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Minimum Wage Increases and Individual Employment Trajectories
1. Introduction
Arguments for and against minimum wage increases often invoke significantly different
narratives regarding the low wage labor market. To opponents, low-wage jobs are temporary
phenomena, offered to workers with little experience or skill who rapidly attain both as they
spend time on the job. As their productivity increases, their wages increase, naturally removing
them from the ranks of least-paid workers. Minimum wage increases threaten to disrupt this
pattern by eliminating opportunities for the least-skilled and experienced. To proponents, lowwage jobs are not avenues of advancement but dead ends, where workers may linger for years if
not decades. Whether held back by the lack of training and advancement opportunities,
immigration status, racial or gender discrimination, or monopsony power, this narrative suggests
that workers are consigned to penury in the absence of labor market intervention.
It is reasonable to believe there is some truth to both narratives, that the low-wage labor
market at any given point in time includes both upwardly mobile workers and those on a more
stagnant trajectory. It is also reasonable to believe that minimum wage increases have
heterogeneous effects, with some workers enjoying increased earnings and continued
employment opportunities while others see a decline in their prospects. From a normative
perspective, it is critical to understand how these gains and losses accrue to workers on upward
or stagnant trajectories. Yet most studies of the minimum wage make use of either aggregated or
repeat-cross-sectional data that offer no hope of distinguishing among workers on different
trajectories (e.g., Addison et al 2008; Allegretto et al. 2013; Card and Krueger 1994; Cengiz et
al., 2017; Dube et al., 2007; Dube et al., 2010; Meer and West, 2016; Neumark and Wascher,
1995; Reich et al., 2017). Among studies that do track workers over time, data limitations
generally preclude parsing income effects into wage and hour impacts or analyzing effects in
time intervals shorter than one year (Rinz and Voorheis, 2018; Clemens and Wither, 2016;
Stewart, 2004; Currie and Fallick, 1996). Recent studies of the impact of minimum wages on
job turnover have utilized potentially noisy proxies for low-wage employment such as teen
workers or restaurant employees (Gittings and Schmutte, 2016; Dube, Lester, and Reich, 2016).
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This paper uses longitudinal workforce data collected by the state of Washington’s
Employment Security Department to analyze the impact of Seattle’s 2015 and 2016 minimum
wage increases on the employment trajectories of thousands of individual employees engaged in
low-wage work immediately before each increase. The data, collected for administering
Unemployment Insurance, let us track employment, quarterly hours, earnings, and average
hourly wages for several years prior to the first minimum wage increase, allowing some insight
as to which employees are relatively new and inexperienced and which are long-term labor force
participants. We analyze the impact of the city’s minimum wage ordinance on wages, hours,
employment, and turnover for individuals who held low-wage jobs before the wage increased,
and the rate at which “new” workers, defined as those with no record of employment in
Washington State for a minimum of five years, entered the low-wage labor market.
Relative to matched controls drawn from outlying Washington State, and differencing out
a placebo cohort of matched workers drawn from the period prior to Seattle’s minimum wage
increases, workers initially employed at low wages in Seattle enjoyed significantly more rapid
hourly wage growth over the quarters following both the first and second minimum wage
increases in April 2015 and January 2016. While these workers experienced a modest reduction
in their hours worked, on net their pretax earnings increased an average of around $10 per week.
Stratifying this sample by experience, measured by the total number of hours worked in the nine
months prior to the city’s first minimum wage increase, reveals significant heterogeneity in
impact. Essentially all of the earnings increases accrue to the more experienced half of the lowwage workforce. The less experienced half saw larger proportionate decreases in hours worked,
which we estimate to have fully offset their gain in wages, leaving no significant change in
earnings. More experienced workers were also more likely to supplement their Seattle income
by adding hours outside the city. Finally, conditional on being employed, both less and more
experienced workers were more likely to remain employed by their baseline Seattle employer,
implying an 8% reduction in labor turnover rates.
Evidence of earnings increases for workers employed at baseline appears to contrast with
our earlier work suggesting that total earnings in Seattle’s low-wage labor market declined after
the second phase-in (Jardim et al., 2018a). Our analysis of the entry rate of new workers into
Seattle’s low-wage labor market reconciles the findings. As Seattle’s minimum wage increased,
the entry rate fell significantly behind the rate observed in outlying portions of Washington State.
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Overall, evidence suggests that employers responded to higher minimum wages by shifting their
workforce toward more experienced workers.
These results offer an important contribution to normative discussions of the minimum
wage. Seattle’s minimum wage increase appears to have successfully increased the labor market
income of the most experienced workers in low-wage jobs, arguably those for whom low-wage
work most resembles the “dead end” archetype. The losses in employment opportunities appear
to have been concentrated among the least experienced workers, or those attempting their first
entry into the labor market. While this may suggest that the low-wage labor market has lost some
of its capacity to serve as an “avenue of advancement,” younger workers may be better able to
compensate for this loss through education, training, or other mechanisms that allow them to
bypass the low wage labor market entirely.
We caution that these findings should be read as a story of what happened in Seattle in
2015 and 2016, rather than a more general story of what any local minimum wage increase
would cause. In these years, Seattle was in the midst of an extraordinary economic boom driven
by rapid expansion in the high-skilled workforce, which makes these results not fully
generalizable. We similarly caution against generalizing to state or federal policy changes.
Section 2 provides policy context for Seattle’s minimum wage. Section 3 introduces the
Washington Employment Security Department data. Section 4 discusses several stylized facts
about the low-wage labor market that motivate our empirical strategy. Section 5 describes this
strategy and the data in greater detail. Section 6 presents results, and Section 7 concludes.
2. Policy Context
In June 2014, the Seattle City Council passed a municipal minimum wage ordinance. The
ordinance established a multi-year phase-in period and required employers to pay varying
minimum wages depending on their size and whether their workers received health benefits
and/or tips. 1 Table 1 shows the complete phase-in schedule. The first phase-in period started on
April 1st of 2015 when the minimum wage for most employers went up to $11 per hour. The
1
Note that eligibility for a reduced minimum wage depends on employee take-up of health benefits, rather than
whether the employee is offered benefits. In our data we do not observe whether workers receive health benefits
and/or tips, though employers are required to include tips into total compensation reported to the unemployment
insurance agency. Moreover, Seattle’s ordinance establishes employer size thresholds based on the number of their
worldwide employees and counts franchise networks as a single employer. For these, we cannot accurately
determine the minimum wage that applied to a specific employee.
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second phase-in period started on January 1st of 2016, when the minimum wage went up to as
high as $13 per hour for large employers and to as high as $12 per hour for small employers. As
of 2018, the city’s highest minimum wage stands at $15.45 per hour for large employers.
In this paper, we study the effects of the first two phase-in periods. 2 We focus on shortterm impacts during the three quarters immediately following each minimum wage hike in 20152016. 3 During this period, the minimum wage in Washington State remained stable at $9.47 per
hour, which makes the low-wage labor market in Washington State outside of Seattle a natural
comparison group.
3. A Brief Introduction to the Data
This analysis uses administrative employment data from Washington State covering the
period from the first quarter of 2005 (i.e., 2005.1) through the third quarter of 2016 (2016.3).
Washington’s Employment Security Department (ESD) collects quarterly payroll records for all
workers who received wages in Washington and are covered by Unemployment Insurance (UI). 4
In addition to quarterly earnings, ESD requires employers to report actual hours worked for
employees paid by the hour, and either actual hours worked or 40 times the number of weeks
worked for salaried employees. 5 The hours data permit measurement of the average hourly wage
earned by each worker in each quarter by dividing total quarterly earnings from all jobs by total
quarterly hours worked from all jobs. 6 This, in turn, allows us to identify workers likely to be

In November 2016, Washington state voters passed Initiative 1433 implementing an increase in the state’s
minimum wage to $13.50 by 2020, with the first increase to $11 in 2017. This significant shock to the labor market
in our “control” region complicates analysis of the effects of Seattle’s minimum wage after 2016.
3
Jardim et al. (2018a) studied the impacts of Seattle minimum wage on aggregate low-wage labor market and found
significant hourly wage increases coincident with implementation, suggesting no anticipatory effects.
4
The ESD data exclude 1099 contract employment, employment outside Washington State, as well as “under the
table” employment.
5
Individuals are eligible for unemployment benefits in Washington after they have logged 680 hours with their
employer. This hours test necessitates the collection of hours worked data. As noted in Jardim et al. (2018a), the
distribution of hours worked in the ESD data departs most notably from self-reports in the CPS by its lack of
pronounced “spikes” at round numbers. Minnesota, Oregon, and Rhode Island also collect hours data.For an
independent assessment of the accuracy of administrative hours data in Washington, see Lachowska, Mas, and
Woodbury (2018).
6
We convert all dollar values to 2015.2 prices using the national CPI-W. We have chosen CPI-W because the state
minimum wage and Seattle’s minimum wage (once fully phased-in) use this index to adjust the minimum wage to
inflation.
The average wage will differ from the actual wage rate for workers employed with more than one employer
in a quarter at different wage rates. The average wage may also differ from the actual wage rate of workers with one
job per quarter who earn overtime pay, or have other forms of nonlinear compensation including commissions or
2
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directly affected by an increase in the minimum wage and trace their employment trajectories
forward in time. 7
We consider individuals employed if they are observed in the ESD data anywhere in
Washington. As a person can have earnings from multiple employers in one quarter by working
multiple jobs or transitioning between employees, we measure a worker’s quarterly hours
worked and quarterly earnings as the sum of hours and earnings from all jobs worked during the
quarter. The great majority of workers we study match to a single employer in a given quarter;
aggregating across jobs for the minority of individuals working multiple jobs permits us to more
accurately describe a worker’s total labor market income. 8
The data identify business entities as UI account holders. Our identification strategy
hinges on placing workers into regions based on the location of a worker’s primary employer,
which we define as the employer that paid the worker the most in the baseline quarter. ESD data
include the employer’s mailing address, which we geocode to determine if a business is located
within Seattle, outlying King County, or the remainder of Washington State.
Firms operating in multiple locations may either establish separate UI accounts for each
location or report all employment on a single account linked to a single address. We are unable
to definitively locate employment for multi-site businesses utilizing a single account. We
therefore exclude from the analysis “non-locatable” workers whose baseline employment was at
a multi-site single-account business. These establishments employed 34% of workers in each of
the cohorts we study (see Table 2). Additionally, we are unable to geocode businesses with
invalid addresses or those whose address is listed only as “statewide” or “unknown.” This leads
tips. ESD requires employers to report all monetary compensation, including tips, bonuses and severance payments.
To the extent employers comply with the law, we should observe all such income.
Workers may occasionally be paid in one quarter for work performed in another. Our analysis excludes
observations with calculated wages below $8 in 2015 dollars, observations with zero hours, and observations with
calculated wages above $500 if reported hours were below 10 in a calendar quarter. We chose the cutoff of $8
because it approximately corresponds to the level of wages which can be legally paid to trainees and workers with
disabilities, whose wages cannot be lower than 75% of the state minimum wage, which was $9.47 in 2015.2. Wages
below $8 likely reflect exceptions or errors in the data and often are associated with implausibly high quarterly
hours worked. We also exclude workers reporting greater than 2,190 hours worked in any calendar quarter.
7
The average hourly wage construct used here differs from the self-reported hourly wage in the CPS. CPS
respondents are instructed to report their base hourly wage excluding overtime, commissions, or tips. A previous
study comparing the distribution of hourly wages between CPS and state administrative data finds strong crosssectional and time-series concordance (Cengiz et al., 2017).
8
Table 3 below shows that about 5% of the Seattle workers in low-wage jobs we study held more than one job in the
calendar quarter immediately before the city’s first minimum wage increase. Note, however, that individuals
holding jobs both inside and outside the city, or with one job inside the city and one or more with a location that
cannot be determined in our administrative data, are excluded from analysis.

7

us to exclude an additional 1% of workers in each cohort. Henceforth we refer to the remaining
firms included in the analysis as “locatable” businesses. 9
We also exclude workers employed at baseline by both a Seattle employer and an
employer outside of Seattle. Such workers can be thought of as receiving a partial dosage of the
Seattle minimum wage “treatment.” Finally, we drop workers employed at baseline by an
employer in King County outside of Seattle. As shown in Jardim et al. (2018b), evidence
suggests that Seattle’s ordinance had spillover impacts in the surrounding region.
Ultimately, our analysis focuses on 53% of Washington workers earning under $11 per
hour in the first quarter of 2015 and 51% of all workers earning under $13 per hour in the fourth
quarter of 2015. While we require these workers to have locatable employment meeting the
criteria above to be included in the analysis, it is important to emphasize that the outcome
measures incorporate all employment regardless of location in Washington state.
4. Motivating the methodology: The nature of low wage work
This paper aims to study workers in low-wage jobs tracked in administrative data over
time to reveal the impact of Seattle’s minimum wage increases. This section reviews several
stylized facts regarding the state of Washington’s low-wage labor market, each of which makes
this aim more complicated than it might seem. To avoid conflating impacts of Seattle’s minimum
wage with underlying labor market dynamics, this discussion focuses primarily on the control
group we employ in analysis below, for which the minimum wage remained unchanged in the
period under study.
4.1 Maturation from the low-wage labor market
Neoclassical labor market models posit that an economy’s least-paid workers will be
engaged in the least economically valuable activities. Workers, in turn, may be assigned to these
activities because they lack the skills or training required to perform more valuable activities.
Minimum wage laws may elicit differential responses from “non-locatable” firms relative to our analysis sample.
These employers, which tend to be larger, are more likely to face the faster phase-in schedule under Seattle’s
Ordinance shown in Table 1. Firms with establishments inside and outside of the affected jurisdiction might more
easily absorb the added labor costs from their affected locations, implying a less elastic response to a local wage
mandate. Alternatively, such firms might have an easier time relocating work to their existing sites outside of the
affected jurisdiction, implying a greater elasticity. Jardim et al. (2018a) presents evidence from both administrative
and survey data that suggest that the exclusion of non-locatable firms is unlikely to have a large affect our results.
9
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Over time, workers have opportunities to gain additional skills and training, implying that they
will naturally gravitate toward higher-paying work. Indeed, countless labor market studies
document the experience-earnings profile, with evidence indicating particularly steep returns to
the earliest years of experience (Murphy and Welch 1990; Carrington and Fallick 2001).
This model implies that individuals employed in low-wage jobs at any given point in time will
likely mature out of that market within a short time period. Prior studies have supported this
conclusion, finding that 50 to 70 percent workers earning exactly the minimum wage transition
to a higher hourly rate within a year (Smith and Vavrichek, 1992; Long, 1999; Even and
Macpherson 2003).
The control group used in our analysis, consisting of workers in Washington outside King
County, evinces a similar pattern. Control group workers employed at hourly wage rates under
$11 in the first calendar quarter of 2015, eighteen percent of whom had entered the Washington
labor market in mid-2014 or later, saw their mean hourly wage (conditional on employment) rise
$1.76 by the fourth quarter of that same year – a period just nine months later. 10 This increase
occurred in a region that had no statutory increase in the minimum wage.
While maturation out of the low-wage labor market appears common, it is far from
universal. Many workers employed at low wages have significant prior labor market experience.
Among the control group workers referenced above, the current employment spell had started an
average of 5.5 calendar quarters before the baseline period – nearly a year and a half (see Table
3, which is described in more detail in section 5), and the mean length of time since a worker
was first observed in Washington employment data was 20.4 quarters, or just over five years. 11
To further illustrate the selective nature of maturation out of the low wage labor market,
Figure 1 plots the increase in control group mean wages referenced above along with quantiles
for the same group. Three quarters after baseline, the 25th percentile and median wages for those
individuals still employed in Washington State lie below $11; only a minority of workers
initially employed at wages below that figure will cross the threshold in the course of a year. 12
The mean wage in follow-up quarters is close to the 75th percentile of the distribution, indicating
Some portion of this increase may reflect selective attrition by lower-earning workers.
Note that both the duration of current spell and time since entry variables are truncated at 41 quarters, implying
that these measures understate the true means.
12
This could be taken as evidence that wage mobility has declined in the period since Smith and Vavrichek (1992)
and Long (1999). Note, however, the difference in methods: these prior studies examined workers earning exactly
the minimum wage, here we focus on those earning up to $1.53 above the minimum.
10
11
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a pronounced skew. This skew might reflect a subset of the low-wage workforce enrolled in
educational or training programs at baseline leading to significantly higher wages upon
completion.
4.2 Workers in low-wage jobs exhibit “Ashenfelter dips”
While the summary statistics presented above suggest that the low-wage labor market
incorporates workers on both upwardly mobile and stagnant trajectories, data also point to the
prevalence of negative shocks among workers earning low wages at a discrete point in time.
Among workers employed at the lowest wages in a given quarter, average wages conditional on
employment exhibit a downward trend leading into that quarter (see Table 3). In our Washington
State control sample, workers earned an average of $10.06 per hour in the 1st quarter of 2015, a
decline from the $10.98 observed just six months prior.
Workers might experience these hourly wage declines for any number of reasons. They
may experience layoffs from one job and quickly accept a new one offering a lower rate.
Overtime or bonus pay, which raises observed hourly wages in our data, might fluctuate
seasonally. Regardless of the cause, if the negative shocks impacting workers in low-wage jobs
are transitory “Ashenfelter dip” phenomena (Ashenfelter, 1978), it would be reasonable to expect
mean reversion in the calendar quarters immediately after baseline. Both mean reversion and
wage gains associated with greater experience and productivity suggest we should expect upward
trajectories among those employed for the lowest wages at any single point in time.
4.3 Few low-wage jobs offer full-time hours; separation rates are high
Low-wage work is predominantly part-time work, at least in our data. Members of our
control group averaged 237 hours worked in the first quarter of 2015 – around 18 hours per week
if averaged over 13 weeks (see Table 3). This figure may be an underestimate if some workers in
the data did not work the full 13 weeks, for example if they were hired into or separated from
their employer mid-quarter. Approximately 93% of the control sample logged less than full-time
full-quarter work (i.e. 520 hours) in the baseline period.
Among low-wage employment spells beginning at any point in time, only about one in
three will survive a full year. Figure 2 shows two, four, six, and eight-quarter survival rates for
low-wage employment spells in locatable Seattle businesses as a function of origination quarter,
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beginning in 2005. Survival rates exhibit clear periodicity, with summer jobs being particularly
unlikely to persist. Around two-thirds of low-wage jobs beginning in any quarter will persist into
the next; about a third will last four quarters; less than a quarter will persist for six quarters, and
roughly one in six will last a full eight quarters. There is some evidence of increased job
persistence over the time period shown here, possibly reflecting the declining impact of the
2007-2009 recession on spell duration.
While most low-wage jobs commencing at any one point in time are destined for
separation within a year, recall that among workers observed in a baseline quarter the mean
duration is more than five quarters. The low-wage labor market includes both a segment cycling
quickly through employment and a more persistent segment.
Among workers who exit from a low wage employment spell, a considerable number do
not re-appear with another job in Washington within the following calendar quarter. In our
control group, more than one in four workers in low-wage jobs observed in the first calendar
quarter of 2015 could not be found in administrative records for the fourth quarter. This does not
necessarily indicate that these individuals had no job for the full three months of the fourth
quarter. They may have transitioned to work out-of-state, to work as a contractor rather than
wage earner, to self-employment, or to other forms of work not reported to ESD.
Conditional on persisting in the same job, many workers in low-wage jobs receive a raise.
Figure 3 shows the probability that a worker initiating a spell at a wage under $15 transitions to a
wage above $15 after 2, 4, 6, or 8 quarters, conditional on the spell surviving. After two quarters,
about 30% of continuing workers have transitioned above the $15 threshold. This proportion
progressively increases to the eight-quarter mark, where over 60% of surviving employment
spells have transitioned to a wage of at least $15 except for those spells commencing during the
2007-2009 recession. 13 This reinforces the takeaway point in section 4.1: maturation out of lowwage labor markets occurs regularly but not universally.
4.4 Implications for empirical analysis

It is interesting to note the drop-offs in wage transition probabilities at the very end of the graph. These coincide
with spells tracked into calendar year 2017, a period during which the minimum wage in both Seattle and
Washington State increased. These results suggest that the third minimum wage increase in 2017 was funded in part
by holding back on wage upgrading above $15 for workers with a modest degree of experience.
13
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Together, the phenomena documented here imply a challenge for evaluating the impact
of a minimum wage increase on a longitudinally-tracked cohort. Starting in any baseline period,
some workers may witness natural wage gains that render the increased minimum irrelevant
upon phase-in. Others will disappear from the data entirely, and it isn’t clear whether these
departures should be coded as transitions to non-employment or to employment not tracked by
one state’s UI system. And using an early baseline quarter causes the analysis to overlook a key
segment of the low-wage labor market: those who have only recently entered it. For these
reasons analysis of a cohort tracked from too early a point in time may reveal very small impacts
on wages, employment, and earnings.
These phenomena also indicate challenges in tracing impacts well beyond a minimum
wage phase-in. Over time, the segment of any longitudinal cohort which we expect to continue to
exhibit policy impacts will dwindle, as some workers disappear from the data and others
experience wage increases beyond the level where it is reasonable to expect impact.
The obvious strategy for circumventing these problems involves tracking a cohort from a
baseline period immediately preceding any minimum wage increase for only a modest length of
time afterward. This strategy may yield misleading evidence, however, to the extent that the
labor market anticipates minimum wage increases. To the extent anticipation effects exist, the
observed sample of low-wage earners would be selected, a group that was not offered
anticipatory wage increases perhaps because they are less highly valued by their employer.
Studying this group would then omit an important part of the story linking minimum wage
increases to individual trajectories.
Fortunately, prior evidence on the impact of Seattle’s minimum wage ordinance indicates
there were few if any anticipatory effects (Jardim et al., 2018a). Theoretically, in a less-thanfully competitive labor market firms may bid up wages for more productive workers in advance
of a minimum wage increase. The absence of anticipation effects could reflect the relatively high
degree of competition in a growing urban labor market, or seasonal counter-effects associated
with implementing wage increases during or near the labor market’s natural trough.
With a short-duration panel, we are unable to study any longer-term implications of the
minimum wage. These long-run implications could be very important: to the extent higher
minimum wages reduce employment prospects for workers with no prior experience, policy
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makers should want to understand whether these workers find some route into the labor market,
either by pursuing training outside the formal labor market or random luck.
5. Methodology
We use a difference-in-differences-in-differences (DDD) framework to estimate the
effect of Seattle’s first two phased minimum wage increases. In brief, this method contrasts the
differences in treated and control workers’ outcomes in quarters after enforcement of the
Ordinance to differences observed at baseline (difference-in-differences) and then difference this
result from the same exercise applied to a placebo cohort of Seattle and outlying Washington
workers observed in an earlier period of time when there was no local minimum wage law.
5.1 Identifying the “treated” sample of interest
Seattle’s minimum wage is imposed on employers rather than workers, which creates a
challenge for assigning treatment status to individual workers. The Ordinance covers work done
within the city boundaries of Seattle, defined by the physical location of the employer or the
workplace if the work is done outside of the employer’s premises. Movements of workers to and
from Seattle’s labor market can be thought of as non-compliance in terms of traditional treatment
effect literature. Given this worker mobility, our estimated effects can be considered “intent to
treat” (ITT).
We define workers assigned to treatment as those with 100 percent of their baseline
quarter (2015.1) employment in locatable Seattle businesses and who earned at least $8 but less
than $11 per hour in that quarter. We track these “Cohort 1” workers for the six following
quarters (2015.2 – 2016.3). We compare these treated workers to workers in Washington State
who received all of their earnings from locatable employers outside of King County in the
relevant baseline quarter but were otherwise similar to Seattle workers in terms of their recent
employment history and earnings.
We also report findings for “Cohort 2” treated workers, defined as those who had 100
percent of their baseline quarter (2015.4) employment in locatable firms in Seattle and earned at
least $8 but less than $13 per hour in that quarter. We track those workers for the three
subsequent quarters (2016.1 – 2016.3). Note that this cohort may have been endogenously
selected as their employment in Seattle could have been affected by the first minimum wage
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increase to $11. If the first minimum wage increase had a disemployment effect, then Cohort 2
would consist of the workers who “survived” this first minimum wage hike. We present results
with this caveat in mind.
5.2 Matching methods and pseudo-cohort differencing
Rather than utilize the entire sample of wage-eligible workers outside King County as
controls, we apply a nearest neighbor matching strategy to minimize observed treatment-control
differences in baseline characteristics. Matching methods are often criticized on the grounds that
narrowing observable differences between treated and control observations can actually
exacerbate unobserved differences. These concerns are amplified in scenarios where individuals
faced a personal choice regarding whether to obtain the treatment. In this case, selecting
“control” observations with no employment in King County in a baseline period before the
treatment was actually implemented mitigates the concern. As we discuss below, concerns
regarding non-match on unobservables persist and we address them by differencing results
between a treated and untreated cohort.
For each treated worker, we identify the nearest neighbor without replacement. 14 We
match exactly on workers’ employment status and whether they were first observed in
Washington State data in the three quarters prior to each minimum wage hike – the baseline
quarter as well as the two prior quarters. In addition, we continuously match workers on
quarterly hours worked in all jobs in the baseline quarter and each of the two prior quarters,
hourly wages (conditional on employment) in each of three quarters, having earnings from more
than one employer in a quarter (conditional on employment), the number of quarters a worker
has been linked to their current primary employer, and the number of quarters since the worker
first appeared in Washington State data. These duration measures are left-censored for workers
whose employment history extends before 2005. We use Mahalanobis (1936) distance, 𝐷𝐷𝑖𝑖𝑖𝑖 , to
measure the distance between individual 𝑖𝑖 and individual 𝑗𝑗, defined as:

Nearest neighbor without replacement is recommended by Abadie and Spiess (2016) so as to derive valid standard
errors. For inference, we follow their suggestion of using a non-parametric block bootstrap that resamples matchedpairs of treatment and control workers. We produce 1,000 block bootstrapped samples for each point estimate.
Alternate models using nearest neighbor matching with replacement and one to four matches yield point estimates
similar to those presented here. There are tradeoffs in the choice of the number of matches. While increasing the
number of neighbors allows for a more stable control group and reduces the variance of the estimates, it comes at the
expense of allowing lower quality matches into the sample.
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where Σ is the sample-covariance matrix of the covariates, 𝑋𝑋, in the pool of potential control
workers.

The first difference in the DDD estimator is the difference between the mean outcomes of

treatment and control workers in quarter 𝑞𝑞 following an increase in Seattle’s minimum wage
(with 𝑞𝑞 ranging from 1 to 6 for cohort 1 and 1 to 3 for cohort 2). This difference can be
represented as follows:
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𝑖𝑖=𝑁𝑁𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 +1

with the observations sorted by treatment status such that treated observations are indexed from
𝑖𝑖 = 1 to 𝑖𝑖 = 𝑁𝑁𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 and their matched control observations are indexed from 𝑖𝑖 = 𝑁𝑁𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 + 1

to 𝑖𝑖 = 2𝑁𝑁𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 .

Because we match on several continuous covariates, the matching estimator which

compares each observation to its neighbors may be biased (Abadie and Imbens 2011). We follow
Abadie and Imbens (2011) and implement bias-correction by running a regression of the
outcome of interest on the continuous covariates using the sample of the treated observations to
obtain 𝛽𝛽̂1 and repeating with the sample of control observations to obtain 𝛽𝛽̂0 . We then compute
the bias-corrected difference between the mean outcomes of treatment and control workers in
quarter 𝑞𝑞 as follows:
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The second difference in the DDD estimator takes the difference between the bias-

corrected difference for quarter 𝑞𝑞 (post-minimum wage hike) and the bias corrected difference

for the baseline quarter, 𝑞𝑞 = 0 (i.e., the quarter before the minimum wage hike). As shown in the
following section, these baseline differences are typically very small.

The third difference takes the difference between the DD estimate and a DD estimate

produced for a pseudo-treated cohort. This third difference controls for the possibility that Seattle
workers may diverge from their matched counterparts in the rest of the state for reasons
unrelated to the minimum wage ordinance. While our procedure ensures that treated and control
workers match closely on pre-treatment characteristics, control workers may face very different
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local labor market conditions. 15 To assess this possibility, we estimate the effect of a pseudo
minimum wage ordinance on pre-policy data. We impose a pseudo minimum wage ordinance
beginning in the second quarter of 2012 and identify treated workers as workers who earn less
than $11 per hour in 2015.2 dollars and who have 100 percent of their earnings in locatable firms
in Seattle or outside King County in the quarter prior (2012.1) – this is our pseudo-Cohort 1. 16
We then follow them for six quarters after the pseudo minimum ordinance, 2012.2-2013.3. We
define pseudo-Cohort 2 as workers who earn less than $13 per hour and who have 100 percent of
their earnings in locatable firms in Seattle or outside King County in 2012.4, the baseline quarter
for the second pseudo minimum wage increase, and follow workers in the three quarters after,
2013.1 – 2013.3. We utilize the same matching process described above and estimate the DD for
each of the pseudo cohorts.
Our methodology is thus robust to differences in labor market conditions between treated
workers and matched controls, so long as the nature of those differences remained stable
between cohorts but for Seattle’s minimum wage increase.
In addition to deriving overall treatment effects, we test whether the effects of the
minimum wage vary by worker experience. We split workers into two groups based on the sum
of hours worked in the baseline and prior two quarters. For cohort 1 (2), we use a threshold of
582 (700) hours, which is the median number of hours worked by Seattle workers in the baseline
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Appendix Figure 1 provides evidence of important divergence in labor market dynamics at the top-end of the
wage distribution between “pseudo-treated” workers and matched controls drawn from Washington State outside of
King County. The figure shows quantiles from the hourly wage distribution in the 4th quarter of 2012 for workers
who were earning less than $11 per hour in the 1st quarter of 2012. At most quantiles, up to the 75th percentile,
hourly wages for Seattle workers are quite similar to their matched controls, consistent with the assumption of
parallel trends post-pseudo-treatment. The 95th and 99th percentiles, however, show Seattle workers well ahead of
their counterparts. At these percentiles matched control workers have hourly wages of roughly $17 and $27,
respectively, while Seattle workers at the same percentiles see wages of roughly $19 and $31. It appears that the
upper tail of the distribution reflects individuals who accelerate rapidly out of the low-wage labor market, for
example because they complete an educational degree or training program and transition to higher-skilled work.
These opportunities may be more plentiful in the City of Seattle, which is home to approximately one-tenth of
Washington’s population but more than one-sixth of the state’s colleges according to the U.S. Department of
Education. Among the city’s 13 postsecondary institutions is the state’s largest by enrollment, the University of
Washington. This phenomenon also appears in figures analogous to Appendix Figure 1, suggesting that this is a
relatively permanent characteristic of the Seattle labor market.
16
Note that we chose 2012.1 as a starting point because (a) it is sufficiently early that when followed for six quarters
hence (i.e., to 2013.3) it is still pre-passage of the Seattle minimum wage ordinance, (b) by beginning in a first
quarter, we are comparing workers employed at the same calendar quarter as the real cohort 1 which is followed
from 2015.1, and (c) it is sufficiently after the Great Recession of 2007.4 to 2009.2 (NBER, 2018) such that we can
reasonably assume that labor market outcomes for this pseudo-treated cohort are a counterfactual for the actually
treated cohort.

16

and prior two quarters. We apply these same thresholds to control workers and workers in the
pseudo cohorts. 17 Figures 4 and 5 plot the distribution of hours worked by treatment and control
workers in cohorts 1 and 2, respectively, and illustrate that there are a large number of workers in
low-wage jobs with very low hours and a more modest group – roughly one in ten – working
full-time (1,560 hours) or more for the full period. For each subsample, we compute the DDD
estimates described above. Finally, we difference the results for less experienced workers with
more experienced workers to produce a DDDD estimate. We again use a block bootstrapping
procedure to produce standard errors for the DDDD estimates.
We focus on four general outcomes of interest. First, we study if Seattle’s minimum wage
has affected workers’ hourly wages for those workers who remain employed (i.e., the first order
effect desired and expected by policymakers). Second, we evaluate workers’ probability of being
employed anywhere in the state, including jobs with non-locatable employers and/or jobs outside
of Seattle. Third, we look at the impacts of the minimum wage on hours worked, setting hours
worked to zero for workers not observed in the data in a given quarter. Finally, we study if the
minimum wage led to gains in earnings for workers in low-wage jobs (the principal aim of
policymakers), again assigning a value of zero to workers not observed in employment data in a
given quarter.
To parse the findings on employment and hours, we examine two supplementary
outcomes. We assess the probability that workers remain employed by their baseline employer,
or equivalently job turnover. We also differentiate impacts on hours worked inside and outside
the city.
5.3 Assessing match quality
For Cohorts 1 and 2 respectively, Tables 3 and 4 compare pre-policy covariates for
treated workers, the pool of potential control workers (i.e., all workers in low-wage jobs in
Washington employed outside of King County at baseline), and the control workers chosen as
nearest neighbors. As a measure of balance, we present the normalized differences in covariates
between treated and control workers. Even prior to matching, normalized differences between
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Our current analysis uses the same hours threshold for cohort 1 and pseudo-cohort 1, 582 hours, even though the
median differs slightly across cohorts. To test the sensitivity of this choice, we also estimated effects using the
median hours threshold for pseudo-cohort 1 rather than 582 hours; this threshold change did not affect the results.
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the treated workers and the pool of potential control workers are not typically large and have a
mean absolute value of 0.08 (0.09) for cohort 1 (2). For both cohorts, Seattle’s workers in lowwage jobs earned higher hourly wages yet tended to work fewer hours at baseline and in the
quarters before baseline and had a lower probability of having earnings from multiple employers
than potential control workers. This shows that workers in Seattle either have lower rates of job
switching or are less likely to have more than one job at a time.
After matching, most normalized differences disappear or become barely perceptible. By
construction we achieve perfect balance between the treated and matched control sample based
on the variables used for exact matching, i.e. workers’ employment history in two quarters
before baseline, and whether we have observed them in Washington workforce for the first time.
Similarly, we achieve near perfect balance for discrete variables for which we potentially allow
imperfect matches, i.e. the indicators for whether workers had earnings from more than one
employer at baseline or during the two previous quarters. The matching algorithm successfully
identified workers in Washington who had similar tenure at their primary employer and similar
number of quarters since we have observed them in Washington data for the first time. The
differences in both variables decline from 0.00-0.07 standard deviations before matching to 0.000.01 standard variations in the matched sample. We also closely match quarterly hours of the
Seattle workers. The treatment-control difference in hours worked falls from 0.08-0.16 standard
deviations before matching to 0.01 standard deviations for the matched sample.
Match quality is somewhat worse for pre-baseline hourly wages. Though there are
virtually no baseline wage differences between Seattle workers and the matched controls for both
cohorts, there are some modest discrepancies in wages in the two quarters before baseline. In
particular, Seattle workers in both cohorts were paid 25-57 cents more per hour than their
matched Washington State counterparts three to nine months before the baseline period. The
“Ashenfelter dips” exhibited by Seattle workers appear slightly steeper than those seen elsewhere
in Washington, even after matching. These differences amount to 0.02-0.04 standard deviations,
which are quite small in an absolute sense.
6. Results
6.1 Basic findings
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Tables 5-8 present results for our four main outcomes. The first row of Table 5 shows
that workers employed in Seattle in the first quarter of 2015 at hourly wages under $11 had an
average wage of $10.06. Following this cohort forward, we see that by the third quarter of 2016,
their average wage had risen to $15.08. The remainder of Table 5 deduces what portion of this
substantial wage increase can be attributed to Seattle’s minimum wage ordinance. As noted
earlier, this rapid gain could be due to mean reversion (i.e., coming out of the Ashenfelter dip),
the natural experience-earnings relationship, or the strong national economy. We expect these
alternate mechanisms to be similarly salient among our matched controls. The second row of
Table 5 shows that the average wages of matched control group workers increased from $10.06
at baseline to $12.84. The third row shows that treatment-control difference in wages, bias
corrected, in 2016.3 is $2.30, whereas the bias corrected difference at baseline was negligible
($0.00, rounded). The fourth row of Table 5 nets off the negligible baseline difference to produce
a DD estimate of $2.31 (s.e. $0.10). There is evidence that the hike in Seattle’s minimum wage
from $11 to $13 in 2016.1 had an effect on treated workers’ wages as the DD estimate increases
from $1.38 to $2.01 between 2015.4 and 2106.1.
Results for the pseudo-treated cohort assess whether we can attribute the DD estimated
effect to the Seattle minimum wage rather than “business as usual” differences in labor market
dynamics between the city and outlying Washington State. For pseudo-treated cohort 1 (i.e.,
workers employed in Seattle in 2012.1 and earning an inflation-adjusted wage less than $11), we
estimate that wages rose $0.76 relative to matched controls by 2013.3. This result suggests that
labor market outcomes for low-wage Seattle workers are likely to diverge from their matched
control workers outside of King County. 18 We assume that this $0.76 increase in wages provides
a counterfactual for the DD estimate we would have found in Seattle for the real cohort 1 (i.e.,
workers employed in Seattle in 2012.1 and earning a wage less than $11) if Seattle had not
passed the minimum wage ordinance.
The DDD estimates at the bottom of Panel A of Table 5 show our best estimate of the
casual effect of Seattle’s minimum wage on workers in low-wage jobs employed in Seattle. We
conclude that the first minimum wage increase to $11 caused these workers’ wages to rise

Referencing Appendix Table 1, the spurious effect in the pseudo-cohort reflects the significant divergence in post“treatment” hourly wages at the upper tail of the distribution.
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between $0.63 and $0.88, and the second increase to as much as $13 caused an increase between
$1.22 and $1.54.
Panel B of Table 5 shows estimates for Cohort 2. Our results suggest that the minimum
wage hike to as much as $13 boosted their wages between $0.78 and $0.88. This increase is a bit
larger than the jump in wages for cohort 1. For example, for cohort 1, the jump in the DDD
estimate between 2015.4 and 2016.1 is $0.47 (i.e., $1.35-$0.88), which is smaller than the $0.83
DDD estimate in 2016.1 for cohort 2. The difference could reflect treatment effect heterogeneity,
given the difference in selection criteria between the two cohorts, but might also reflect
endogenous selection into cohort 2.
Table 6 shows, broadly speaking, no evidence that the Seattle minimum wage reduced
the probability of employment among those employed in the quarters prior to the law’s
implementation. The DD estimates show that cohort 1 (cohort 2) treated workers were 1.1 (2.3)
percentage points more likely to be employed in 2016.3 than their matched control workers. The
pseudo cohorts suggest that some of this apparent gain is an expected phenomenon for Seattle
workers as pseudo-cohort 1 (pseudo-cohort 2) was 0.6 (1.3) percentage points more likely to be
employed in 2013.3 than their matched comparisons. The DDD estimates are statistically
insignificant for cohort 1 (ranging from -0.8 to +0.5 percentage points), while the DDD estimates
are each significant at the 10% level for cohort 2, but of various signs (-0.8, -0.8, and +1.0
percentage points).
Table 7 indicates that Seattle workers worked significantly fewer hours per quarter as a
result of the minimum wage hikes. The DDD results show significant declines in hours worked
in all six quarters for cohort 1 ranging from -6.3 to -14.1 hours per quarter, or 30 to 60 minutes
per week. The DDD results for cohort 2 range from -3.0 to -11.5 and are significant for two of
the three quarters following the increase in the minimum wage to $13. The DDD estimates for
hours worked are fairly similar to the DD estimates for cohort 1 and 2 as the estimated DD
effects for the pseudo cohorts are usually small and insignificant. Together, tables 5 and 7
suggest that incumbent treated workers experienced potentially offsetting effects -- an increase in
hourly wages coupled with a decline in hours worked. They also indicate the importance of
analyzing employment effects on both the extensive and intensive margins.
Table 8 assesses whether these opposing forces resulted in higher or lower quarterly
earnings for treated workers. Baseline earnings for Seattle’s cohort 1 workers averaged $2,417 in
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2015.1. Mean quarterly earnings rose to $3,531 by 2015.6, and this growth exceeded the gains
for the matched control workers, yielding a DD estimate of $416. Almost half of this gain can be
attributed to business as usual as pseudo-treated workers experienced a relative gain of $195.
The net DDD estimate suggests that the Seattle minimum wage caused a $221 quarterly earnings
gain for cohort 1 workers in 2016.3.
For cohort 1, we find gains ranging from $90 to $221 during the three quarters of 2016,
an average of $12 per week, while for cohort 2, we find gains ranging from $25 to $190 during
the three quarters of 2016, an average of $8 per week. Thus, while prior estimates conclude the
total amount paid to low wage workers in Seattle declined by 6-7 percent (Jardim et al., 2018),
the workers in cohort 1 (2) who were employed at baseline saw average earnings gains of 6.3
(3.2) percent. These results suggest the effects of the Seattle minimum wage were heterogeneous
and depended to some extent on workers’ labor market experience prior to the hikes. We
examine this suggestion by stratifying our sample of employed workers on the basis of their prior
experience.
6.2 Heterogeneity in Effects Based on Prior Experience
Table 9 presents evidence in support of the hypothesis that the Seattle minimum wage
was more beneficial to experienced workers. First, we find that workers with above median
number of hours worked in the baseline quarter and prior two quarters saw their wages rise a bit
more than less experienced workers, conditional on employment. For the three quarters of 2016,
the estimated DDD estimates range from $0.83 to $1.90 for more experienced workers versus
$0.71 to $1.11 for less experienced workers. The DDDD estimates show that this disparity is
statistically significant for five of the nine quarters evaluated, and all of these five estimates
favor more experienced workers.
The relatively modest impacts on the probability of employment observed in Table 6
above persist when we split the sample by experience. However, there is suggestive evidence of
greater disemployment among the less experienced. Averaging across the estimates for 2016, we
find a DDD effect of -0.7 percentage points for the less experienced, and +0.1 percentage points
for the more experienced. Three of the nine DDDD estimates are negative and significant at the
10% level.
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Both experience groups witnessed significant declines in hours worked. The DDD
estimates for 2016 range from -1.1 to -12.5 and average -7.8 for the less experienced. They
ranged and from -5.6 to -15.8 and average -11.4 for the more experienced. While the point
estimates tend to be a bit larger for the more experienced, it is important to note that the base
number of hours worked for these two groups differed substantially. Less experienced workers
worked 108.6 (142.2) hours during the baseline quarter for cohort 1 (2), while more experienced
workers worked 367.1 (432.2) hours during the baseline quarter for cohort 1 (2). Consequently,
the DDD estimates represent a substantial percentage decline in hours worked for less
experienced workers, while reflecting a much more modest percentage effect for more
experienced workers.
The bottom of Table 9 presents the most striking findings. For less experienced workers,
the gain in hourly wages was offset by the decline in hours yielding small and insignificant net
impacts on earnings. In contrast, all of the nine estimated DDD estimates for effects on earnings
are positive and significant for more experienced workers. For the three quarters of 2016, the
DDD estimates average to $12 per quarter for the less experienced and $251 per quarter (or $19
per week) for the more experienced.
Table 10 provides further detail, dividing workers into deciles on the basis of hours
worked in the three quarters prior to each minimum wage increase. Table 9’s general conclusion
– that roughly half of all workers enjoyed significant earnings increases, while the less
experienced half effectively broke even – continues to hold. Individuals in the highest decile of
cohort 1, who worked at least 1,471 hours in the nine month base period, or an average of 38
hours per week, show particularly noteworthy impacts. These workers saw a combination of
significantly higher earnings and reduced hours. It is conceivable that the observed hours
reductions reflect voluntary cutbacks in work effort, given the high level of exertion observed at
baseline and the fact that these workers retain enough hours to boost their weekly earnings by as
much as $50 in some quarters.
6.3 Adjustment Mechanisms: Employment Outside Seattle and Reduced Turnover Inside Seattle
The results of this longitudinal analysis contrast strikingly with repeat cross-section
analyses suggesting sharper reductions in hours worked in Seattle’s low wage labor market in
2016 (Jardim et al., 2018a). These findings could be compatible for multiple reasons. First,
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longitudinal analysis by necessity excludes workers who enter Seattle’s low-wage workforce
after the baseline period, or who never enter at all. Second, individual workers may be making
up for lost work in Seattle by adding employment outside the city limits. Our decision to include
all Washington state employment and earnings might mask steeper employment and hours
declines in the city. The top panel of Table 11 explores this second mechanism of adjustment.
In the full sample we do not find an increase in hours worked outside the city. We do,
however, find significant increases in outside-of-Seattle hours among more experienced workers,
with 5 of 9 estimated coefficients statistically significant at the 5% level and a sixth with a pvalue of 0.106. Averaged across quarters, the effect amounts to about 7 hours per quarter or just
over 30 minutes per week. Taken in the context of our results on overall hours worked, these
results indicate that experienced workers had some capacity to offset hours reductions in Seattle
by finding work outside the city. While the effect is modest in magnitude, it implies that a nonnegligible portion of the weekly earnings increases accruing to more-experienced workers can be
attributed to increased work outside the city. 19
By contrast, point estimates suggest less experienced workers in low-wage jobs decreased
their hours worked outside the city by around 3 hours per quarter. The differences in estimated
effects between more- and less-experienced workers are statistically significant at the 5% level in
6 of the 9 cases evaluated, and at the 10% level in one case.
The bottom panel of Table 11 explores whether workers were more likely to remain
employed by their baseline employer, conditional on being employed. Given the higher
minimum wage, employers have an incentive to retain their employees assuming that labor
productivity is an increasing function of tenure. Higher wages may also increase incentives for
workers to continue working for their current employer.
We find evidence consistent with this hypothesis. Workers are 1 to 4 percentage points
more likely to be employed at their baseline employer conditional on being employed, and these
estimated effects are significant at the 10% level in 8 of the 9 cases evaluated. Estimated
turnover effects tend to increase in magnitude over time. After six quarters, roughly half of our
matched controls and placebo cohorts continued to be employed by their baseline employer,
indicating a turnover rate of 50%. The near-4 percentage point reduction in turnover found in
Valuing hours outside the city at the state minimum wage of $9.47, the results suggest that about one-quarter of
the earnings gains for experienced workers reflect increased work outside the city.
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the sixth quarter of treatment thus amounts to an 8% drop in turnover. We find no significant
heterogeneity in this effect by worker experience. These results confirm recent empirical studies
on minimum wages’ impacts on job turnover that used proxies for the low-wage labor market
(Dube, Lester and Reich, 2016; Gittings and Schmutte, 2016).
6.4 Reductions in Opportunities for Potential Labor Market Entrants
This analysis focuses on individuals employed at baseline. To be included in the
treatment group, these workers must have had some work experience by the time Seattle’s
minimum wage increased, and that work experience may set them apart from inexperienced
workers attempting to enter the Seattle low-wage labor market. Job seekers who lack any labor
market experience in Washington are invisible to us, as they do not appear in administrative
records. We can infer their trajectories by studying aggregate statistics on the number of new
entrants into the Seattle low-wage labor market.
Figure 5 presents evidence on new entrants. In this figure, a “new entrant” is defined as a
worker who had not been employed in Washington State in the prior five years. 20 We show 4quarter moving averages of the raw number of new entrants to eliminate strong seasonality in
labor market entry. We then normalize the two time series with different natural scales,
multiplying by 100 and dividing by the 4-quarter moving average in 2014.2 (i.e., we set 2014.2,
the quarter before passage of the ordinance, at 100). Around this baseline period, both Seattle
and outlying Washington State show signs of accelerating growth in the low-wage labor market,
with the number of new entrants growing at a comparable rate. These two trends diverge after
the baseline period. Seattle transitions from a period of growth to a period of stasis or modest
decline once the minimum wage increase take effect, despite its booming economy. Washington
State outside King County continues to see growth in the number of new entrants, stabilizing at a
higher level in mid-2015. Declines in jobs available to such new entrants to the low-wage labor
market, and other workers with little experience who were not employed at the baselines would
be reflected in Jardim et al.’s (2018a) analysis of the aggregate labor market, but would not be
captured by the longitudinal analysis in this paper.

Use of a “moving window” to identify new entrants is preferable to identifying new entrants as those with no prior
appearance in the data, as this second selection criterion becomes systematically more stringent over time.
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Combining the results of these two papers suggests an important lesson: Seattle’s
minimum wage ordinance appears to have delivered higher pay to experienced workers at the
cost of reduced opportunity for the inexperienced. This result is consistent with anecdotal,
survey, and interview evidence collected the UW Minimum Wage Study, in which employers
consistently emphasize an increased focus on experience in the hiring process.
7. Conclusion
A wide array of labor market interventions promise to expand work opportunities and
increase earnings for one group at the risk of reducing other groups’ employment opportunities. 21
In the case of the minimum wage, academic debate persists regarding the existence and
magnitude of these trade-offs. But presuming that some trade-off exists, the normative question
of whether a higher minimum wage represents a fair and desirable labor market intervention
hinges on the positive question of which workers benefit and which do not. This positive
question has received scant attention from an otherwise voluminous literature on the impacts of
minimum wage policies.
Our analysis of over 14,000 workers employed at wages under $11/hour in early 2015, as
well as some 25,000 employed at wages under $13/hour at the conclusion of 2015, documents
the expected and intended impacts of Seattle’s minimum wage ordinance on hourly wages.
Evidence indicates that these workers experienced no significant decline in their likelihood of
being employed and a modest reduction in their hours worked over the six quarters following the
first and second wage increases. Taken together, the minimum wage law increased these
workers’ pretax earnings by average of around $10 per week. Further analysis indicates that
earnings gains were concentrated among more experienced workers, with the less-experienced
half of Seattle’s baseline low-wage workforce showing no significant change.
These findings contrast with our earlier work, which showed that the total amount paid
to workers in low-wage jobs in Seattle declined after the second minimum wage increase in 2016
(Jardim et al., 2018). While this could reflect Seattle workers transitioning to work outside the
city, evidence presented here points to a relative and absolute reduction in the flow of new
employees into the Seattle low-wage workforce as the key reconciling factor.
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Examples include child labor laws, occupational licensing, and immigration restrictions.
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Much remains to be learned. Our segmentation of the workforce into more- and lessexperienced portions is a crude first step at examining effect heterogeneity. Our research team is
in the process of creating a merged administrative data resource that would link sparse
employment records to drivers’ license records, voter registration records, and other agency
databases that promise to link individual workers into households and provide more demographic
information. This will enable analysis of workers according to gender, age, and family income
status.
As a final caveat, we emphasize that during the period under study Seattle was
undergoing an exceptional economic boom driven by rapid expansion of its high-skilled
workforce. This may have driven the wages of less-paid employees up relative to the remainder
of Washington State where our matched controls reside. Seattle workers exhibited a larger
“Ashenfelter dip,” on average, relative to controls and it is reasonable to think that some element
of the wage and earnings improvement documented here reflects a more significant rebound
rather than any minimum wage impact. Regardless of the underlying mechanisms, at a
documentary level the evidence here indicates that individuals employed in Seattle’s low-wage
workforce immediately before its first two minimum wage increases saw wage and earnings
growth that outpaced observationally similar workers in other parts of Washington State.
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Figure 1: Distribution of Wages among Matched Control Group (i.e., Workers in Jobs
Outside of King County Paying Less than $11/Hour in First Quarter of 2015)

30

Figure 2: Share of Employment Spells that Survive among Seattle Jobs Paying Less than
$15/Hour at Beginning of Spell

Figure 3: Share of Employment Spells that Upgrade their Wage to > $15/Hour, Conditional
on the Spell Having Survived, among Seattle Jobs Paying < $15/Hour at Beginning of Spell
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Figure 4: Cohort 1’s Distribution of Prior Experience

Figure 5: Cohort 2’s Distribution of Prior Experience
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Figure 5: Relative Decline in New Low-Wage Labor Market Entrants in Seattle

Note: A worker is defined as a new low-wage entrant if s/he becomes employed during the
quarter with a wage less than $15 and had not been observed as employed during the prior 20
quarters.
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Table 1: Minimum Wage Schedule in Seattle and Washington State

a

Effective Date
January 1, 2015
April 1, 2015
January 1, 2016
January 1, 2017
January 1, 2018
January 1, 2019
January 1, 2020
January 1, 2021
Notes:

Large Employers
No benefits
With benefitsb
$9.47
$9.47
$11.00
$11.00
$13.00
$12.50
d
$13.50
$15.00
$15.45
$15.00e

Seattle
Small Employers
c
No benefits or tips
Benefits or tips
$9.47
$9.47
$11.00
$10.00
$12.00
$10.50
$13.00
$11.00
$14.00
$11.50
f
$15.00
$12.00
$13.50
$15.00g

Washington State
All Employers

January 1, 2016
January 1, 2017
January 1, 2018
January 1, 2019
January 1, 2020

$9.47
$11.00
$11.50
$12.00
$13.50

a
b
c

A large employer employs 501 or more employees worldwide, including all franchises associated with a franchise or a
Employers who pay towards medical benefits.
Employers who pay toward medical benefits and/or employees who are paid tips. Total minimum hourly compensations
(including tips and benefits) is the same as for small employers who do not pay towards medical benefits and/or tips.

d
e

For large employers, in the years after the minimum wage reaches $15.00 it is indexed to inflation using the CPI-W for
In subsequent years, starting January 1, 2019, payment by the employer of medical benefits for employees no longer
affects the hourly minimum wage paid by a large employer.

f

After the minimum hourly compensation for small employers reaches $15 it goes up to $15.75 until January 1, 2021
when it converges with the minimum wage schedule for large employers.

g

The minimum wage for small employers with benefits or tips will converge with other employers by 2025.
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Table 2: Number and Share of Low-Wage Washington Workers Included in the Analysis
(1)
Low-Wage
Washington
Workers
(Baseline
Quarter)

Cohort 1: Wage in 2015.1 < $11
Cohort 2: Wage in 2015.4 < $13

338,671
576,040

(2)

(3)
(4)
(5)
Number of Workers
Excluded from Analysis Because of Baseline Employment at:
Non-Locatable Non-Locatable
Seattle
Outlying King
Multi-Site
Single-Site
Employer and
County
Employer
Employer
Outside Seattle
Employer
Employer

116,019
196,381

1,854
8,525

1,928
5,022

6,952
17,721

(6)

(7)

Included in
Analysis
(Treated +
Pool of
Potential
Control
Workers)

Share
Included

178,593
293,774

52.73%
51.00%

Notes: Columns (3), (4), and (5) show the number excluded after sample exclusions shown in prior columns.

35

Table 3: Balance Between Cohort 1's Treated Workers, Pool of Potential Control Workers, and Matched Control Workers
(1)
Treated Workers
Mean

Variables Matched Exactly
Employed in 2015.1
Employed in 2014.4
Employed in 2014.3
New Entrant in 2015.1
New Entrant in 2014.4
New Entrant in 2014.3

1.00
0.79
0.72
0.08
0.05
0.05

Variables Matched Non-Exactly
Job Tenure at Baseline (2015.1) Employer

5.6

Potential Experience at Baseline (2015.1))
Hours Worked in 2015.1
Hours Worked in 2014.4
Hours Worked in 2014.3
Wage in 2015.1
Wage in 2014.4 (Conditional on Employment)
Wage in 2014.3 (Conditional on Employment)
Earnings from More Than One Employer in 2015.1
Earnings from More Than One Employer in 2014.4
Earnings from More Than One Employer in 2014.3

(S.D.)

(2)
(3)
Pool of Potential Control Workers
Mean

1.00
0.83
0.76
0.07
0.05
0.05

(8.0)

20.4
(15.4)
240
(199)
227
(207)
216
(211)
$10.06 ($0.51)
$11.09 ($6.24)
$11.46 ($12.48)
0.048
0.142
0.162

Normalized
Difference
from Treated

Mean

NA
-0.10
-0.10
0.06
0.03
0.01

1.00
0.79
0.72
0.08
0.05
0.05

5.5

5.6

(7.8)

0.00

21.4
261
255
251
$10.01
$10.85
$11.19
0.084
0.157
0.204

(15.3)
(179)
(205)
(227)
($0.47)
($6.68)
($11.72)

-0.07
-0.12
-0.14
-0.16
0.11
0.04
0.02
-0.13
-0.04
-0.10

Mean of absolute values
Observations

(S.D.)

(4)
(5)
Matched Control Workers

164,184

Normalized
Difference
from Treated
NA
0.00
0.00
0.00
0.00
0.00

(8.0)

20.4
(15.5)
237
(191)
225
(202)
214
(207)
$10.06 ($0.50)
$10.84 ($5.64)
$10.98 ($11.45)
0.048
0.112
0.116

0.08
14,409

(S.D.)

0.01
0.00
0.01
0.01
0.01
0.00
0.03
0.03
0.00
0.00
0.00
0.01

14,409

Notes: Data derived from administrative employment records obtained from the Washington Employment Security Department. Non-locatable
employers and workers with employment in outlying King County are excluded. Cohort 1 is defined as workers employed in 2015.1 in locatable
establishments in Washington State and earning <$11 per hour.
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Table 4: Balance Between Cohort 2's Treated Workers, Pool of Potential Control Workers, and Matched Control Workers
(1)
Treated Workers
Mean

Variables Matched Exactly
Employed in 2015.1
Employed in 2014.4
Employed in 2014.3
New Entrant in 2015.1
New Entrant in 2014.4
New Entrant in 2014.3

1.00
0.83
0.72
0.08
0.06
0.04

Variables Matched Non-Exactly
Job Tenure at Baseline (2015.1) Employer

6.2

Potential Experience at Baseline (2015.1))
Hours Worked in 2015.1
Hours Worked in 2014.4
Hours Worked in 2014.3
Wage in 2015.1
Wage in 2014.4 (Conditional on Employment)
Wage in 2014.3 (Conditional on Employment)
Earnings from More Than One Employer in 2015.1
Earnings from More Than One Employer in 2014.4
Earnings from More Than One Employer in 2014.3

(S.D.)

(2)
(3)
Pool of Potential Control Workers
Mean

1.00
0.85
0.75
0.06
0.06
0.04

(8.8)

22.7
(16.6)
289
(214)
267
(222)
231
(221)
$11.49 ($0.92)
$12.59 ($10.68)
$12.72 ($27.14)
0.063
0.159
0.163

Normalized
Difference
from Treated

Mean

NA
-0.07
-0.05
0.07
0.00
-0.02

1.00
0.83
0.72
0.08
0.06
0.04

6.1

6.0

(8.6)

0.02

23.7
304
295
251
$10.94
$11.86
$11.39
0.096
0.191
0.178

(16.6)
(198)
(225)
(225)
($1.08)
($9.67)
($8.59)

-0.06
-0.08
-0.12
-0.09
0.51
0.07
0.12
-0.12
-0.08
-0.04

Mean of absolute values
Observations

(S.D.)

(4)
(5)
Matched Control Workers

268,040

Normalized
Difference
from Treated
NA
0.00
0.00
0.00
0.00
0.00

(8.8)

22.7
(16.7)
287
(208)
264
(216)
228
(217)
$11.48 ($0.91)
$12.16 ($10.24)
$12.15 ($17.88)
0.062
0.132
0.118

0.09
25,734

(S.D.)

0.01
0.00
0.01
0.01
0.01
0.01
0.04
0.02
0.00
0.00
0.00
0.01

25,734

Notes: Data derived from administrative employment records obtained from the Washington Employment Security Department. Non-locatable
employers and workers with employment in outlying King County are excluded. Cohort 1 is defined as workers employed in 2015.1 in locatable
establishments in Washington State and earning <$11 per hour.
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Table 5: Estimated Effect of the Seattle Minimum Wage Ordinance on Wages Conditional on Employment
Panel A: Workers Earning < $11 Per Hour at Baseline
(Cohort 1 and Pseudo-Cohort 1)

Treated (Seattle Workers)
Control (Matched Workers)
Difference (Bias Corrected)
Difference-in-Differences
Block boostrapped standard error
p -value
Pseudo-Treated (Seattle Workers)
Control (Matched Workers)
Difference (Bias Corrected)
Difference-in-Differences
Block boostrapped standard error
p -value
Difference-in-Differences-in-Differences
Block boostrapped standard error
p -value

Panel B: Workers Earning < $13
Per Hour at Baseline (Cohort 2
and Pseudo-Cohort 2)

2015.1
$10.06
$10.06
$0.00

2015.2
$11.53
$10.60
$0.96
$0.97
($0.03)
0.000

2015.3
$12.39
$11.51
$0.93
$0.93
($0.05)
0.000

2015.4
$13.16
$11.82
$1.38
$1.38
($0.07)
0.000

2016.1
$13.74
$11.76
$2.01
$2.01
($0.06)
0.000

2016.2
$14.08
$12.12
$1.99
$1.99
($0.07)
0.000

2016.3
$15.08
$12.84
$2.30
$2.31
($0.10)
0.000

2015.4 2016.1 2016.2 2016.3
$11.49 $12.95 $13.35 $14.20
$11.48 $11.89 $12.22 $12.85
$0.02 $1.10 $1.19 $1.43
$1.08 $1.16 $1.40
($0.03) ($0.04) ($0.05)
0.000 0.000 0.000

2012.1
$9.96
$9.96
$0.01

2012.2
$10.73
$10.43
$0.33
$0.32
($0.02)
0.000

2012.3
$11.13
$10.85
$0.31
$0.30
($0.03)
0.000

2012.4
$11.75
$11.26
$0.52
$0.51
($0.04)
0.000

2013.1
$11.74
$11.08
$0.68
$0.66
($0.04)
0.000

2013.2
$12.20
$11.44
$0.78
$0.77
($0.05)
0.000

2013.3
$12.68
$11.94
$0.78
$0.76
($0.06)
0.000

2012.4 2013.1 2013.2 2013.3
$10.99 $11.50 $11.96 $12.55
$10.98 $11.26 $11.58 $12.04
$0.03 $0.28 $0.42 $0.56
$0.25 $0.38 $0.52
($0.02) ($0.03) ($0.03)
0.000 0.000 0.000

$0.65 $0.63 $0.88 $1.35 $1.22 $1.54
($0.04) ($0.06) ($0.08) ($0.08) ($0.09) ($0.12)
0.000 0.000 0.000 0.000 0.000 0.000

$0.83 $0.78 $0.88
($0.03) ($0.04) ($0.06)
0.000 0.000 0.000

Notes: Cohort 1’s treated workers are defined as those employed in 2015.1 in locatable establishments in Seattle, not employed elsewhere in the state,
and earning <$11 per hour. Cohort 1’s control workers are defined as those employed in 2015.1 in locatable establishments in Washington State, but
not employed in King County, and earning <$11 per hour. Each treated worker is matched to his/her nearest neighbor control worker, without
replacement. The control sample is exact matched in employment status in 2015.1, 2014.4, and 2014.3, and on an indicator for worker first observed in
WA in 2015.1, 2014.4, or 2014.3. Matching using Mahalanobis distance is based on wage rate, hours worked, tenure on the primary job, number of
quarters since first observed in WA, and indicators for having earnings from more than one job in 2015.1, 2014.4, and 2014.3. Pseudo-Cohort 1 is
constructed analogously, yet beginning from 2012.1. Cohort 2 and Pseudo-Cohort 2 are constructed analogously, yet beginning from 2015.4 and
2013.4, respectively, and based on workers earning <$13 per hour at baseline. Estimators were bias adjusted using wage rate, hours worked, tenure on
the primary job, and number of quarters since first observed in WA in the baseline quarter and prior two quarters.
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Table 6: Estimated Effect of the Seattle Minimum Wage Ordinance on Employment
Panel A: Workers Earning < $11 Per Hour at Baseline
(Cohort 1 and Pseudo-Cohort 1)

Treated (Seattle Workers)
Control (Matched Workers)
Difference (Bias Corrected)
Difference-in-Differences
Block boostrapped standard error
p -value
Pseudo-Treated (Seattle Workers)
Control (Matched Workers)
Difference (Bias Corrected)
Difference-in-Differences
Block boostrapped standard error
p -value
Difference-in-Differences-in-Differences
Block boostrapped standard error
p -value

Panel B: Workers Earning < $13
Per Hour at Baseline (Cohort 2
and Pseudo-Cohort 2)

2015.1
1.000
1.000
0.000

2015.2 2015.3 2015.4 2016.1
0.858 0.788 0.731 0.696
0.860 0.791 0.725 0.696
0.001 0.002 0.011 0.005
0.001 0.002 0.011 0.005
(0.004) (0.004) (0.005) (0.005)
0.782 0.661 0.032 0.313

2016.2 2016.3
0.694 0.681
0.703 0.674
-0.005 0.011
-0.005 0.011
(0.005) (0.005)
0.355 0.028

2015.4 2016.1 2016.2 2016.3
1.000 0.831 0.794 0.756
1.000 0.811 0.786 0.737
0.000 0.023 0.012 0.023
0.023 0.012 0.023
(0.003) (0.003) (0.004)
0.000 0.000 0.000

2012.1
1.000
1.000
0.000

2012.2 2012.3 2012.4 2013.1 2013.2 2013.3
0.874 0.811 0.757 0.720 0.714 0.708
0.871 0.808 0.755 0.710 0.716 0.705
0.005 0.007 0.006 0.013 0.001 0.006
0.005 0.007 0.006 0.013 0.001 0.006
(0.003) (0.004) (0.004) (0.004) (0.004) (0.004)
0.085 0.054 0.119 0.002 0.860 0.160

2012.4 2013.1 2013.2 2013.3
1.000 0.852 0.818 0.783
1.000 0.825 0.802 0.773
0.000 0.031 0.020 0.013
0.031 0.020 0.013
(0.002) (0.003) (0.003)
0.000 0.000 0.000

-0.004 -0.005 0.004 -0.008 -0.005 0.005
(0.005) (0.006) (0.006) (0.007) (0.007) (0.007)
0.406 0.386 0.501 0.218 0.408 0.421

-0.008 -0.008 0.010
(0.004) (0.004) (0.005)
0.034 0.068 0.035

Notes: Cohort 1’s treated workers are defined as those employed in 2015.1 in locatable establishments in Seattle, not employed elsewhere in the state,
and earning <$11 per hour. Cohort 1’s control workers are defined as those employed in 2015.1 in locatable establishments in Washington State, but
not employed in King County, and earning <$11 per hour. Each treated worker is matched to his/her nearest neighbor control worker, without
replacement. The control sample is exact matched in employment status in 2015.1, 2014.4, and 2014.3, and on an indicator for worker first observed in
WA in 2015.1, 2014.4, or 2014.3. Matching using Mahalanobis distance is based on wage rate, hours worked, tenure on the primary job, number of
quarters since first observed in WA, and indicators for having earnings from more than one job in 2015.1, 2014.4, and 2014.3. Pseudo-Cohort 1 is
constructed analogously, yet beginning from 2012.1. Cohort 2 and Pseudo-Cohort 2 are constructed analogously, yet beginning from 2015.4 and
2013.4, respectively, and based on workers earning <$13 per hour at baseline. Estimators were bias adjusted using wage rate, hours worked, tenure on
the primary job, and number of quarters since first observed in WA in the baseline quarter and prior two quarters.
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Table 7: Estimated Effect of the Seattle Minimum Wage Ordinance on Hours Worked
Panel A: Workers Earning < $11 Per Hour at Baseline
(Cohort 1 and Pseudo-Cohort 1)

Panel B: Workers Earning < $13
Per Hour at Baseline (Cohort 2
and Pseudo-Cohort 2)

Treated (Seattle Workers)
Control (Matched Workers)
Difference (Bias Corrected)
Difference-in-Differences
Block boostrapped standard error
p -value

2015.1 2015.2 2015.3 2015.4 2016.1 2016.2 2016.3
239.4 251.5 255.3 238.9 212.3 225.7 235.9
236.5 260.8 260.8 236.1 215.5 235.9 239.4
6.0
-0.2
-7.2
-0.7
8.5
-5.7
-2.2
-14.3
-10.7
-2.6
-8.7
-15.8
-9.3
(2.3)
(1.6)
(2.1)
(2.1)
(2.0)
(2.1)
0.000 0.000 0.229 0.000 0.000 0.000

2015.4 2016.1 2016.2 2016.3
288.4 252.2 260.7 267.3
286.0 249.8 265.4 266.1
7.2
5.7
-1.4
4.4
-2.8
-1.5
-8.6
(1.8)
(1.2)
(1.4)
0.206 0.000 0.118

Pseudo-Treated (Seattle Workers)
Control (Matched Workers)
Difference (Bias Corrected)
Difference-in-Differences
Block boostrapped standard error
p -value

2012.1 2012.2 2012.3 2012.4 2013.1 2013.2 2013.3
258.8 277.0 279.4 260.3 237.6 251.4 259.1
256.9 274.2 276.6 253.4 230.6 250.4 257.8
5.4
5.3
9.2
9.2
3.1
3.3
5.5
3.6
-0.2
-0.2
3.7
-2.4
-2.2
(1.4)
(1.8)
(1.8)
(1.8)
(2.1)
(2.3)
0.902 0.914 0.046 0.042 0.243 0.339

2012.4 2013.1 2013.2 2013.3
309.6 276.9 287.4 286.6
307.6 268.1 281.1 282.4
6.2
9.2
6.4
11.7
5.5
3.0
0.2
(1.1)
(1.3)
(1.5)
0.000 0.022 0.880

Difference-in-Differences-in-Differences
Block boostrapped standard error
p -value

-14.1
(2.1)
0.000

-10.5
(2.8)
0.000

-6.3
(2.9)
0.029

-12.4
(2.7)
0.000

-13.3
(3.0)
0.000

-7.1
(3.2)
0.029

-7.0
(1.6)
0.000

-11.5
(1.9)
0.000

-3.0
(2.3)
0.197

Notes: Cohort 1’s treated workers are defined as those employed in 2015.1 in locatable establishments in Seattle, not employed elsewhere in the state,
and earning <$11 per hour. Cohort 1’s control workers are defined as those employed in 2015.1 in locatable establishments in Washington State, but
not employed in King County, and earning <$11 per hour. Each treated worker is matched to his/her nearest neighbor control worker, without
replacement. The control sample is exact matched in employment status in 2015.1, 2014.4, and 2014.3, and on an indicator for worker first observed in
WA in 2015.1, 2014.4, or 2014.3. Matching using Mahalanobis distance is based on wage rate, hours worked, tenure on the primary job, number of
quarters since first observed in WA, and indicators for having earnings from more than one job in 2015.1, 2014.4, and 2014.3. Pseudo-Cohort 1 is
constructed analogously, yet beginning from 2012.1. Cohort 2 and Pseudo-Cohort 2 are constructed analogously, yet beginning from 2015.4 and
2013.4, respectively, and based on workers earning <$13 per hour at baseline. Estimators were bias adjusted using wage rate, hours worked, tenure on
the primary job, and number of quarters since first observed in WA in the baseline quarter and prior two quarters.
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Table 8: Estimated Effect of the Seattle Minimum Wage Ordinance on Earnings
Panel A: Workers Earning < $11 Per Hour at Baseline
(Cohort 1 and Pseudo-Cohort 1)

Treated (Seattle Workers)
Control (Matched Workers)
Difference (Bias Corrected)
Difference-in-Differences
Block boostrapped standard error
p -value
Pseudo-Treated (Seattle Workers)
Control (Matched Workers)
Difference (Bias Corrected)
Difference-in-Differences
Block boostrapped standard error
p -value
Difference-in-Differences-in-Differences
Block boostrapped standard error
p -value

Panel B: Workers Earning < $13
Per Hour at Baseline (Cohort 2
and Pseudo-Cohort 2)

2015.1
$2,417
$2,393
$80

2015.2
$2,922
$2,784
$187
$106
($20)
0.000

2015.3
$3,228
$2,998
$282
$201
($28)
0.000

2015.4
$3,146
$2,820
$374
$293
($32)
0.000

2016.1
$2,939
$2,564
$419
$339
($33)
0.000

2016.2
$3,199
$2,887
$356
$276
($36)
0.000

2016.3
$3,531
$3,084
$496
$416
($41)
0.000

2015.4 2016.1 2016.2 2016.3
$3,348 $3,265 $3,485 $3,821
$3,319 $2,995 $3,266 $3,426
$319
$270
$450
$87
$231
$183
$363
($16) ($21) ($25)
0.000 0.000 0.000

2012.1
$2,601
$2,583
$56

2012.2
$2,989
$2,873
$148
$92
($16)
0.000

2012.3
$3,124
$3,010
$148
$92
($21)
0.000

2012.4
$3,073
$2,886
$222
$165
($23)
0.000

2013.1
$2,798
$2,578
$247
$191
($23)
0.000

2013.2
$3,092
$2,878
$243
$187
($26)
0.000

2013.3
$3,300
$3,079
$251
$195
($29)
0.000

2012.4 2013.1 2013.2 2013.3
$3,462 $3,209 $3,473 $3,617
$3,435 $3,048 $3,279 $3,403
$252
$80
$203
$238
$124
$158
$172
($12) ($16) ($19)
0.000 0.000 0.000

$15
($26)
0.578

$110
($35)
0.002

$128
($40)
0.001

$148
($40)
0.000

$90
($46)
0.050

$221
($50)
0.000

$108
($20)
0.000

$25
($27)
0.350

$190
($32)
0.000

Notes: Cohort 1’s treated workers are defined as those employed in 2015.1 in locatable establishments in Seattle, not employed elsewhere in the state,
and earning <$11 per hour. Cohort 1’s control workers are defined as those employed in 2015.1 in locatable establishments in Washington State, but
not employed in King County, and earning <$11 per hour. Each treated worker is matched to his/her nearest neighbor control worker, without
replacement. The control sample is exact matched in employment status in 2015.1, 2014.4, and 2014.3, and on an indicator for worker first observed in
WA in 2015.1, 2014.4, or 2014.3. Matching using Mahalanobis distance is based on wage rate, hours worked, tenure on the primary job, number of
quarters since first observed in WA, and indicators for having earnings from more than one job in 2015.1, 2014.4, and 2014.3. Pseudo-Cohort 1 is
constructed analogously, yet beginning from 2012.1. Cohort 2 and Pseudo-Cohort 2 are constructed analogously, yet beginning from 2015.4 and
2013.4, respectively, and based on workers earning <$13 per hour at baseline. Estimators were bias adjusted using wage rate, hours worked, tenure on
the primary job, and number of quarters since first observed in WA in the baseline quarter and prior two quarters.
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Table 9: Heterogeneity in Estimated Effects of the Seattle Minimum Wage Ordinance by Hours Worked in Baseline and Prior Two Quarters
Panel A: Workers Earning < $11 Per Hour at
Baseline (Cohort 1 and Pseudo-Cohort 1)

Baseline Mean
Outcome
Group
Cohort 1 Cohort 2
Effect Estimator
Wages
Workers with
$10.00 $11.35 Difference-in-Differences-in-Differences
Conditional on Low Experience
Block boostrapped standard error
Employment
p -value
Workers with
$10.13
High Experience

Employed

$11.62 Difference-in-Differences-in-Differences
Block boostrapped standard error
p -value

2015.2
$0.67
($0.06)
0.000

2015.3
$0.44
($0.10)
0.000

2015.4
$0.74
($0.13)
0.000

2016.1
$1.06
($0.12)
0.000

2016.2
$1.18
($0.14)
0.000

2016.3
$1.11
($0.18)
0.000

Panel B: Workers
Earning < $13 Per
Hour at Baseline
(Cohort 2 and PseudoCohort 2)
2016.1
$0.71
($0.05)
0.000

2016.2
$0.74
($0.07)
0.000

2016.3
$0.66
($0.10)
0.000

$0.66 $0.81 $0.97 $1.55 $1.23 $1.90
($0.05) ($0.08) ($0.09) ($0.09) ($0.10) ($0.15)
0.000 0.000 0.000 0.000 0.000 0.000

$0.96 $0.83 $1.10
($0.05) ($0.06) ($0.07)
0.000 0.000 0.000

Difference-in-DnDnD
Block boostrapped standard error
p -value

$0.02 -$0.36 -$0.22 -$0.49 -$0.06 -$0.79
($0.08) ($0.13) ($0.16) ($0.15) ($0.17) ($0.24)
0.856 0.004 0.153 0.001 0.747 0.001

-$0.24 -$0.09 -$0.45
($0.07) ($0.09) ($0.12)
0.001 0.302 0.000

Workers with
Low Experience

1.000

1.000

Difference-in-Differences-in-Differences
Block boostrapped standard error
p -value

-0.013 -0.016 -0.002 -0.014 -0.010 -0.005
(0.008) (0.009) (0.010) (0.011) (0.010) (0.010)
0.128 0.079 0.840 0.190 0.313 0.611

-0.017 -0.008 0.011
(0.007) (0.008) (0.008)
0.010 0.277 0.147

Workers with
High Experience

1.000

1.000

Difference-in-Differences-in-Differences
Block boostrapped standard error
p -value

0.004 0.004 0.010 -0.002 0.000 0.016
(0.005) (0.007) (0.008) (0.009) (0.009) (0.009)
0.422 0.504 0.195 0.789 0.991 0.076

-0.003 -0.011 0.006
(0.004) (0.005) (0.005)
0.364 0.021 0.258

Difference-in-DnDnD
Block boostrapped standard error
p -value

-0.017 -0.021 -0.012 -0.012 -0.011 -0.021
(0.010) (0.011) (0.013) (0.014) (0.014) (0.014)
0.089 0.065 0.349 0.388 0.449 0.128

-0.014 0.002 0.005
(0.008) (0.009) (0.009)
0.072 0.794 0.576

(Table 9 is continued on the next page)
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Table 9 (Continued): Heterogeneity in Estimated Effects of the Seattle Minimum Wage Ordinance by Hours Worked in Baseline and Prior Two Quarters
Panel A: Workers Earning < $11 Per Hour at
Baseline (Cohort 1 and Pseudo-Cohort 1)

Outcome
Hours Worked

Baseline Mean
Group
Cohort 1 Cohort 2
Effect Estimator
Workers with
108.6
142.2 Difference-in-Differences-in-Differences
Low Experience
Block boostrapped standard error
p -value
Workers with
High Experience

367.1

432.2

Difference-in-Differences-in-Differences
Block boostrapped standard error
p -value
Difference-in-DnDnD
Block boostrapped standard error
p -value

Earnings

2015.2
-15.7
(3.1)
0.000

2015.3
-13.1
(3.8)
0.001

2015.4
-11.1
(3.9)
0.004

2016.1
-10.8
(3.7)
0.003

-13.3 -9.8
(3.0) (3.8)
0.000 0.011

-3.4
(4.0)
0.405

-15.3 -16.1 -8.8
(4.1) (4.5) (4.6)
0.000 0.000 0.055

-6.8
(2.3)
0.003

-15.8 -5.6
(2.8) (3.2)
0.000 0.082

-2.4
(4.2)
0.572

-7.8
(5.8)
0.178

4.4
(5.6)
0.424

-0.2
(3.2)
0.940

8.4
(3.8)
0.029

-3.3
(5.5)
0.546

2016.2 2016.3
-12.5 -8.1
(4.0) (4.2)
0.002 0.055

Panel B: Workers
Earning < $13 Per
Hour at Baseline
(Cohort 2 and PseudoCohort 2)

3.6
(6.1)
0.559

0.7
(6.2)
0.907

2016.1 2016.2 2016.3
-7.1
-7.5
-1.1
(2.1) (2.6) (3.0)
0.001 0.005 0.704

4.5
(4.5)
0.316

Workers with
$1,091
Low Experience

$1,628 Difference-in-Differences-in-Differences
Block boostrapped standard error
p -value

-$76 -$64 -$65
-$6
-$36
$35
($36) ($50) ($56) ($56) ($61) ($69)
0.034 0.196 0.245 0.920 0.556 0.611

$4
-$1
$74
($28) ($38) ($45)
0.899 0.971 0.103

Workers with
$3,716
High Experience

$5,039 Difference-in-Differences-in-Differences
Block boostrapped standard error
p -value

$115 $280 $306 $293 $201 $395
($36) ($51) ($55) ($54) ($62) ($68)
0.002 0.000 0.000 0.000 0.001 0.000

$227
$66
$327
($31) ($37) ($47)
0.000 0.075 0.000

-$191 -$344 -$371 -$299 -$237 -$359
($50) ($71) ($79) ($78) ($87) ($96)
0.000 0.000 0.000 0.000 0.006 0.000

-$223 -$67 -$253
($42) ($53) ($66)
0.000 0.205 0.000

Difference-in-DnDnD
Block boostrapped standard error
p -value

Notes: "Low Experience" is defined as working less than the median number of hours worked by Seattle workers in the baseline and prior two quarters (i.e., less than 582 hours for
Cohort 1 and Pseudo-Cohort 1 or less than 700 hours for Cohort 2 and Pseudo-Cohort 2). Of those categorized as having low experience, 33% (28%) had no hours worked during
the two quarters before baseline for Cohort 1 (2). Cohort 1’s treated workers are defined as those employed in 2015.1 in locatable establishments in Seattle, not employed
elsewhere in the state, and earning <$11 per hour. Cohort 1’s control workers are defined as those employed in 2015.1 in locatable establishments in Washington State, but not
employed in King County, and earning <$11 per hour. Each treated worker is matched to his/her nearest neighbor control worker, without replacement. The control sample is
exact matched in employment status in 2015.1, 2014.4, and 2014.3, and on an indicator for worker first observed in WA in 2015.1, 2014.4, or 2014.3. Matching using Mahalanobis
distance is based on wage rate, hours worked, tenure on the primary job, number of quarters since first observed in WA, and indicators for having earnings from more than one job in
2015.1, 2014.4, and 2014.3. Pseudo-Cohort 1 is constructed analogously, yet beginning from 2012.1. Cohort 2 and Pseudo-Cohort 2 are constructed analogously, yet beginning
from 2015.4 and 2013.4, respectively, and based on workers earning <$13 per hour at baseline. Estimators were bias adjusted using wage rate, hours worked, tenure on the primary
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job, and number of quarters since first observed in WA in the baseline quarter and prior two quarters.

Table 10: Heterogeneity in Estimated Effects of the Seattle Minimum Wage Ordinance by Decile of Hours Worked in
Baseline and Prior Two Quarters
Panel A: Workers Earning < $11 Per Hour at Baseline
(Cohort 1 and Pseudo-Cohort 1)
Worker
Experience
Decile
Outcome
Wages
Bottom-10%
Conditional on 2nd Decile
Employment
3rd Decile
4th Decile
5th Decile
6th Decile
7th Decile
8th Decile
9th Decile
Top-10%
Employed

Bottom-10%
2nd Decile
3rd Decile
4th Decile
5th Decile
6th Decile
7th Decile
8th Decile
9th Decile
Top-10%

Hours Worked

Bottom-10%
2nd Decile
3rd Decile
4th Decile
5th Decile
6th Decile
7th Decile
8th Decile
9th Decile
Top-10%

2015.2
$0.40 *
$0.72 *
$0.85 *
$0.74 *
$0.53 *
$0.55 *
$0.76 *
$0.67 *
$0.72 *
$1.03 *

2015.3
$0.68 *
$0.50 *
$0.43 *
$0.29
$0.44 *
$0.37 *
$0.67 *
$0.77 *
$0.93 *
$1.88 *

2015.4
$0.94 *
$1.10 *
$0.55 *
$0.75 *
$0.67 *
$0.63 *
$0.90 *
$1.26 *
$0.78 *
$1.70 *

2016.1
$1.62 *
$1.12 *
$1.07 *
$0.71 *
$1.10 *
$1.08 *
$1.54 *
$1.27 *
$1.43 *
$2.70 *

0.016 -0.028 -0.013 -0.032
-0.054 * -0.016
0.003 -0.008
0.004
0.010
0.013
0.006
-0.015 -0.036 * -0.008 -0.025
-0.015 -0.019 -0.027 -0.033
-0.008
0.019 -0.006
-0.008
0.010 -0.002
0.015
0.010
0.023 * 0.023
0.032 * 0.006
-0.005
0.004
0.000 -0.010
0.001 -0.023 * 0.000 -0.024
-5.3
-27.1
-5.8
-22.9
-16.4
-9.3
-3.1
-16.5
-20.1
-21.6

*
*
*
*
*
*

-9.8
-20.3
-4.0
-21.8
-10.5
4.7
-5.5
-3.0
-13.7
-39.2

*
*

*
*

-5.6
-20.9 *
-6.2
-16.2
-7.9 *
8.7
-4.2
-2.3
-4.6
-31.3 *

-11.7
-9.4
-9.8
-10.3
-15.3 *
6.7
-6.7
-12.0
-17.3 *
-61.1 *

Panel B: Workers Earning <
$13 Per Hour at Baseline
(Cohort 2 and Pseudo-Cohort
2)

2016.2
$1.61 *
$1.67 *
$0.87 *
$0.77 *
$1.19 *
$1.23 *
$1.43 *
$1.07 *
$1.13 *
$1.66 *

2016.3
$1.53 *
$1.87 *
$0.44
$1.06 *
$0.97 *
$1.27 *
$1.02 *
$1.41 *
$1.84 *
$4.76 *

2016.1
$0.91 *
$0.75 *
$0.74 *
$0.47 *
$0.86 *
$0.65 *
$0.80 *
$0.80 *
$0.69 *
$1.79 *

0.031
-0.008
-0.021
-0.034
-0.022
-0.004
0.002
0.004
-0.004
-0.014

0.018
-0.007
0.001
-0.009
-0.030
0.006
0.013
0.014
0.014
0.018

-0.001 -0.015
0.002
-0.036 * 0.000
0.025
-0.032 * -0.005
0.019
-0.009 * -0.017
-0.005
-0.013 -0.005
0.009
0.002 -0.019 * -0.006
-0.011 -0.024
0.016
0.002
0.005
0.018
-0.003 -0.003
0.007
-0.010 -0.016 * -0.005

-1.1
-13.8
-14.8
-20.1
-11.9
-3.0
-15.3
-21.9
-13.9
-40.3

*
*

*
*

3.8
-4.1
-11.5
-15.2
-9.0
2.1
-9.7
-6.8
-2.9
-40.3 *

-8.2
-7.8
-8.4
-12.0
0.4
-4.9
-13.1
4.6
-4.8
-16.4

*
*
*
*

*

2016.2 2016.3
$0.85 * $1.12 *
$0.93 * $0.55 *
$0.64 * $0.71 *
$0.49 * $0.39 *
$0.97 * $0.78 *
$0.67 * $0.58 *
$0.97 * $0.84 *
$0.97 * $0.84 *
$0.61 * $1.11 *
$1.22 * $2.28 *

-11.5
-2.3
-8.3
-13.7
-3.1
-19.3
-19.1
-10.6
-9.7
-17.8

*
*
*
*
*
*
*

-8.2
1.3
0.9
-1.0
-1.2
-12.2 *
-3.7
-0.2
-10.2
-2.8

(Table 10 is continued on the next page)
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Table 10 (Continued): Heterogeneity in Estimated Effects of the Seattle Minimum Wage Ordinance by Decile of Hours
Worked in Baseline and Prior Two Quarters
Panel A: Workers Earning < $11 Per Hour at Baseline
(Cohort 1 and Pseudo-Cohort 1)

Outcome
Earnings

Worker
Experience
Decile
Bottom-10%
2nd Decile
3rd Decile
4th Decile
5th Decile
6th Decile
7th Decile
8th Decile
9th Decile
Top-10%

2015.2 2015.3
-$32
-$13
-$225 * -$199 *
$37
$55
-$140 * -$228 *
-$17
$66
$35
$202 *
$154 * $183 *
$53
$378 *
$49
$212 *
$423 * $604 *

2015.4 2016.1 2016.2 2016.3
$41
$47
$153
$227
-$132
$10
-$7
$144
-$112
-$69
-$147
-$153
-$173
-$34
-$188
-$65
$69
$29
$63
$105
$251 * $311 * $217 * $293 *
$263 * $273 * $184 * $216
$381 * $243 *
$59 * $364 *
$284 * $289 * $280 * $518 *
$340 * $311 * $219 * $665 *

Panel B: Workers Earning <
$13 Per Hour at Baseline
(Cohort 2 and Pseudo-Cohort
2)
2016.1 2016.2 2016.3
-$44
-$68
-$29
$0
$101
$159
-$24
-$73
$82
-$82
-$83
$50
$171 * $124
$90
$99
-$84
$30
$48
-$23
$160
$306 *
$81
$348 *
$184 * $113
$283 *
$482 * $281 * $857 *

Notes: "Worker Experience Decile" is based on the number of hours worked in the baseline and prior two quarters (with cutpoints
for Cohort 1 and Pseudo-Cohort 1 based on Cohort 1 distribution among treated workers and cutpoints for Cohort 2 and PseudoCohort 2 based on Cohort 2 distribution). Cohort 1’s treated workers are defined as those employed in 2015.1 in locatable
establishments in Seattle, not employed elsewhere in the state, and earning <$11 per hour. Cohort 1’s control workers are defined as
those employed in 2015.1 in locatable establishments in Washington State, but not employed in King County, and earning <$11 per
hour. Each treated worker is matched to his/her nearest neighbor control worker, without replacement. The control sample is exact
matched in employment status in 2015.1, 2014.4, and 2014.3, and on an indicator for worker first observed in WA in 2015.1,
2014.4, or 2014.3. Matching using Mahalanobis distance is based on wage rate, hours worked, tenure on the primary job, number of
quarters since first observed in WA, and indicators for having earnings from more than one job in 2015.1, 2014.4, and 2014.3.
Pseudo-Cohort 1 is constructed analogously, yet beginning from 2012.1. Cohort 2 and Pseudo-Cohort 2 are constructed
analogously, yet beginning from 2015.4 and 2013.4, respectively, and based on workers earning <$13 per hour at baseline.
Estimators were bias adjusted using wage rate, hours worked, tenure on the primary job, and number of quarters since first observed
in WA in the baseline quarter and prior two quarters. * denotes two-tailed p-value less than or equal to 0.10.
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Table 11: Mechanisms of Labor Adjustment: Employment Outside Seattle and Reduced Turnover Inside Seattle

Outcome
Hours Worked
Outside of
Seattle

Employed
by Baseline
Employer
Conditional
on
Employment

Panel A: Workers Earning < $11 Per Hour at
Baseline (Cohort 1 and Pseudo-Cohort 1)

Panel B: Workers
Earning < $13 Per Hour
at Baseline (Cohort 2 and
Pseudo-Cohort 2)

2016.1 2016.2 2016.3
1.0
0.4
1.5
(1.3)
(1.8)
(2.1)
0.459 0.837 0.464

Group
All Workers

Effect Estimator
Difference-in-Differences-in-Differences
Block boostrapped standard error
p -value

2015.2 2015.3 2015.4 2016.1 2016.2 2016.3
-3.3
0.8
-0.1
-7.1
-5.7
-2.3
(1.8)
(2.4)
(2.6)
(2.5)
(2.9)
(3.1)
0.061 0.748 0.982 0.005 0.048 0.463

Workers with
Low Experience

Difference-in-Differences-in-Differences
Block boostrapped standard error
p -value

-6.9
(2.5)
0.006

-4.6
(3.2)
0.154

-2.2
(3.3)
0.512

-4.0
(3.3)
0.232

-4.3
(3.7)
0.249

-2.8
(4.1)
0.489

-3.6
(1.9)
0.050

-3.3
(2.3)
0.150

-2.1
(2.7)
0.431

Workers with
High Experience

Difference-in-Differences-in-Differences
Block boostrapped standard error
p -value

3.9
(2.5)
0.126

10.7
(3.4)
0.002

8.2
(3.8)
0.030

-1.0
(3.7)
0.778

1.4
(4.3)
0.735

7.6
(4.7)
0.106

10.8
(1.9)
0.000

9.1
(2.6)
0.000

11.5
(3.0)
0.000

Low v. High Exp. Difference-in-DnDnD
Block boostrapped standard error
p -value

-10.7
(3.5)
0.002

-15.3
(4.6)
0.001

-10.3
(5.1)
0.042

-3.0
(5.0)
0.552

-5.7
(5.7)
0.315

-10.4
(6.2)
0.094

-14.5
(2.6)
0.000

-12.5
(3.4)
0.000

-13.7
(4.0)
0.001

All Workers

Difference-in-Differences-in-Differences
Block boostrapped standard error
p -value

0.005 0.013 0.031 0.039 0.023 0.036
(0.005) (0.007) (0.008) (0.009) (0.009) (0.009)
0.363 0.074 0.000 0.000 0.007 0.000

0.008 0.010 0.019
(0.004) (0.005) (0.006)
0.044 0.061 0.001

Workers with
Low Experience

Difference-in-Differences-in-Differences
Block boostrapped standard error
p -value

0.008 0.010 0.026 0.037 0.015 0.027
(0.009) (0.012) (0.013) (0.014) (0.014) (0.013)
0.353 0.388 0.056 0.009 0.289 0.040

0.010 0.019 0.028
(0.007) (0.009) (0.010)
0.112 0.031 0.003

Workers with
High Experience

Difference-in-Differences-in-Differences
Block boostrapped standard error
p -value

0.004 0.017 0.036 0.042 0.031 0.044
(0.007) (0.009) (0.010) (0.011) (0.011) (0.012)
0.570 0.073 0.001 0.000 0.006 0.000

0.007 0.005 0.016
(0.005) (0.007) (0.007)
0.136 0.468 0.021

Low v. High Exp. Difference-in-DnDnD
Block boostrapped standard error
p -value

0.005 -0.006 -0.010 -0.005 -0.017 -0.017
(0.011) (0.015) (0.017) (0.018) (0.017) (0.018)
0.688 0.658 0.554 0.762 0.344 0.352

0.003 0.014 0.012
(0.008) (0.011) (0.012)
0.704 0.201 0.330

Notes: "Low Experience" is defined as working less than the median number of hours worked by Seattle workers in the baseline and prior two quarters (i.e., less than 582
hours for Cohort 1 and Pseudo-Cohort 1 or less than 700 hours for Cohort 2 and Pseudo-Cohort 2). Of those categorized as having low experience, 33% (28%) had no
hours worked during the two quarters before baseline for Cohort 1 (2). Cohort 1’s treated workers are defined as those employed in 2015.1 in locatable establishments in
Seattle, not employed elsewhere in the state, and earning <$11 per hour. Cohort 1’s control workers are defined as those employed in 2015.1 in locatable establishments in
Washington State, but not employed in King County, and earning <$11 per hour. Each treated worker is matched to his/her nearest neighbor control worker, without
replacement. The control sample is exact matched in employment status in 2015.1, 2014.4, and 2014.3, and on an indicator for worker first observed in WA in 2015.1,
2014.4, or 2014.3. Matching using Mahalanobis distance is based on wage rate, hours worked, tenure on the primary job, number of quarters since first observed in WA,
and indicators for having earnings from more than one job in 2015.1, 2014.4, and 2014.3. Pseudo-Cohort 1 is constructed analogously, yet beginning from 2012.1. Cohort
2 and Pseudo-Cohort 2 are constructed analogously, yet beginning from 2015.4 and 2013.4, respectively, and based on workers earning <$13 per hour at baseline.
Estimators were bias adjusted using wage rate, hours worked, tenure on the primary job, and number of quarters since first observed in WA in the baseline quarter and prior
two quarters.
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Appendix Figure 1: Wage Distribution in 2012.4 for Workers Earning Less Than $11/Hour
in 2012.1
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