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Fair Workweek laws in the US: An appraisal of intended

and unintended consequences

Daniel Schneider'*, Kristen Harknett?, David Arbelaez'

Fair Workweek laws, implemented in several large cities and one state, represent a new wave of innovation in a
century of contestation and legislation around work time. Where previous legislation sought to regulate over-
work, these laws aim to regulate work schedule instability and insufficiency of work hours, but evidence on their
effects is incomplete. Using stacked difference-in-differences models and original survey data, we find robust evi-
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dence that Fair Workweek regulations led to increases in advance notice of schedules and time to rest between
shifts and reductions in last-minute schedule changes. We find no evidence of compensatory retrenchment in
other aspects of job quality. These average effects disguise substantial heterogeneity across jurisdictions, point-
ing to the importance of local enforcement in realizing policy goals. Fair Workweek legislation has realized some
intended effects on work schedules without unintended consequences, but the potential for more widespread,

effective enforcement has not been fully realized.

INTRODUCTION
More than 150 years ago, labor advocates demanded a radical reform
to employment relations—an eight-hour workday. Passed nearly
60 years later, the Fair Labor Standards Act (FLSA) saw the realiza-
tion of some of labor’s early demands, including a 40-hour week. The
centrality of work time shaped early labor movements around the
world, and work time remains a central concern of both labor and
social scientists focused on work, inequality, and wellbeing (1-3).

However, the nature of work has changed in America in funda-
mental ways since the FLSA was enacted, especially since the 1980s,
with employment becoming more precarious on multiple dimensions
(4) and with large institutional actors, such as employers, effectively
shifting risk from organizations to households (5). Ongoing conflicts
over working time are on vivid display in the contemporary Ameri-
can service sector, where hourly workers in restaurants and retail face
not only low wages and limited benefits but also the twinned chal-
lenges of work schedules that are unstable and unpredictable and
work hours that are often insufficient (6, 7). Rather than work a 9-to-5
or even a regular night shift, workers contend with schedules that
vary from day-to-day and week-to-week, often with little advance no-
tice and subject to frequent last-minute changes (7, 8). Where work-
ers once sought freedom from overwork, today’s cashiers and cooks
scrounge for sufficient hours to get by (9). These twin challenges ap-
pear to produce a destructive chain reaction—sparking family chaos
(10-12) and burning through economic and health reserves (13, 14).

Federal labor standards have not kept up with this new precari-
ous reality. However, over the past decade, localities and states have
stepped in to regulate this new world of unstable, unpredictable,
and insufficient work scheduling. “Fair Workweek” (FWW) or “Pre-
dictable Scheduling” ordinances have been passed in 10 jurisdic-
tions, including Seattle, New York City (NYC), Chicago, Philadelphia,
and Oregon.

These labor standards follow a common template. They seek to ad-
dress work scheduling by requiring large-chain service sector employ-
ers to provide at least 2 weeks’” notice of work schedules, imposing
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predictability pay requirements for last-minute changes or on-call
work, and regulating back-to-back closing then opening shifts, also
known as “clopening” shifts. In addition, these standards aim to in-
crease workers’ access to a sufficient number of work hours by requir-
ing employers to offer newly available shifts to incumbent workers
before hiring new part-time workers. Similar legislation has been in-
troduced in the US House and Senate, considered in the UK, and ad-
opted by the European Council.

FWW standards have been met with vociferous opposition, often
from business groups (15-17). While prior research provides evi-
dence that more stable and predictable scheduling could improve
business outcomes by increasing productivity and reducing turn-
over (18, 19), it is also possible that employers would perceive com-
pliance with these mandates to be costly (20).

In response, employers might then compensate for compliance
with FWW provisions through other cost-reducing channels of adjust-
ment, such as by reducing wages or by reducing fringe benefits (21). It
is also possible that the protections afforded by FWW laws could lead
to changes in employer hiring and retention practices and/or worker
application and turnover decisions. If the protections, for instance,
served to attract more skilled or experienced workers to the covered
jobs, then any costs of FWW compliance could be offset by increases in
worker productivity rather than through channels of adjustment.

These FWW laws are innovative, but the ability of firms to un-
derstand the complex regulations and the capacity of local regula-
tors to effectively enforce scheduling standards may be limited (20).
In the face of substantial resource constraints (22), rather than pro-
actively (or even randomly) investigate worksites, most enforcement
follows a complaint-based model (23), in which workers must be
aware of their rights and feel sufficiently empowered to come for-
ward to bring a complaint when they suspect violation. In the case
of FWW laws, local enforcement agencies must then have the capac-
ity to conduct sophisticated analysis of company time-clock and
scheduling records to assess compliance and violations (24). For
these reasons, the efficacy of FWW laws in achieving their intended
effects is uncertain a priori.

The importance of local regulators to the successful implementa-
tion of FWW laws also opens up the possibility of variation in the
efficacy of these laws across jurisdictions. Cities and states vary
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widely in their resources and capacities for informing workers and
employers about the new rights and requirements stipulated by these
laws, investigating worker complaints, and imposing penalties on
employers for violations (25, 26). These differences may lead to treat-
ment effect heterogeneity by place. Heterogeneous treatment effects
by group or place are commonplace in causal research when tested
for (27, 28), and revealing this heterogeneity is important for ad-
vancing understanding and generating theory about the conditions
under which interventions are most effective (27). Systematic data
on enforcement capabilities by jurisdiction is not readily available,
but one measure of the strength of enforcement is public settlements
for FWW violations. By that metric, New York City and their De-
partment of Consumer and Worker Protection (DCWP) stands out
as having the largest and most high-profile settlements for violations
of the city’s FWW Law (29, 30). These large settlements were the
culmination of multiyear investigations involving multiple locations
and thousands of workers, a strong indicator of DCWP’s organiza-
tional capacity around FWW enforcement (30, 31).

Currently, our knowledge about the effectiveness of FWW laws
with respect to schedule stability and hours sufficiency, about chan-
nels of adjustment, and about heterogeneity in effectiveness across
jurisdictions is incomplete. On the one hand, five studies conduct
law-specific case-study evaluations. These studies each focus on a
single FWW ordinance, marshaling creative sources of data to rise
to the challenge of estimating the effects of specific ordinances.
Harknett et al. (32) focus on Seattle’s ordinance and draw on survey
data from workers at dozens of large firms from 1 year before and up
to 2 years after implementation to document increases in the share
of workers receiving at least 2 weeks’ notice and reductions in last-
minute shift changes, but find no effects on amount of work hours.
Ananat et al. (33) estimate the effects of Emeryville, CA’s ordinance
using a daily text survey of 78 working parents and find reductions
in schedule instability, with no effects on number of work hours.
Petrucci et al. (34) draw on 98 in-depth interviews with workers in
Oregon to conclude that the law was broadly ineffective. Two other
studies estimate the effects of the Oregon and NYC laws but only on
downstream labor market outcomes, not on scheduling. Focusing
on Oregon, Gruber (35) draws on data from the Quarterly Work-
force Indicators and American Community Survey, which allow her
to estimate overall null effects of the law on employment and earn-
ings, with some evidence of heterogenous effects by gender. Pickens
and Sojourner (36) draw on data from the Quarterly Census of Em-
ployment and Wages (QCEW) to estimate the effects of New York
City’s FWW law on employment and find no effects, although, sim-
ilar to Gruber (35), they cannot discern whether this is because of
minimal employer adjustment to meaningful changes in scheduling
or simply minimal compliance with the law. In sum, these studies
suggest that FWW laws in Seattle and Emeryville may have im-
proved work scheduling and that laws in those two jurisdictions and
Oregon and New York City did not have major unintended effects
on employment and/or number of work hours.

On the other hand, three studies look across multiple jurisdic-
tions. Kwon and Raman (37) aggregate across three FWW juris-
dictions using harmonized administrative data from a scheduling
software vendor. This work also finds increases in advance notice
and no evidence of reductions in hiring, work hours, or increases in
the use of part-time workers. However, the Kwon and Raman (37)
sample is composed of data from just three employers, limiting
external validity. Yelowitz (38) draws on the Current Population
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Survey (CPS) to measure the effects of four FWW laws, reporting
increases in involuntary part-time work. However, Yelowitz (38) is
limited in his ability to correctly identify treated and control workers.
Last, Lambert et al. (39) field an original survey of 1800 hourly work-
ers in covered jobs within and just outside of the city limits of three
jurisdictions with FWW ordinances—Chicago, Seattle, and New York
City. Estimating single differences without a pretreatment compari-
son, they find evidence of significantly more advance notice among
covered workers and of more extra pay for clopening shifts and last-
minute timing changes, with no apparent impacts on access to hours
or canceled shifts. Unlike prior studies (32, 33, 37), Lambert et al.
(39) do not examine changes in the incidence of practices beyond
notice, only compensation. Furthermore, the lack of pretreatment
observation makes it difficult to interpret the reported effects.

In all, these widely varying methodologies, data sources, and cases
represent pragmatic and creative adaptions to serious challenges of
data availability and consistency. Some clear themes emerge from
these findings. The four quantitative studies (32, 33, 37, 39) that have
looked at scheduling outcomes all find an increase in advance notice.
The evidence is more mixed on downstream labor market outcomes,
with some work finding null effects on hours (32, 33, 37), other work
finding both large increases in involuntary part-time employment
(38) and no effects (37), two studies finding null employment effects
(36, 37), and lastly, one study finding heterogenous effects on hours
and employment (35). However, it is difficult to generalize about the
effectiveness and effects of FWW standards on scheduling and on po-
tential channels of adjustment given the necessarily varied data sourc-
es and methodological approaches of these studies.

We draw on original data that we collected over the course of
7 years and 14 repeated cross-sectional survey waves from more than
87,000 hourly workers in the service sector across the United States.
We designed our survey to estimate the effects of FWW laws after
realizing that early ordinances were likely to precede a wave of policy
making. Our sampling was designed then to target exactly the cov-
ered population of workers (workers at large-chain firms in the retail
and food service sectors) and included oversamples to ensure suffi-
cient sample sizes as Seattle, Oregon, New York City, Philadelphia,
and Chicago passed FWW laws. We developed and included novel
measures of work scheduling collaboratively with labor regulators,
designed to capture compliance along with other measures of job
quality to capture potential channels of adjustment.

We use these data to estimate stacked difference-in-differences
(DiD) models that align pretreatment and posttreatment observa-
tions with the timing of each of five ordinances’ implementation
(Seattle, Oregon, New York City, Chicago, and Philadelphia), includ-
ing individual-level and area-level controls. We describe the provi-
sions of each of these five ordinances, as well as those of five other
ordinances that have been passed, but for which we lack sufficient
data to estimate effects, in table S6. We estimate the first-order effects
of the ordinances on scheduling outcomes and hours, then effects
on potential channels of adjustment including wages and fringe
benefits, and lastly, examine heterogeneity in the efficacy of FWW
standards across these five jurisdictions.

RESULTS

Effects of FWW laws on scheduling and hours

Table 1 presents results from stacked DiD models that estimate the
effects of FWW laws on a set of work schedule outcomes. Model 1
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Table 1. Effects of FWW laws on scheduling and work hours. +P < 0.10. *P < 0.05. **P < 0.01. ***P < 0.001. Weighted using equal subexperiment weights.
SEs clustered at geographic level. Pretreatment treatment group mean in parentheses. Avg., average.

(1)

(2) (3)

Two weeks' notice (u = 0.45)
FWW X post

Clopening (p = 0.45)
FWW X post

Timing change (p = 0.65)
FWW X post

Canceled shift (u = 0.15)
FWW X post

On-call shift (u = 0.24)
FWW X post

Usual hours (p = 33.6)
FWW X post

N

Avg. subexperiment N

Year x subexperiment FE

Employer x subexperiment FE

Individual-level controls

Area-level controls

presents stacked DiD estimates without additional covariates but
with the full set of year- and employer-by-subexperiment fixed ef-
fects (FEs). Model 2 adds a set of individual-level controls, and
model 3 adds area-level controls.

Among the measures of work schedules, FWW regulations had
the largest effects on workers receiving at least 2 weeks of advanced
notice of their work schedule, shown in the first row of Table 1.
FWW regulations increased advance notice by 13 percentage points
(p.p.) across all models. In percentage terms, against a pretreatment
treatment group mean of 45% receiving 2 weeks’ notice, these new
regulations increased schedule notice by about 29%.

Table 1 also shows that FWW regulations reduced the experience
of working back-to-back closing then opening shifts (clopenings),
with little time for rest in between. After FWW laws went into effect,
workers covered by these laws experienced an 8-p.p. reduction in
clopening shifts (models 2 and 3) compared with their counterparts
not covered by these new laws, a roughly 19% change compared to a
pretreatment treatment group mean of 45%. FWW laws also re-
duced last-minute timing changes to work schedules by about 6 p.p.,
a roughly 10% change compared to the 65% mean.

Although employers are required to provide extra compensation
to workers for canceled shifts, we find that FWW laws had no effect
on shift cancelations or on-call shifts. Those in covered and uncov-
ered locations experienced a similar trend in both of those schedul-
ing outcomes after FWW laws took effect. The null effects on shift

Schneider et al., Sci. Adv. 12, eaea8632 (2026) 24 June 2026
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cancelations and on-call shifts may be explained by implementation
research, which has found confusion on the part of managers about
when shift changes were permissible without extra pay (40) and that
employers exploited this ambiguity to avoid compliance (34).

The access to hours provision of FWW laws was intended to in-
crease work hours for involuntary part-time workers, but we find no
evidence of hour increases for covered workers. We estimate that
FWW laws reduced weekly work hours by a little less than 0.6 hours
per week in model 1, but that effect was attenuated to 0.37 hours and
statistically insignificant with the addition of area-level controls in
model 3. Against average usual weekly work hours of 33, this repre-
sents a 1.1% reduction.

Figure 1 (and in table S1) shows the robustness of our model 3 es-
timates to variations in the weighting and comparison-group match-
ing approaches. The positive effects of the FWW laws on receiving at
least 2 weeks’ advance notice of work schedules and on clopening
shifts are robust to all model permutations—both in terms of magni-
tude and statistical significance. The results for timing changes are
somewhat more sensitive, with the estimates somewhat smaller in
magnitude and nonsignificant when using alternative weights. The
estimates of the laws™ null effects on on-call shifts and canceled
shifts, as well as on hours, were not sensitive to matching approach
or weighting.

We also assess robustness of our results to several other alternative
model specifications. In table S2, we show robustness to alternative
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Two weeks' notice

(n=0.45)

Clopening | — —
—_—

(n=0.45)

Timing change |

(1=10.65) -
Canceled shift — —;i—

(L=0.15) _‘_

On-call shift - N —
(n=0.24) ]

In(Usual hours) - —o-:‘z:_i—
(u=3.5) | | i ‘ ‘
-0.20 -0.10 0 0.10 0.20 0.30

FWW x postcoefficient

¢ Equal subexp. wt. (preferred)
* Matched, equal subexp. wt.

¢ Treatment share wt.
* Matched, treatment share wt.

4 Unweighted
4 Matched, unweighted

Fig. 1. Robustness of main effects of FWW laws to alternative matching and weighting. SEs clustered at geographic level. Matching: coarsened exact matching (CEM)
between treatment and control observations on basis of demographic and work characteristics. All models include year x subexperiment FEs, employer x subexperiment
FEs, individual-level controls, and area-level controls. Error bars represent 95% confidence intervals. N = 285,993 for non-CEM models and N = 167,775 for CEM models.
subexp. wt., subexperiment weights. Pretreatment treatment group mean in parentheses.

fixed-effect specifications, including the inclusion of a subexperiment-
by-state FE and the exclusion of year-by-subexperiment FEs. The
model results are not especially sensitive to these variations. In table S3,
we adopt an alternative logic for assigning geography that uses geo-
coded internet protocol (IP) addresses to determine workplace loca-
tions when other sources of information are missing. Here, we find a
similar pattern of results, but somewhat smaller effect sizes, as expect-
ed due to the measurement error that the IP addresses introduce (e.g.,
people sometimes take the survey at home and not at work or use vir-
tual private networks). In table S4, we limit the sample to hourly work-
ers who do not have managerial roles and find that the results are not
sensitive to that exclusion.

Effects of FWW laws on channels of adjustment

Table 1 provides evidence that FWW laws led to some of the intended
improvements in work schedule conditions, in particular increasing
schedule notice and reducing exposure to clopening shifts and last-
minute timing changes. In Fig. 2, we examine whether these laws had
effects on potential channels of adjustment, such as wages and fringe
benefits or on worker composition. If FWW laws exert downward
pressure on wages and benefits, then these unintended effects could
undercut any benefits of improved schedules from the perspective of
covered workers. If FWW laws changed the composition of workers,
then that could suggest one pathway through which employers adjust
to these new mandates.

Overall, we see no evidence that employers reduced wages or
benefits in response to new FWW schedule requirements or of size-
able shifts in the composition of workers. The left panel of Fig. 2
shows that those covered by FWW regulations experienced similar
evolution of their hourly wages compared with their counterparts
who were not covered by FWW laws. We also do not see any evi-
dence that those newly covered by FWW laws experienced declines
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in any of a set of fringe benefits including paid sick leave, employer-
sponsored health and dental insurance, or paid vacation benefits. If
anything, there is evidence of modest increases in health insurance
coverage. The right panel of Fig. 2 shows limited evidence of chang-
es in the composition of workers. We find no effects on age or long
job tenure but evidence of modest reductions in average tenure, re-
ductions in the share of workers with at least some college educa-
tion, and modest increases in the share of workers with children. At
a minimum, we can reject that the FWW laws had any strong effects
on increasing the share of workers with characteristics that might
proxy for greater productivity, such as through retention or changes
in the composition of applicants or new hires.

Heterogeneity in FWW effectiveness across jurisdictions

Our main effects reveal significant but limited impacts of the FWW
laws on work schedule stability and predictability and no effects on
access to work hours. Prior research has called for more attention to
the potential for heterogeneous treatment effects (27). In our case,
we examine a homogenous set of firms and laws with largely similar
provisions, but we anticipate that heterogeneous treatment effects
could arise because of variation across FWW jurisdictions in the
organizational capacity of local enforcement agencies (25).

Figure 3 shows the estimated effects from jurisdiction-specific
DiD models on each of the scheduling and hour outcomes. Most
broadly, these results accord with a long line of research pointing to
potential treatment effect heterogeneity (41). Across all five jurisdic-
tions, FWW laws increased the share of workers receiving at least
2 weeks’ notice of their work schedules and reduced the share ex-
posed to clopening shifts, but the magnitude of these effects varied
by place. We found an average effect of a 13 p.p. increase in the share
of workers getting at least 2 weeks’ advance notice of their schedules
(Table 1), and this effect varied from about 5 p.p. in Philadelphia to
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In(Hourly wage)
(n=2.6)

E

Paid sick leave
(n=0.69)

Health insurance
(n=0.70)

Dental insurance
(n=0.59)

Vacation
(n=0.70)

-0.10 -0.05 0 0.05

FWW x postcoefficient

0.10 0.15

In(Age)
(=34

Has children
(n=0.32)

Associate
degree or more

(11=0.30)

In(Tenure)
(n=0.73)

3+ years tenure
(n=0.47)

o

-0.1 -0.05 0

FWW x postcoefficient

0.05 0.1

Fig. 2. Channels of adjustment and compositional changes in response to FWW laws. SEs clustered at geographic level. All models include year x subexperiment FEs,
employer X subexperiment FEs, individual-level controls, and area-level controls. N = 285,993. Pretreatment treatment group mean in parentheses.
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Fig. 3. Between-jurisdiction heterogeneity in the effects of FWW laws on scheduling and work hours. SEs clustered at geographic level. All models include year FEs,
employer FEs, individual-level controls, and area-level controls. N per subexperiment ranges from 17,032 (New York City) to 76,313 (Philadelphia). Total N = 285,993.

25 p.p. in New York City. Overall, FWW laws reduced clopening
shifts by 8 p.p., and this effect varied from —15 p.p. in NYC to —2 p.p.
in Chicago. Notably, the largest effects were found in New York City
for these two outcomes and for last-minute timing changes and can-
celed shifts. Although we lack direct evidence, this pattern is sugges-
tive that New York City’s strong labor enforcement capacity and the

Schneider et al., Sci. Adv. 12, eaea8632 (2026) 24 June 2026

high-profile and large penalties imposed for FWW violations (29,
42) led to greater compliance with the law.

Also noteworthy is the greater consistency across locations in the
sign and significance of treatment effects on 2 weeks’ notice and clo-
pening shifts compared with other outcomes. This pattern is consis-
tent with implementation research that found managers were often
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uncertain about when shift timing changes were permissible with-
out extra pay (40) or exploited ambiguity in the rules to avoid com-
pliance (34).

Figure 3 reveals a few instances in which effects were opposite
in sign to the intended effects of the FWW laws. For instance, in
Chicago, covered workers experienced a small increase in timing
changes and canceled shifts and a small reduction in weekly work
hours. We note that the implementation of the Chicago law took
place in the turbulent early pandemic period. Although Chicago
business’s requests to delay implementation were denied, the city did
delay implementing some of the enforcement mechanisms (43).

DISCUSSION
Work time is a fundamental aspect of job quality and has been at the
forefront of labor policymaking for well over a century. Over the past
few decades many industries have shifted from a 9-to-5 Monday-
to-Friday work week to a 24/7 business model, and employers in-
creasingly demand open availability from workers. These always-on
expectations, coupled with low wages, appear to have a range of harm-
ful consequences for worker health and wellbeing. Policymaking at
the federal level has not kept pace with these labor market shifts,
but a handful of large cities and one US state have taken action to
regulate work schedule conditions through a recent wave of FWW
legislation. These new laws have been targeted at retail and food
service industries in which workers are paid by the hour and sched-
ule unpredictability and instability are widespread. Here, we pro-
vide the most comprehensive examination to date of whether and
how these new regulations affected work scheduling conditions and
other aspects of job quality and how their effectiveness differed
across jurisdictions.

We draw on original data that we collected over the course of
7 years and 14 repeated cross-sectional survey waves from more than
87,000 hourly workers in the service sector across the United States.
We harness recent methodological innovations to inform our stacked
DiD modeling approach. This approach allows us to estimate the ef-
fects of a set of FWW laws that shares common provisions but
was implemented at different time points between 2017 and 2021 in
Oregon, Seattle, New York City, Philadelphia, and Chicago. These data
and methods are uniquely well suited to provide a comprehensive as-
sessment of the effects of a new wave of FWW labor policymaking.

We find that FWW laws had some, but not all, of their intended
effects on work schedule conditions for those employed in the ser-
vice sector. The strongest and most robust effects of these laws are on
increasing the share of workers who receive at least 2 weeks of ad-
vanced notice of their work schedules. We estimate that these laws
increase the share of workers receiving at least 2 weeks’ advance no-
tice by 13 p.p., about a 29% increase. These results are in line with
earlier findings from an examination of the Secure Scheduling Ordi-
nance in Seattle (32). An evaluation of the Seattle FWW law dem-
onstrated how resource intensive it was to educate employers and
workers on the new regulations and to pursue the complaint-based
enforcement of violations (44). Therefore, it was an open question
whether the FWW laws would be as successful in increasing sched-
ule notice in other locations. Our results suggest that these laws have
been broadly successful in moving the needle on schedule notice.
This aligns with implementation research showing that the 2 weeks’
advance notice provision was the most straightforward for employ-
ers to implement (20).

Schneider et al., Sci. Adv. 12, eaea8632 (2026) 24 June 2026

Among the different indicators of schedule stability, the effects on
advance notice were the largest in magnitude, but the FWW laws also
led to an 8-p.p. reduction in the share of workers who worked back-
to-back closing and then opening shifts without adequate time for
rest in between and a 6-p.p. reduction in exposure to last-minute
shift timing changes. In contrast, we find no evidence that FWW laws
reduced shift cancelations or on-call shifts or increased access to
more work hours for involuntary part-time workers. Although these
laws did improve schedules, they did not do so on all dimensions of
schedules they aimed to improve.

Improvements in schedules could lead to downward pressure on
other aspects of job quality. If employers experience increased labor
costs because of the predictability pay requirement for instance,
then they might then be less likely to increase wages or might cut
back on fringe benefits. To provide a fuller accounting of the effects
of these local labor laws, we also investigated the possibility that im-
provements in schedules may have led to countervailing retrench-
ment in other aspects of job quality such as wages and fringe benefits.
We find no evidence of such retrenchment, nor do we find evidence
of re-allocation of workers in response to the law, with stability in key
worker demographics.

The implementation of FWW laws and enforcement of their pro-
visions require substantial local resources and organizational capacity
to educate workers and employers about new rights and responsibili-
ties, investigate complaints, and penalize violations. Although our
analysis examines FWW laws that are fairly uniform in their provi-
sions and focuses on a common set of large covered firms, the
resources and organizational capacities for implementation and en-
forcement are not uniform across jurisdictions (25). Given this varia-
tion, it is not unexpected that the effectiveness of the FWW laws
varied across locations. Our examination of heterogeneous treatment
effects revealed that the covered workers in New York City experi-
enced the largest improvements in their schedule conditions. Notably,
New York City is also the location with the most high-profile enforce-
ment actions (29, 30). Our results then reinforce the idea that the de-
gree to which FWW laws can move the needle on scheduling for
workers is contingent on local capacity to implement and enforce the
laws (25). A valuable direction for future research would be to detail
organizational capacity and practice across local enforcement agen-
cies to refine understandings of best practice around enforcement of
FWW laws and to conduct research estimating the effects of specific
enforcement strategies such as high-profile publicly announced set-
tlements and public information campaigns.

This work is subject to some important limitations. While the
Shift Project data provide rare over-time measurement of schedul-
ing and worker outcomes for a policy-relevant target population, the
data are not based on a probability sample. Although prior work
finds that the data accurately capture the characteristics of the target
population and key associations (45), the potential for bias remains.
It is also possible that implementation of the laws improved over
time, but the relatively small sample sizes in our data prevent us
from reliably estimating event-study models that might reveal such
phase-in effects (though see fig. S3). In addition, we are limited
to measuring the occurrence of clopening, canceled shifts, timing
changes, and on-call scheduling in the prior month but lack mea-
surement of the intensity of such exposures, which could also be
shifting. Last, because our sample conditions on employment, we do
not estimate the effects of FWW laws on employment levels. How-
ever, we note that Pickens and Sojourner’s (36) recent estimates of
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null effects on employment in NYC are all the more notable given
that we estimate some of the largest effects on schedule stabili-
ty in NYC.

In sum, we provide the most comprehensive evidence to date on
the effects of FWW laws on work schedule stability and predictabili-
ty, account for potential unintended consequences through channels
of adjustment, and show that, in light of notable between-jurisdiction
heterogeneity, the ceiling on effects is considerably higher than im-
plied by the average across places.

MATERIALS AND METHODS

Research design

Prior research on FWW laws has been constrained by a lack of ap-
propriate data, including (i) measurement of scheduling, channels
of adjustment, and worker outcomes; (ii) sufficient information to
identify covered workers by both employer size (essentially large-
chain employers in food service and retail) and location of work-
place; and (iii) breadth both in terms of geography and time to
cover laws across the country that went into effect over approxi-
mately a decade.

Governmental administrative datasets such as the Longitudinal
Employer-Household Dynamics (LEHD) data are large scale and
could potentially identify covered workers but do not contain any de-
tailed measures of work scheduling. Private administrative data, such
as from scheduling software vendors or individual employers, have
the virtue of detailed measurement of scheduling, information to gage
coverage, and breadth to cover various jurisdictions, but these data are
in practice almost never made available to researchers (especially to
researchers whose estimates might find evidence of widespread non-
compliance) and further lack information about downstream out-
comes. Very-large nationally representative survey datasets, such as
the CPS and American Community Survey (ACS) lack measurement
of work schedules. Smaller longitudinal datasets such as the National
Longitudinal Survey of Youth (1997) (NLSY-97), the Panel Survey of
Income Dynamics (PSID), and the General Social Survey (GSS) have
at times recently included measurement of work scheduling outcomes
alongside other dimensions of job quality and worker outcomes, but
in practice lack sufficient sample size and identifying information to
capture covered workers in treated locations.

We sought to fill this data gap by fielding an original repeated
cross-sectional survey targeted to exactly the workers covered by
FWW laws that included detailed measures tailored to the task of
evaluation. To do so, we developed a method to target workers at a
large set of specific covered firms in retail and food service at a na-
tional scale and invite them to complete a focused survey. While
there is no national sampling frame that includes workers’ employ-
ers, Meta’s advertising platform contains detailed information about
multiple user characteristics that can be used to create “audiences”
of Facebook and Instagram users to deliver targeted advertisements
(this is the basis of Facebook’s $130 billion revenue advertising busi-
ness). We use this tool to create firm-specific audiences/sampling
frames and then contact these potential respondents to invite them
to complete a survey using paid advertisements on those same plat-
forms. These survey recruitment advertisements then appeared in
users’ feeds, inviting them to click-through to a Qualtrics survey;,
consent, and participate.

On the continuum from gold-standard probability sample sur-
veys that have a complete sampling frame and very-high response
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rates (essentially government surveys such as the CPS with a re-
sponse rate of 70%) to opt-in nonprobability online panels (such as
those maintained by firms such as Cint or Prolific), our approach
occupies a middle ground. There is certainly scope for bias in terms
of selection into Facebook/Instagram use (although it remains very
high, at about 80%, among working-age adults), into identification
as a member of the target population on the platform (we estimate
that about 41% of all workers at our target firms are so identified by
comparing audience sizes, which themselves may be subject to er-
rors in Meta’s process, to the ground-truth Reference USA database
of firms), and into survey completion (~1.1% of those who see the
ad contribute survey data). However, unlike with the online panel
vendors, respondents are not actively opting in to take large num-
bers of surveys. Furthermore, our data appear to closely align with
gold-standard benchmarks such as the CPS and NLSY-97 on both
univariate statistics such as wages and scheduling and on bivariate
associations, such as the wage returns to tenure (45), which tracks
recent work suggesting that nonprobability samples often reproduce
associations, if not levels (46-48).

We draw on data collected using this approach from hourly work-
ers employed at one of 217 large retail and food service firms. These
data were collected in 14 twice-annual repeated cross sections be-
tween March of 2017 and November of 2023. We limit the sample to
respondents with complete data on all model covariates (below) for a
final analysis sample of 87,123 respondents. We describe the sample
characteristics in table S5.

Key measures

FWW exposure

Treated workers are defined as those employed in a workplace cov-
ered by the relevant FWW ordinance. There are two components to
assigning coverage—whether the firm is a covered firm and whether
the workers’ establishment is within a covered jurisdiction. For
the former, all of the firms at which respondents work are suffi-
ciently large in terms of workers and establishments so as to be
covered by the FWW ordinances. The Seattle, Oregon, Chicago, and
Philadelphia laws cover both retail and food service worker, and so
workers at the full set of firms are included. New York City’s law
specifically applies to fast-food workers (a much weaker law covers
retail workers, and we do not examine that law here). In table S6, we
describe the dates and provisions of each of these five ordinances.
We also present the details of five other ordinances that we do not
study because passage was too early for us to have pretreatment data
(San Francisco), because the jurisdiction was too small to allow suffi-
cient sample size in our data (Emeryville, Berkeley, and Evanston),
or passed too late to allow sufficient posttreatment observation (LA
and also Berkeley and Evanston).

Figure S1 shows the full set of employers and how they are treated
by subexperiment. The stacked data structure, described below, al-
lows us to tailor our sample—both treatment and control—to these
city-specific criteria, dropping workers outside of the covered indus-
tries from the analysis sample in those stacks.

For the latter group, we use a multistep procedure to assign re-
spondents to a specific treated location or to a specific county that is
not treated, which we map out in fig. S2. First, respondents are asked
to report their workplace’s “number” (such as Walmart Super Center
#3081), address, and/or phone number. We complement this data by
scraping store finder websites for the firms in the sample and then
use exact and fuzzy matching to assign a precise geographic location
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of the workplace that we can use to assign respondents to a treated
location or a control county. In addition, at most survey waves, we
directly asked respondents for the state of their workplace and then,
when the state included a covered jurisdiction, whether their work-
place was located within the relevant covered jurisdiction (i.e., “Is
your [EMPLOYER] workplace located within Seattle city limits?”).
Our main specification uses only these two data sources to assign
respondents to a treated location or to control states. Using this ap-
proach, as shown in table S7, we assign 88% of the overall sample to
treated location or to control and exclude 12,359 cases. Table S7
contrasts these samples in terms of demographic and workplace
characteristics. The two groups are very similar, suggestive that this
approach does not introduce concerning bias.

As a robustness check, the location of respondents who lacked
information from both of the aforementioned data sources was de-
termined by geo-coded IP address. We then reestimated our models
using this complete sample (table S3). Our main results hold, but we
believe that using IP locations adds noise to our estimates due to use
of VPNs and use while commuting, among other factors. Together,
these sources of workplace location information allow us to define a
dichotomous variable equal to “1” if the respondent is at a covered
employer/location and “0” if otherwise.

Last, we define a dichotomous variable that is equal to 0 if the
survey observation was collected before the law going into effect and
1 if it was collected after the law went into effect. This time variable is,
necessarily, defined in terms of time relative to the city-specific events
because the laws went into effect at different times. The stacked data
structure, described below, accommodates this coding.

Work schedule stability

We measure six worker scheduling outcomes related to the FWW
law provisions. First, following Harknett ef al. (32), we define a di-
chotomous variable equal to 1 if workers report receiving at least
2 weeks’ notice of their schedule and 0 if they receive their schedules
with less notice. This closely tracks perhaps the key provision of
FWW laws requiring 2 weeks’ notice. Second, we coded workers as
1 if they report working a “clopening shift” or “worked a closing shift
and then worked the very next opening shift with less than 11 hours
off in between your shifts” in the last month and zero otherwise.
Third, we code workers as 1 if they reported having a shift canceled
in the last month and 0 otherwise. Fourth, we construct a measure
of on-call shifts equal to 1 if workers reported being asked to “be
on-call, available to work, and you find out if you are needed to work
just a few hours before your shift” in the last month and 0 otherwise.
Fifth, we create a similar measure, capturing if, in the last month,
“your employer ever changed the timing or the length of your sched-
uled shift. For example, your employer asked you to come in early or
late or asked you to leave early or to stay later than the hours you
were originally scheduled for” Last, workers report on their usual
weekly work hours, which we treat as a continuous variable.

Channels of adjustment

We gauge response through such channels of adjustment using (i)
self-reported hourly wage and workers’ direct reports of access to
(ii) paid sick leave, (iii) employer sponsored health insurance, (iv)
employer sponsored dental insurance, and (v) paid vacation time.

Individual-level controls
Compared with administrative data from work scheduling software, a
key benefit of our data is that we observed a rich set of individual-level
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characteristics that could confound our key estimates. We control
then for race/ethnicity, age, gender, marital status, parenthood, school
enrollment, speaking a language other than English at home, tenure at
current job, union membership, and managerial status.

Area-level controls

We also construct and adjust for a large set of area-level characteris-
tics that could similarly confound our key estimates. We draw on
data from the Bureau of Labor Statistics to measure county-month
level unemployment and on data from the Union Membership and
Coverage Database (derived from CPS) to capture state-year level
unionization (49, 50). We use US Census Bureau population esti-
mates to measure county-year population size, percent female, per-
cent white non-Hispanic, percent Black, non-Hispanic, percent
Hispanic, and percent in age groups by decade of life lived (51, 52).
We draw on state and local government websites and the Shift Proj-
ect’s Labor Policy Database to create area-level estimates (state and
local levels) of whether there is a minimum wage standard in ex-
cess of the federal standard in effect and whether there is a paid sick
leave policy in effect and/or a paid family and medical leave policy
in effect (53).

Statistical analysis

DiD methods are particularly useful tools when estimating causal ef-
fects in situations in which random experimental manipulations are
not possible. In its most simple version, a DiD approach includes two
time periods, one before treatment (pre) and one after treatment
(post), and two groups, one that was never treated and one that was
treated starting in the post period. However, real-life nonexperimen-
tal scenarios seldom are that simple. They often include multiple
groups that received treatment at different times, were not observed
for the same amount of time before and after treatment, and do not
have an equal number of observations across the different time peri-
ods. We face all of those issues and thus turn to recent methodologi-
cal work that advances a set of responsive empirical practices.

Until a few years ago, many researchers who encountered DiD
settings in which units are treated at different times used two-way
fixed effects (TWFE)—i.e., time and group FEs—to account for the
variation introduced by the different treatment times (54). However,
numerous researchers in the last few years have shown that DiD ap-
proaches with TWEE regressions do not produce a straightforward
and intuitive estimate but rather include implicit weights that ob-
scure the interpretation of the coefficients (55-57). Multiple authors
have proposed different solutions to this and other adjacent prob-
lems in DiD approaches (55, 57-60). Among these, we follow and
adapt Wing et al. (60) stacked DiD method due to its adaptability to
our case and its intuitive explanation.

The stacked DiD method builds on the intuitive estimator of the
simple 2 X 2 DiD case. Wing et al. (60, 61) general idea is that rather
than trying to fit a TWFE model to the whole sample, a more straight-
forward approach would be something akin to running individual
subexperiments that resemble the well-understood and simple 2 X 2
DiD case (two groups, two periods, and all treated units treated at the
same time) and then taking an average of the estimated treatment
effects corresponding to each of these simple 2 X 2 DiD models. They
suggest doing so by assembling a stack of simple 2 X 2 DiD cases,
which they call subexperiments, and then running a weighted ordi-
nary least squares (OLS) model without FEs on the stack. This setting
allows the researchers to tailor each smaller 2 X 2 subexperiment to
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the requirements of the particular case (e.g. different covered indus-
tries, as is our case) and have a clear understanding of the compari-
son groups and periods.

In our case, we build the stack by defining a different subex-
periment per treated location (Seattle, Chicago, New York City,
Philadelphia, and Oregon). The treatment group for a particular su-
bexperiment consists of those observations that are treated at the
corresponding location within the observed time frame, while the
control group includes those in other locations that will never adopt
treatment. Thus, control observations in, for example, Boston ap-
pear once in multiple subexperiments, but treatment observations
only appear in the subexperiment corresponding to their location.
Each subexperiment has its own event time, and thus, the pre and
post periods are defined differently for each subexperiment accord-
ing to the time at which the location was treated. Consequently, a
control observation can appear in the pre period in Philadelphia,
while it might appear in the post period in Oregon. We restrict the
sample to food service workers in the New York City subexperi-
ment. After defining the relevant treatment and control groups for
each subexperiment, the datasets for all subexperiments are row
bound or vertically “stacked” into a large dataset.

We construct the stacks so that each subexperiment/jurisdiction
has exactly six posttreatment periods. Trimming the post period in
this way minimizes the risk of bias from dynamic or heterogeneous
treatment effects that could unfold across the subexperiments and
skew the overall post-period average effect. We are more limited in
our ability to completely harmonize the length of the pre-period ob-
servation window across the subexperiments. The earliest Shift Proj-
ect data that we can use are from spring of 2017. That allows us to
have a full six pre periods for Chicago and Philadelphia. However, it
limits us to three pre-period waves in Oregon, two pre-period waves
in NYC, and one pre-period wave in Seattle. Unlike the possibility
that posttreatment effects could unfold dynamically, we do not have
priors that the pre periods would show this kind of dynamic varia-
tion. However, to check that the main results are not sensitive to
trimming decisions, we ran models trimming to exactly one period
in the pre period and six in the post period—which we have for all
jurisdictions included in the paper—and our estimates show a quali-
tatively similar set of results although less precisely estimated.

In table S8, we use this stacked dataset to present a simple set of
differences in means between the treatment and control group, each
pretreatment versus posttreatment and the overall DiD for each out-
come. We see evidence that is entirely consistent with our preferred
regression-based estimates (shown in Table 1). These simple differ-
ences suggest a 15-p.p. increase in the share of workers receiving
2 weeks’ advance notice (versus 13 p.p. in our preferred models), a
10 p.p. reduction in clopening shifts (versus 8.4 p.p. in our preferred
models), a 7 p.p. reduction in timing changes (versus 6.7 p.p. in our
preferred models), and small differences in the other outcomes (in
line with our preferred models). In table S9, we do the same exercise
but by jurisdiction and again recover simple differences in means
that are very consistent with our by-jurisdiction estimates in Fig. 3.

Once the stack is assembled, we run a weighted OLS regression
with the scheduling measures as outcomes (we use a linear probabil-
ity model rather than logit to simplify interpretation and model com-
parison), the interaction between treatment group indicator and
period indicator (pre or post) as the main coefficient of interest, a
treatment group indicator, a period group indicator, and the individ-
ual and area-level controls described above. Because we are pooling

Schneider et al., Sci. Adv. 12, eaea8632 (2026) 24 June 2026

observations from different time points into one pre and one post pe-
riod, our preferred specification includes year-by-subexperiment FEs.
We also add employer-by-subexperiment FEs to absorb potential
changes in sample composition by employer and to better capture the
effect of the laws on employer behavior. The ability to include em-
ployer FEs is a valuable and unusual tool allowed for by the Shift data,
aligning the comparisons not just to untreated workers in the same
industries but making for within employer comparisons. In robust-
ness, we also test the inclusion of state-by-subexperiment FEs.

The reason why a weighted OLS regression is necessary is that,
to correctly identify a straightforward and causal estimate with the
stacked data, we need to account for the fact that, due to the construc-
tion of the stack, the control and treatment groups are not weighted
equally. We resolve this issue by following the general weighting strat-
egy outlined in Wing et al. (60). We construct weights to produce an
average causal effect on the treated that weighs each subexperiment
equally, regardless of the sample size of each subexperiment. We also
test robustness to weighting subexperiments proportionately to num-
ber of treated units and to not weighting.

Our approach differs from Wing et al. (60, 61) in that we use
individual-level data in the stack, whereas Wing et al. (60, 61) ag-
gregate individual-level observations into treated-group-level ob-
servations before assembling the stack and fitting the models. Given
that our data are repeated cross sections with variable sample sizes,
using individual-level observations means that we have different sam-
ple sizes for the control and treated units in the pre and post periods.
The weights described in Wing et al. (60, 61) assume equal number of
observations in the pre and post periods by treatment group and sub-
experiment, so we had to construct weights separately for pre and post
observations following the same principle that Wing et al. (60, 61) use
to calculate the weights. Similarly, Wing et al. (60, 61) suggest cluster-
ing SEs at the observation unit or unit-by-subexperiment level. In-
stead, we cluster our SEs at the geographic location level, defined as
city level for those cities that were ever treated and state level for all
observations not in those cities.

We also ran models using a coarsened exact matching (CEM) ap-
proach to constructing control groups. In these models, we matched
most treatment observations to control observations in the corre-
sponding pre or post period using race, gender, highest degree at-
tained, parenthood status, and categorical coarsened versions of the
linear age and work tenure variables used elsewhere. We fitted these
CEM models with each of the weighting approaches mentioned
above—no weights, equal weight by location, and weight by propor-
tion of treated units—and the results maintained their general shape.

Separately, we produce similar estimates for each treated juris-
diction. This approach allows us to examine how the effect at each
location is contributing to the estimate of the overall effect. In the
models about only one location, we essentially run a simple 2 X 2
DiD in which all treated units were treated at the same time and,
consequently, event and calendar time are the same. It is equivalent
to examining each of the subexperiments in the stack individually.
We include the same controls as in the stacked case, as well as year
and employer FEs. The only difference is that the weights become
unnecessary, as there is no stacked DiD to account for.

While the Wing et al. (60, 61) method has the advantage of allow-
ing us to tailor the control group to the jurisdiction, we also assess the
sensitivity of our results to an alternative estimator, that of Callaway
and SantAnna (55). We use the repeated cross-sectional version of
the estimator, using regular OLS (linear probability models) in the
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models, and we include the same individual-level and area-level
controls as in our original specification, except for the year-by-
subexperiment FEs that are rendered superfluous by the Callaway
and SantAnna (55) approach. We estimate the Average Treatment
Effect on the Treated (ATT) for each location and time and aggregate
all the post and pre times, as well as all the jurisdictions as per the
Callaway and Sant’Anna (55) aggregation procedure, using equal
weights per jurisdiction.

In table S10, we show the results of this analysis. First, in M1, we
show our preferred estimates from the Wing et al. (60, 61) models,
reproducing the results in M3 of Table 1. As noted above, the advan-
tage of this model is that it allows us to tailor the comparison group
for NYC’s FWW law to other fact food workers. In M2 of table S10,
we reestimate this preferred model but include retail workers in the
NYC comparison group. This approximates the uniform compari-
son group that is required in the Callaway and Santanna (55) ap-
proach. As we would expect, we find some attenuation of effects. The
effect of 2 weeks’ notice goes from 0.130 in M1 to 0.091 in M2, and
the reductions in clopening and timing change are also somewhat
smaller. We see entirely consistent estimates in the null effects on
canceled shifts, on-call shifts, and usual hours. In M3, we show the
estimates from using the Callaway and Santanna (55) approach.
Here, we find consistent effects of the laws on 2 weeks’ notice of
schedules, B = 0.120, and on clopening, B = —0.050 (but is not sig-
nificant). We also find consistent null effects on canceled shifts and
usual hours. However, the effect on timing changes is not present in
M3, and there is a marginally significant increase in on-call shifts
not found in the other models.
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This PDF file includes:

Figs.S1to S3

Tables S1to S10
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