et al., 2018a). Reduced barriers to entry would result in φ > φ,
allowing a greater share of workers to transition between the covered and uncovered market.
Figure 2 demonstrates how the increased demand for uncovered labor, and reduced barriers
to transition into uncovered work, can further increase the difference between Qu and Q∗u .
The introduction of the online gig economy results in a greater expansion in uncovered work,
0
such that Qu > Qu > Q∗u , but the effect on the price of uncovered labor becomes uncertain.
The price of uncovered labor may be (1) increased given a large enough increase in the
0
demand for uncovered labor, (2) decreased with P ∗ > Pu > Pu , or (3) with a significant
0
0
increase in φ, Su pivots down enough to reduce Pu < Pu .
Alternatively, a monopsonistic model shows that small increases in the minimum wage
can result in an increase in the quantity of labor in the covered market.3 The increased
return to covered work, and the firm’s capacity to purchase it, would result in a counterclockwise pivot of the uncovered supply curve, reducing the quantity of labor purchased in
the uncovered market. If the minimum wage in the monopsonistic model were binding and
greater than the intercept of the marginal factor cost and the marginal revenue product
curves, then a similar result to Figure 1 would hold.
III.

Data

The primary research question in this analysis requires data on aggregate characteristics
of the uncovered labor market. I use Nonemployer Statistics (NES) data from 2000 to
2018, provided by the Census Bureau, to estimate the size and composition of the uncovered
labor market. The NES collects annual data on nonemployer establishments and reports the
count of establishments by geographic level and industry. Each nonemployer establishment
is defined as a business that has no paid employees, has annual business receipts of 1,000
dollars or more (1 dollar or more in the construction industry), and is subject to federal
income taxes.4 Most nonemployer establishments are self-employed individuals running
small unincorporated businesses, which includes independent contractors. This analysis
uses the aggregate of all NAICS industries and industry-level data at the two-digit NAICS
code level for transportation and warehousing services.5
Nonemployer Statistics are a count of establishments at a geographic level, which prevents
direct measurement of an individual’s intensity of engagement in self-employment. Nonemployer Statistics do, however, include data on the total receipts taken in by establishments,
3 The quantity of labor purchased in the covered market is determined by the intercept of the marginal factor
cost and the marginal revenue product curves.
4 This income restriction means that this analysis omits any shift in Uber drivers or other nonemployer establishments reporting fewer than 1,000 dollars.
5 I create a balanced panel of counties throughout the sample. The panel is balanced for each county when using
the aggregated data for the total count of nonemployer establishments. Industry subsets may include fewer counties
due to confidentiality concerns when few nonemployer establishments are active, resulting in missing years. Counties
with no nonemployer establishments in a given industry code are not included in the data and are assumed to have
zero in a given county-industry-year. Those counties that have less than 3 establishments but are non-zero in a given
year are censored for confidentiality concerns. While it would be possible to estimate the number of establishments
in censored counties, total receipts cannot be estimated. As a result, I do not include censored units and structural
zeros in the analysis. The extensive marginal results of this analysis are not sensitive to these decisions. As a result,
a balanced panel of counties used in the analysis will vary in the number of counties by industry specification.
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allowing for a measure of the average receipts per establishment.6 The methodology for
reporting the receipts of nonemployer establishments was revised in 2009, with new cutoffs
intended to filter out likely employers and better depict the nonemployer business universe.
As a result, average receipts data is not directly comparable before and after 2009, and
this analysis splits the sample before and after this change.7
Previous work on nonstandard work arrangements has leveraged the Current Population
Survey’s Contingent Worker Supplement (CWS) due to its identification of contingent
workers, independent contractors, on-call workers, temporary help agency workers, and
workers provided by a contracting firm. I focus on NES data as it is less restrictive in the
set of workers it captures and allows for county-level geographic information.8 Data which
only capture primary sources of income are likely to underestimate nonstandard work as
the online gig economy is often used as a supplemental source of income (Abraham et al.,
2018a).
One difficulty of identifying the relationship between the minimum wage and nonemployer
establishments is the annual reporting of NES, which does not coincide with minimum wage
changes that occur throughout the year. This reporting can be problematic as minimum
wage changes vary in deployment timing throughout the year. Using Vaghul and Zipperer
(2016) and UC Berkeley Labor Center (2018), I compile Minimum wage data at the federal,
state, and local levels from 2000 to 2018.9 I code the minimum wage as the highest
minimum wage active on December 31st in a county each year.
To address both the second and third research questions in this analysis I need information on both the local labor market’s concentration and the availability of the online
gig economy. I use the publicly available County Business Patterns (CBP) data from 2000
to 2018 to construct a measure of the covered labor market concentration in each county.
County Business Patterns data includes counts of the number of establishments in the covered labor market and the number of employees working at these establishments. County
Business Patterns data identifies employment counts in firm size categories,10 and I use
these counts to construct a Herfindahl-Hirschman Index (HHI).11 The HHI is a measure
6 This analysis uses publicly available NES data. Abraham et al. (2018a) is an example of work using individuallevel data linked with the same individual’s wage and salary earnings. It would be worthwhile replicating this paper’s
analysis with the linked data in future work.
7 This change in reporting can be seen in Figure A3.
8 The restrictive nature of the CWS, specifically the focus on primary sources of income, is one explanation for
why the percent of workers in alternative work arrangements and the uncovered marketplace has seemed to remain
stable since 1995, which is in contrast to administrative data sources like NES (Abraham et al., 2018b; Katz and
Krueger, 2019).
9 The results of this analysis were robust to coding the minimum wage on January 1st and the average across
months. The variation in minimum wage policy implementation may produce underestimates of the effect of the
minimum wage. If the minimum wage increases in December, then the covered market may not respond completely
before the new year begins.
10 The CBP breaks the establishments up into groups of firms that have 1 to 4 employees, 5 to 9, 10 to 19, 20 to
49, 50 to 99, 100 to 249, 250 to 499, 500 to 999, 1,000 to 1,499, 1,500 to 2,499, 2,500 to 4,999, and firms greater than
5,000 employees.
11 The Herfindahl-Hirschman Index is calculated by squaring the market share of each firm competing in the market
and then summing the resulting numbers. The HHI will approach zero with lower levels of labor market concentration
and has a maximum of 10,000. I assume that each establishment in the employee group has the minimum number of
employees and use this tally to create a measure of labor market concentration in each county for each year. I have
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of labor market concentration and can offer insights into the distribution of labor market
power across the US (Rinz et al., 2018) and has been previously used to study how the effect of the minimum wage varies with labor market concentration (Azar et al., 2019). Once
the HHI is calculated, I compute 100 quantiles and use the HHI quantile as a measure of
labor market concentration.12 .
The geographic and time-varying rollout of Uber makes it possible to construct a measure
of the expansion in the online gig economy. Uber deployed across the United States in a
series of waves starting in 2011 in San Francisco. Figure A6 shows this deployment history
in action at the county level. This initial expansion in locations was not random, as Uber
sought to operate in markets that would produce high initial uptake of their service, but
the deployment strategy grew less dependent on local market characteristics (Huet, 2014).
Summary statistics across deployment zones at the county level can be found in Table
A1. While Uber favored large urban centers as deployment locations, these areas had little
difference in the prevalence of nonemployer establishments as a share of the labor force.
To identify the effect of Uber, as an example firm in the online gig economy, I use the
date of operation of Uber in a given county to create an indicator for a new low-barrier
purchaser of uncovered labor.13
I estimate the effect of Uber, as an example firm in the online gig economy, using the
date of operation of Uber in a given county. I expand the Uber treatment to include the
core-based statistical areas (CBSAs) where a county resides.14 Linking Uber deployment
to CBSAs captures the effect of Uber among counties that are economically linked. This
coding reduces bias from individuals commuting to counties where Uber is operational.
Nonemployers are counted in counties where they file their taxes and not where driving
occurs. This is consistent with the coding of Uber treatment in Abraham et al. (2018a).15
Using the Bureau of Labor Statistics Local Area Unemployment Statistics I include
annual county labor force estimates. Measures of the population density of counties are
repeated the analysis using both the minimum, midpoint, and maximum of the range for each group and found the
results were consistent. The midpoint and maximum values for the largest establishment category were set at 10,000
and 15,000 employees respectively. Due to the lack of data for the exact midpoint and maximum values for the largest
establishment category, the minimum method is favored in this analysis. One risk of the lower-bound method is that
it underestimates the amount of labor among a few large firms. This calculation would result in an underestimate
of the labor market concentration, and an overestimate of the market competition among low-concentration zones.
Since the use of the midpoint and maximum method did not significantly impact my results, I am unconcerned
by this issue. By assuming that each firm employs the minimum number of employees in their employment group
bin, I estimate the number of employees for each of these firms and can calculate the HHI across each group. This
tells me how much labor is concentrated in each firm, in each employment group bin. I then sum each employment
group bin’s HHI to get the county HHI, a measure of the aggregate employment concentration at the county level.
Beginning in 2017, the process of censorship extends to any cell with fewer than three establishments. I extend any
value from 2016 to both 2017 and 2018. Results are consistent in a sample excluding 2017 and 2018.
12 Results are robust to the use of raw HHI, as well as the logged HHI, but quantiles are my preferred measure to
account for the right-tailed nature of the data. This robustness can be seen in Figure A7.
13 This deployment data was supplied by Uber upon request.
14 CBSAs are defined by the Census Bureau as a geographic area which “consist of the county or counties or
equivalent entities associated with at least one core (urbanized area or urban cluster) of at least 10,000 population,
plus adjacent counties having a high degree of social and economic integration with the core as measured through
commuting ties with the counties associated with the core” (US Census Bureau, 2010).
15 I also perform an analysis at the combined statistical area level rather than county level, to account for this
exact issue. These results are shown in Table A5.
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constructed using the Annual Estimates of the Resident Population data from the Census
Bureau, coded as the number of people per square kilometer. Table 1 includes summary
statistics on the uncovered market, HHI, real minimum wage, and labor force.
Table 1—: Descriptive Statistics of All Nonemployer Establishments, 2000-2018
Statistic
Nonemp. Estab. (NE)
Labor Force
NE/LF (1,000s)
Receipts ($1000s)§
Average Receipts§
Minimum Wage§
HHI

Mean

St. Dev.

Min

Median

Max

7,025
49,980
140
359,441
43,711
6.65
812.8

25,976
158,808
37
1,460,626
9,144
1.24
259.1

23
232
8
229
7,890
5.15
199.8

1,710
12,648
134
71,292
42,533
7.25
750.4

1,107,080
5,095,504
560
58,688,161
174,030
15.69
7,307.7

Note:
§Inflation adjusted to 2016 dollars.

A.

Measures

The extensive marginal effect of the minimum wage on the uncovered labor market can
be directly measured using the number of nonemployer establishments active in a county in
a given year, defined as Ecit , in county c, industry i, and year t. I drop Industry subscripts
when performing the analysis on all nonemployer establishments. I use both the count and
the logged count of nonemployer establishments in this analysis.
I estimate the effect of the minimum wage on the number of nonemployer establishments
, where Lct
in a given industry per member of the labor force in a county, ecit = ELcit
ct
is county c’s total labor force estimate in year t. This creates a proxy measure for the
likelihood that an individual will engage in an uncovered industry, in a given countyyear, conditional on being in the labor force.16 This measure may capture an impact on
aggregate covered employment and labor force participation. If minimum wages result in
significant reductions in the labor force, and no change in nonemployer establishments, then
the minimum wage would appear to increase the prevalence of uncovered work through a
reduction in covered employment.
Using the total reported receipts of nonemployer establishments, I calculate the average
receipts of nonemployer establishments in a county within a given industry. Treating Rcit
as the total receipts taken in by nonemployer establishments in county c, industry i, and
cit
year t, the average receipts are rcit = R
Ecit . I use the log of the average receipts to measure
the change in average receipts of nonemployer establishments due to the minimum wage.
16 An individual tax filer can be responsible for multiple nonemployer establishments if a self-employed individual
operates multiple distinct businesses.

VOL. VOLUME NO. ISSUE

THE MINIMUM WAGE AND THE GIG ECONOMY

IV.

9

Methodology

This analysis addresses the impact of the minimum wage on work uncovered by minimum
wages. I also test how the effect of the minimum wage differs by local labor market
concentration and the deployment of Uber. The relationship between the minimum wage
and the uncovered market is vulnerable to the timing and location of minimum wage
increases and Uber expansion. This analysis begins to address these and other potential
biases with a two-way fixed effect model at the county-year level. I use 2,996 counties across
16 years, from 2000 to 2006 and 2010 to 2018. The primary advantage of the two-way fixed
effect model is the ability to include interaction effects between the HHI quantile, Uber
being active, and the minimum wage. Equation (1.1) describes the primary specification of
the two-way fixed effect model. Yct , the dependent variable, is alternatively defined as either
log(Ect ), log(Ecit ), ect , ecit , log(rct ), and log(rcit ), and each of these six dependent variables
are computed for either the aggregate of all nonemployer establishments or transportation
and warehousing services.

(1)

Yct = β0 + β1 Log(Mct ) + β2 Uct + β3 HHIct + β4 Pop-Densityct + αc + τt + ct

I estimate equation (1.1) using OLS with clustered standard errors at the county level,
and weight regressions by the county’s average population across the sample.17 These
models control for time-invariant geographic characteristics, and year fixed effects. Mct
identifies the real minimum wage at the county level in 2016 dollars.18 Uct identifies if
Uber is active at any time in county c in year t. HHIct is county c’s HHI quantile in
year t, where a lower quantile means a less concentrated labor market and thought to be
a more competitive county. I also include a control for the county’s population density,
Pop-Densityct , to account for differences in the structure of the uncovered labor market
across more or less dense areas.
The time-invariant geographic characteristics, αc , are preferred at the county level given
the inclusion of local minimum wage changes, local Uber treatment, and local labor force
estimates.19 These time-invariant factors may influence the nature of uncovered labor
markets which form in a county and their long-run behavior and may have led Uber to
select some counties over others in the timing of deployment. Year fixed effects, τt , control
for shocks that occurred nationally. When utilizing τt the analysis is limited to testing the
effect of state and local minimum wage changes.
Equation (1.1) presents the variance-weighted average treatment on the treated estimate
of state and local minimum wage changes on the chosen dependent variable, conditional on
17 Weighting by the county population or observed labor force as opposed to county average across the sample
skews the estimate toward a recency bias due to demographic trends. An alternative specification without population
weights is presented in Table A6. The results presented in this paper are also robust to clustering at the state level
instead of the county level.
18 The two-way fixed effect estimates were also consistent with the nominal minimum wage.
19 I perform additional analyses at the Combined Statistical Area (CSA) level. These are included in Tables A5
and A6.
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county fixed effects, year fixed effects, the listed controls, and weighted by the county’s population (Goodman-Bacon, 2021). Following equation (1.1), I introduce interaction effects
with Uct , HHIct , and Pop-Densityct to estimate the effect of local labor market concentration and the availability of the online gig economy on the relationship between the
minimum wage and the uncovered labor market.
Throughout the analysis of the effect of the minimum wage on nonemployer establishments, I split the sample between observations from 2000 to 2006 and 2010 to 2018. I
do this for three primary reasons. First, these periods exclude increases in the federal
minimum wage in 2007, 2008, and 2009. Second, this period split acts as a divider between measures of the average receipts of nonemployer establishments following the new
maximum and minimum receipt cutoffs introduced in 2009 by the Census Bureau. Third,
splitting the data allows for a reexamining of the treatment effect of the minimum wage
on units that may have been treated early in the sample.
A.

Alternatives to the Two-Way Fixed Effect Models

Previous work demonstrates that two-way fixed effect models may misestimate the counterfactual employment levels in minimum wage analyses specifically (Allegretto et al., 2017;
Cengiz et al., 2019; Callaway and Sant’Anna, 2020), and a growing literature demonstrates
the weaknesses of two-way fixed effect models, including the use of negative weights potentially switching the sign of treatment effects, failure to validate parallel trends, and
nonconformity with event study designs (Borusyak, Jaravel and Spiess, 2021; Sun and
Abraham, 2021; Goodman-Bacon, 2021). As such, I test three alternative designs to estimate the average treatment effect of the minimum wage on the uncovered labor market.
The first alternative specification used comes from De Chaisemartin and d’Haultfoeuille
(2020b). This method estimates the treatment effect on a given outcome using group-level
panel data with non-binary treatments and will be referred to as the DIDM estimator.
The DIDM estimator requires stable treatment values among control units and estimates
dynamic effects relative to the first period when treatment changes. To make a comparable
design using the DIDM framework, I redefine the treatment as the log of the nominal
minimum wage as opposed to the log of the real minimum wage, which would induce a
”change in treatment” simply by adjusting for inflation.20
In addition to the DIDM, I utilize the methodology outlined by Callaway and Sant’Anna
(2020). This method does not support non-binary treatments and will be referred to as
the Callaway and Sant’Anna Method (CSDID) in the subsequent tables. I favor the DIDM
estimator for the aggregate effect estimates because it differentiates between varying sizes
in the change to the minimum wage. The CSDID also differs in its treatment of control variables and conditional parallel trends. When including controls within the DIDM
20 When generating the effect estimate, a stable treatment status is required as well as a broadening of the treatment
groups. I specify the re-categorized treatment bins to collect values that may not have many comparable units. This
code can be found in the replication files. To avoid a conflation between the transition from the real minimum
wage to the unadjusted minimum wage and a change in methodology, I also used the unadjusted minimum wage in
equation (1.1) and found no significant difference from the inflation-adjusted results.
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method, the “first-difference of the outcome is replaced by residuals from regressions of
the first-difference of the outcome on the first-differences of the controls and time fixed
effects” (De Chaisemartin and d’Haultfoeuille, 2020b).21 In contrast to the DIDM method
for creating conditional parallel trends, the CSDID incorporates time-invariant covariates.
Covariates do not need to be included, but this does offer an alternative method of addressing the parallel trends assumption.
The final design, which acts as a robustness check, is the generalized synthetic control
method (GSCM) developed by (Xu, 2017) which incorporates the regional policy evaluation
estimator method used by Gobillon and Magnac (2016). This addition follows the work
of Dube and Zipperer (2015) and Powell (2021) in the application of synthetic control
designs for the analysis of minimum wage policies across many treated units with varying
treatment sizes. I apply both the GSCM and the CSDID to a binary treatment defined
as the adoption of a local minimum wage increase at the county or metropolitan level.22
Table A2 identifies which counties adopted local minimum wage changes in this data, when
they adopted the local minimum wage change, and the county’s combined statistical area.
V.
A.

Results

Descriptive Relationship between the Minimum Wage and Nonemployer Establishments

Figure 3 describes both the log of the number of nonemployer establishments and the log
of the average receipts of nonemployer establishments and their relationships with the real
minimum wage, split between counties that have Uber active and those which do not.23
A positive relationship can be seen between the number of nonemployer establishments
and the real minimum wage. This positive association holds for counties with and without
Uber. The effect on the log of average receipts appears to be modest. In counties without
Uber active, the relationship is slightly negative, and in counties with Uber active, it is
slightly positive, but neither seems substantial. The linear relationships depict a situation
where higher minimum wages are associated with a higher count of nonemployer establishments and no substantial impact on the average receipts of nonemployer establishments in
aggregate.
The right side of Figure 3 describes the same relationships, but for the subset of transportation and warehousing services. For counties with and without Uber active, the count
of nonemployer establishments is positively associated with the minimum wage, but the
relationship is greater among Uber active counties. The impact of the minimum wage on
the average receipts of transportation and warehousing services is negative and greater
21 This quote comes directly from the help file for the did multiplegt function stemming from the De Chaisemartin
and d’Haultfoeuille (2020b)’s paper.
22 This GSCM matches in the pre-treatment period on the minimum wage, population density, HHI quantile, and
county population. The CSDID performs conditional parallel trends using a constant and the year that Uber becomes
active in a county.
23 I calculate the real minimum wage using the CPI inflation calculator, which uses the Consumer Price Index
for All Urban Consumers (CPI-U) U.S. city average series for all items, not seasonally adjusted. The adjustment
compares the value of a dollar in each December of that year without reference to a given county’s characteristics.
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Figure 3. : Bivariate Relationship between the Minimum Wage and Nonemployer Establishments

These figures show both the number of nonemployer establishments (top) and average
receipts of nonemployer establishments (bottom) relationship with the real minimum wage.
Figures on the left are for the aggregate of all industries, and figures on the right are for
transportation and warehousing services. Grey points are county-year observations where
Uber is active, and black points are county-year observations where Uber is not active.
The fitted grey line is the linear relationship among counties with Uber active, and the
black line is the linear relationship among counties where it is not.
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among counties where Uber is active.24
B.

Effect Estimate of the Minimum Wage

Table 2 addresses the first research question, “What is the impact of the minimum wage
on work uncovered by the minimum wage?” Using equation (1.1) as well as the differencein-differences estimator from De Chaisemartin and d’Haultfoeuille (2020b), I estimate the
effect of the minimum wage on the two split samples of the data, from 2000 to 2006 and
2010 to 2018. The first section of Table 2 identifies the effect of the minimum wage on
all nonemployer establishments, inclusive of all NAICS industry codes. I favor the effect
estimates from the DIDM and support the parallel trends assumption by including placebo
and dynamic treatment estimates, which can be seen in Figures A12 and A13.25
The 2000 to 2006 sample occurs before the expansion of the online gig economy and is
more similar to the uncovered labor market explored by Bruce and Mohsin (2006). Bruce
and Mohsin (2006) estimate that a $1 increase in the real minimum wage results in a 0.84
drop in the rate of entrepreneurship when using IRS data on declared earnings from selfemployment.26 My results from 2000 to 2006 align well, as I estimate that a 10% increase
in the minimum wage results in a statistically significant reduction in the number and
average receipts of nonemployer establishments by 0.78% and 0.87%, respectively. The
two-way fixed effect results from equation (1.1) report similar conclusions as the DIDM
estimator.
Among the 2010 to 2018 sample, I find that a 10% increase in the minimum wage does
not have a statistically significant effect on the number of nonemployer establishments or
their average receipts, but it does result in an additional 1.392 nonemployer establishment
per 1,000 members of the labor force. When comparing the 2000 to 2006 sample, the
negative effect across all three dependent variables reverses.
Among transportation and warehousing services from 2000 to 2006, a 10% increase in
the minimum wage reduced the number of nonemployers by 0.865%. The effect on the
number of establishments per 1,000 members of the labor force and the average receipts of
establishments are statistically insignificant. This is in line with the conclusion across all
nonemployer establishments in the same period, apart from a drop in significance on the
average receipts of nonemployer establishments.
The previous results among transportation and warehousing services differ substantially
from the 2010 to 2018 sample. A 10% increase in the minimum wage from 2010 to 2018
results in a 2.695% increase in the count of nonemployer establishments over the four years
24 The relationship shown in Figure 3 is excluding outlier levels of the minimum wage resulting from large local
changes. The largest real minimum wages in the data are in King County, WA in 2014 and Alameda, CA in 2016.
Note, the increase in King county comes from SeaTac and not Seattle. The figures are robust to the exclusion of all
real minimum wage values greater than $12.00. Figure A4 includes these outlier values.
25 By including dynamic treatment effects in the DIDM method, the values shown in Tables 2, 3, A5, and A6 can
be interpreted as the cumulative effect of the minimum wage up to four years after treatment occurs.
26 The estimate from Bruce and Mohsin (2006) is a change in the “number of individual income tax returns with
income from a small business/profession or farm as a share of all individual income tax returns.” This result is
not directly comparable to estimates of either the count of nonemployer establishments or the share of nonemployer
establishments per member of the labor force.
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Table 2—: Treatment Effect Estimates
All Industries
Method

Dependent variable:

Treatment

Log(Estab.)

Estab./L.F. (1,000)

Log(Avg. Receipts)

Two-Way FE
2000 to 2006

Real
Log(Min. Wage)

-0.0459
(0.0319)

-1.21
(3.91)

-0.0901∗∗∗
(0.0211)

Two-Way FE
2010 to 2018

Real
Log(Min. Wage)

0.0133
(0.0243)

6.78∗
(3.99)

0.0265
(0.0172)

DIDM†
2000 to 2006

Nominal
Log(Min. Wage)

-0.0780∗∗∗
(0.0181)

-4.91
(3.71)

-0.08749∗∗∗
(0.02401)

DIDM†
2010 to 2018

Nominal
Log(Min. Wage)

0.0225
(0.0297)

13.92∗∗∗
(3.57)

0.0419
(0.0286)

Transport. and Ware.
Method

Dependent variable:

Treatment

Log(Estab.)

Estab./L.F. (1,000)

Log(Avg. Receipts)

Two-Way FE
2000 to 2006

Real
Log(Min. Wage)

-0.0005
(0.0608)

0.18
(0.45)

-0.0660∗∗∗
(0.0219)

Two-Way FE
2010 to 2018

Real
Log(Min. Wage)

0.7947∗∗∗
(0.1305)

13.31∗∗∗
(2.56)

-0.3020∗∗∗
(0.0786)

DIDM†
2000 to 2006

Nominal
Log(Min. Wage)

-0.0865∗∗
(0.0401)

0.02024
(.44428)

-0.0368
(0.0745)

DIDM†
2010 to 2018

Nominal
Log(Min. Wage)

0.2695∗∗
(0.1225)

7.15∗∗∗
(2.35)

0.0502
(0.0745)

All Except Transport. and Ware.
Method

Treatment

Dependent variable:
Log(Estab.)
∗∗∗

Estab./L.F. (1,000)

Log(Avg. Receipts)

DIDM†
2000 to 2006

Nominal
Log(Min. Wage)

-0.0782
(0.0189)

-4.86
(3.220)

-.0887∗∗∗
(0.0257)

DIDM†
2010 to 2018

Nominal
Log(Min. Wage)

-0.0137
(0.0289)

6.78∗
(3.559)

0.0533∗∗
(0.0270)

∗

p<0.1;

∗∗

p<0.05;

∗∗∗

p<0.01

Note:
This table uses the data at the county level.
†The De Chaisemartin and d’Haultfoeuille (2020b) estimator identifies treatment switchers as those whose nominal
minimum wage increases in comparison to the previous period. The increase is treated as an increase in the level
of a continuous treatment and accounts for the difference in the size of the first increase. Both the pre-2007 sample
and the post-2009 sample include dynamic treatment effects for four years following treatment. The value presented
is the cumulative effect for the specified post-treatment periods. The DIDM estimate is run with 1000 bootstraps
and is performed conditional on the county’s HHI, population density, and total population. This exact coding can
be found in the replication code.
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after the increase occurs, and an increase of .715 additional nonemployer establishments
per 1,000 members of the labor force. These increases occur without any statistically
significant impact on the average receipts of nonemployer establishments.
The increase in the number of transportation and warehousing services is roughly 12
times greater than the statistically insignificant results across all nonemployer establishments. Once transportation and warehousing services are removed from the stock of all
nonemployers, the positive insignificant effect on the count of nonemployer establishments
for the 2010 to 2018 sample switches sign. The significant increase in the number of
nonemployer establishments per 1,000 members of the labor force, 13.92, is also cut in half
and reduced to 6.78. Transportation and warehousing services appear to have represented
roughly 51% of the increase while only representing roughly 1% of the stock of nonemployer
establishments as of 2018.
These results highlight a discrepancy in the effects of the minimum wage between transportation and warehousing services and nonemployer establishments in general. The positive relationship between the minimum wage and the number of nonemployer establishments is restricted to transportation and warehousing services and only in the 2010 to 2018
sample. The parameter θ is not dependent on any given industry and is a market-level
effect. This leaves φ as the primary explanation for the difference between the observed
effect among transportation and warehousing services and the aggregate of all other industries, but the surplus in covered labor, θ, is equivalent in both samples. The successful
transition of workers into the uncovered market is likely in large part due to the increased
ease of entry into this type of work. These results indicate a link between minimum wage
increases and a displacement of covered labor. Some of the displaced covered labor can
transition into new types of uncovered work with low barriers to entry and exit. These
results also highlight that this successful transition from the covered to the uncovered labor
market is not the norm. Displaced covered labor has, in general, been unable or unwilling
to enter into the traditional uncovered labor market.
As minimum wages increase, an increasing number of workers participate in the uncovered labor market via the online gig economy. What remains to be seen is if the increase in
engagement in uncovered online gig work is consistent across labor market concentration,
and if the expansion in Uber is a primary factor in the positive effect among transportation
and warehousing services.
C.

The Impact of Labor Market Concentration and the Online Gig Economy

One of the limitations of De Chaisemartin and d’Haultfoeuille (2020b)’s estimator is an
inability to test for interaction effects on the primary treatment. This limits the applicability of the estimator to the second and third research questions of this analysis. I explore
the relationship between the real minimum wage and (i ) county labor market concentration and (ii ) the online gig economy, using the two-way fixed effect model. Due to the
previous results on the primary research question, I focus this portion of the analysis on
the sample from 2010 to 2018. Tables A3 and A4 show the extension of equation (1.1) after
including interaction effects between the minimum wage, HHI quantile, Uber being active,
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and population density. These tables also include a Poisson pseudo-maximum likelihood
with two-way fixed effects (Correia, Guimarães and Zylkin, 2020) in addition to two-way
fixed effect regressions using OLS.
As shown in Table 2, the two-way fixed effect model captures the direction of the effects
consistently, but, as discussed in the Alternatives to the Two-Way Fixed Effect Models
section, it is a biased estimate of the effect of the minimum wage on uncovered labor. As a
result, Tables A3 and A4 are used to inform the relationship between the minimum wage
and both the labor market concentration of counties and the online gig economy. These
results are not as reliable an estimate of the exact size of the effect between the minimum
wage and uncovered labor.
Figure 4 presents the marginal effect of the minimum wage on the logged number of
nonemployer establishments and average receipts. This figure shows that counties with
low labor market concentration and an active Uber marketplace drive the significant relationships between the minimum wage and the uncovered labor market for transportation
and warehousing services. The positive effect on the number of nonemployer establishments and the negative effect on average receipts predicted by the competitive model of
the minimum wage is estimated to occur in the least concentrated labor markets.
Among transportation and warehousing services, a 10% increase in the minimum wage
results in 9% more nonemployer establishments classified as transportation and warehousing services, and a 3% reduction in average receipts, among counties with low labor market
concentration and with Uber active. When Uber is not active, I find no significant relationship between the minimum wage and the log of nonemployer establishments at a
95% confidence level, regardless of labor market concentration. In contrast to the results
observed when Uber is active, I find a significant increase in the average receipts of counties with very low labor market concentration, increasing by 3% for a 10% increase in
the minimum wage. This could indicate that the demand for uncovered transportation
and warehousing services has increased for reasons other than Uber, without a significant
increase in the number of nonemployer establishments.
While transportation and warehousing services appear significantly responsive to the
minimum wage, the aggregate of all nonemployer establishments is not. Across all nonemployer establishments, a 10% increase in the minimum wage results in about a 0.5% increase
in the number of nonemployer establishments, but only in counties with an HHI quantile
of 10 or less and where Uber is active. The effect on the average receipts of nonemployer
establishments is only statistically significant at the 95% level for counties with an HHI
quantile of 10 or less where Uber is not active, showing an increase in average receipts of
0.6% for a 10% increase in the minimum wage.
In total, an increase in the minimum wage leads to an increase in the number of workers
engaging in uncovered work in less concentrated counties where the online gig economy is
active and able to take advantage of large consumer networks in low concentration urban
settings. This effect represents a fraction of the broader uncovered market, and aggregate
effects are small but present. The increase in the supply of labor in the uncovered market
does not significantly impact the average receipts taken by nonemployer establishments
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Labor Force (2018)

Figure 4. : Marginal Effect of the Minimum Wage by Uber Activity and Labor Market
Concentration
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These figures illustrate the marginal effect of the log(real minimum wage) on the
log(nonemployer establishments) and the log(average receipts) for both transportation and
warehousing services and all nonemployer establishments. These results come from Tables
A3 and A4 and highlight how the effect of the minimum wage varies by labor market
concentration. Lower HHI quantiles are less concentrated labor markets. The zero line is
indicated by a solid red line.
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classified as transportation and warehousing services, as shown in Table 2, but heterogeneous effects were shown across labor market concentration. The lack of a low barrier
marketplace also indicates a “return to normal” as transportation and warehousing services exhibit a similar relationship to nonemployers in general. This result supports the
conclusion that Uber, and other forms of platform work, can effectively take up a portion
of the slack from excess labor supply in the covered labor market resulting from minimum
wage increases, and that some slack does exist even if it is not able to break into traditional
self-employment.
D.

Local Minimum Wage Increases

Using the estimators from De Chaisemartin and D’Haultfœuille (2020a), Callaway and
Sant’Anna (2020), and Xu (2017), and defining the adoption of local minimum wage increases at the county or metropolitan level as the treatment, I find similar results to those
already identified among low concentration counties.27 These results act as a robustness
check on the aggregate effect estimates already discussed, due to concerns regarding the
generalizability of local minimum wage changes to state and federal changes.
Table 3 includes the effect estimates from the DIDM, CSDID, and GSCM for the introduction of a local minimum wage into a county. The three methods return consistent signs
for the relationship between the minimum wage and each of the three dependent variables.
While the precision of each estimate does vary across methods, the general conclusions
remain the same as those derived from Table 2. Increases in the minimum wage have a
significant positive relationship to engagement in transportation and warehousing services,
and a negative relationship to the average receipts taken in by these nonemployer establishments. It is also worth noting that the effect estimates using the GSCM are substantially
larger than for either the DIDM or CSDID.
As shown in Table A2, the majority of local minimum wage increases occur in low
concentration counties and predominantly metropolitan or micropolitan areas. Table 3
indicates that local minimum wage increases, among this set of predominantly metropolitan
and micropolitan counties, are most similar to low concentration counties. Figures A14
and A15 demonstrate the event study for both transportation and warehousing services
and all nonemployer establishments, and show no consistent significant violation of parallel
trends.
Figure A17 shows the average effect of the treatment on the treated for transportation and
warehousing services and all nonemployer establishments. It also allows for an assessment
of the parallel trends assumption, with no significant differences between the treatment and
control units in the pre-period. A significant increase in the number of transportation and
warehousing services follows the introduction of a local minimum wage change. I also find
a significant reduction in the average receipts at the 95% level. When estimating the effect
for all nonemployer establishments, I find similar results, but to a smaller degree, again
27 The average change in the real minimum wage in the first year of implementation of a local minimum wage in
my sample is $1.60. Table A2 describes local minimum wage increases at the county level.
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Table 3—: Treatment Effects: Local Minimum Wages
NAICS: All Industries
Method

Treatment

Dependent variable:
Log(Estab.)
∗∗

Estab./L.F. (1,000)

Log(Avg. Receipts)

DIDM †

Min. Wage
(Local)

0.0155
(0.0063)

2.47
(1.57)

-0.0074
(0.0052)

CSDID ‡

Min. Wage
(Local)

0.01607
(0.01032)

0.29
(1.81)

0.00045
(0.00754)

GSCM §

Min. Wage
(Local)

0.1709∗∗∗
(0.0187)

19.7∗∗∗
(3.5)

-0.0969∗∗∗
(0.013)

NAICS: Transport. and Ware.

Dependent variable:

Method

Treatment

Log(Estab.)

Estab./L.F. (1,000)

Log(Avg. Receipts)

DIDM †

Min. Wage
(Local)

0.2834∗∗∗
(0.0638)

5.8∗∗∗
(1.1)

-0.1291∗∗∗
(0.0367)

CSDID ‡

Min. Wage
(Local)

0.2801∗∗∗
(0.0688)

4.24∗∗∗
(1.20)

-0.0954∗
(0.0578)

GSCM §

Min. Wage
(Local)

0.8989∗∗∗
(0.0813)

8.90∗∗∗
(1.00)

-0.3586∗∗∗
(0.0793)
∗

p<0.1;

∗∗

p<0.05;

∗∗∗

p<0.01

Note:
This table uses the data at the county level. In this table, treatment switchers are those counties which introduce a
local minimum wage that is greater than the state and federal minimum wage at the time of introduction. All three
methods presented are run with 1000 bootstraps, but include slightly different control and matching structures.
†The De Chaisemartin and d’Haultfoeuille (2020b) estimator identifies dynamic treatment effects for up to four years
following treatment. The value presented is the cumulative effect for the specified post-treatment periods. The
DIDM estimate is run with 1000 bootstraps and is performed conditional on the county’s HHI, population density,
and total population. This exact coding can be found in the replication code.
‡CSDID presents the average treatment effect of an aggregated event study across all local minimum wages, as shown
in Figures A14 and A15. This method conditions on the average county HHI quantile, county population density in
the first year of the sample, and the year that Uber first becomes active in the county. Effect estimates are weighted
by the county’s average population.
§The GSCM used here presents the average difference between the treated units and each of their synthetic controls
after matching on the county HHI quantile, population density, and minimum wage in the pre-period. This process
also uses cross-validation to select the optimal number of factors, nonparametric inference, and is weighted by the
county’s average population.
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showing that the aggregate uncovered labor market is less responsive than transportation
and warehousing services examined alone.
VI.

Conclusion

This analysis addresses the degree to which changes in the minimum wage impact the
propensity of workers to engage in the uncovered labor market. I find that (1) in aggregate,
increase in the minimum wage have a limited impact on uncovered work arrangements in
aggregate; (2) low-barrier marketplaces and the development of the online gig economy
appear to have created a niche of uncovered labor which is significantly responsive to the
minimum wage; and (3) the concentration of local labor markets is an important component
in determining where the minimum wage is likely to displace labor from the covered to the
uncovered sector.
I find a positive relationship between the minimum wage and engagement in uncovered
work among counties with low levels of labor market concentration and a prevalence of lowbarrier uncovered work arrangements, paired with negative effects on the average receipts
of establishments in less concentrated counties. Among transportation and warehousing
services, I find that for a 10% increase in the minimum wage, the number of nonemployer
establishments classified as transportation and warehousing services increases by 2.7% in
the period from 2010 to 2018. This positive effect disappears when I consider the stock of
all nonemployer establishments, as transportation and warehousing services, and the online
gig economy in general, make up a small share of the total stock of uncovered labor. Where
minimum wages do displace labor from the covered market into the uncovered market, the
average receipts of nonemployer establishments fall. I do not find significant effects of
the minimum wage on the uncovered market among highly concentrated counties, where
monopsonistic or oligopsonistic competition is most likely to occur.
For those studies which utilize data solely on covered work, any negative relationship
between minimum wages and the quantity of labor may be overestimated, as the transition
of workers between the uncovered and covered market may be classified as an exit from the
labor market. These studies are also unlikely to capture movement on the intensive margin
of the uncovered labor market, masking what may be important shifts in hours’ allocation
between the uncovered and covered labor market. Studies that rely on data sources that
capture both the uncovered and covered labor market, but fail to distinguish between the
two, may underestimate the negative consequences caused by this transition. Workers
leaving the covered market to take up uncovered work may lose access to a substantial
number of policy protections and fringe benefits. Without properly accounting for this
shift, the assessment of aggregate welfare effects will be positively skewed. Both of these
concerns are of particular importance in concentrated metropolitan regions with access to
the online gig economy.
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APPENDIX

Table A1—: County Characteristics by Uber Deployment Wave
Uber Active
Year
Not Active by 2018
2012
2013
2014
2015
2016
2017
2018

Counties
1,448
123
74
410
150
249
383
166

Nonemp.
Estab.
1,159
17,076
11,056
5,778
4,668
2,078
1,547
1,590

Nonemp. Estab./
LF (1,000s)
136
150
142
135
131
138
142
154

Tot. Receipts
($1,000)
47,372
834,068
474,086
255,071
196,854
89,303
65,649
57,412

Avg.
Receipts
41,341
46,031
45,782
41,968
39,860
40,483
40,596
37,893

HHI
Quantile
61
21
26
30
31
52
55
63

Note:
This table presents the median values for each of the listed variables in the year before Uber is active in that county.
For counties where Uber is not active by 2018, the median is calculated across the full panel.
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Table A2—: Local Minimum Wage Increases
st - cty
35-49
6-75
35-1
6-1
6-85
24-31
24-33
53-33
6-13
6-73
17-31
19-103
21-111
35-13
21-67
23-5
6-67
23-19
53-53

Combined Statistical Area
Albuquerque-Santa Fe-Las Vegas, NM
San Jose-San Francisco-Oakland, CA
Albuquerque-Santa Fe-Las Vegas, NM
San Jose-San Francisco-Oakland, CA
San Jose-San Francisco-Oakland, CA
Washington-Baltimore-Arlington, DC-MD-VA-WV-PA
Washington-Baltimore-Arlington, DC-MD-VA-WV-PA
Seattle-Tacoma, WA
San Jose-San Francisco-Oakland, CA
Not in a CSA
Chicago-Naperville, IL-IN-WI
Cedar Rapids-Iowa City, IA
Louisville/Jefferson County-Elizabethtown-Madison, KY-IN
El Paso-Las Cruces, TX-NM
Lexington-Fayette-Richmond-Frankfort, KY
Portland-Lewiston-South Portland, ME
Sacramento-Roseville, CA
Not in a CSA
Seattle-Tacoma, WA

Year
2004
2005
2007
2014
2014
2014
2014
2014
2015
2015
2015
2015
2015
2015
2016
2016
2017
2017
2017

HHI Quantile
38
3
18
7
1
4
13
2
11
5
1
3
6
40
7
11
10
36
10

Uber Year
2015
2012
2014
2012
2012
2012
2012
2012
2012
2012
2012
2014
2014
2015
2014
2014
2013
2015
2014
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Table A3—: Interacted Two-Way Fixed Effect Models, 2010 to 2018

All Industries

Estab.
(TW FE Poisson)

Log(Min. Wage(MW))
MW∗UA
MW∗HHI
MW∗PD
MW∗UA∗HHI
MW∗UA∗PD
MW∗HHI∗PD
MW∗UA∗HHI∗PD

Uber Active (UA)
HHI Quantile (HHI)
Pop. Density (PD)
UA∗HHI
UA∗PD
HHI∗PD
UA∗HHI∗PD
County FE
Year FE
Observations
R2 Within
R2
Adjusted R2

Dependent variables:
Log(Estab.)
Estab./Labor Force
(TW FE OLS)
(TW FE OLS)

Log(Avg. Receipts)
(TW FE OLS)

-0.1422∗∗
(0.0621)
0.1912∗∗∗
(0.0578)
0.0036∗∗∗
(0.0011)
1.18e-06∗∗∗
(4.00e-07)
-0.0071∗∗∗
(0.0012)
-1.49e-06∗∗∗
(3.80e-07)
-1.15e-07
(1.01e-07)
1.64e-07∗
(9.45e-08)

-0.1125∗∗
(0.0571)
0.1827∗∗∗
(0.0523)
0.0032∗∗∗
(0.0010)
1.12e-06∗∗∗
(3.71e-07)
-0.0069∗∗∗
(0.0011)
-1.49e-06∗∗∗
(3.34e-07)
-7.83e-08
(9.08e-08)
1.47e-07∗
(8.22e-08)

-0.0046
(0.0074)
0.0133
(0.0100)
6.55e-05
(0.0001)
4.94e-08
(4.33e-08)
-0.0006∗∗∗
(0.0002)
-8.71e-08∗∗
(4.37e-08)
1.50e-08
(1.45e-08)
7.03e-09
(1.49e-08)

0.0421
(0.0302)
-0.0697∗∗
(0.0269)
-0.0004
(0.0006)
5.19e-08
(2.37e-07)
0.0018∗∗∗
(0.0006)
2.54e-07
(1.77e-07)
4.53e-08
(7.27e-08)
-3.55e-08
(6.96e-08)

0.0321∗∗∗
(0.0045)
3.19e-05
(9.32e-05)
7.21e-06∗∗∗
(1.62e-06)
-0.0009∗∗∗
(0.0001)
-1.60e-07∗∗∗
(2.93e-08)
-9.58e-09
(9.13e-09)
2.43e-08∗∗∗
(7.18e-09)

0.0344∗∗
(0.0040)
3.12e-05
(8.27e-05)
8.24e-06∗∗∗
(1.64e-06)
-0.0010∗∗∗
(0.0001)
-1.80e-07∗∗∗
(2.92e-08)
-7.22e-09
(8.99e-09)
2.58e-08∗∗∗
(6.31e-09)

0.0021∗∗∗
(0.0006)
2.87e-05∗∗∗
(9.28e-06)
3.40e-07∗∗
(1.57e-07)
-0.0001∗∗∗
(0.00002)
-1.16e-08∗∗∗
(3.32e-09)
-2.47e-10
(1.36e-09)
4.59e-09∗∗∗
(8.69e-10)

-0.0135∗∗∗
(0.0026)
-0.0003∗∗∗
(0.0001)
-1.69e-06∗∗
(6.88e-07)
0.0005∗∗∗
(0.0001)
6.02e-08∗∗∗
(1.55e-08)
1.61e-08∗
(9.23e-09)
-1.23e-08∗∗∗
(4.18e-09)

Yes
Yes
26,964
0.999
-

Yes
Yes
26,964
0.224
0.999
0.999

Yes
Yes
26,964
0.092
0.978
0.975

Yes
Yes
26,964
0.039
0.967
0.963

Note:
∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01

The minimum wage used is the demeaned inflation adjusted minimum wage in 2016 dollars. Standard errors are
clustered at the county level and the two-way fixed effect results using OLS are weighted by the county’s average
population from 2000 to 2018.
Uber Active (UA) is a dummy variable for if a county has Uber active at any point in the year.
HHI Quantile (HHI) is the quantile from 0 to 100 of the counties HHI using the CBP estimate of the covered labor
market concentration, with lower quantiles meaning less labor market concentration.
Pop. Density (PD) is an estimate of the county level population density, measured as the number of people per
square kilometer.
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Table A4—: Interacted Two-Way Fixed Effect Models, 2010 to 2018

Trans./Ware.

Estab.
(TW FE Poisson)

Log(Min. Wage(MW))
MW∗UA
MW∗HHI
MW∗PD
MW∗UA∗HHI
MW∗UA∗PD
MW∗HHI∗PD
MW∗UA∗HHI∗PD

Uber Active (UA)
HHI Quantile (HHI)
UA∗HHI
Pop. Density (PD)
UA∗PD
HHI∗PD
UA∗HHI∗PD
County FE
Year FE
Observations
R2 Within
R2
Adjusted R2

Dependent variables:
Log(Estab.)
Estab./Labor Force
(TW FE OLS)
(TW FE OLS)

Log(Avg. Receipts)
(TW FE OLS)

-0.8582∗∗
(0.3812)
1.6680
(0.3306)
0.0247∗∗∗
(0.0063)
2.11e-06∗
(1.21e-06)
-0.0395
(0.0062)
-3.79e-06∗∗∗
(1.19e-06)
-7.00e-08
(5.67e-07)
4.29e-07
(5.39e-07)

-0.5146∗
(0.2862)
1.5674∗∗∗
(0.2574)
0.0181∗∗∗
(0.0050)
2.96e-06∗∗
(1.34e-06)
-0.0386∗∗∗
(0.0053)
-4.96e-06∗∗∗
(1.25e-06)
-1.56e-07
(4.46e-07)
5.53e-07
(3.91e-07)

-0.0035
(0.0035)
0.0186∗∗∗
(0.0042)
0.0001∗∗
(5.84e-05)
3.02e-08
(3.98e-08)
-0.0005∗∗∗
(0.0001)
-2.94e-08
(4.19e-08)
7.67e-09
(7.90e-09)
-1.75e-09
(8.38e-09)

0.3499∗∗
(0.1423)
-0.7725∗∗∗
(0.1616)
-0.0101∗∗∗
(0.0026)
-9.17e-07
(7.87e-07)
0.0142∗∗∗
(0.0036)
2.23e-06∗∗∗
(6.98e-07)
2.26e-07
(3.02e-07)
-3.60e-07
(3.10e-07)

0.1773∗∗∗
(0.0266)
0.0011∗∗
(0.0004)
-0.0081∗∗∗
(0.0005)
1.91e-05∗∗∗
(3.82e-06)
-5.11e-07∗∗∗
(6.95e-08)
-6.84e-08∗
(3.94e-08)
1.33e-07∗∗∗
(3.61e-08)
Yes
Yes

0.1971∗∗∗
(0.0205)
0.0006
(0.0004)
-0.0076∗∗∗
(0.0005)
2.78e-05∗∗∗
(5.11e-06)
-6.48e-07∗∗∗
(8.12e-08)
-1.00e-08
(4.47e-08)
1.28e-07∗∗∗
(2.48e-08)
Yes
Yes

0.0010∗∗∗
(0.0003)
-1.44e-06
(5.85e-06)
8.38e-05∗∗∗
(6.80e-06)
2.78e-07∗∗
(1.15e-07)
-6.27e-09∗∗∗
(2.07e-09)
3.13e-10
(9.42e-10)
2.02e-09∗∗∗
(4.19e-10)
Yes
Yes

-0.0850∗∗∗
(0.0130)
3.93e-05
(0.0003)
0.0030∗∗∗
(0.0003)
-7.63e-06∗∗∗
(2.30e-06)
2.25e-07∗∗∗
(5.16e-08)
7.99e-09
(2.59e-08)
-5.72e-08∗∗∗
(1.62e-08)
Yes
Yes

25,182
0.991
-

25,182
0.350
0.994
0.993

25,182
0.325
0.902
0.889

25,182
0.160
0.898
0.886

Note:
∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01

The minimum wage used is the demeaned inflation adjusted minimum wage in 2016 dollars. Standard errors are
clustered at the county level and the two-way fixed effect results using OLS are weighted by the county’s average
population from 2000 to 2018.
Uber Active (UA) is a dummy variable for if a county has Uber active at any point in the year.
HHI Quantile (HHI) is the quantile from 0 to 100 of the counties HHI using the CBP estimate of the covered labor
market concentration, with lower quantiles meaning less labor market concentration.
Pop. Density (PD) is an estimate of the county level population density, measured as the number of people per
square kilometer.
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Table A5—: Cumulative Treatment Effects: Combined Statistical Area Level
All Industries
Method

Dependent variable:

Treatment

Log(Estab.)

Estab./L.F.(1,000)

Log(Avg. Receipts)

DIDM†
2000 to 2006

Nominal
Log(Min. Wage)

0.0389
(0.0949)

15.67
(15.59)

-0.1163∗
(0.0675)

DIDM†
2010 to 2018

Nominal
Log(Min. Wage)

0.0748
(0.0539)

19.79∗∗∗
(8.37)

0.0050
(0.0311)

Min. Wage
(Local)

-0.0020
(0.0111)

0.02
(1.25)

-0.0044
(0.0066)

Log(Estab.)

Estab./Labor Force

Log(Avg. Receipts)

DIDM†

Transport. and Ware.
Method

Treatment

Dependent variable:
∗∗∗

DIDM†
2000 to 2006

Nominal
Log(Min. Wage)

-0.1768
(0.0646)

0.20
(1.21)

-0.0058
(0.0513)

DIDM†
2010 to 2018

Nominal
Log(Min. Wage)

0.6823∗∗∗
(0.2671)

12.51∗∗∗
(4.48)

-0.0673
(0.1749)

Min. Wage
(Local)

0.0835
(0.0652)

1.824∗
(0.97)

-0.0242
(0.0215)

DIDM†

All Except Transport. and Ware.
Method

Dependent variable:

Treatment

Log(Estab.)

Estab./L.F.(1,000)

Log(Avg. Receipts)

DIDM†
2000 to 2006

Nominal
Log(Min. Wage)

0.0502
(0.0953)

15.50
(14.57)

-0.1242∗
(0.0687)

DIDM†
2010 to 2018

Nominal
Log(Min. Wage)

0.0095
(0.0464)

7.78
(5.24)

0.0398
(0.0299)

Min. Wage
(Local)

-0.0173
(0.0126)

-1.80∗∗
(0.89)

0.0062
(0.0056)

DIDM†

∗

p<0.1;

∗∗

p<0.05;

∗∗∗

p<0.01

Note:
This table uses the data at the Combined Statistical Area level in accordance with the counties identified as CSAs in
2017. The group of counties is constant across the whole panel. The DIDM estimate is run with 1000 bootstraps and
is performed conditional on the CSAs HHI, population density, and total population. Effect estimates are weighted
by the average population of the CSA within the sample.
†The De Chaisemartin and d’Haultfoeuille (2020b) estimator identifies treatment switchers as those whose nominal
minimum wage increases in comparison to the previous period. The increase is treated as an increase in the level of
a continuous treatment, and accounts for the difference in size of the first increase. Both the pre-2007 sample and
the post-2009 sample include dynamic treatment effects for four years following treatment. The value presented is
the cumulative effect for the specified post-treatment periods. The DIDM estimate is run with 1000 bootstraps and
is performed conditional on the counties HHI, population density, and total population. This exact coding can be
found in the replication code.
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Table A6—: Cumulative Treatment Effects: Combined Statistical Area Level Without
Population Weights
All Industries
Method

Dependent variable:

Treatment

Log(Estab.)

Estab./L.F.(1,000)

Log(Avg. Receipts)

DIDM†
2000 to 2006

Nominal
Log(Min. Wage)

-0.0806∗∗∗
(0.0255)

-8.64∗∗∗
(3.20)

-0.0887∗∗∗
(0.0339)

DIDM†
2010 to 2018

Nominal
Log(Min. Wage)

0.0576
(0.0415)

9.43∗
(4.90)

0.0148
(0.0364)

Min. Wage
(Local)

0.0241∗∗
(0.0103)

2.19
(1.34)

-0.0070
(0.0053)

DIDM†

Transport. and Ware.
Method

Dependent variable:

Treatment

Log(Estab.)

Estab./L.F.(1,000)

Log(Avg. Receipts)

DIDM†
2000 to 2006

Nominal
Log(Min. Wage)

-0.0485
(0.0432)

-0.3782
(0.3223)

-0.0109
(0.0461)

DIDM†
2010 to 2018

Nominal
Log(Min. Wage)

0.5097∗∗∗
(0.1801)

4.47∗∗
(2.02)

-0.1888
(0.1297)

Min. Wage
(Local)

0.1979∗∗∗
(0.0702)

2.68∗∗∗
(1.12)

-.0660∗∗
(.0321)

Log(Estab.)

Estab./L.F.(1,000)

DIDM†

All Except Transport. and Ware.
Method

Treatment

Dependent variable:
Log(Avg. Receipts)

DIDM†
2000 to 2006

Nominal
Log(Min. Wage)

-0.0808
(0.0274)

-8.18
(3.56)

-0.0963∗∗∗
(0.0399)

DIDM†
2010 to 2018

Nominal
Log(Min. Wage)

0.0270
(0.0397)

4.97
(4.68)

0.0418
(0.0380)

Min. Wage
(Local)

.0057
(.0101)

-0.46
(1.03)

.0042
(.0053)

DIDM†

∗∗∗

∗∗∗

∗

p<0.1;

∗∗

p<0.05;

∗∗∗

p<0.01

Note:
This table uses the data at the Combined Statistical Area level in accordance with the counties identified as CSAs
in 2017. The group of counties is constant across the whole panel. The DIDM estimate is run with 1000 bootstraps
and is performed conditional on the CSAs HHI, population density, and total population.
†The De Chaisemartin and d’Haultfoeuille (2020b) estimator identifies treatment switchers as those whose nominal
minimum wage increases in comparison to the previous period. The increase is treated as an increase in the level of
a continuous treatment, and accounts for the difference in size of the first increase. Both the pre-2007 sample and
the post-2009 sample include dynamic treatment effects for four years following treatment. The value presented is
the cumulative effect for the specified post-treatment periods. The DIDM estimate is run with 1000 bootstraps and
is performed conditional on the counties HHI, population density, and total population. This exact coding can be
found in the replication code.
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Figure A1. : Trends in Nonemployer Establishments
County Total
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These figures show the trend in nonemployer establishments for the aggregated total of all
nonemployer establishments on the left and for transportation and warehousing services
(NAICS 48-49) on the right.

Figure A2. : Trends in Nonemployer Establishments

Nonemp Estab./Labor Force

County Total

Trans./Warehousing

0.1600

0.0150

0.1500

0.0125

0.1400
0.0100
0.1300
0.0075
0.1200
0.0050
2000

2005

2010

2015

2000

2005

2010

2015

Year

These figures show the trend in nonemployer establishments for the aggregated total of all
nonemployer establishments on the left and for transportation and warehousing services
(NAICS 48-49) on the right.
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Figure A3. : Trends in Nonemployer Establishments
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These figures show the trend in the average receipts of nonemployer establishments for the
aggregated total of all nonemployer establishments on the left and for transportation and
warehousing services (NAICS 48-49) on the right.

32

JOURNAL OF LABOR ECONOMICS DRAFT

MONTH YEAR

Figure A4. : Bivariate Relationship between the Minimum Wage and Nonemployer Establishments with Outliers

These figures show both the number of nonemployer establishments (top) and average
receipts of nonemployer establishments (bottom) relationship with the real minimum wage.
Figures on the left are for aggregate of all industries, and figures on the right are for
transportation and warehousing services. Grey points are county-year observations where
Uber is active, and black points are county-year observations where Uber is not active.
The fitted gray line is the linear relationship among counties with Uber active, and the
black line is the linear relationship among counties where it is not.
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Figure A5. : Uber Expansion Map

Figure A6. : The figures above depict the counties in which Uber is operating from 20132018. Black counties are areas without Uber, gray counties are where Uber is active, and
white counties are counties which are structural zeros and are dropped from the analysis.
White counties are not in the balanced panel, but all black and gray counties are.
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Figure A7. : Quantile Measure of the Herfindahl-Hirschman Index (HHI)
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This figure shows the distribution of HHI values as they are binned into 100 quantiles. The
bulk of the quantile trend is linear with some extreme low HHI scores falling into the first
quantile and extreme high falling into the last quantile. This highlights the advantage to
using the quantile based measure of HHI as appose to the raw continuous value of HHI
when including a linear interaction between HHI and the change in the minimum wage.
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Figure A8. : Herfindahl-Hirschman Index (HHI) and County Labor Force
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Figure A9. : This figure plots the relationship between the log of the county labor force
and the HHI quantile for both the binned sum of the labor force and the observed labor
force in each county in 2018.
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Figure A10. : Geographic Distribution of HHI Quantile
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Figure A12. : Event Study for De Chaisemartin and d’Haultfoeuille (2020b):
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These figures show the event study for the De Chaisemartin and d’Haultfoeuille (2020b)
methodology for the sample from 2000 to 2006. Bars show a 95% confidence interval around
the point estimate.
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Figure A13. : Event Study for De Chaisemartin and d’Haultfoeuille (2020b):
All Nonemployers
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These figures show the event study for the De Chaisemartin and d’Haultfoeuille (2020b)
methodology for the sample from 2010 to 2018. Bars show a 95% confidence interval around
the point estimate.
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Figure A14. : Event Study Using Callaway and Sant’Anna (2020): All Nonemployer Establishments
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This figure shows the event study for the Callaway and Sant’Anna (2020) methodology for
the treatment of a local minimum wage.
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Figure A15. : Event Study Using Callaway and Sant’Anna (2020): Transportation and
Warehousing
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This figure shows the event study for the Callaway and Sant’Anna (2020) methodology for
the treatment of a local minimum wage.
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Figure A16. : Synthetic Control Counterfactual Plots:
All Nonemployer Establishments
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These figures illustrate the counterfactual paths for the logged count of nonemployer establishments and the logged average receipts of nonemployer establishments for both transportation and warehousing services and all nonemployer establishments.
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Figure A17. : Synthetic Control Results:
All Nonemployer Establishments
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These figures illustrate the average effect of the treatment on the treated (ATT) for the
logged count of nonemployer establishments and the logged average receipts of nonemployer
establishments for both transportation and warehousing services and all nonemployer establishments.

