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Abstract

This study examines one possible policy that may affect youth employment: laws mandating higher
minimum wages. Drawing on unique data from Seattle, the first major city to implement a $15 minimum
hourly wage, we examine impacts of the minimum wage policy on young workers’ continued
employment, hours worked, and earnings. Employment records merged with demographic identifiers
allow this study to include analyses of employees ages 16 to 24 at the time of the policy as well as to
examine other demographic subgroups by age, sex, race, and industry. Using quasi-experimental triple
difference models, we find that Seattle’s $15 minimum wage ordinance reduced employment among
young workers in the quarter after it took effect but not significantly in subsequent quarters. Young
workers in Seattle worked significantly fewer hours but did not earn less. Subgroup analyses show that

these effects were stronger for women and young Black workers.
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1. Introduction

For adolescents and young adults, finding and keeping a job has important developmental and
instrumental implications (Leventhal, Graber, and Brooks-Gunn 2001; Mortimer 2010; Kahn 2006).
However, labor force participation among workers aged 16-24 has dropped by 14 percent over the past
two decades, the largest percentage drop for any age group (Abraham & Kearney, 2020). This drop is
particularly strong for young men and White youth, although employment rates for Black, Latino, and
Asian youth have been lower than rates for White youth over this century (Fernandes-Alcantara 2018).
Employment matters for youth because early labor market experiences resonate over a career and hence
lifetime. Young adults dissatisfied with their employment situations are at greater risk of mood or
substance use disorders, predecessor conditions of premature deaths (Dupéré et al. 2024). Fewer
experiences to learn on the job early in life can reduce long-run skill acquisition (Jovanovic & Nyarko
1996). Evidence from recessions shows that workers who enter labor markets marked by higher
unemployment see lower earnings for years into the future, and these early labor market experiences can
spill over into negative effects on health and family formation (von Wachter 2020).

This study examines one possible policy that may affect youth employment: laws mandating
higher minimum wages. Drawing on unique data from Seattle, the first major city to implement a $15
minimum hourly wage, we examine impacts of the minimum wage policy on young workers’ continued
employment, hours worked, and earnings. Employment records merged with demographic identifiers
allow this study to include analyses of employees ages 16 to 24 at the time of the policy as well as to
examine other demographic subgroups by age, sex, race, and industry. Using quasi-experimental triple
difference models, we find that Seattle’s $15 minimum wage ordinance reduced employment among
young workers in the quarter after it took effect but not significantly in subsequent quarters. Young
workers worked significantly fewer hours but did not earn less. Subgroup analyses show that these effects
were stronger for women, young Black workers, and workers with jobs in retail trade or health care and

social assistance at baseline.
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1.1. Minimum wage policy and research

By aiming to improve the sufficiency of the lowest-paid workers’ income, minimum wage laws target
overall earnings inequality and may reduce longstanding gender and racial disparities in the labor market
(Derenoncourt and Montialoux 2020). Several dozen localities including the nation’s three largest cities—
New York, Los Angeles, and Chicago — all have adopted minimum wages higher than their relevant state
minimum wages (Economic Policy Institute, 2024). Evidence from these policies enacted in local
“laboratories of democracy” can inform national policy deliberations.

Classical economic theories of supply and demand predict that higher minimum wages will
reduce employment by raising the cost of workers relative to other operating costs. Youth workers — who
likely have less skill due to their relatively low experience levels — may be particularly susceptible to
suppressed employment opportunities. On the other hand, monopsony models of the economy hold that
raising wages could possibly increase employment by reducing the power of employers to artificially
restrict workers’ wages and boosting demand for goods and services by giving workers more money to
spend. If the correction caused by raising wages increases all workers’ wages, young workers might
benefit from increased labor market opportunities. As might be expected from this clash in theoretical
perspectives, the empirical literature on minimum wage impacts is heavily contested, with many (but not
all) studies showing modest negative impacts on young workers.

While city-level minimum wages may operate differently than state- or federal efforts, evidence
to date suggests that city minimum wages laws have raised wages for the lowest-earning workers without
decreasing their employment rate (Dube and Lindner 2021; Karageorgiou 2004; Jardim et al. 2022; Dube,
Naidu, and Reich 2007). However, minimum wage increases may simultaneously increase earnings for
low-paid workers overall and harm some less-advantaged low-paid workers, including economically or
racially disadvantaged youth and young adults. Research has yet to examine whether local wage laws
vary in their effects on workers from different demographic groups, but there are some suggestions that

youth may be at risk. Early findings from a study of Seattle’s $15 minimum wage ordinance showed gains
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only for workers who had worked an above-median number of hours in recent quarters, a marker that
likely aligns with age (Jardim et al., 2022).

Data limitations have constrained our understanding of the impact of local wage policies on
important subgroups such as age and race. While minimum wage research based on federal or state
variation has examined subgroups of workers by age and other characteristics (Allegretto, Dube, and
Reich 2011; Derenoncourt and Montialoux 2020), studies of city-level wage policies focus on the
workforce or population as a whole or within specific sectors such as food service (e.g., Dube et al., 2007,
Karabarbounis et al., 2021). Research questions about the heterogeneous effects of city-level minimum
wages demand more and better data than is commonly available through national survey data, which lack
sufficient local sample sizes for subgroup analyses. State-level Ul records offer the density needed to
study city-level wages but lack demographic details. American legacies of white supremacy and
colonialism show up in data as well (Urban Indian Health Institute 2021). National survey data sources
lack sufficient sample sizes to describe the well-being of Asian/Pacific Islander (API) and American
Indian/Alaska Native (AI/AN) populations despite these groups’ ongoing and growing importance and
presence in the population (Kauh, Read, and Scheitler 2021; Alegria et al. 2004). These same data

limitations affect studies of other policy interventions.

1.2. Young workers and the minimum wage

Data limitations have heretofore precluded analysis of the impact of city-level minimum wages on young
workers. Instead, existing evidence on how the minimum wage affects young workers reflects minimum
wage changes at the state and federal levels. Studies about minimum wage impacts on teenagers and other
young workers oscillate between finding small and null effects. Early studies finding no or positive
effects on teenage employment (e.g. Card 1992) gave rise to findings of small unemployment effects as
well as suggestions that more advantaged teens are displacing less-advantaged teens and slightly older
workers (Neumark and Wascher 2007; Giuliano 2013). A recent review of published research finds that,

in the majority of studies that focus on teens and young adults, younger worker employment drops as
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minimum wages rise (Neumark and Shirley 2021). However, many of these studies rely on variation in
state laws over time, and a re-analysis of previously analyzed Current Population Survey (CPS) waves
suggests that real effects on employment are statistically indistinguishable from zero when taking state
heterogeneity and selectivity into account (Allegretto, Dube, and Reich 2011).

While overall effects are seemingly small, impacts may fall more heavily on certain subgroups.
Younger workers — those with the least experience — may be more affected by minimum wage increases.
Neumark and Wascher (1995) found that higher minimum wage laws had stronger negative employment
effects on 16-17 year olds, relative to 18-19 year-olds, an effect that they posit is due to employers
shifting their hiring to more experienced workers when mandated wages are higher. Young workers of
color perennially have lower employment rates than White youth (Fernandes-Alcantara 2018). Hence
employment among youth of color may also be particularly sensitive to changes in the minimum wage
(Turner and Demiralp 2001).

The focal age period for this study — young people in their late teens through early 20s —is also a
time in which many young people are in secondary or post-secondary education. While decisions about
work and schooling are likely connected, our data do not include information on educational enrollment
or attainment. However, studies that model the transition between different combinations of education and
employment do suggest that minimum wage laws matter. In modelling transitions between employment
and school enrollment, school without employment, employment without school, and neither employed
nor in education or training (NEET), several studies find that minimum wage increases lead to small net
decreases in teen employment but do not increase educational enrollment. This is true for samples of
mostly White youth (Neumark and Wascher 1995; Neumark and Shupe 2018) and one analysis of youth
of color found that Black and Hispanic teens who are NEET are less likely to become employed after a

wage increase than they were before (Turner and Demiralp 2001).
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1.3. The Seattle Minimum Wage Ordinance

This study focuses on the 2014 Seattle Minimum Wage Ordinance (hereafter, the Ordinance), the first
effort by a major city to increase the minimum wage to $15 per hour. The Seattle City Council passed its
own Minimum Wage Ordiance in June 2014. Figure N depicts the initial step-ups in the highest minimum
wages, including the initial step-up to $11.00 in April 2015 (from the state minimum of $9.47) and the
subsequent step-ups in January 2016 and 2017. While the full ordinance laid out different wage increase
schedules depending on employer size and whether or not employees received employer-provided health
insurance or tips, interviews with employers and workers suggest that the highest wage at each step-up
prevailed (The Seattle Minimum Wage Study Team 2016). For simplicity, Figure 1 and the text refer only
to the highest minimum wage at each time period. The Seattle wage mandate took place in the context of
a relatively high state minimum wage. Since the 1990s, Washington state’s minimum wage has been
higher than the federal minimum, and it is indexed to inflation with increases every January 1. In
November 2016, Washington voters approved a ballot initiative to further increase the state minimum
wage; this initiative went into effect January 1, 2017.

Prior research on the Seattle Ordinance examined overall employment effects. Jardim and
colleagues (2022) found that workers with less than the median amount of work hours in the two quarters
prior to the implementation of the MWO saw greater reductions in hours worked relative to workers with
more intense recent employment experience. They termed these workers “less experienced” and found
that this group experienced slight negative or nonsignificant net impacts on total earnings. In contrast the
“more experienced” workers posted modest earnings increases in the range of $115-$395 per quarter.
With only UI earnings data, cannot distinguish workers who work intensely because they are young from

other workers who are part-time or otherwise modestly attached to the labor market.

1.4. This Study

This study adds to evidence about the Seattle Minimum Wage Ordinance by using unique merged

administrative data that allows the examination of impacts across different demographic groups. To our
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knowledge, this is the first study to focus on the impact of a city level minimum wage on young workers,
which advances overall knowledge about minimum wage effects. We address two questions: (1) How did
the Seattle minimum wage ordinance affect the employment, hours worked, and total earnings of young

Seattle workers?, and (2) Did the effects vary by age, gender, race/ethnicity, or industry?

2. Methods

2.1. Data
We use the Washington Merged Longitudinal Administrative Dataset (WMLAD), which contains

individual-level data linked by unique person identifiers across multiple Washington state agencies.
WMLAD combines records on employment and public assistance use combined with detailed
demographic and geographic information collected administratively. WMLAD was compiled as a
collaboration between the University of Washington and the Research and Data Analysis Division at
DSHS (J. Romich et al. 2018). The data span the first quarter of 2010 through the last quarter of 2017.
WMLAD contains information on over 10 million individuals, representing a near-census of
Washington’s working-aged residents during this time (Long, Pelletier, and Romich 2022).

We define young workers as those who were aged 16 through 24 in January through March of
2015, the baseline quarter of analysis. WMLAD created demographic indicators by combining using year-
of-birth information collected through driver’s license records from Department of Licensing (DOL),
voter records from the Secretary of State (SOS), vital statistics records from the Department of Health
(DOH) and public assistance use records from the Department of Social and Health Services (DSHS)
(Pelletier and Romich in press). Because employment data do not contain their own age records, we are
unable to identify the ages of seven percent of the employed population in Washington state (see Table 1).
The individuals missing age data are those who were working in Washington but either were not matched
based on name and Social Security Number to another record or did not have a driver’s license, were not
registered to vote, did not appear as a parent on a birth certificate, and did not use public assistance during

the eight-year window of the data.
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2.2. Measures

We examine three employment outcomes following the implementation of Seattle’s minimum wage
increase: earnings (in 2015.2* dollars), hours worked, and employment status. For workers with multiple
jobs, we sum earnings and hours across all jobs worked. We top-code earnings and hours worked to the
99" percentile. Each measure is reported quarterly to the Employment Security Department (ESD) to
workers covered by the state’s Unemployment Insurance (UI) program, which by state law is all workers
who file a W-2. Contracted employees, gig workers, people who are self-employed, and people who work
in the informal labor force are excluded from these data.

We include three sets of covariates to facilitate subgroup analysis: industry of primary job at
baseline, binary sex, and race and ethnicity. Employment records include a five-digit North American
Industry Classification System (NAICS) code that allows us to broadly identify industry. We categorize
industries into four groups, the three industries that employ the greatest proportion of youth in the
baseline quarter (2015.1) plus all other industries combined: Accommodation and Food Services (32.5%
of young workers), Retail Trade (22.8%), Health Care and Social Assistance (9.9%), and Other Industries
(34.8%). Binary sex (female/male) is provided from driver’s license records (DOL), voter records (SOS),
and public assistance records (DSHS). Six-category race and ethnicity (White, Black, Asian or Pacific
Islander, Native American, Hispanic, or Other and Multiracial) is provided by public assistance use
records (DSHS) and other records maintained by this department. Data on race and ethnicity based on
information reported to vital statistics or public assistance systems are available for just under half of the
population (Pelletier and Romich in press). For others, race and ethnicity is imputed by combining
information on residential location and last name using the Bayesian Improved Surname Geocoding
(BISG) method (Elliott et al. 2009). Information on residential address and last name are drawn from

DSHS, SOS, DOL, and Department of Health (DOH) records.

! Throughout this manuscript, we refer to years and quarters as “Year.Quarter.” Here, 2015.2 represents the second
quarter of 2015.
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2.3. Analytic Approach

We take a quasi-experimental, difference-in-difference-in-difference (triple difference, or DDD) approach
to estimate the effect of Seattle’s minimum wage increases on young workers’ employment outcomes.
The first difference compares outcomes in the post period (2015.2 through 2016.4) to outcomes in the
quarter prior to the implementation of Seattle’s minimum wage increases (2015.1, the “baseline quarter”).
The second difference compares outcomes for young workers whose primary job was in Seattle in the
baseline quarter, to outcomes for young workers whose primary job was in Washington state, but outside
of Seattle and its surrounding counties in the baseline quarter. The third difference compares outcomes for
young workers in the seven quarters following Seattle’s minimum wage increase (2015.2 through 2016.4)
to the outcomes of a “pseudo-cohort” of young workers in seven quarters during which no minimum
wage changes were enacted (2011.2 through 2012.4). We estimate the triple difference equation for each
quarter of the post-period, an event study framework, to avoid the serial correlation issues that have raised
concern in the difference-in-differences literature (Zhao 2004; Callaway and Sant’ Anna 2021).

The DDD approach provides strong but imperfect evidence about the causal impact of the Seattle
wage ordinance on young workers. By including these three levels of differencing, this quasi-
experimental approach will allow us to estimate the impact of the minimum wage ordinance net of any
expected changes in employment, time trends that affected the full state labor market during the
implementation period, or persistent differences between the Seattle youth labor market and the market
for young workers in other parts of the state. This approach cannot account for Seattle-specific changes in
the youth labor market that happened only in Seattle during the post-period (2015.2-2016.4) but were not

caused by the wage change policy.

2.3.1. Treatment and Comparison Group Selection

We identify as our treatment group young workers who were most likely to be exposed to Seattle’s
minimum wage increases: people ages 16 to 24 who were employed and earning less than $11 per hour
across all hours in the baseline quarter (2015.1) prior to the minimum wage increases, whose primary job

(job with the highest hours worked that quarter) was located within the city limits of Seattle. An important

10
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but unavoidable limitation of the Ul employment records is that job location is not identifiable for
approximately one-third of young workers (see Table 1). Job locations are “non-locatable” when firms
are multi-site establishments that file their employees’ W-2s under one ambiguous address. Since job
location is required to identify treatment status, we follow Jardim et al. (2022) and drop “non-locatable”
workers from the analysis.

From a comparison pool of young workers outside of Seattle and its surrounding counties? , we
identify a comparison group for analysis using a combination of nearest-neighbor and exact matching. We
match exactly on employment status in the baseline and two prior quarters. We also match exactly on a
binary variable indicating workers whose primary job was in the “Accommodation and Food Services”
industries (NAICS sector 72) versus other industries because this is the sector that employs the greatest
number of young workers and is seen as particularly sensitive to wage changes. Additionally, we match
on earnings and hours in the baseline quarter, using Mahalanobis distance to match with one nearest
neighbor (Zhao 2004). We use normalized differences to assess match quality (Imbens 2015). The
normalized difference is the mean difference divided by the square root of the average of the variances. It
is recommended over a t-statistic for assessing match quality because the calculation does not rely on

sample size. As normalized differences increase, match quality decreases.

2.3.2. Pseudo-Cohort

For the third difference in the triple differences approach, we create a “pseudo-cohort” of workers inside
Seattle (pseudo-treatment) and outside of Seattle and its surrounding counties (pseudo-comparison)
during a period when Seattle’s minimum wage did not change. We construct the pseudo-cohort following
the same procedures we used to construct the “minimum wage cohort,” described above, instead using

2011.1 for the pseudo-cohort baseline quarter. The pseudo-cohort allows us to adjust for factors that may

2 We exclude the counties surrounding Seattle (King, Snohomish, Kitsap, and Pierce) out of concern that
businesses near Seattle may raise wages to compete for workers (i.e. spillover effects of the minimum
wage). As a robustness check, we conduct analyses that exclude only King County workers from the
comparison group, but include workers from Snohomish, Kitsap, and Pierce counties.

11



Disaggregating Minimum Wage Impacts

bias the simple difference-in-differences estimation of the minimum wage cohort, such as unobserved but
persistent differences between Seattle and non-Seattle workforce dynamics and time trends unrelated to
Seattle’s minimum wage increase that may have affected young workers” employment outcomes (Jardim

et al., 2022).

2.3.3. Model Specification

We estimate the effect of Seattle’s minimum wage increases on three outcomes for young workers:
earnings, hours worked, and employment status. We estimate the triple difference using ordinary least
squares® with this equation:
Yiq = a + piSeattle; + p,Post, + B3 (Seattlei X Postq)

+ Bs(Seattle; x Cohort;) + [36(Postq X Cohortl-)

+ (Seattlei + Post; + Cohortl-) + BeX; + &g
where Yiq represents the outcome for individual i in quarter g. Seattle is the treatment cohort indicator,
identifying the workers whose primary jobs were in Seattle during the baseline quarter (2015.1) compared
to those whose primary jobs were in Washington state outside of Seattle and its surrounding counties at
baseline. Post equals one during the post period (2015.2 through 2016.4 for the cohort of interest; 2011.2
through 2013.4 in the pseudo-cohort) and zero at baseline (2015.1 in the cohort of interest; 2011.1 in the
pseudo-cohort). Cohort identifies those in the minimum wage cohort—those treated by the actual Seattle
minimum wage ordinance in 2015 and 2016—and was zero for those in the pseudo-cohort. The variable
X is a vector of time-invariant demographic indicators that includes age at baseline (16-17, 18-20, and 21-
24), binary sex (male and female), race and ethnicity (White, Black, Hispanic, Native American,
Hispanic, and Multiple or Other Racial or Ethnic Identities), and industry of primary job at baseline
(Accommodation and Food Services, Retail Trade, Health Care and Social Assistance, and Other

Industries). The error term is designated by &,

12
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The triple difference is estimated by coefficient 37, which estimates the outcome for Seattle-based
young workers from the minimum wage cohort in the post-period, relative to the three comparison points:
(1) the pre-period, (2) the comparison group of young workers located outside of Seattle and its
surrounding counties, and (3) the pseudo-cohort. The third difference may also be understood as the
difference between the simple difference-in-difference (DD) estimates for the minimum wage and
pseudo-cohorts. We conduct this analysis seven times, once for each quarter of the post-period. For

models where the outcome is a binary indicator of employment status, we use a linear probability model.

2.3.4. Subgroup Analyses and Robustness Checks

To understand the possible heterogeneous impacts of Seattle’s minimum wage on different groups of
young workers, we conduct the analyses described in this section by four different subgroups: binary sex,
race and ethnicity (White alone, Black alone, Asian or Pacific Islander alone, Hispanic alone, Multiracial
or other race and ethnicity, and missing race and ethnicity information), age at baseline (16-17, 18-20, 21-
24), and four-category job industry at baseline (Accommodation and Food Services, Health Care and
Social Assistance, Retail Trade, and Everything Else). We are unable to conduct subgroup analyses for
young workers identified as Native American alone due to small sample size.

To create the subgroups, we begin with the complete cohort of locatable young low-wage workers
in the main cohort (as described in Table 1) and the pseudo-cohort prior to matching. We then create
subsets of these cohorts by subgroup characteristic, such that male young workers and female young
workers, for example, are in separate subgroups. We conduct the matching procedure within each
subgroup, so Black young workers in Seattle at baseline, for example, are matched with Black young
workers outside of Seattle at baseline who have comparable employment and earnings histories. We
conduct the triple differences analyses, as described above, within each matched subgroup, controlling for
the remaining unmatched demographic characteristics.

We conduct robustness checks to confirm the core conclusion remains valid despite changes to
certain analytical decisions. For the first robustness check, we do not control for demographic indicators

including age, binary sex, race and ethnicity, and industry. Second, we use earnings and hours worked
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without topcoding as employment outcome variables for the final robustness check. The final robustness
check uses the full comparison group of young workers instead of selecting a subset of comparison

workers through the matching procedure.

3. Results

3.1. Cohort Characteristics

We compare the employment characteristics and average age of the treatment and comparison groups in
the minimum wage cohort (baseline 2015.1) before and after matching in Table 2. Matching on exactly
on employment history and two-category job industry at baseline eliminates differences between the
treatment and comparison groups. Likewise, nearest-neighbor matching on hours worked and age in the
baseline eliminates differences between the cohorts on these variables. After nearest-neighbor matching
on earnings in the baseline quarter, the treatment group has slightly lower quarterly earnings than the
comparison group (-$3), but the normalized difference between these groups is zero, indicating a strong
match (Imbens 2015). As shown in Appendix Table 1, matching also eliminates differences for the
pseudo-cohort.

Although we do not match on demographic variables other than age, we report demographic
characteristics and four-category job industry at baseline after matching for the minimum wage cohort
(Table 3). There are slightly more women than men in both the treatment and comparison groups. The
treatment group is more racially diverse than the comparison group, with fewer Seattle-based young
workers identifying as white alone. The treatment group has more young workers who identify as Asian
or Pacific Islander alone, Black alone, or multiracial or another racial identity, while the comparison
group has more young workers who identify as Hispanic alone or Native American alone. These patterns
likely reflect the relative concentration of some populations of color in metro Seattle relative to the rest of
the state. After matching exactly on two-category primary job industry (Accommodation and Food
Services vs. everything else), treated workers have a slightly more diverse industry mix than workers in

the comparison group. The comparison group has more young workers with primary jobs in retail trade
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(18 percent) than the treatment group (12 percent). The pseudo-cohort follows similar patterns (Appendix
Table 2).

We visually inspect employment outcomes for evidence of parallel trends prior to the
implementation of Seattle’s minimum wage ordinance in Figures 1 through 3. There is evidence of
parallel trends in the employment rate (Figure 1) between the treatment and comparison group from
2010.1 through 2013.3, with treated workers having a lower employment rate than comparison group
workers. Starting in 2013.4, the employment rate between the treated and comparison group begin to
converge and become equal from 2014.3 through 2015.1, when we match exactly on employment status.
We see strong evidence of parallel trends in quarterly earnings (Figure 2) and hours worked (Figure 3)
between the treatment and comparison groups, with treated Seattle-based workers earning less and
working fewer hours than workers outside of Seattle from 2010.1 through 2014.4, until they converge in

the matching quarter (2015.1).

3.2. Main Results

Triple difference estimates for each employment outcome are presented in Tables 4 through 6. In each
table, we contextualize the triple difference estimates with the simple difference-in-difference estimates
from the minimum wage and pseudo-cohorts. The triple difference estimate represents the difference
between the two simple difference-in-differences estimates.

We find Seattle’s minimum wage increases are associated with a decrease in employment among
young workers (-2 percentage points) in the first quarter of the post-period (Table 4), relative to young
workers outside of Seattle and its surrounding counties and to a cohort of workers four years earlier (the
pseudo-cohort) who were not subject to a local minimum wage increase. However, for the remainder of
the post-period, our estimates are not statistically significant. These results suggest that employment
among young workers based in Seattle faced an initial relative decline in employment immediately
following the implementation of a higher local minimum wage, but these minimum wage-associated

employment losses were only temporary and soon rebounded to typical patterns. Turning to the simple
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difference-in-difference estimates, we find significant and positive or null associations between
employment and treatment for both the minimum wage and pseudo-cohort. These estimates indicate that
young workers who were employed in Seattle at baseline tended to have similar or higher employment
rates compared to young workers employed outside of Seattle at baseline, a pattern that is likely unrelated
to Seattle’s minimum wage increases.

Unlike the employment results, the triple difference estimates presented in Table 5 show that
declines in young workers’ hours worked associated with Seattle’s minimum wage increases were
persistently statistically significant in most quarters of post-period. Young workers with jobs in Seattle at
baseline worked an estimated -14.1 fewer hours in Q1, -8.8 fewer hours in Q2, -12.12 fewer hours in Q5
and -11.40 fewer hours in Q6 of the post-period relative to baseline, a comparison group of young
workers in Washington state outside of Seattle, and the pseudo-cohort. The estimates in post-period
quarters three, four, and six are also negative, but do not reach the statistical significance threshold (p <
0.05). Averaging all estimates to a weekly basis, we find that Seattle’s minimum wage increases were
associated with —0.4 to —1.1 fewer hours worked per week among young workers. This represents
decreases of 2.7 to 7.4 percent from baseline weekly hours.

Despite estimated declines in hours worked associated with Seattle’s minimum wage increases,
we do not find any significant changes in young workers’ quarterly earnings throughout the post period
(Table 6). The simple difference-in-difference estimates show that, for both the minimum wage cohort
(baseline: 2015.1) and the pseudo-cohort (baseline: 2011.1), Seattle workers tend to have significantly
higher earnings than non-Seattle workers in most quarters, regardless of time period or minimum wage
policy. Differencing the estimates for the two cohorts, the estimates are null, suggesting that young
workers with jobs in Seattle at baseline did not earn more each quarter as a result of the higher minimum

wage.
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3.3. Subgroup Analyses
Tables 7 through 9 display triple difference results for each employment outcome by subgroup. Table 7

shows that employment reductions associated with Seattle’s minimum wage increases were concentrated
among female and Black young workers, workers aged 21 to 24 at baseline, workers in health care and
social assistance or retail trade jobs at baseline, and workers missing information on their race and
ethnicity in WMLAD. Significant reductions in the employment rate occurred in the initial quarters of
minimum wage implementation for young workers identified as female (-3 percentage points, Q1 and
Q2), Black (-7 percentage points, Q1 and Q2), aged 21 to 24 at baseline (-3 percentage points, Q1),
working in health care and social assistance at baseline (-6 percentage points, Q1; -7 percentage points,
Q2), and working in retail trade at baseline (-5 percentage points, Q2; -10 percentage points, Q3). These
decreases did not persist throughout the remainder of the study period. Young workers without race and
ethnicity information in WMLAD—including those who do not have driver’s licenses, are not registered
to vote, and do not participate in public assistance programs—saw large and significant reductions in
employment in four quarters throughout the post-period, ranging from -12 percentage points in quarter six
to -18 percentage points in quarter seven.

Only one other subgroup saw significant changes in employment associated with Seattle’s
minimum wage. The triple difference estimates in Table 7 show that workers aged 16 to 17 at baseline
had significant increases in employment in quarter two (+9 percentage points), quarter six (+11
percentage points), and quarter seven (+20 percentage points) of the post-period, relative to baseline, the
comparison group, and the pseudo-cohort. The triple difference estimates show no significant differences
in employment associated with Seattle’s minimum wage increases for the other subgroups.

Significant decreases in hours worked associated with Seattle’s minimum wage increase, as
shown in Table 8, were spread across multiple subgroups and quarters. Young workers who were female,
Asian or Pacific Islander, or aged 21 to 24 at baseline all experienced signification declines in quarterly
hours worked during the first five of the seven post-period quarters. Significant declines for these groups
ranged from -13.96 to -22.08 hours per quarter (-1.07 to -1.70 hours per week) for female young workers,
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-24.77 to -33.24 hours per quarter (-1.90 to -2.56 hours per week) for Asian and Pacific Islander young
workers, and -13.22 to -22.53 hours per quarter (-1.02 to -1.73 hours per week) for young workers aged
21 to 24 at baseline. Additionally, male young workers experienced significant hours decreases associated
with Seattle’s minimum wage in quarters one, five, and seven of the post-period (ranging -12.85 to -17.85
hours per quarter), white young workers in quarters one (-11.5 hours) and five (-17.5 hours), Hispanic
young workers in quarter one (-29.22 hours), and young workers missing race and ethnicity data in
quarters four (-46.02 hours) and seven (-55.68 hours). Triple difference estimates show no statistically
significant changes to hours worked among young workers identified as Black, multiracial, or another
racial or ethnicity identity, and workers aged 16 to 20 at baseline. Young workers in all industries faced
declines in hours worked across the post-period, but declines were persistently statistically significant and
largest for those working in retail trade at baseline. For these workers, significant declines in hours
worked ranged from —17.83 hours to —37.81 hours per quarter (-1.37 hours to —2.91 hours per week). No
groups or industries experienced increases in quarterly hours worked.

Despite some declines in employment and widespread declines in hours worked across groups,
the triple difference estimates show few statistically significant changes in quarterly earnings (Table 9).
The large standard errors suggest that the within-group variability in earnings are too great, and the
sample sizes too small, to result in statistically significant estimates. There are, however, a few notable
exceptions. In the first quarter of the post-period, the estimates show earnings declines for female young
workers (-$140.41) and Hispanic young workers (-$281.18). For female young workers, Black and Asian
or Pacific Islander young workers, young workers without race and ethnicity information in WMLAD,
and workers aged 21 to 24 at baseline, the triple difference point estimates were consistently negative but
not statistically significant in most or all quarters. These earnings declines largely reflect employment and
hours patterns described above. In contrast, workers aged 18 to 20 at baseline experienced significant
earnings increases in quarters four (+$252.81) and six (+$287.50) of the post-period. There were also
significant earnings increases for young workers with jobs in accommodation and food services in quarter

six (+$254.34) and in health care and social assistance in quarter seven (+$476.02). Unlike the findings
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for earnings declines, the findings for earnings increases do not reflect significant changes in employment

or hours worked for these groups.

3.4. Robustness Checks

Table 10 displays the results of three robustness checks to our main analytic approach. The alternative
specifications produce triple difference estimates that are generally similar in significance, magnitude,
and direction compared to the main specification, with a few minor exceptions. Together, the robustness
checks suggest our main results are generally stable to alternative specifications.

Excluding covariates in our triple difference model does not change the magnitude or statistical
significance of the point estimates. Estimates that do not top-code earnings at the 99 percentile, thus
preserving the influence of high-earning outliers and possible data entry errors, mostly mirror the results
from the main specification with two exceptions. Without top-coding, Seattle’s minimum wage is
associated with a significant decline in earnings in the first quarter of the post-period (-$94.78) and larger
declines in hours worked throughout the post-period. Five out of seven quarters show significant declines
in hours worked among Seattle’s young workers without top-coding, compared to four out of seven
quarters when earnings data are top-coded. Using the full comparison pool of young workers with jobs
outside of Seattle and its surrounding counties at baseline results in triple difference estimates that are
mostly consistent with the main specification, which selects a comparison group through a matching
procedure that more closely resembles young workers with jobs in Seattle at baseline. There are two main
differences in the triple difference estimates when using the full comparison group: (1) there is a
moderately significant decrease in employment (-2 percentage points) in the fourth quarter of the post-
period, whereas the fourth quarter decline is not significant in the main specification, and (2) there are
significant declines in hours worked across all quarters of the post-period, whereas the main specification
shows significant declines in hours worked in four of the seven quarters of the post-period. These minor
differences suggest that matching on baseline employment characteristics results in more conservative

estimates, but do not substantively change the results.
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4. Discussion

In this study, we used linked administrative data from Washington state to estimate the causal
impact of Seattle’s minimum wage ordinances on the employment outcomes of workers aged 16 to 24
(“young workers”). With a combined matching and triple-difference approach, we found that employment
significantly declined by two percentage points for young workers in Seattle during the first quarter
following the implementation of a higher minimum wage. This initial employment decline was
concentrated among female young workers, young workers identified as Black alone, workers aged 21 to
24 at baseline, and young workers with jobs in health care, social assistance, and retail trade at baseline.
However, these declines in employment were short-lived and did not persist beyond the second quarter of
the post-period. Seattle’s minimum wage increases were also associated with significant declines in
quarterly hours worked for young workers overall and for most subgroups in multiple quarters throughout
the post-period. Despite declines in employment and hours worked, we found no significant association
between Seattle’s minimum wage increases and quarterly earnings overall and for most groups. There are,
however, a few notable exceptions. In the first quarter of the post-period, the estimates show earnings
declines for female (-$140.41) and Hispanic young workers (-$281.18). For female young workers, Black
and Asian or Pacific Islander young workers, young workers without race and ethnicity information,
workers aged 21 to 24 at baseline, and young workers with jobs in retail trade at baseline, the triple
difference point estimates for earnings were consistently negative but not statistically significant in most
or all quarters. These earnings declines are largely consistent with declines in employment and hours
worked for these groups.

Taken together, our results suggest that Seattle’s minimum wage increases had a mixed impact on
most young workers in the first two years of implementation. Because declines in hours worked did not
co-occur with declines in earnings or employment other than in the first quarter following
implementation, we view declines in hours worked among young workers as a potentially positive
outcome of Seattle’s minimum wage increases. Working fewer hours without losing earnings may allow

young adults to spend time on other pursuits, including education and family. However, some patterns are
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still cause for concern. Although earnings declines among female, Black, Asian or Pacific Islander young
workers, young workers without race and ethnicity information, and workers aged 21 to 24 at baseline
were largely not statistically significant, the persistence of earnings declines for these groups in the post-
period raise concerns about negative impacts of Seattle’s minimum wage increases that may not be
reflected in the average treatment effect. That statistically significant employment and earnings losses in
the first two quarters of the post-period were concentrated among female, Black, and Hispanic young
workers also raises concern, particularly given that sexism and racism contribute to labor market
discrimination, structural oppression, and economic precarity for these groups. Although the negative
impacts did not last throughout the post-period, even one quarter of employment or earnings losses may
have led these young workers to experience housing or food insecurity, or to lose public assistance like
SNAP or childcare subsidies that generally require employment. (Jardim et al. 2022; 2024)

Although we show that our estimates are robust and consistent across a variety of specifications,
the data and analytic approach we use in this study have some limitations that may threaten the validity of
our estimates. First, there may be unobserved differences between the labor markets within and outside of
Seattle for young workers, and these differences may result in systematic time trends that are unrelated to
the minimum wage (Jardim et al. 2022) (Jardim et al., 2022, 2024). We match workers on pre-treatment
employment outcomes and employ a triple difference approach to account for these differences.
Robustness checks with unmatched data suggest that the main specification with matching may be a more
conservative approach. Similarly, the triple difference approach represents a conservative estimation
strategy by eliminating the statistical significance of the simple DD estimate by differencing out time
trends unrelated to Seattle’s minimum wage increases.

Data limitations prevent us from conducting the full population analysis desired when using
administrative data. Due to a limitation of the UI data we use to identify job location, we are unable to
identify a treatment status for about one-third of young workers in Washington and must drop these
workers from analysis. The Ul data also exclude workers who are self-employed or otherwise not covered

by the state’s Ul program. Further, we do not have age data for seven percent of the total employed
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population and cannot determine if they are young workers for the purpose of this study. Our subgroup
analyses are also limited by the data available. Data on young workers’ race ethnicity are limited to seven
mutually exclusive categories: White alone, Black alone, Asian or Pacific Islander alone, Hispanic alone,
Native American or American Indian alone, Multiracial or Other Racial and Ethnic Identity, and missing
race and ethnicity information. Due to small population size, we are unable to produce subgroup analyses
for young workers who are Native American or American Indian alone. Like the concepts of race and
ethnicity themselves, these categories are socially constructed and do not reflect the complexities of how
people identify or how others perceive them. Additionally, subgroup analyses by race and ethnicity do not
capture the mechanisms of racism and structural oppression, like employment discrimination, that
contribute to disparate outcomes by race and ethnicity. Similarly, the measure of binary sex used in these
analyses do not reflect individuals’ gender identities or discrimination and oppression on the basis of sex
and gender identity. We also do not have education data, which would shed light on trade-offs young
workers may be making between education and employment in light of rising wages. Finally, the data and
these estimates represent what was happening in Seattle and the rest of Washington state during a unique
time in Seattle’s history that was marked by low unemployment, increasing population, and rapidly rising
housing costs. Generalizability may be limited to similar contexts, and other city-level minimum wage
ordinances may affect young workers differently.

Despite these limitations, this study adds novel and valuable evidence to the contested literature
on how raising the minimum wage affects the employment outcomes of different groups of young
workers. The density and detail afforded by WMLAD?’s linked administrative data allow us to contribute
the first evidence, to our knowledge, of the heterogeneous impacts of a city-level minimum wage increase
on young workers. Our finding that the short-term negative employment and earnings effects associated
with raising Seattle’s minimum wage were concentrated among female, Black, and Hispanic young
workers is consistent with the hypothesis that raising the minimum wage disadvantages some groups,
compounding other types of employment discrimination and structural oppression that these groups

experience. The heterogeneity analyses by industry also suggest that industry-specific approaches to
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understanding the impact of raising the minimum wage masks important variation. Notably, we find null
employment effects for young workers with jobs in accommodation and food services, an industry often
singled out for minimum wage studies. Instead, we find that young workers in the retail trade and health
care and social assistance industries may be most vulnerable to job loss when the minimum wage goes up.
One argument against raising minimum wages is that they can disproportionately harm young
workers or others at risk of exclusion from the labor market (e.g. Gipson 2010; Cooper 2016)), our
findings do not support this claim. Young workers in Seattle generally maintained their employment and
earnings levels over a 21-month period when the minimum wage increased by a total of 37% (from 9.47
to $13). Furthermore, these results do not support the idea of a training wage or similar lower minimum
wage for young workers, a measure taken by some European countries (Bellmann et al. 2017). As has
been argued elsewhere, arguments about possible minimum wage impacts often reflect the arguers’
political interest rather than a clear-eyed assessment of the likely impacts (J. L. Romich 2017). While
policy debates over minimum wage laws often feature claims about large and negative impacts, the
experienced effects of minimum wage increases — as we find here — are typically quite modest. Those
who support raising minimum wages based on values of equality should not be distracted by claims of

harm to young workers.
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6. Tables and Figures

Table 1. Analytic Population Selection Prior to Matching

. Percent of Total
. . Comparison
Characteristics at Baseline (2015.1) Treatment Total Employed
Pool .

Population
Employed workers, all ages (including missing age) 584,018 951,279 1,535,297 100%
Employed workers, all ages (not missing age) 559,071 871,218 1,430,289 93%
Employed young® worker 49,095 126,892 175,987 11%
Locatable” young worker 23,446 95,816 119,262 8%
Locatable young low-wage® worker 5,608 52,070 57,678 4%

Notes. Treatment and comparison pools are Unemployment Insurance-covered workers in Washington state at
baseline. Treated workers are those whose highest-hour job in 2015.1 was located within the city of Seattle.
Comparison workers are those whose highest-hour job in 2015.1 was located in Washington state outside of Seattle
and its surrounding counties (King, Snohomish, Kitsap, and Pierce).

 “Young worker” refers to individuals aged 16 to 24 at baseline.

b“Locatable worker” refers to workers whose job location data is precise and unambiguous. “Non-locatable
workers” are those who work at multi-site establishments whose employers report wage data to the Washington
Employment Security Department under one, ambiguous address, thereby making it impossible to identify whether

an employee was exposed to Seattle's minimum wage increases.

¢“Low-wage worker” is defined as individuals earning less than $11 per hour (2015.2 dollars) at baseline.
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Table 2. Comparison of Minimum Wage Cohort Characteristics Before and After Matching

Before Matching After Matching
Treatment Comparison Norm. Treatment Comparison Norm.
Mean SD  Mean SD Diff. Mean SD  Mean SD Diff.

Employment History

2014.3" 0.72  (0.45) 0.75 (0.43) -0.09 0.72  (0.45) 072 (0.45) 0.00

2014.4" 0.79 (0.41) 0.83 (0.38) -0.09 0.79 (0.41) 0.79 (0.41) 0.00

2015.1° 1.00  (0.00) 1.00  (0.00) -- 1.00  (0.00) 1.00  (0.00) --
Industry at Baseline (2015.1)

Accommodation and Food Service® 0.39  (0.49) 032 (0.47) 0.15 039 (0.49) 039 (0.49) 0.00
Characteristics at Baseline (2015.1)

Quarterly Hours Worked” 193 (163) 223 (161)  -0.19 193 (163) 193 (163) 0.00

Quarterly Total Earningsb’C 1892 (1606) 2204 (1601)  -0.19 1892 (1606) 1895  (1602) 0.00

Age at Baseline (2015.1)° 2077 (2.12) 2053 (2.12) 0.11 20.77 (2.12) 2077 (21]) 0.00
N 5,608 52,068 5,608 5,608

Notes. Treatment and comparison pools are Unemployment Insurance-covered workers in Washington earning less
than $11 per hour in the first quarter of 2015 (2015.1) aged 16 to 24 at baseline. Treated workers are those whose
highest-hour job in 2015.1 was located within the city of Seattle. Comparison workers are those whose highest-hour
job in 2015.1 was located in Washington state outside of Seattle and its surrounding counties (King, Snohomish,
Kitsap, and Pierce). The normalized difference divides the mean difference by the square root of the average of the

variance (Imbens, 2015).
2 Variables matched exactly.

b Variables matched with one nearest neighbor using Mahalanobis distance.
¢ Dollars adjusted for inflation using the CPI-W (2015.2)
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Table 3. Demographic Characteristics of Minimum Wage Cohort After Matching

Treatment Comparison Norm.
Mean SD Mean SD Diff.
Female 0.52 (0.50) 0.54 (0.50) -0.03
Race and Ethnicity
White alone 0.56 (0.50) 0.66 (0.47) -0.21
Black alone 0.08 (0.27) 0.01 (0.12) 0.30
Asian or Pacific Islander alone 0.13  (0.33) 0.03 (0.16) 0.38
Native American alone 0.00 (0.06) 0.01 (0.09) -0.05
Hispanic alone 0.15 (0.35) 0.23 (0.42) -0.21
Multiracial and Other 0.05 (0.21) 0.04 (0.19) 0.05
Missing Race and Ethnicity 0.04 (0.20) 0.03 (0.16) 0.09
Industry at Baseline (2015.1)
Accommodation and Food Services 0.39 (0.49) 0.39 (0.49) 0.00
Health Care and Social Assistance 0.10 (0.30) 0.09 (0.29) 0.03
Retail Trade 0.12  (0.33) 0.18 (0.38) -0.14
Everything Else 0.38 (0.49) 0.34 (0.47) 0.09
N 5,608 5,608

Notes. Treatment and comparison workers are Unemployment Insurance-covered workers aged 16 to 24 in
Washington earning less than $11 per hour in the first quarter of 2015 (2015.1). Treated workers are those whose
highest-hour job in 2015.1 was located within the city of Seattle. Comparison workers are those whose highest-hour
job in 2015.1 was located in Washington state outside of Seattle and its surrounding counties (King, Snohomish,
Kitsap, and Pierce). The normalized difference divides the mean difference by the square root of the average of the

variance (Imbens, 2015).
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Table 4. Estimates of Seattle Minimum Wage Increases on Employment of Young Workers

Q1 Q2 Q3 Q4 Q5 Q6 Q7
Outcome: Employment Status (0/1)
Minimum Wage Cohort (N=11,216)
DD Estimate (Seattle x Post) -0.00 0.00 0.01 0.02* -0.01 0.03%** 0.01
SE 0.01) (0.01) (0.01) 0.01) (0.01) (0.01) (0.01)
Pseudo-Minimum Wage Cohort (N=13,214)
DD Estimate (Seattle x Post) 0.02%** 0.01 0.02* 0.03*** 0.00 0.02* 0.01
SE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Combined Cohorts (N=24,430)
DDD Estimate (Seattle x Cohort x Post) -0.02%* -0.01 -0.01 -0.01 -0.01 0.02 0.01
SE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

*kk = <(0.001, ** =p<0.01, *=p<0.05

Notes. Each point estimate represents a separate linear regression model that includes controls for age at baseline,
binary sex, race and ethnicity, and industry. The first two rows show the difference-in-difference (DD) coefficient in
which the two differences are time (pre- versus post-) and area (Seattle versus comparison). The third row shows the
third difference (DDD) between the estimates for the minimum wage cohort and the pseudo cohort. Baseline quarter
(pre-period, or quarter zero) is 2015.1 for the main cohort and 2011.1 for the pseudo-cohort. The post-period is
indicated as Q1 through Q7, which is 2015.2 through 2016.4 for the minimum wage cohort, and 2011.2 through
2012.4 for the pseudo-cohort. Standard errors are block-bootstrapped with 1000 replications.
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Table 5. Estimates of Seattle Minimum Wage Increases on Hours Worked of Young Workers

Q1 Q2 Q3 Q4 Q5 Q6 Q7
Outcome: Hours Worked
Minimum Wage Cohort (N=11,216)
DD Estimate (Seattle x Post) S19.71%%% 13 65%** -4.81 -7.07*  -14.65%** -6.84 -9.74%*
SE (2.49) (3.38) (3.39) (3.39) (3.48) (3.84) (3.74)
Pseudo-Minimum Wage Cohort (N=13,214)
DD Estimate (Seattle x Post) -5.60* -4.86 1.15 0.12 -2.53 -2.11 1.66
SE (2.23) (2.98) (2.99) (3.14) (3.37) (3.51) (3.43)
Combined Cohorts (N=24,430)
DDD Estimate (Seattle x Cohort x Post) -14. 11 %%* -8.79* -5.96 -7.19 -12.12* -4.73 -11.40%
SE (3.56) (4.42) (4.62) (4.37) (5.04) (5.26) (5.09)

*kk = <(0.001, ** =p<0.01, *=p<0.05

Notes. Each point estimate represents a separate linear regression model that includes controls for age at baseline,
binary sex, race and ethnicity, and industry. The first two rows show the difference-in-difference (DD) coefficient in
which the two differences are time (pre- versus post-) and area (Seattle versus comparison). The third row shows the
third difference (DDD) between the estimates for the minimum wage cohort and the pseudo cohort. Baseline quarter
(pre-period, or quarter zero) is 2015.1 for the main cohort and 2011.1 for the pseudo-cohort. The post-period is
indicated as Q1 through Q7, which is 2015.2 through 2016.4 for the minimum wage cohort, and 2011.2 through
2012.4 for the pseudo-cohort. Standard errors are block-bootstrapped with 1000 replications.
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Table 6. Estimates of Seattle Minimum Wage Increases on Earnings of Young Workers

Q1 Q2 Q3 Q4 Q5 Q6 Q7
QOutcome: Earnings (2015.2 Dollars)
Minimum Wage Cohort (N=11,216)
DD Estimate (Seattle x Post) -82.19** 74.15 189.18*%* 238 52%** 177.22%*  310.89*** 278 58%**
SE (29.87) (43.22) (48.23) (46.86) (54.21) (60.84) (61.35)
Pseudo-Minimum Wage Cohort (N=13,214)
DD Estimate (Seattle x Post) -10.24 57.12  128.06** 145.65***  148.85%* 171.30*** 257.96%**
SE (25.23) (39.62) (40.16) (40.30) (47.09) (51.30) (51.56)
Combined Cohorts (N=24,430)
DDD Estimate (Seattle x Cohort x Post) -71.95 17.03 61.12 92.87 28.37 139.59 20.62
SE (40.66) (57.47) (62.63) (64.07) (71.62) (81.21) (78.66)

*kk = <(0.001, ** =p<0.01, *=p<0.05

Notes. Each point estimate represents a separate linear regression model that includes controls for age at baseline,
binary sex, race and ethnicity, and industry. The first two rows show the difference-in-difference (DD) coefficient in
which the two differences are time (pre- versus post-) and area (Seattle versus comparison). The third row shows the
third difference (DDD) between the estimates for the minimum wage cohort and the pseudo cohort. Baseline quarter
(pre-period, or quarter zero) is 2015.1 for the main cohort and 2011.1 for the pseudo-cohort. The post-period is
indicated as Q1 through Q7, which is 2015.2 through 2016.4 for the minimum wage cohort, and 2011.2 through
2012.4 for the pseudo-cohort. Standard errors are block-bootstrapped with 1000 replications. Earnings estimates in

whole dollars adjusted for inflation using the CPI-W (2015.2).
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Table 7. Estimates of Seattle Minimum Wage Increases on Employment of Young Workers by
Subgroup

Q1 Q2 Q3 Q4 Qs Q6 Q7
Outcome: Employment Status (0/1)
Sex
Female Young Worker (N=13,154)
DDD Estimate (Seattle x Cohort x Post) -0.03* -0.03* -0.01 -0.01 -0.01 0.01 0.00
SE (0.01) {0.01) (0.02) (0.02) (0.02) (0.02) (0.02)
Male Young Worker (N=11,276)
DDD Estimate (Seattle x Cohort x Post) -0.02 -0.01 -0.01 -0.02 -0.03 0.01 0.00
SE (0.01) (0.01) (0.02) (0.02) (0.02) (0.02) (0.02)
Race and Ethnicity
White Young Worker (N=14,310)
DDD Estimate (Seattle x Cohort x Post) -0.02 -0.01 -0.00 -0.01 -0.02 0.01 0.01
SE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.02)
Black Young Worker (N=1,732)
DDD Estimate (Seattle x Cohort x Post) -0.07% -0.07* -0.05 -0.03 -0.03 -0.03 -0.01
SE (0.03) (0.04) (0.04) (0.04) (0.04) (0.05) (0.04)
Asian or Pacific Islander Young Worker (N=3,140)
DDD Estimate (Seattle x Cohort x Post) 0.01 0.01 0.01 0.02 0.01 0.04 0.03
SE (0.02) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
Hispanic Young Worker (N=3,060)
DDD Estimate (Seattle x Cohort x Post) -0.03 -0.04 -0.03 0.01 0.02 0.04 0.05
SE (0.02) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
Multiracial or Other Young Worker (N=1,018)
DDD Estimate (Seattle x Cohort x Post) 0.08 0.01 -0.01 -0.02 -0.01 -0.01 -0.04
SE (0.05) (0.05) (0.06) (0.06) (0.06) (0.06) (0.06)
Missing Race and Ethnicity Young Worker (N=1,044)
DDD Estimate (Seattle x Cohort x Post) -0.07 -0.03 -0.16%* -0.13* -0.09 -0.12#% -0.18%*
SE (0.04) (0.05) (0.06) (0.05) (0.06) (0.06) (0.06)
Age
Young Worker aged 16 to 17 (N=1,434)
DDD Estimate (Seattle x Cohort x Post) 0.06 0.09* 0.07 0.06 0.03 0.11* 0.20%%+
SE (0.04) (0.04) (0.05) (0.05) (0.05) (0.05) (0.05)
Young Worker aged 18 to 20 (N=9,000)
DDD Estimate (Seattle x Cohort x Post) -0.02 0.00 -0.01 -0.01 -0.00 0.01 -0.01
SE (0.01) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
Young Worker aged 21 to 24 (N=13,996)
DDD Estimate (Seattle x Cohort x Post) -0.03* -0.02 -0.01 -0.02 -0.02 0.00 0.00
SE (0.01) (0.01) (0.01) (0.01) (0.02) (0.01) (0.02)
Industry
Young Worker in Accommaodation and Food Services (N=8,814)
DDD Estimate (Seattle x Cohort x Post) -0.02 0.01 -0.00 -0.00 -0.03 0.01 -0.02
SE (0.01) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
Young Worker in Retail Trade (N=3,306)
DDD Estimate (Seattle x Cohort x Post) -0.04 -0.05* -0.10%** -0.05 -0.04 -0.02 -0.04
SE (0.02) {0.03) {0.03) (0.03) {0.03) (0.03) (0.03)
Young Worker in Health Care and Social Assistance (N=2,788)
DDD Estimate (Seattle x Cohort x Post) -0.06* -0.07* -0.02 -0.05 -0.00 -0.00 0.02
SE (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
Young Worker in Everything Else (N=9,522)
DDD Estimate (Seattle x Cohort x Post) -0.00 -0.01 0.01 -0.01 0.01 0.02 0.01
SE (0.01) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

¥k =p <0.001, **=p<0.01, *=p<0.05

Note. Each point estimate represents a separate linear regression model that includes controls for age at baseline,
binary sex, race and ethnicity, and industry. Each row shows the third difference (DDD) between the estimates for
the minimum wage cohort and the pseudo cohort) by each sub-group. Baseline quarter (pre-period, or quarter zero)
is 2015.1 for the main cohort and 2011.1 for the pseudo-cohort. The post-period is indicated as Q1 through Q7,
which is 2015.2 through 2016.4 for the minimum wage cohort, and 2011.2 through 2012.4 for the pseudo-cohort.
Standard errors are block-bootstrapped with 1000 replications. Shade represents each sub-group that shows
statistically significant DDD results.
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Table 8. Estimates of Seattle Minimum Wage Increases on Hours Worked of Young Workers by

Subgroup

Q1 Q2 Q3 Q4 Qs Q6 Q7
Outcome: Hours Worked
Sex
Female Young Worker (N=13,154)
DDD Estimate (Seattle x Cohort x Post) -22.08%%* -19.80%** -13.96* -15.45%* -18.15%* -8.68 -9.36
SE (4.60) (5.81) (6.24) (5.95) (6.54) (7.200 (7.14)
Male Young Worker (N=11,276)
DDD Estimate (Seattle x Cohort x Post) -12.85% -12.78 -8.53 -9.57 -17.85% -7.01 -17.63*
SE (5.13) (6.87) (6.85) (6.62) (7.54) (8.29) (7.76)
Race and Ethnicity
White Young Worker (N=14,310)
DDD Estimate (Seattle x Cohort x Post) -11.50%* -7.69 -9.41 -8.70 -17.05%# -6.81 -6.03
SE (4.11) (5.39) (5.59) (5.80) (6.17) (6.79) (6.51)
Black Young Worker (N=1,732)
DDD Estimate (Seattle x Cohort x Post) -5.51 -5.41 -11.36 3.66 10.44 -0.55 -3.34
SE (14.49) (17.40) (19.60) (19.09) (20.44) (21.55) (20.98)
Asian or Pacific Islander Young Worker (N=3,140)
DDD Estimate (Seattle x Cohort x Post) -24.77%* -26.63*% -33.24%+ -32.02%* -29.69* 228 -21.18
SE (9.21) (12.57) (12.30) (11.90) (13.78) (14.70) (15.07)
Hispanic Young Worker (N=3,060)
DDD Estimate (Seattle x Cohort x Post) -20.22%% -22.54 6.51 -1.27 -7.11 13.29 4.88
SE (10.69) (13.20) (14.27) (13.76) (14.79) (15.78) (15.59)
Multiracial or Other Young Worker (N=1,018)
DDD Estimate (Seattle x Cohort x Post) -10.84 -11.87 -2.68 -25.39 -47.42 -29.42 -29.20
SE (16.01) (21.97) (24.10) (23.11) (24.93) (25.80) (25.75)
Missing Race and Ethnicity Young Worker (N=1,044)
DDD Estimate (Seattle x Cohort x Post) -25.33 -20.21 -40.26 -46.02* -29.80 -46.19 -55.68*
SE (15.22) (21.16) (21.03) (20.15) (22.50) (25.44) (25.59)
Age
Young Worker aged 16 to 17 (N=1,434)
DDD Estimate (Seattle x Cohort x Post) -2.73 0.72 322 -11.34 -9.68 1.93 21.10
SE (7.37) (12.46) (9.34) (9.30) (11.23) (15.78) (16.22)
Young Worker aged 18 to 20 (N=9,000)
DDD Estimate (Seattle x Cohort x Post) -8.56 -0.42 -0.61 2.65 -4.49 1.54 -11.73
SE (5.12) (6.77) (6.83) (7.02) (7.46) (8.00) (8.03)
Young Worker aged 21 to 24 (N=13,996)
DDD Estimate (Seattle x Cohort x Post) -14.14%* -13.22* -13.97* -16.92%* -22.53%* -10.95 -8.22
SE (4.84) (6.31) (6.55) (6.22) (6.94) (7.13) (7.40)
Industry
Young Worker in Accommodation and Food Services (N=8,814)
DDD Estimate (Seattle x Cohort x Post) -12.12% -7.87 -7.11 -9.32 -19.10* -3.36 -14.28
SE (5.26) (7.13) (7.59) (7.24) (7.89) (8.52) (8.45)
Young Worker in Retail Trade (N=3,306)
DDD Estimate (Seattle x Cohort x Post) -17.83* -22.87 -37.81%* -26.53* -36.99%= -19.16 -30.39*
SE (9.09) (12.11) (12.60) (12.59) (12.80) (13.62) (14.50)
Young Worker in Health Care and Social Assistance (N=2,788)
DDD Estimate (Seattle x Cohort x Post) -26.86% -19.31 -8.10 -17.52 -13.43 -12.59 3.20
SE (12.09) (15.63) (15.31) (14.92) (15.77) (16.92) (16.29)
Young Worker in Everything Else (N=9,522)
DDD Estimate (Seattle x Cohort x Post) -12.85% -5.54 -0.24 -4.79 -6.82 -16.38 -15.20
SE (6.00) (7.71) (7.46) (7.36) (8.14) (8.58) (8.85)

*kk = p <(0.001, ** =p<0.01, *=p<0.05

Note. Each point estimate represents a separate linear regression model that includes controls for age at baseline,
binary sex, race and ethnicity, and industry. Each row shows the third difference (DDD) between the estimates for
the minimum wage cohort and the pseudo cohort) by each sub-group. Baseline quarter (pre-period, or quarter zero)
is 2015.1 for the main cohort and 2011.1 for the pseudo-cohort. The post-period is indicated as Q1 through Q7,
which is 2015.2 through 2016.4 for the minimum wage cohort, and 2011.2 through 2012.4 for the pseudo-cohort.

Standard errors are block-bootstrapped with 1000 replications. Shade represents each sub-group that shows

statistically significant DDD results.
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Table 9. Estimates of Seattle Minimum Wage Increases on Earnings of Young Workers by

Subgroup

Q1 Q2 Q3 Q4 Qs Q6 Q7
Outcome: Earnings (2015.2 Dollars)
Sex
Female Young Worker (N=13,154)
DDD Estimate (Seattle x Cohort x Post) -140.41%* -116.16 -38.09 -18.43 -37.06 70.69 49.48
SE (48.34) (71.73) (81.36) (81.00) (94.18) (102.87) (110.03)
Male Young Worker (N=11,276)
DDD Estimate (Seattle x Cohort x Post) -92.29 -71.14 5.38 69.73 -71.08 68.43 -119.68
SE (62.34) (93.56) (92.71) (91.53) (102.37) (121.98) (122.92)
Race and Ethnicity
White Young Worker (N=14,310)
DDD Estimate (Seattle x Cohort x Post) -24.76 72.40 42.57 101.39 -31.88 139.76 59.85
SE (50.04) (74.10) (83.20) (86.05) (93.89) (106.24) (110.57)
Black Young Worker (N=1,732)
DDD Estimate (Seattle x Cohort x Post) -98.88 -103.28 -348.25 -81.39 -14.71 -71.45 -113.26
SE (147.02) (190.91) (213.44) (219.24) (232.47) (270.08) (278.95)
Asian or Pacific Islander Young Worker (N=3,140)
DDD Estimate (Seattle x Cohort x Post) -132.83 -77.33 -209.07 -186.73 -242.33 334.35 -35.26
SE (98.42) (157.48) (167.85) (171.79) (186.04) (221.01) (230.93)
Hispanic Young Worker (N=3,060)
DDD Estimate (Seattle x Cohort x Post) -281.18* -195.37 155.24 176.69 62.90 338.16 351.82
SE (117.80) (168.57) (171.59) (178.57) (189.21) (207.52) (215.50)
Multiracial or Other Young Worker (N=1,018)
DDD Estimate (Seattle x Cohort x Post) 13.91 24.15 108.99 -231.83 -398.97 -145.78 -82.48
SE (169.38) (228.60) (280.18) (283.62) (300.65) (350.91) (350.40)
Missing Race and Ethnicity Young Worker (N=1,044)
DDD Estimate (Seattle x Cohort x Post) -107.58 90.38 -307.30 -137.63 56.15 -177.47 -559.43
SE (189.29) (297.01) (328.33) (321.53) (358.85) (432.23) (437.44)
Age
Young Worker aged 16 to 17 (N=1,434)
DDD Estimate (Seattle x Cohort x Post) 40.32 76.95 20.87 -39.07 37.64 202.26 208.77
SE (72.50) (130.09) (98.74) (95.95) (121.19) (190.24) (195.01)
Young Worker aged 18 to 20 (N=9,000)
DDD Estimate (Seattle x Cohort x Post) -19.80 120.55 127.74 252.81** 142.10 287.50%* 113.30
SE (54.83) (83.47) (83.57) (83.56) (93.23) (110.31) (110.27)
Young Worker aged 21 to 24 (N=13,996)
DDD Estimate (Seattle x Cohort x Post) -65.07 -57.44 -63.14 -6.42 -56.98 104.41 102.96
SE (58.09) (85.00) (91.99) (98.18) (103.48) (116.95) (118.36)
Industry
Young Worker in Accommodation and Food Services (N=8,814)
DDD Estimate (Seattle x Cohort x Post) 0.65 52.10 65.79 36.47 -4.04 254.34* 50.58
SE (57.33) (91.52) (92.91) (96.62) (111.85) (124.18) (131.82)
Young Worker in Retail Trade (N=3,306)
DDD Estimate (Seattle x Cohort x Post) -99.73 -136.47 -320.53 -130.02 -281.99 -152.63 -189.52
SE (103.26) (149.74) (166.42) (160.43) (188.16) (202.31) (220.04)
Young Worker in Health Care and Social Assistance (N=2,788)
DDD Estimate (Seattle x Cohort x Post) -155.78 -77.31 34.51 87.83 186.59 269.86 476.02*
SE (112.52) (164.40) (173.91) (181.74) (200.13) (22231) (225.27)
Young Worker in Everything Else (N=9,522)
DDD Estimate (Seattle x Cohort x Post) -113.59 42.16 120.73 137.28 19.54 -35.96 -116.51
SE (70.26) (101.90) (107.58) (106.04) (122.15) (136.44) (144.80)

*kk = p <(0.001, ** =p<0.01, *=p<0.05

Note. Each point estimate represents a separate linear regression model that includes controls for age at baseline,
binary sex, race and ethnicity, and industry. Each row shows the third difference (DDD) between the estimates for
the minimum wage cohort and the pseudo cohort) by each sub-group. Baseline quarter (pre-period, or quarter zero)
is 2015.1 for the main cohort and 2011.1 for the pseudo-cohort. The post-period is indicated as Q1 through Q7,
which is 2015.2 through 2016.4 for the minimum wage cohort, and 2011.2 through 2012.4 for the pseudo-cohort.

Standard errors are block-bootstrapped with 1000 replications. Shade represents each sub-group that shows

statistically significant DDD results.
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Table 10. Robustness Checks

L] Q2 o o4 Qs Q6 Q7
Outcome: Employment Status (0/1)
Main Analytic Population and Specification {N=24,430)
DDD Estimate {Seattle x Cohort x Post) 0.02%* -0.01 -0.01 -0.01 -0.01 0.02 0.01
SE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Main Analviic Population, No Covariates (V=24 430)
DDD Estimate {Seattle x Cohort x Post) -0.02%* -0.01 -0.01 -0.01 -0.01 0.02 0.01
SE (0.01) (0.01) (0.01) (0.01) {0.01) (0.01) (0.01)
Main Analytic Population, No Topeoding (N=24 430)
DDD Estimate (Seattle x Cohort x Post) 0.02%* -0.01 -0.01 -0.01 -0.02 0.01 0.00
SE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Full Comparison Group, No Matching (WN=115531)
DDD Estimate {Seattle x Cohort x Post) -0.02%=" -0.01 -0.01 -0.02 -0.01 0.01 -0.01
SE (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Outcome: Hours Worked
Main Analytic Population and Specification {N=24,430)
DDD Estimate {Seattle x Cohort x Post) =14.11%%* -B.79% -5.96 =7.19 =12.12% -4.73 -11.40%
SE (3.56) (4.42) (4.62) (4.37) (5.04) (5.26) (5.09)
Main Analviic Population, No Covariates (V=24 430)
DDD Estimate {Seattle x Cohort x Post) =14.11%%* -8.79 -5.96 =719 -12.12% -4.73 -11.40%
SE (3.45) (4.49) (4.75) (4.53) (5.00) (5.27) (5.35)
Main Analytic Population, No Topeoding (N=24 430)
DDD Estimate (Seattle x Cohort x Post) ~16.93%=* =14.18%* -8.30 -B.48 -14.03%* -10.42* -15.17**
SE (4.06) (4.97) (5.13) (4.69) (4.99) (5.29) (5.33)
Full Comparison Group, No Matching (WN=115531)
DDD Estimate {Seattle x Cohort x Post) -20.37%=" -12.86%"® -15.55%= -15.67%%  -24.12%"* -13.61%*  -20.28%"*
SE (4.48) (4.78) (4.97) (4.77) (4.78) (5.04) (5.00)
Outeome: Earnings (2015.2 Dollars)
Main Analytic Population and Specification {N=24,430)
DDD Estimate {Seattle x Cohort x Post) =T71.95 17.03 61.12 91,87 28.37 139.59 20.62
SE (40.66) (57.4T) (62.63) (64.07) (71.62) (B1L.21) (78.66)
Main Analviic Population, No Covariates (V=24 430)
DDD Estimate {Seattle x Cohort x Post) =71.95 17.03 61.12 92.87 28.37 139.59 20.62
SE (39.72) (57.00) (65.72) (63.40) (67.62) (79.09) (79.58)
Main Analytic Population, No Topeoding (N=24 430)
DDD Estimate (Seattle x Cohort x Post) 04, TE* -3.65 50.41 T72.57 13.38 B4.67 -8.01
SE (40.68) (60.32) (68.07) (65.87) (70.86) (B1.80) (87.89)
Full Comparison Group, No Matching (WN=115531)
DDD Estimate {Seattle x Cohort x Post) -118.12* -25.13 -64.28 0.96 -108.05 47.60 -79.94
SE (48.12) (57.28) (61.39) (63.12) (62.21) (68.50) (69.46)

#xk = < (0.001, ** =p <0.01, * =p <0.05

Notes. Each point estimate represents a separate linear regression model that includes controls for age at baseline,
binary sex, race and ethnicity, and industry. For each outcome, the first row (shaded) represents the triple difference
estimates from our main analytic approach, also shown in Tables 4 through 6. The second row excludes covariates
from the triple difference model. The third row represents the triple difference estimates from the specification that
uses the original earnings and hours worked instead of the ones censored at the top 99th percentile (top-coded). The
fourth row are the triple different estimates using the main model specification, but with the full treatment and
comparison pools prior to matching. Baseline quarter (pre-period) is 2015.1 for the main cohort and 2011.1 for the
pseudo-cohort. The post-period is indicated as Q1 through Q7, which is 2015.2 through 2016.4 for the minimum
wage cohort, and 2011.2 through 2012.4 for the pseudo-cohort. Standard errors are block-bootstrapped with 1000

replications. Earnings estimates in whole dollars adjusted for inflation using the CPI-W (2015.2).
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Figure 1. Timeline
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Notes. Authors’ timeline of minimum wage increases in Seattle (city-level) and Washington state (statewide), from

2014 through 2017.
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Figure 2. Pre-Trends in Employment for the Minimum Wage Cohort After Matching

50% 1

Employment

25% A

T T T T TR F T TR R e T T TR v S el Y R =
o o o o - - - - ™~ o™ o™~ o™~ [ o7 ™ (o0 ™ -+ o -+ -t w
5 5 o 5 5 5 5 5 5 5 5 5 5 5 © 5 &5 &5 © & b©
o™~ o™~ o~ o™ ™~ o™~ o™~ o™~ o™~ o™ o™~ o™~ o™~ o~ o™ o™ o™ o™~ o~ o™ o™~
— Comparison Group ---- Treatment Group
Notes. Shading indicates matching period. Treatment and comparison cohorts are Unemployment Insurance-covered

workers in Washington earning less than $11 per hour (2015.2 dollars) in the first quarter of 2015 (2015.1). Treated
workers are those whose highest-hour job in 2015.1 was located within the city of Seattle. Comparison workers are
those whose highest-hour job in 2015.1 was located in Washington state outside of Seattle and its surrounding

counties (King, Snohomish, Kitsap, and Pierce). Comparison group selected through matching baseline and pre-
period employment, earnings, hours worked, age and industry.
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Figure 3. Pre-Trends in Earnings for the Minimum Wage Cohort After Matching
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Notes. Shading indicates matching period. Treatment and comparison cohorts are Unemployment Insurance-covered
workers in Washington earning less than $11 per hour (2015.2 dollars) in the first quarter of 2015 (2015.1). Treated
workers are those whose highest-hour job in 2015.1 was located within the city of Seattle. Comparison workers are
those whose highest-hour job in 2015.1 was located in Washington state outside of Seattle and its surrounding
counties (King, Snohomish, Kitsap, and Pierce). Comparison group selected through matching baseline and pre-

period employment, earnings, hours worked, age and industry. Earnings estimates in whole dollars adjusted for
inflation using the CPI-W (2015.2).
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Figure 4. Pre-Trends in Hours Worked for the Minimum Wage Cohort After Matching
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Notes. Shading indicates matching period. Treatment and comparison cohorts are Unemployment Insurance-covered
workers in Washington earning less than $11 per hour (2015.2 dollars) in the first quarter of 2015 (2015.1). Treated
workers are those whose highest-hour job in 2015.1 was located within the city of Seattle. Comparison workers are
those whose highest-hour job in 2015.1 was located in Washington state outside of Seattle and its surrounding

counties (King, Snohomish, Kitsap, and Pierce). Comparison group selected through matching baseline and pre-
period employment, earnings, hours worked, age and industry.
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Appendix Table 1. Comparison of Pseudo-Cohort Characteristics Before and After Matching

Appendix

Before Matching After Matching
Treatment Comparison Norm. Treatment Comparison Norm.
Mean SD  Mean SD Diff. Mean SD  Mean SD Diff.
Employment History
2010.3° 0.71  (0.45) 0.77 (0.42) -0.14 0.71  (0.45) 0.71  (0.45) 0.00
2010.4" 0.80 (0.40) 0.84 (0.36) -0.13 0.80 (0.40) 0.80  (0.40) 0.00
2011.1° 1.00  (0.00) 1.00  (0.00) - 1.00  (0.00) 1.00  (0.00) -
Industry at Baseline (2011.1)
Accommodation and Food Service® 033  (0.47) 0.28  (0.45) 0.13 033  (0.47) 0.33  (0.47) 0.00
Characteristics at Baseline (2011.1)
Quarterly Hours Worked" 192 (163) 225 (166)  -0.20 192 (163) 191 (162) 0.00
Quarterly Total Earnings™® 1861 (1557) 2154 (1581)  -0.19 1861  (1557) 1858 (1552) 0.00
Age at Baseline (2011.1)° 21.03 (2.04) 20.62 (2.07) 0.20 21.03 (2.04) 21.03 (2.04) 0.00
N 6,607 51,248 6,607 6,607

Notes. Pseudo-treatment and comparison pools are Unemployment Insurance-covered workers in Washington

earning less than $11 per hour in the first quarter of 2011 (2011.1) aged 16 to 24 at baseline. Pseudo-treated workers
are those whose highest-hour job in 2011.1 was located within the city of Seattle. Comparison workers are those
whose highest-hour job in 2011.1 was located in Washington state outside of Seattle and its surrounding counties
(King, Snohomish, Kitsap, and Pierce). The normalized difference divides the mean difference by the square root of
the average of the variance (Imbens, 2015).

2 Variables matched exactly.

b Variables matched with one nearest neighbor using Mahalanobis distance.
¢ Dollars adjusted for inflation using the CPI-W (2015.2)
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Appendix Table 2. Demographic Characteristics of Pseudo-Cohort After Matching

Treatment Comparison Norm.
Mean SD Mean SD Diff.
Female 0.55 (0.50) 0.53 (0.50) 0.03
Race and Ethnicity
White alone 0.61 (0.49) 0.73 (0.44) -0.27
Black alone 0.07 (0.25) 0.01 (0.12) 0.27
Asian or Pacific Islander alone 0.13  (0.34) 0.03 (0.16) 0.39
Native American alone 0.00 (0.07) 0.01 (0.09) -0.04
Hispanic alone 0.11 (0.31) 0.17 (0.37) -0.17
Multiracial and Other 0.04 (0.19) 0.03 (0.18) 0.03
Missing Race and Ethnicity 0.04 (0.20) 0.02 (0.14) 0.13
Industry at Baseline (2011.1)
Accommodation and Food Services 033 (0.47) 0.33 (0.47) 0.00
Health Care and Social Assistance 0.13  (0.33) 0.12 (0.33) 0.01
Retail Trade 0.14 (0.35) 0.19 (0.39) -0.13
Everything Else 0.40 (0.49) 0.35 (0.48) 0.09
N 6,607 6,607

Notes. Pseudo-treatment and comparison pools are Unemployment Insurance-covered workers in Washington
earning less than $11 per hour in the first quarter of 2011 (2011.1) aged 16 to 24 at baseline. Pseudo-treated workers
are those whose highest-hour job in 2011.1 was located within the city of Seattle. Comparison workers are those
whose highest-hour job in 2011.1 was located in Washington state outside of Seattle and its surrounding counties
(King, Snohomish, Kitsap, and Pierce). The normalized difference divides the mean difference by the square root of

the average of the variance (Imbens, 2015).
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