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1 Introduction

Dube et al. (2010) (DLR) contributed to the minimum wage literature by bridging the local-area
case study approach of Card and Krueger (1994, 2000) with the two-way fixed effects (TWFE)
panel regression proposed by Neumark and Wascher (1992). DLR argued that using nearby areas as
controls, which likely experience similar underlying shocks, provides a more credible counterfactual
than the standard TWFE using all state-by-state comparisons. Using the Quarterly Census of
Employment and Wages (QCEW), DLR showed that a standard TWFE model implied negative
employment effects. Yet the same TWFE model restricted to variation within border-county pairs
(BCPs) found restaurant employment largely unchanged while earnings rose substantially.

Jha et al. (2024) (JNR) revisit DLR. Substituting multi-state commuting zones (MSCZs) for
BCPs but otherwise estimating a similar two-way fixed-effects (TWFE) specification as DLR, they
find negative effects on restaurant employment, both within DLR’s 1990-2006 period (with QCEW
data) and in a longer 1990-2016 period (with County Business Patterns data).

This paper reconciles the contrasting conclusions of DLR and JNR. We make four main
points: 1. JNR’s negative employment estimates stem from parallel trends violations within
MSCZs in the 1990s that the TWFE estimator magnifies throughout the sample. 2. JNR’s
TWEFE-based test of pre-trends is inadequate. 3. BCP specifications do not exhibit these parallel
trends violations in the 1990s, thereby providing a more credible counterfactual. 4. Modern
difference-in-differences (DiD) event-study estimators avoid the TWFE biases. Applied to both
MSCZ and BCP comparisons, they reveal no adverse employment effects, regardless of the inclusion
of the 1990s. Updating DLR’s border-county approach with modern tools thus corroborates
DLR’s original TWFE-based findings, because—unlike MSCZs—BCPs do not seem to suffer
from significant violations of parallel trends, even over a long time horizon.

To motivate our focus on violations of the parallel trends assumption, Figure 1, adapted from
Dube and Lindner (2024), contrasts state-level employment trends for states that raised their

minimum wage between 1990 and 2019 (“ever-treated”) with those that did not. During the



1990s, per-capita restaurant employment declined in ever-treated states relative to other states,
despite negligible minimum wage differences, suggesting sizeable departures from parallel trends.
Nonetheless, restaurant employment trends are largely stable in the 2000s, including in the period
with a large number of state minimum wage events (mostly in two waves around 2002-2006, and
from 2014-2019). This pattern appears inconsistent with large losses in restaurant employment
resulting from state minimum wage changes since 2000.

These cross-state divergences underscore that a successful research design needs control groups
that experience these shocks similarly to the treated areas. Moreover, state-level employment
changes during the 1990s were much more closely correlated with MSCZ-level changes than with
changes in border counties, indicating a greater risk of bias for the MSCZ design.” In theory, border
discontinuity designs should mitigate these state-level concerns. In practice, however, MSCZs and
BCPs differ in how effectively they control for pre-trends. A map illustrating the boundaries of
MSCZs and border counties (Figure A1) sheds some light on this discrepancy. The map reveals
that some MSCZs are nearly as large as entire states, making them potentially more vulnerable to
confounding state-level shocks (as shown in Figure 1) compared to border counties.

We first show that TWFE estimates based on within-MSCZ variation are sensitive to including
1990s data, whereas BCP-based estimates are not. Restricting the sample to post-2000—when most
minimum-wage variation occurs—yields uniformly small or positive TWFE estimates of restaurant
employment, regardless of the dataset or geographic design (MSCZ or BCP).

Does the sensitivity to 1990s data imply that the MSCZ design fails to account for shocks
specific to that decade? JNR use a distributed-lag TWFE model to conduct an event study, and
argue that they find parallel pre-treatment trends. However, in a TWFE setting, the sign or size
of the leads is an unreliable diagnostic: the estimator’s weighting scheme can hide substantial

departures from parallel trends.” With staggered policy adoption, violations at any point in the

IFor overall employment, Cengiz et al. (2019) show that such differences largely faded by 1993. However, as Figure
1 shows, restaurant employment continued to diverge into the late 1990s.

The correlation between state-level and MSCZ restaurant employment changes (per capita) between 1990 and
2000 was 0.52, compared to 0.35 with border counties.

3This point also applies to the original DLR paper, which used distributed lag TWFE before the design’s limitations
were well understood. This underscores the value of our updating DLR’s event study analysis with modern DiD tools.



sample can contaminate all distributed-lag coefficients.*

We therefore adopt modern DiD methods with clearly defined control units and event windows
to evaluate design validity and produce more credible estimates. When applied to either MSCZ or
BCP strategies, these methods indicate negligible employment effects, whether the analysis begins
in 1990 or 2000. QCEW-based own-wage elasticity estimates range from —0.38 to +0.49, none
statistically different from zero at the five-percent level. All confidence intervals exclude JNR’s
preferred value of —1.5.

Reassuringly, the DiD event studies do not exhibit pre-trends in the three years leading up to
treatment, whether looking within BCPs or MSCZs. However, this short window cannot rule out
the possibility of longer-run violations—especially in the 1990s—that would bias TWFE estimates
using earlier data. To address this issue, we extend the event study to include pre-treatment
comparisons back to 1990. In this extended period, we find clear evidence of pre-trends within
MSCZs, across a host of specifications, datasets and starting years. By contrast, extended-period
pre-trends are far smaller (and not statistically significant) in within-BCP comparisons.

These extended-period pre-trends within MSCZs breach the core parallel trends assumption
required by JNR’s TWFE model. Section 5 illustrates the consequences of this violation using
simulations that combine the actual pattern of minimum-wage changes in MSCZs with placebo
outcomes where the true treatment effect is zero. When we introduce parallel trends violations in
the 1990s (calibrated to match empirical magnitudes), the MSCZ-based TWFE model produces
large, spurious negative estimates. In contrast, the same exercise with BCPs yields estimates
correctly centered around zero. In sum, JNR’s framework is vulnerable to early-period parallel
trends violations within MSCZs. DLR’s estimator is less exposed because BCPs account for those
shocks more effectively. Crucially, when we re-estimate the effects with modern DiD methods with
well-defined event windows and “clean” controls, both the BCP or MSCZ designs perform well.
Applying these updated event-study tools to the border-county setting—one of this paper’s main

contributions—reproduces DLR’s original results.

4 Appendix C demonstrates this point, using a simulation adapted from Dube and Lindner (2024).



2 The fragility of TWFE-based results

JNR estimate a TWFE-style regression in which time effects vary by MSCZ, rather than by BCP as
in DLR. The key independent variable in JNR’s preferred specification is the log of the minimum

wage. We can write the general estimating equation as follows:

Iny; = BIn(MW;) + Xy A +yi + 6 + Vi (D

Here i is the local area, which may be a state, a county, or a commuting-zone-by-state group, and

vi is the unit fixed effect. Additionally, 6;, is a j-specific time fixed effect, where j may be (1) a
commuting zone pair (TWFE-logMW-CZ) or (2) a contiguous county pair (TWFE-logMW-BCP).
The outcome In y is either log restaurant employment or log of average restaurant earnings. When
estimating the TWFE models, we also follow JNR in using a vector of controls, X;;, which includes
the log of working-age population and the log of non-restaurant employment or earnings.” Finally,
B is the minimum wage elasticity.®

The first three columns of Table 1 display JNR’s core findings, using their County Business
Patterns replication data.” The last three columns show analogous estimates, but focusing on the
2000-2016 period, when most of the minimum wage variation in the data occurred. We report both
the minimum wage elasticity (MWE) and the own-wage elasticity (OWE) of employment.®

JNR’s preferred specification (TWFE-logMW-CZ, without weights) yields a MWE of -0.242
(s.e. 0.126) for the 1990-2016 sample (column 2), statistically significant at the 10 percent level

(and an OWE of -1.517 (s.e. 0.945)). But when we narrow the focus to the 2000-2016 period, the

>To avoid challenges arising when including time-varying covariates, our preferred event study estimation in Section
3 uses the log of per-capita employment as the outcome, and does not include any covariates (Dube and Lindner, 2024).
However, this specification choice makes little difference, as we show in Appendix Table D4.

5Throughout our paper, we present both unweighted estimates and estimates weighted by population. There is
no reason to favor either (Solon et al., 2015). The unweighted estimates reflect the expected effect for a randomly
chosen unit (a county or commuting zone), whereas the population-weighted estimates capture the expected effect for
a randomly chosen individual.

7INR cluster on both state and border segment, following the approach in DLR. It has become clear since DLR
that clustering at just the state level is more appropriate, because states are the unit at which treatment occurs and
state-clustering accounts for any duplication of areas due to stacking (Wing et al. (2024)). Therefore, we cluster only
at the state level. In practice, double-clustering slightly reduces the standard errors in JNR’s preferred specification.

8The OWE scales the employment effect by the wage effect, providing a more economically meaningful measure
of the welfare effects of the policy (see Dube and Lindner (2024)). However, the OWE is only meaningful when there
is a clear wage effect (i.e., a “first stage” in an instrumental variables interpretation of the OWE).
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MWE estimate drops by more than half, to -0.114 (s.e. 0.123),” and it is no longer statistically
distinguishable from zero (column 4).'” In contrast, the TWFE-logMW-BCP estimates (columns
3 and 6, unweighted) tend to be more stable and close to zero in both samples, with MWEs ranging
between -0.081 (s.e. 0.065) and 0.044 (s.e. 0.059), and OWEs ranging between -0.492 (s.e. 0.430)
and 0.609 (s.e. 0.381).

Columns 1-9 of Table 2 display a complete set of estimates with the same specification as JNR
but using QCEW data. For JNR’s preferred sample period (1990-2016) and specification (within-
CZ, unweighted), the QCEW data also produces a statistically significant and sizable MWE estimate
of -0.154, (s.e. 0.077); the OWE estimate is -0.731 (0.450). Our discussion below, which leans on
QCEW data, therefore does not reflect an inability to find a substantial negative effect using QCEW
data with JNR’s preferred specification and sample period.

Figure 2 plots the MWE estimates using the TWFE-logMW-CZ specification, but with rolling
start years between 1990 and 2005. The figure also shows estimates using the QCEW, separately for
samples that end in 2016 (as in JNR) and samples that extend through 2019. Figure 2 exhibits three
key results: 1) Estimates from both the CBP and QCEW are more negative when the sample includes
the 1990s, while results from 2000 and later suggest a minimum wage employment elasticity much
smaller in magnitude and not statistically distinguishable from zero. 2) Extending JNR’s sample
through 2019 (which is feasible with QCEW data) leads to a minimum wage employment elasticity
estimate that is substantially smaller and statistically indistinguishable from zero.'' 3) The CBP
results are more negative, as are unweighted estimates. These results arise from including earlier
years. Estimates starting in 2002 or later are smaller than -0.1 in magnitude and statistically

indistinguishable from zero, when we use weights—and whether we use the QCEW or the CBP.!”

9The OWE for the 2000-2016 sample is -1.375, but is highly imprecise because of a weak first-stage wage effect.
10With population weights, the estimate declines in magnitude from -0.141 (s.e. 0.077) for the 1990-2016 sample
to -0.057 (s.e. 0.047) and not statistically significant for the sample starting in 2000.

"For comparability with JNR’s annual CBP data, we use annual QCEW data, which also reduces confidentiality-
related suppression. Appendix Table A2 shows results using quarterly QCEW data are similar, although the TWFE-
logMW-CZ results move closer to zero in the smaller quarterly sample.

I2QCEW data yield more precise employment estimates: the standard errors in JNR’s preferred specification are
much larger with CBP data. Moreover, although QCEW restaurant data cover fewer areas due to confidentiality-related
suppression, the suppressed areas represent a small share of the population (see Appendix Table B1). Additionally, the
CBP data only extend through 2016, limiting its utility for future research and preventing out-of-sample assessment of



3 Difference-in-differences event study

The preceding sensitivity checks reveal that within-MSCZ TWEFE estimates are sensitive to includ-
ing 1990s data, whereas within-BCP estimates are not. Figure 1 suggests a possible explanation:
restaurant employment in ever-treated parts of MSCZs declined relative to controls during the
1990s, well before most minimum wage increases, indicating a violation of parallel trends. To as-
sess this possibility, we first explain why JNR’s TWFE-based approach fails as a test of pre-trends,

and then present our DiD event study framework.

3.1 TWEFE with distributed lags cannot reliably detect pre-trends

JNR present evidence on pre-trends using a distributed lag TWFE-logMW-CZ model, mirroring
DLR."? They then conduct an event study analysis using binary minimum wage changes, but other-
wise keeping to a distributed lag TWFE analysis (“TWFE-binary”), implemented using xtevent in
Stata. However, a TWFE distributed lags model is ill-suited for evaluating pre-trends, for the same
reason that it may produce unreliable estimates of the effects of treatment (either continuous or
binary). With staggered treatment adoption, heterogeneity in the true distributed lag coefficients—
reflecting either treatment effects or pre-trends—can produce highly spurious dynamic estimates
(Sun and Abraham, 2021). We present an “existence proof” of such bias using simulations in
Appendix C. In a stylized setting with absorbing, binary treatment, we confirm that sizable (but
heterogeneous) pre-trend departures can go undetected in distributed lags TWFE models, including

with JNR’s estimator (xtevent), even as they produce biased treatment effect estimates.

3.2 DiD specifications

We therefore adopt a pooled DiD event-study design with explicit control groups and event windows,

following Dube and Lindner (2024). This Local Projections-DiD (LP-DiD) model provides the

JNR’s findings using later variation.

3They find a positive trend (between three years and one year prior to treatment) for BCPs and a negative trend
for MSCZs. They flag the former as troubling but dismiss the latter as anticipation. Yet Table Al shows an even
larger MSCZ decline between four and two years before treatment—too early to plausibly reflect anticipation. JNR’s
interpretation is thus questionable, even leaving aside problems with distributed lag TWFE estimates (see Appendix
A.2 for more).



same estimate as the stacked approach of Cengiz et al. (2019), aggregating individual case studies,
but in the original panel rather than by stacking (Dube et al., 2025).'* An event is a state minimum
wage increase of at least five per cent and $0.25; multiple phase-ins are combined into a single
combined event. These rules yield 45 combined events between 1990 and 2019 (reflecting 135
underlying increases), plotted in Appendix Figure D1. Of these, 34 can be evaluated in balanced
MSCZ panels and 42 in balanced BCP panels. Average post-treatment windows span 4.2 years;
mean minimum wage growth is virtually identical for MSCZs (24.3%) and BCPs (24.6%).
Treatment areas are compared to clean controls: areas with no state minimum wage change in
the three years before an event and none in the entire post-treatment window. Years with a federal

increase are removed from the post-treatment window. Based on these events, we estimate:
Alnyy = BX Dip+ 8 + Vg 2)
where m = % Zizo (ln Vis+k —1n yi,,_l) is the average difference in the log outcome between
the post- and pre-treatment periods over the post-treatment window.'> The indicator D;; = 1 when
unit i (a county or a CZ-state cell) is newly treated at date 7. The sample contains only newly
treated units and “clean” controls. Time effects 6, vary by MSCZ or BCP. Critically, 8 is a
convex, non-negative weighted average of event-specific DiD effects.'® Unlike TWFE, however,
this aggregation avoids negative weighting as well as biases due to parallel trends violations that
occurred outside the event window (see Appendix C).
To recover dynamic responses, we also use the same sample to estimate separate regressions for

each k with long-differenced outcomes—a regression analog to Callaway and Sant’Anna (2021):

Inyiik —Iny; ;-1 =Bx XDy + Ojr + Vir 3)

where the estimation sample consists of observations that are either newly treated or clean control

units. These regressions aggregate individual event-specific estimates. Unlike TWFE, however,

14The details of event construction are provided in Appendix D, Section D. 1, while our DiD event study methodology
is more fully described in Section D.2.

I5The post-period has a maximum length of 6 years, but is truncated for certain events due to federal increases or
end-of-sample considerations. For details, see Appendix D.1.

1This is a variance-weighted ATT; see Dube et al. (2025). Re-weighting yields an equal-weighted ATT identical to
the Callaway and Sant’Anna (2021) estimator.



this aggregation avoids biases due to parallel trends violations that occurred outside the event

window.

3.3 Difference-in-differences event study results

Figure 3 and Table 3 present estimates from the event study analyses using QCEW data. Since
JNR’s preferred specification does not use weights, we show event study figures without weights
for comparability. The tables report both weighted and unweighted estimates.

Panels A and B of Figure 3 show the impact of the events on the minimum wage differential
between treated and control units; these lead to relative increases in restaurant earnings in treated
areas over the post-period (see Panels C and D). Importantly, Panels E and F do not reveal parallel
trends violations for estimates of the log employment rate in the three years prior to treatment (we
revisit this issue below using longer pre-treatment windows). The effect in the post-period remains
flat up to six years after the events, when we look within MSCZs and within BCPs.

Table 3 shows that all unweighted specifications for the full period (Columns 1 and 2, Panel
A) exhibit strong earnings effects,'” and employment effects that are statistically indistinguishable
from zero. The associated MWE is -0.001 (s.e. 0.047) for MSCZs and -0.028 (s.e. 0.039) for BCPs.
The implied OWEs are small: -0.004 (s.e 0.335) for MSCZs, and -0.235 (s.e. 0.331) for BCPs,
similar to OWEs in the minimum wage research literature and restaurant event studies comparing
across all states (Dube and Lindner (2024)).

These results hold whether we weight our regressions by population (Columns 1 and 2, Panel B)
or focus on events post-2000 (Columns 3 and 4).'® This consistency contrasts with the sensitivity
of the TWFE estimates to the sample period. These results also differ substantially from the
TWEFE-logMW-MSCZ estimates (unweighted, QCEW 1990-2016 sample), where the MWE is
-0.154 and the OWE is -0.731. Appendix D.3 provides a battery of robustness tests for our event

study design. Table D3 finds that the results hold across a variety of event definitions.'® Table D4

"To compare with TWFE wage elasticities, the event study earnings estimates have to be divided by the percent
change in minimum wages for events (0.24 (0.25) on average for MSCZs (BCPs)).

'8The lone exception is a positive and marginally significant MSCZ OWE of 0.487.

19This includes use of individual (not combined) events and alternative approaches to accounting for federal minimum



shows the estimates are robust to: 1) considering two or four year pre-treatment periods to define
clean controls and 2) JNR’s strategy of using log employment as the outcome while controlling for
log population and log of non-restaurant outcomes as covariates.”"

To summarize, the event study estimates are less sensitive to the choice of period and the choice
of counterfactual, whether within CZs or BCPs. The consistency of the results and the stability of
pre-treatment trends suggest that the difference-in-differences design obtains credible and robust
estimates, locally within the event window and for the average event, whether within BCPs as in
DLR, or within MSCZs as JNR propose. The employment estimates for these events, obtained

using a clear difference-in-differences design, contrast sharply with the TWFE estimates.

4 Parallel trends violations reconcile TWFE and DiD estimates

Why are within-MSCZ TWEFE estimates sensitive to including 1990s data, while modern DiD
event-study estimates remain stable? And why are within-BCP estimates more robust to the choice
of period under both methods? This section considers the most plausible explanation: within-
MSCZ comparisons are compromised by 1990s parallel trends violations, biasing TWFE estimates

that include that decade; in contrast, parallel trends within BCPs hold during the entire period.

4.1 Checking for parallel trends violation in extended pre-treatment periods

The DiD event study specification described above allows us to check for pre-trends, but only
within a short window (e.g., three years) before treatment. Since most of the events we study occur
after 2000, we investigate whether shocks from the 1990s bias the TWFE estimates. To do so, we
extend the pre-treatment window back to 1990 and modify equation 3 to additionally include long

differences going back to years 7 € 1990, ..., 1998 :

Iny;7—Iny;;1 =B X Dit + 01 + Vit “4)

wages, including estimating the effects of federal increases (in addition to state increases).

20We also show that the event study estimates do not result from varying post-treatment window lengths for different
event cohorts; Tables D5 and D6 present estimates for each event time from 0 to 5 holding event composition constant,
and find similar patterns.



The dependent variable is the outcome difference between (event) year ¢t — 1 (the year before
the treatment) and (calendar) year 7.”! Figure 4 presents the event study estimates augmented with
these extended pre-period comparisons. Besides reporting S coefficients from equation 3 in dark
blue (k is event time stretching from -3 to +5), we also report the extended pre-period coefficients
B7 from equation 4 in light blue. These ; coefficients measure the outcome gaps between treated
and control units in the 1990s, averaged over all events occurring since 2000. Outcomes include log
minimum wage, log earnings and log employment rate—for BCP and MSCZ designs and QCEW
data.

Panels A and B of Figure 4 plot these event study estimates with log minimum wage as the
outcome. Reassuringly, there is little differential trend in minimum wages between the 1990s and
the year before treatment: the coefficients are close to zero and not statistically significant. Panels C
and D show similar findings for log earnings. We see no significant difference in long-run pre-trends
between treated and control units, even when the pre-treatment window extends into the 1990s.
Employment trends we might observe are not caused by different minimum wage trajectories.

Panels E and F use log employment rate as the outcome. Panel E shows results within MSCZs.
While no trend is visible in the three years before treatment, the extended pre-period reveals clear
violations. The 1990 coeflicient is S1999 = 0.09, and statistically significant. The 1998 coefficient
is about 0.05, also significant. On average, log employment rates in future-treated areas decline
relative to controls during the 1990s. In contrast, Panel F shows that when using BCPs, the earlier-
year coefficients are roughly one-third as large and not statistically distinguishable from zero. Thus,

we reject the strong parallel trends assumption within MSCZs, but not within BCPs.

21Since the available pre-period length differs depending on when the treatment occurs, we use calendar time rather
than event time to measure earlier trends. As the dependent variable is the difference between event date -1 and
particular years in the 1990s outside the baseline 3-year pre-treatment window, we must restrict attention to the 34
post-2000 events (of the total of 45) for which we can plot the extended calendar-time effects that occur prior to event
date -3. So, usable events are those where the largest # = 1998 corresponds to < ¢ — 3. For example, for a 2001 event,
the first coefficient measures the differential change between the treatment and control areas between 1990 and 2000.
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4.2 Additional evidence of extended pre-trends in a DiD event study design

Appendix Table 4 provides further evidence of parallel trends violations across a range of specifica-
tions, time periods and data sources (QCEW and CBP). We find significant evidence of pre-trends
for MSCZ pairs (column 1), consistent with the visual evidence in Figure 4. These pre-trends
are similar whether we use (¢ — 1) or (¢ — 3) as the terminal period (rows 1 and 2, respectively);
this evidence is inconsistent with anticipation effects. Below, we vary specifications, datasets, and
samples to assess robustness of the pre-trends found in column 1.

First, columns 6 and 7 show that these pre-trends are robust to using 1990 or 1997 as the starting
period instead of 1993 (the starting year in other columns, including column 1). This result suggests
that for restaurant employment, parallel trends violation extends beyond 1993.

Column 3 examines log employment (instead of log employment rate) and adds log population
and log non-restaurant employment as controls, mirroring the specification in JNR. Column 5 uses
the same specification as Column 1, but weights by population.

Columns 2 and 4 use CBP data instead of QCEW data. In Column 2, the CBP estimates are
similar to those with the QCEW, but the standard errors are 2 to 2.5 times larger.”> The pre-trends
in column 4, which mirrors column 3 in using JNR’s log employment specification with controls,
are significant at the 10 percent level. Each of these results suggests the presence of significant
pre-trends in the extended pre-treatment window.

Finally, Columns 8-10 show results for pairs of counties instead of MSCZ pairs (note the
change in sample sizes). Column 8 consists of all border county pairs (like Figure 4) and does
not exhibit any significant pre-trends. Columns 9 and 10 examine the robustness of our estimates
to dividing cross-state county pairs into JNR’s sub-samples. Column 9, which corresponds to
JNR’s sub-sample 1, consists of all the contiguous BCPs that belong to different CZs. Column
10, which corresponds to JNR’s subsample 3, consists of all pairs formed by counties within the
same CZ—whether contiguous or not. JNR find a small employment effect when using subsample

1 and a large negative effect with subsample 3. They claim that the small employment effect in

221f we double cluster standard errors, as in JNR, these estimates are significant at the 10 percent level.
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subsample 1 is less reliable than estimates based on all county pairs within CZs (as in subsample
3). However, Table 4 shows that subsample 3 also exhibits pre-trends, while subsample 1 does not.
In other words, the JNR subsample that yields a large negative effect exhibits larger parallel trend

violations.

S Monte Carlo simulation: 1990s parallel trends violations bias

TWFE estimates within CZs but not BCPs

Next, we use Monte Carlo simulations to precisely demonstrate that these early-period violations
bias the static and dynamic TWFE estimators when using within-MSCZ variation. Our minimum
wage simulation (1) incorporates the actual minimum wages within CZs or BCPs between 1990-
2016, (2) generates a placebo outcome under the assumption of no causal effect of minimum wages,
and (3) introduces negative employment trends in the 1990s for treated units, calibrated to match
the magnitude of the extended-period pre-trends observed in actual data (as documented in Section
4.1), separately for CZs and BCPs. This setup allows us to assess whether the different TWFE
estimators can recover the true (null) effect in the presence of realistic 1990s-era violations of the
parallel trends assumption.

While the shortcomings of the TWFE framework are now well known (Sun and Abraham,
2021; Dube and Lindner, 2024), it is difficult to pin down analytically how those shortcomings
distort estimates from a TWFE-logMW-MSCZ specification. With staggered adoption of a binary,
absorbing treatment and perfect parallel trends, the source of bias is transparent: some treated
observations carry negative weights. Yet Appendix C shows that even in this simpler setting, once
parallel trends are violated, those violations map into bias in individual distributed-lag coefficients
in complicated ways (for more on event windows and strong-form parallel trends assumptions,
see Roth et al. (2023)). The challenge is far greater for TWFE-logMW models, where treatment
is continuous, recurring, and non-absorbing. Here, units cannot be cleanly labeled “treated” or
“control,” so we cannot identify which observations receive the most problematic weights, nor can

we easily trace analytically how early-sample shocks propagate into bias across the lag structure.
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This difficulty highlights the value of the simulation presented in this section. Under minimal
assumptions—a true minimum-wage effect of zero, 1990s-era parallel-trend violations calibrated to
the data, and the actual pattern of minimum-wage changes within MSCZs—the TWFE-logMW-CZ

estimator delivers a markedly negative bias.

5.1 Data generating process for the 1990-2016 simulation

We draw on data for commuting-zone pairs (or border county pairs) from 1990 to 2016. We
populate the data with the actual timing and size of all state and federal minimum wage changes

(in logs). We then simulate an outcome variable as follows:
* The causal impact of any minimum wage change is set to zero.

* Parallel trends are violated in the early 1990s (circa 1990-1997) for those states (or counties)
that enacted state-level minimum wages after 2000. The magnitude of this early-sample
violation is set to be equal to the average event-study estimates (with extended pre-treatment
periods) in our real data (see Figure 4 of the main text), separately for the MSCZ and BCP

samples.
* We specify an outcome model of the form:
Outcome;; = Trend;; + Trend_error;; + timeFE; + unitFE; + g;;,

— Trend;; is a fixed additive term for each year in 1990-1997 in units that adopt a state
minimum wage after 2000 (calibrated to the observed pre-trend magnitudes in Figure 4

for the log per-capita restaurant employment outcome).”’

— Trend_error;; is a small random draw with positive or negative sign, but applied only
to the early-sample period for those same pairs. The standard deviation of the error
is calibrated to 0.015 to approximately match the sampling error of the event study

pre-treatment leads.

23This calibration assigns the same average Trend;; terms (trend violations) to all states adopting minimum wages
post-2000. Allowing further variation in these trends within these states could help match the empirical estimates even
more closely, including for pre-trends, along the lines of Appendix C.

13



— timeFE; and unitFE; are drawn from normal distributions and assigned at the year and

pair levels, respectively.

— g&j; is drawn from a normal distribution whose variance is calibrated to the residual
variance of the actual log per-capita restaurant employment outcome (after partialling

out unit and pair-time effects).

Crucially, log(MW;,)—which is actual policy variation for each pair i in each year 7—enters the
simulation as a regressor with a true coefficient of zero. Thus, any estimated effect for log(MW;;)
arises strictly from spurious correlation with the early-sample trend violation interacting with
staggered adoption.

5.2 Simulation results

We then estimate the following models in each of the 500 simulation replications:

1. TWFE-logMW-CZ and TWFE-logMW-BCP specifications

e A “static” model, regressing the outcome on log(MW,;) with two-way fixed effects.
* A “distributed lag” version, including 3 leads and 3 lags of log(MW;,).

2. LP-DiD event study model based on the same combined events with sizable state MW

changes used in the main paper.

3. XTEVENT, which uses all binary minimum wage changes and estimates a distributed lag
TWFE-binary model. Importantly, this does not restrict to “clean controls” and bins up

distant leads/lags, just as in JNR.

4. We conduct these simulations separately for MSCZ-based pairs—where pre-trend issues
in the early 1990s are large and statistically significant—and BCP-based pairs, where such

violations are smaller.
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5.2.1 MSCZ sample TWFE results

Figure 5 presents the results. In the MSCZ sample (left panel), where we know from real data that
the early 1990s parallel trends violation was substantial, the static TWFE-logMW-CZ estimate of
log(MW) is around —0.13 (SD = 0.03) for the 1990-2016 sample. This result strongly resembles
actual estimates from the QCEW-based TWFE-logMW-CZ regressions in the paper. In contrast,
the estimate for 2000-2016 is 0.00 (SD = 0.03), again resembling estimates using real data (not
shown in the figure). The distributed lag version reveals positive early leads and increasingly
negative effects in the more distant post-treatment lags. These patterns closely match analogs using

actual data, as in Appendix Figure A3 (panel A).

5.2.2 BCP sample TWFE results

For the border-county pair sample (right panel), where the measured pre-trends are small (statisti-
cally indistinguishable from zero), the static TWFE-logMW-BCP estimate centers near zero (-0.02
with SD =0.02). (Restriction to post-2000 sample, not shown in the figure, makes little difference.)
The distributed lag coeflicients also hover around zero, showing little sign of bias, contrary to the
MSCZ results. These simulation results also closely align with results using actual data in the

paper, and with earlier findings in Dube et al. (2010).

5.2.3 DiD event study estimates

Finally, we replicate our (LP-DiD) event-study estimates in the main paper with this simulated data,
using both within-MSCZ and within-BCP variation. Both approaches yield estimates close to zero,
which (1) closely resemble estimates using actual data, and (2) are close to the true zero effect under
the DGP used in the simulation. The MSCZ event study results are slightly (spuriously) negative
owing to the 1990s trend violations, but unlike the TWFE-based XTEVENT estimates, this bias is
quite small because the comparisons are more localized around the time of the events, and because
most events are in the 2000s.

Furthermore, extending the pre-period back to 1990 in these LP-DiD event studies (similar to
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Figure 4 of the paper using actual data) correctly recovers the early-period violations in the 1990
sample, which are large for the MSCZ sample but small for the BCP sample.

Hence, the key takeaway: The 1990s parallel trends violation within CZs causes the TWFE-
logMW-CZ to produce spurious negative estimates, but not for the TWFE-logMW-BCP estimate
because the violations within BCPs are small. Just imposing the actual (average) parallel trend
violations based on our event studies, and assuming a true zero causal effect, can rationalize
a sizable, negative minimum wage elasticity from the TWFE-logMW-CZ estimate and QCEW
data. And we can replicate the findings that modern DiD estimators, restricted to narrower event
windows (around state minimum wage events), avoid this contamination from the early sample and
consistently find no disemployment effect.

Simply put, our simulations show that violations of parallel trends in the 1990s can rationalize
the divergence in findings using MSCZ- and BCP-based strategies when using the TWFE estimator,

and the similarity when using modern DiD estimators.

6 Conclusion

Border discontinuity designs mitigate bias when treatment assignment correlates with state-level
potential outcomes. Contiguous counties across state borders often share similar shocks, making
them effective counterfactuals, as noted by Dube et al. (2016). In principle, JNR’s MSCZ design
could play a similar role. In practice, the parallel trends assumption does not hold within MSCZs
during the 1990s, which leads to a bias in the within-MSCZ TWEFE estimates. The disemployment
results from JINR’s TWFE-logMW-CZ specification largely disappear once 1990s data are excluded,
regardless of the dataset. In contrast, BCP-based estimates remain robust across time periods and
datasets. Modern DiD event studies perform well with either geography, but for long samples
BCPs better guard against earlier shocks. Most importantly, we demonstrate how shocks during the
1990s confound the TWFE estimates using a within-MSCZ design, but do not bias the within-BCP
estimates.

Two broader methodological lessons follow. First, the TWFE framework effectively imposes
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a “strong-form” parallel trends requirement: violations that occur well outside the window when
most minimum wage changes happen can still contaminate estimates through the TWFE weighting
scheme, including in distributed-lag implementations commonly used to diagnose dynamics. In that
setting, small or statistically insignificant lead coefficients do not constitute persuasive evidence of
parallel trends. Second, modern DiD designs with explicit event windows and clean controls provide
a clearer link between identifying assumptions and estimates, and they deliver stable results across
samples and counterfactual geographies. Applied to both MSCZs and BCPs, these estimators yield
negligible employment effects and implied own-wage elasticities that are far smaller in magnitude
than JNR’s preferred values.

Substantively, our evidence reconciles DLR and JNR without requiring a change in the under-
lying economic relationship between minimum wages and restaurant employment. The divergence
arises from the interaction of early-period pre-trends within MSCZs and the TWFE estimator, not
from a robust negative employment response to minimum wage increases. Our extended pre-period
diagnostics show that future-treated areas within MSCZs experienced relative declines in restaurant
employment during the 1990s even when minimum wage differences were small, while comparable
violations are much weaker within border-county pairs. Our Monte Carlo simulations then show
that injecting violations of the magnitude observed in the data is sufficient to reproduce the negative
TWEE estimates within MSCZs under a true zero effect, while leaving BCP-based TWFE estimates
centered near zero and leaving modern event-study estimates largely unaffected.

Crucially, our update of DLR using within-BCP variation along with modern DiD methods
reaffirms the original DLR conclusion: to date, minimum wage increases have not caused substantial
losses in restaurant jobs. These findings are also consistent with recent research using matched

employer-employee data sources and recent minimum wage variation (Rao and Risch, 2024).
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Tables and Figures

Figure 1: Difference in minimum wages and restaurant employment between “ever-treated” and “never-
treated” states
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Notes: This figure, adapted from Dube and Lindner (2024), plots the difference in restaurant log per-capita employment (left
axis) and the difference in log minimum wages (right axis) between 34 ever-treated and 16 never-treated states. Ever-treated
states had at least one state minimum wage increase, over and above any federal increases between 1990 and 2019. Never-
treated states did not have any such increases.
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Figure 2: Minimum wage employment elasticity, TWFE-logMW-CZ specification: different start and
end years using CBP and QCEW

A. Unweighted
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Notes: Estimated using the TWFE-logMW-CZ specification described in equation (1). Each point corresponds to an estimate
from a regression using a particular dataset, starting in the year shown on the x-axis and ending in either 2016 or 2019.
The horizontal axis reports the first year in the sample. The vertical axis depicts the effect of log minimum wage on log
employment. Each color-shape combination refers to a particular dataset used and the final year in the sample, as described
by the legend. Lines show 95 percent confidence intervals. All estimates use MSCZ state pairs and include fixed effects for
CZ-state (repeated if a CZ-state is part of multiple pairs) and pair-year fixed effects. Estimates in Panel A are unweighted,
Panel B uses working-age population weights. All specifications include log employment outside of the restaurant sector and
log working-age population as control variables. Standard errors are clustered at the state level.
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Figure 3: Event study estimates: 1990-2019
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Notes: The plotted points represent coefficients from regressions described in equation (3) using QCEW data for 1990-2019.
The left column uses MSCZ state pairs and includes pair-year fixed effects. The right column uses BCPs and also includes
pair-year fixed effects. The top row plots effects on log minimum wage. The middle row shows results for log of weekly
earnings; while the bottom row shows results for log of employment rate. All estimates are unweighted. Standard errors are
clustered at the state level. Lines indicate 95 percent confidence intervals.
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Notes: The plotted points on the left (lighter blue) are coefficients from regressions following equation 4. The plotted points
on the right (darker blue) represent coefficients from regressions described in equation (3) using data from the QCEW for
post-2000 events. The left column uses MSCZ state pairs and includes pair-year fixed effects. The right column uses a sample
of border county pairs and also includes pair-year fixed effects. The top row plots effects on log minimum wage. The middle
row shows results for log weekly earnings; the bottom row shows results for log employment rate: All estimates are unweighted.
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Figure 4: Event study estimates and 1990s pre-trends for events post-2000
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Figure 5: Monte Carlo simulation results using actual minimum wages, placebo outcomes, and 1990s
pre-trends
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Notes: This figure shows results from the simulation (with 500 replications) using actual 1990-2016 minimum wages, generated
placebo outcomes assuming a zero treatment effect, and 1990s pre-trends calibrated to empirical results from Figure 4. The
figures on the left use MSCZ pairs and on the right use BPC pairs. The top row reports estimates using a TWFE-distributed
lag model. The second row shows Local Projections DiD event study, and a TWFE-binary event study suing xtevent. The
LPDiD uses “combined events” as defined in the paper, while xtevent uses all minimum wage changes as events as in JNR.
In both the first and second rows, the shaded regions represent 2xSD intervals based on the estimated treatment effects. The
bottom row, which is similar to Figure 4 in the main text, calculates differences from ¢ - 7 not only for years in the event-period,
but also for years in the 1990s, and only uses events occurring after 2000.
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Table 1: MW effects on log average earnings and log employment in restaurants: TWFE estimates for
different samples and specifications using CBP data

1990-2016 2000-2016
(D (2) 3) “) ) (6)
A. Unweighted
Log wages 0.215" 0.163* 0.156™ 0.100** 0.086 0.109*
(0.037) (0.050) (0.044) (0.029) (0.071) (0.064)
Log employment -0.338*** -0.242" -0.081 -0.077 -0.114 0.044
(0.089) (0.126) (0.065) (0.063) (0.123) (0.059)
OWE -1.531** -1.517 -0.492 -0.723 -1.375 0.385
(0.371) (0.945) (0.430) (0.611) (2.276) (0.588)
B. Weighted by population
Log wages 0.192** 0.141* 0.174* 0.120"* 0.098* 0.131**
(0.021) (0.048) (0.019) (0.020) (0.058) (0.039)
Log employment -0.054 -0.141* 0.029 0.061 -0.057 0.079
(0.072) (0.077) (0.090) (0.056) (0.047) (0.060)
OWE -0.340 -1.013* 0.170 0.518 -0.580 0.609
(0.319) (0.536) 0.473) (0.507) (0.461) (0.381)
N 23,361 8,134 62,228 14,703 5,116 39,146
Fixed effects
MSCZ pair-year Y Y
BC pair-year Y Y
Sample
All CZ-state Y Y
MSCZ pairs Y Y
Border county pairs Y Y

Notes: Estimated using specification described in equation | and County Business Patterns data. Columns (1)-(3) use the
years 1990-2016, and (4)-(6) use 2000-2016. Columns (1) and (4) use the sample of all commuting-zones-by-state, and include
CZ-state and year fixed effects. Columns (2) and (5) use multi-state commuting-zone-by-state pairs sample and include fixed
effects for CZ-state (repeated if a CZ-state is part of multiple pairs) and pair-year fixed effects. Columns (3) and (6) similarly
use the sample of border county pairs and include fixed effects for border counties (each time a county is in a pair) and pair-year
fixed effects. Outcomes include log weekly earnings, log employment, and own wage elasticity (OWE). OWE is the IV estimate
from regressing log employment on log earnings instrumented by log minimum wage. 1 indicates OWE estimates with a weak
first-stage. Estimates in Panel A are unweighted, while estimates in Panel B are weighted using the working-age population.
All specifications include log of earnings/log of employment outside the restaurant sector, and working-age population as
control variables. Standard errors, reported in parentheses, are clustered at the state level. Stars indicate statistical significance
as follows:

*p <0.10,* p < 0.05, " p < 0.01
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Table 2: MW effects on log average earnings and log employment in restaurants: TWFE estimates for
different samples and specifications using QCEW data

1990-2019 1990-2016 2000-2016
(1) 2 3) “) ®) (6) @) (®) ©))
A. Unweighted
Log wages 0.254**  0.228**  0.242**  0.223**  0.196"* 0.216™* 0.211"* 0.220"* 0.225"*

(0.028) (0.056)  (0.032) (0.029) (0.061)  (0.039) (0.027) (0.029) (0.021)
Log employment -0.265**  -0.106 0.028  -0.308™*  -0.154* 0.021 -0.077 -0.014  0.106**

(0.088) (0.078)  (0.056) (0.084) (0.077)  (0.055) (0.053) (0.046) (0.048)
OWE -1.050*  -0.436 0.115  -1.365™* -0.731 0.092 -0.363 -0.061 0.474™

(0.301) (0.359) (0.228) (0.318) (0.450)  (0.247) (0.236)  (0.196)  (0.226)
B. Weighted by population

Log wages 0.214**  0.229** 0.200"*  0.196***  0.215** 0.169"* 0.144** 0.162** 0.179**
(0.024) (0.038)  (0.030) (0.025) (0.043)  (0.024) (0.022) (0.048)  (0.028)

Log employment 0.025 -0.058 0.077 -0.035 -0.077 0.087 0.066 0.012 0.188"*
(0.078) (0.071)  (0.076) (0.068) (0.100)  (0.080) (0.060) (0.048) (0.071)

OWE 0.078 -0.265 0.348 -0.221 -0.355 0.463 0.462 0.057 1.051*
(0.365) (0.291)  (0.344) (0.309) (0.441) (0.426) (0.451) (0.253)  (0.467)

N 21,570 5,700 25,800 19,413 5,130 23,220 12,223 3,230 14,620

Fixed effects

MSCZ pair-year Y Y Y

BC pair-year Y Y Y

Sample

All CZ-state Y Y Y

MSCZ pairs Y Y Y

Border county pairs Y Y Y

Notes: Estimated using specification described in equation | and Quarterly Census of Employment and Wages data. Columns
(1)-(3) use the years 1990-2019, (4)-(6) use 1990-2016, (7)-(9) use 2000-2016. Columns (1), (4), and (7) use the sample of all
commuting-zones-by-state, and include CZ-state and year fixed effects. Columns (2), (5), and (8) use multi-state commuting-
zone-by-state pairs sample and include fixed effects for CZ-state (repeated if a CZ-state is part of multiple pairs) and pair-year
fixed effects. Columns (3), (6), and (9) similarly use the sample of border county pairs and include fixed effects for border
counties (each time a county is in a pair) and pair-year fixed effects. Outcomes include log weekly earnings, log employment,
and own wage elasticity (OWE). OWE is the IV estimate from regressing log employment on log earnings instrumented
by log minimum wage. OWE estimates are only reported when there is a strong first-stage effect. Estimates in Panel A
are unweighted, while estimates in Panel B are weighted using the working age population. All specifications include log
earnings/log employment outside of the restaurant sector, and working-age population as control variables. Standard errors,
reported in parentheses, are clustered at the state level. Stars indicate statistical significance as follows: sym* p < 0.10, **
p <0.05, " p <0.01
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Table 3: Effects of increased MW - event study estimates with QCEW data

1990-2019 2000-2019
(1) (2) 3) “)
A. Unweighted
Log wages 0.031** 0.027* 0.033** 0.032***
(0.008) (0.006) (0.008) (0.006)
Log employment rate -0.000 -0.006 0.016 -0.005
(0.010) (0.009) (0.009) (0.011)
MWE -0.001 -0.028 0.067 -0.019
(0.047) (0.039) (0.040) (0.044)
OWE -0.004 -0.235 0.487* -0.154
(0.335) (0.331) (0.258) (0.347)
B. Weighted by population
Log wages 0.020* 0.019* 0.024** 0.026™**
(0.011) (0.010) (0.010) (0.010)
Log employment rate -0.007 0.000 -0.002 0.003
(0.006) (0.005) (0.006) (0.006)
MWE -0.030 0.001 -0.006 0.009
(0.024) (0.018) (0.024) (0.023)
OWE -0.381 0.009 -0.063 0.097
(0.298) (0.243) (0.264) (0.240)
N 2,132 10,414 1,220 6,170
Events evaluated 34 42 26 32
Fixed effects
MSCZ pair-year Y Y
BC pair-year
Sample
MSCZ pairs Y Y

Border county pairs

Notes: Estimated using specification described in equation 2 using Quarterly Census of Employment and Wages data. Columns
(1) and (2) use the years 1990-2019, and (3) and (4) use 2000-2019. Columns (1) and (3) use multi-state commuting-zone-
by-state pairs sample and include pair-year fixed effects. Columns (2) and (4) similarly use the sample of border county

pairs and also include pair-year fixed effects. Outcomes include log weekly earnings, log employment rate, minimum wage
elasticity (MWE) and own wage elasticity (OWE). MWE is the IV estimate from regressing log employment rate on the log

minimum wage instrumented by the event dummy. OWE is the IV estimate from regressing log employment rate on log

earnings instrumented by the event dummy. Estimates in Panel A are unweighted, while estimates in Panel B are weighted

using the working-age population. The estimation sample for all years includes all units that are either newly treated or are

clean controls for that year. However, the number of events evaluated is calculated only from pair-years that exhibit treatment

variation - i.e one side of the pair has an event start, while the other side is a clean control as defined in the text. Standard

errors, reported in parentheses, are clustered at the state level. Stars indicate statistical significance as follows: * p < 0.10, **

p < 0.05,* p < 0.01

27



8¢

Table 4: Pre-trends check for post-2000 events

MSCZ pairs County pairs

(1)

2) (3) “4) (5) (6) (7) (8) 9) (10)
Non-MSCZ  MSCZ county
All BCP (JNR pairs (JNR

BCP  sub-sample 1) sub-sample 3)

Trend until t[-1]  0.080***  0.072  0.074** 0.069* 0.058** 0.087** 0.058** 0.017 -0.027 0.059*
(0.018) (0.045) (0.017) (0.041) (0.022) (0.032) (0.019) (0.024) (0.026) (0.022)
Trend until t[-3] 0.075*** 0.075 0.072** 0.072* 0.075*** 0.082** 0.052***  0.027 -0.012 0.065***
(0.017) (0.044) (0.016) (0.041) (0.017) (0.032) (0.018) (0.020) (0.022) (0.018)
N 1,220 1,956 1,220 1,956 1,220 1,220 1,220 6,170 4,640 5,098
CBP dataset Y Y
Outcome is
log emp Y Y
Pop and non-rest
emp controls Y Y
Weighted by
population Y
Start year 1990 Y
Start year 1997 Y
Events evaluated 26 22 26 22 26 26 26 32 32 26

This table reports coefficients from the specification described in Equation 4, with the outcome being log of employment rate in all columns apart from Columns

3 and 4. The top row is the exact specification as the equation, while the bottom row takes the trend until t[-3] in event-time instead of t[-1]. Unless indicated

otherwise (only in Columns 6 and 7), the long difference is taken from 1993. The dataset is QCEW in all columns apart from Column 2 and 4. All estimates, with

the exception of Column 5 are unweighted. Columns 1 - 7 use data from MSCZ pairs, while Columns 8 - 10 use pairs of counties. Column 8 uses all border county

pairs, while Columns 9 and 10 correspond to sub-samples 1 and 3 as identified by JNR. Standard errors, reported in parentheses, are clustered at the state level.

Stars indicate statistical significance as follows: * p < 0.10, ** p < 0.05, ** p < 0.01



Appendix A Descriptive figures, and additional results using

TWFE estimators

A.1 TWFE with log population weights

Our TWEFE estimates in Figure 2 and Tables 1 and 2 use working age population as weights in the
weighted specifications. JNR also use log of working age population as weights, which arbitrarily
reduces the representation of the most populous commuting zones. Use of log population weights is
unusual, and to our knowledge has never been used in the minimum wage literature. Nevertheless,
in Appendix Figure A2 we recreate Panel B of Figure 2 (which plots coefficients from a TWFE-
logMW-CZ specification with different start years and different datasets) but with JNR’s preferred
log population weights. Consistent with our findings, the coefficients from both QCEW and CBP
data become insignificant as data from the 1990s is removed. The results also accord with our
result that extending the sample to 2019 (with QCEW data) makes the employment coefficient less

negative (more positive) across all start years.

A.2 Trends and anticipation effects in TWFE distributed lag models

JNR analyze pre-trends using the distributed lag TWFE framework, following the approach de-
veloped by DLR. They observe a positive trend for BCP between three years and one year before
treatment and a negative trend for MSCZ during the same period. While they consider the positive
trends problematic, they attribute the negative trends to possible anticipation effects.

To assess this claim, we re-estimate distributed lag models by extending the analysis to include
leads up to four years before treatment. Specifically, we compare trends between four years and two
years prior to treatment instead of between three years and one year. Table Al presents these re-
estimated results. The negative trends for MSCZ become more pronounced and remain statistically
significant when comparing four years and two years before treatment. In contrast, the positive
trends for BCP remain similar in magnitude, but are smaller than those for MSCZ, and they lose

statistical significance.
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This finding suggests that the negative trends observed for MSCZ do not result from anticipation
effects, contrary to JNR’s claim. Moreover, a two-year anticipation effect is inconsistent with most
of the extant minimum wage literature. Importantly, as we note in the paper, recent research has
raised concerns about the reliability of distributed lag results, which we also show using simulation
results in Appendix C. For this reason, we implement pre-trends tests using our DiD event study
design. However, the findings from Table A1 suggest that even considering the TWFE-logMW-CZ

distributed lag model favored by JNR, their interpretation of the results is questionable.

A.3 TWEFE results with quarterly QCEW data

For comparability with JNR’s annual CBP data, we use annual QCEW data, which also reduces
confidentiality-related suppression. However, in Appendix Table A2 we show that results using
quarterly QCEW data are similar, although the TWFE-logMW-CZ results move modestly closer
to zero in the quarterly sample. In principle, this change in coefficient could be driven either by
(1) change in the sample, since there are fewer balanced county panels with quarterly than annual
data (due to confidentiality reasons), (2) difference in the frequency of observation within the same
sample.

To assess these two possibilities, Appendix Table A3 additionally reports annual-level estimates
but only using the quarterly sample. These results are nearly the same as the quarterly-level estimates
from the quarterly sample in Appendix Table A2. Therefore, the modest change in coefficients
from using quarterly data largely arises from the change in sample. This also underscores why we
use annual data as our primary sample, in order to correspond as closely as possible to the CBP

sample used by JNR.

30



Figure Al: Geographical comparison of border counties and commuting zones
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Notes: Each panel shows a map of the U.S. mainland. State borders are represented by thick black lines, while gray
lines depict county limits. Border counties are shaded blue, while non-border counties are shaded light gray. Borders
of MSCZs are in red. Panel A shows all BCPs and MSCZs. Panel B shows the subset of BCPs and MSCZs that

experienced a minimum wage difference in any year between 1990 and 2016.
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Figure A2: Minimum wage employment elasticity, TWFE-logMW-CZ specification weighted by
log population: different start years, CBP and QCEW

Weighted by log population
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Notes: Estimated using the TWFE-logMW-CZ specification described in equation (1). All regressions are weighted
by log of working-age population. Each point corresponds to an estimate from a regression using a particular dataset,
starting in the year shown on the x-axis and ending in either 2016 or 2019. The horizontal axis reports the first
year in the sample. The vertical axis depicts the effect of log minimum wage on log employment. Each color-shape
combination refers to a particular dataset used and the final year in the sample, as described by the legend. Lines show
95 percent confidence intervals. All estimates use MSCZ state pairs and include fixed effects for CZ-state (repeated
if a CZ-state is part of multiple pairs) and pair-year fixed effects. All specifications include log employment outside
of the restaurant sector and log working-age population as control variables. Standard errors are clustered at the state
level.
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Figure A3: Cumulative response of log employment to a log point increase in minimum wage;
TWFE model with distributed lags (1990-2016, unweighted, MSCZ pairs samples)
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Notes: This figure plots the cumulative response of log employment to a log-point increase in the minimum wage
using a distributed lag model with 3 leads and 5 lags of log minimum wage. The cumulative responses are normalized
relative to event date (-1). 95 percent confidence intervals are based on standard errors clustered by state, and all
regressions use state population weights. Panel A uses data from QCEW (from 1990-2016) and Panel B uses data from
CBP (again from 1990-2016). Unlike in Table A1 we use the full data from the CBP - by augmenting CBP data with
minimum wage data in out-of-sample periods, so that any in-sample period is not dropped due to missing lags and
leads. Both panels use multi-state commuting-zone-by-state pairs data and include fixed effects for CZ-state (repeated
if a CZ-state is part of multiple pairs) and pair-year fixed effects. All estimates are unweighted. All specifications
include log employment outside of the restaurant sector and working-age population as control variables.
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Table A1l: Modification of JNR table 7

(1) (2)
MSCZ pairs BC pairs
A. Trend between t: -3 and t: -1
t: -3 -0.074 0.023
(0.060) (0.064)
t: -1 -0.166** 0.104
(0.069) (0.078)
t: 0 -0.420%** -0.042
(0.122) (0.095)
Trend (t[-1] - t[-3]) -0.092** 0.080*
(0.046) (0.044)
B. Trend between t: -4 and t: -2
t: -4 0.033 0.002
(0.072) (0.066)
t: -2 -0.099 0.051
(0.093) (0.083)
t: 0 -0.279* -0.054
(0.147) (0.089)
Trend (t[-2] - t[-4]) -0.133** 0.049
(0.052) (0.042)

Notes: Panel A estimated using the specification in Equation 7 in JNR. Panel B is a modification of the equation with
the third and first lag replaced with the fourth and second, respectively. Both columns use data from County Business
Patterns. JNR do not augment their data with out-of-sample minimum wage observations, so some years get dropped
because of missing leads of log minimum wage. Thus, their results contain observations up till 2013. To ensure
replicability of Panel A, we also restrict to observations until 2013. For Column B, as we have an additional lead, we
augment with minimum wage data from 2017, so that we can still use data up to 2013. The distributed lag figures in
Figure A3, on the other hand, use our preferred method of using all available data until 2016. In this table, Column 1
uses multi-state commuting-zone-by-state pairs sample and column 2 uses the sample of border county pairs. Standard
errors, reported in parentheses, are clustered at the state level. Stars indicate statistical significance as follows: sym*
p <0.10, " p < 0.05, " p < 0.01
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Table A2: MW effects on log average earnings and log employment in restaurants: TWFE estimates for
different samples and specifications using quarterly QCEW data

1990-2019 1990-2016 2000-2016
(1) 2 3) “) ®) (6) @) (®) ©)
A. Unweighted
Log wages 0.271**  0.252** 0.252***  0.239"*  0.236"* 0.226"* 0.228"* 0.200***  0.220***

(0.028) (0.039)  (0.032) (0.027) (0.042) (0.037) (0.026) (0.037)  (0.024)
Log employment -0.262*  -0.085 0.034  -0.290"*  -0.118 0.025 -0.092* -0.022  0.129*

(0.090) (0.076)  (0.060) (0.087) (0.079)  (0.056)  (0.050) (0.039)  (0.058)
OWE -0.961*  -0.319 0.134  -1.176™*  -0.472 0.107 -0.373* -0.098  0.562*

(0.291) (0.278)  (0.236) (0.322) (0.304) (0.238) (0.192)  (0.181)  (0.238)
B. Weighted by population

Log wages 0.230*  0.236™* 0.212**  0.204™*  0.220"*  0.174™* 0.149"* 0.151"* 0.177*
(0.023)  (0.036) (0.030)  (0.024)  (0.045) (0.025) (0.022) (0.051) (0.026)

Log employment 0.007 -0.051 0.057 -0.049 -0.070 0.042 0.024 0.010 0.112™
(0.065)  (0.076)  (0.058)  (0.050)  (0.106)  (0.058)  (0.039) (0.045) (0.055)

OWE 0.018 -0.223 0.243 -0.250 -0.319 0.204 0.155 0.052 0.615*
(0.284)  (0.308)  (0.255)  (0.226) (0.471) (0.313) (0.274) (0.271)  (0.256)

N 78,600 18,720 79,920 70,740 16,848 71,928 44,540 10,608 45,288

Fixed effects

MSCZ pair-year Y Y Y

BC pair-year Y Y Y

Sample

All CZ-state Y Y Y

MSCZ pairs Y Y Y

Border county pairs Y Y Y

Notes: Estimated using specification described in equation | and quarterly data from Quarterly Census of Employment and

Wages data. Columns (1)-(3) use the years 1990-2019, (4)-(6) use 1990-2016, (7)-(9) use 2000-2016. Columns (1), (4), and
(7) use the sample of all commuting-zones-by-state, and include CZ-state and year fixed effects. Columns (2), (5), and (8)
use multi-state commuting-zone-by-state pairs sample and include fixed effects for CZ-state (repeated if a CZ-state is part
of multiple pairs) and pair-year fixed effects. Columns (3), (6), and (9) similarly use the sample of border county pairs and
include fixed effects for border counties (each time a county is in a pair) and pair-year fixed effects. Outcomes include log
weekly earnings, log employment, and own wage elasticity (OWE). OWE is the IV estimate from regressing log employment
on log earnings instrumented by log minimum wage. OWE estimates are only reported when there is a strong first-stage
effect. Estimates in Panel A are unweighted, while estimates in Panel B are weighted using the working age population. All
specifications include log earnings/log employment outside of the restaurant sector, and working-age population as control
variables. Standard errors, reported in parentheses, are clustered at the state level. Stars indicate statistical significance as
follows: sym* p < 0.10, ** p < 0.05, " p < 0.01
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Table A3: TWEFE estimates for different samples and specifications, quarterly QCEW data collapsed to
annual level

1990-2019 1990-2016 2000-2016
(1) 2 3) “) ®) (6) @) (®) ©)
A. Unweighted
Log wages 0.260***  0.246"*  0.250***  0.233**  0.227"* 0.227"* 0.214"* 0.196"**  0.208***

(0.029) (0.039)  (0.032) (0.028) (0.042)  (0.040) (0.028) (0.035) (0.022)
Log employment -0.256"*  -0.071 0.049  -0.306™*  -0.101 0.043 -0.079 -0.006  0.136™*

(0.089) (0.073)  (0.057) (0.086) (0.082) (0.052) (0.051) (0.045) (0.050)
OWE -0.986"  -0.272 0.192  -1.294"*  -0.419 0.179 -0.354 -0.030  0.644*

(0.300) (0.271)  (0.229) (0.320) (0.323)  (0.226) (0.219)  (0.208)  (0.241)
B. Weighted by population

Log wages 0.214*= 0.237** 0.205**  0.195"*  0.221"* 0.172"* 0.142"* 0.152"* 0.175"
(0.024)  (0.036) (0.028)  (0.025)  (0.043) (0.022) (0.022) (0.048) (0.030)

Log employment 0.033 -0.041 0.099 -0.024 -0.051 0.109 0.072 0.025  0.204*
0.077)  (0.069)  (0.075)  (0.068)  (0.100) (0.077)  (0.062) (0.042)  (0.068)

OWE 0.120 -0.199 0.446 -0.165 -0.237 0.579 0.507 0.122 1.169*
(0.363)  (0.269)  (0.329)  (0.313)  (0.435) (0.397) (0.469) (0.226)  (0.465)

N 19,680 4,680 20,160 17,712 4,212 18,144 11,152 2,652 11,424

Fixed effects

MSCZ pair-year Y Y Y

BC pair-year Y Y Y

Sample

All CZ-state Y Y Y

MSCZ pairs Y Y Y

Border county pairs Y Y Y

Notes: Estimated using specification described in equation | and quarterly data from Quarterly Census of Employment and
Wages data. Columns (1)-(3) use the years 1990-2019, (4)-(6) use 1990-2016, (7)-(9) use 2000-2016. Columns (1), (4), and
(7) use the sample of all commuting-zones-by-state, and include CZ-state and year fixed effects. Columns (2), (5), and (8)
use multi-state commuting-zone-by-state pairs sample and include fixed effects for CZ-state (repeated if a CZ-state is part
of multiple pairs) and pair-year fixed effects. Columns (3), (6), and (9) similarly use the sample of border county pairs and
include fixed effects for border counties (each time a county is in a pair) and pair-year fixed effects. Outcomes include log
weekly earnings, log employment, and own wage elasticity (OWE). OWE is the IV estimate from regressing log employment
on log earnings instrumented by log minimum wage. OWE estimates are only reported when there is a strong first-stage
effect. Estimates in Panel A are unweighted, while estimates in Panel B are weighted using the working age population. All
specifications include log earnings/log employment outside of the restaurant sector, and working-age population as control
variables. Standard errors, reported in parentheses, are clustered at the state level. Stars indicate statistical significance as
follows: sym* p < 0.10, ** p < 0.05, " p < 0.01

36



Appendix B Construction of QCEW data

In this appendix, we describe how we cleaned and used QCEW data for the analysis in this paper. We
downloaded county-level data from QCEW for 1990-2019, merged in working age population from the
National Cancer Institute’s SEER program, state level minimum wage data from Vaghul and Zipperer
(2022) and commuting zones from JNR’s replication files. For most analyses, we use annual QCEW data,
except for robustness analysis we do in Tables A2 and A3. We keep only fully balanced counties - those
with restaurant employment and earnings data for al years from 1990-2019. We define the restaurant
sector as the three-digit code 722 (”Food service and drinking places”). Our CZ-state data collapses the
balanced counties to the CZ-state level. For our pairs samples, we start with JNR’s replication files (i.e.
their pair definitions) and merge in our data to only keep the complete pairs with balanced panels. Our
analyses all exclude Alaska, Hawaii and Washington DC.>*

Table B1 shows the effects of retaining only fully balanced counties. Since the QCEW suppresses
some data to maintain anonymity, we cannot use all of the counties or MSCZ pairs that are reported
in the CBP dataset. However, the counties with suppressed information are usually small and more
sparsely populated. Thus the 55 percent of counties account for over 91 percent of the sample population.
Similarly, our MSCZ pairs and border county pairs samples cover 83 to 88 percent of the population.

Table B1: Coverage and population shares of QCEW samples

Total units Units in sample Percentage of Percentage of
(counties/pairs)  (counties/pairs)  units in sample  population covered
Counties 3109 1704 54.81 91.49
MSCZ pairs 151 95 62.91 87.85
Border county pairs 1165 430 36.91 83.36

This table shows the coverage of QCEW data by number of units (pairs/counties) and populations. Row 1 shows the balanced
QCEW sample sizes. Rows 2 and 3 show coverage for the complete pairs in the border county and MSCZ pairs regressions.
The first column reports the total number of units/pairs in JNR’s sample. Samples exclude Alaska, Hawaii, and DC.

We also clean state level QCEW data - which is useful as a baseline for constructing minimum wage
increase events (although we do not do any TWFE or event study analysis with this data). Here, we use

population from the CPS.

24The only place where Alaska and Hawaii are included is Figure 1, which is adapted from Dube and Lindner (2024), who
include both these states in their analysis.
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More details about cleaning of both state and county level data can be found in the readme document
of the replication package Dube et al. (2025b) in the Harvard Dataverse, https://doi.org/doi:

10.7910/DVN/GT0O00C.
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Appendix C Monte Carlo simulation: TWFE event studies may not

detect pre-trends, while producing biased estimates

JNR report event study results using a variant of the TWFE model that codes events as binary policy
changes rather than as continuous changes (which we refer to as “TWFE-binary”). Implemented via
the xtevent package in Stata, the distributed lags TWFE-binary produces coeflicient paths that do not
indicate pre-existing trends and suggest employment reductions post-treatment. On this basis, JNR assert
that these TWFE estimates can be interpreted like a conventional difference-in-differences (DiD) event
study. Their assertion is incorrect.

A switch from continuous to discrete treatment does not fix the well-known problems of TWFE under
staggered adoption. Indeed, almost all of the modern DiD literature showing biases in the TWFE model
have done so with binary treatments. The authors of the xtevent package explicitly acknowledge this
point (Freyaldenhoven et al., 2021).%° Since these problems were established for binary treatments, they
remain in the TWFE-binary specification. Importantly, with a TWFE model, violations of parallel trends
that arise even outside the event window can leak into the coefficients that lie inside the plotted window.?°

This appendix demonstrates these points with a simulation adapted from Dube and Lindner (2024).
The simulation provides a “proof by example” that the TWFE-binary estimation using xtevent can
produce highly misleading inference for detecting pre-trends and estimating treatment effects. In contrast,

modern DiD event study methods (such as the LP-DiD approach we use) perform well.

ZFreyaldenhoven et al. (2021) write: “Under staggered adoption, a two-way fixed effects estimator of S, in (1) can be
represented as a weighted average of policy effects for different event times and cohorts (Sun and Abraham (2021)). However,
this estimator can put nonzero weight on effects at event times other than m, and can put negative weight on the effect at event
time m for some cohorts.”

260ne clarification: In Cengiz et al. (2019), the baseline panel regression did not rely on “clean controls.” However, their
baseline results were similar to their results from a stacked DiD approach that used only clean controls. Why were the CDLZ
baseline estimates unaffected by parallel trends violations from the 1990s while JNR’s estimates using TWFE-binary are not?
AS CDLZ explain, they did not bin up leads prior to -3 and lags after 4; they exclude them. This approach creates a closed
event window, which mitigates cross-term contamination from the distant past. When the bias in the TWFE model is generated
by possible parallel trends violations from one part of the sample, the solution is a design (like BCP but not MSCZ) that does
not suffer from that parallel trends violation, or to reduce the bias by limiting the effects of such violations by using clearly
delineated event windows that prevent cross-contamination.
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C.1 Data generating process

We simulate a balanced panel of S = 50 states observed over 7' = 15 periods (¢ = 1,...,15). States
belong to one of three cohorts: Gy (never treated, |Gy| = 20), early adopters G; (12 states), and late
adopters G, (18 states). Early adopters implement the policy at + = 9, whereas late adopters do so at

t=12. Let
Dy, = 1{state s is treated at time ¢}.

Potential outcomes in the absence of treatment follow
Yg =vys + 7, + Trendy; + vy,

where y, ~ N(0,0.05%), 7, ~ N(0,0.05%), and vy, ~ N(0,0.05%). The realized outcome is Yy, =
Y sot + BDg with 8 = 0 (no true effect of treatment).

Importantly, the parallel trends assumption holds starting with calendar date ¢+ = 6. The assumption
holds locally around the times of adoption and subsequent to adoption. However, there are deviations

from parallel trends that occur before ¢ = 6, which are all outside the three-lead/three-lag event window:

-0.2x 1t ifs € early-adopter (G) and < 6
-1 if s € early-adopter (G) andt > 6
Latent trendyy = 109 x ¢  if s € late-adopter (G,) and r < 6

4.5 if s € late-adopter (G;) and ¢t > 6

0 if s € never-treated (G)

The mean actual and potential outcomes for the three groups are plotted by calendar time in Figure
C1, panel A. The key takeaways: averaged across all treatment events, there is a positive pre-trend
prior to event date -3; however, for all events, the parallel trends assumption is valid after event date -3.

Importantly, the causal effect of treatment is zero for all events.
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C.2 Estimators compared

The simulation estimates JNR’s preferred TWFE-binary distributed lag specification via the xtevent
command with a [-3, 3] window where the end points are “binned up.” In addition, we employ the Local
Projections DiD estimator, also with a [-3,+3] window around each adoption date. For comparability,
here we report the “binned up” estimates for the first and last bins when reporting LP-DiD. For example,
the LP-DiD estimate associated with event date < —3 is a long difference between the mean outcome for
dates -3 or earlier and the outcome at date -1. This captures any early period violations of pre-trends

before date -2. For both LP-DiD and XTEVENT, the coeflicients are normalised relative to event date —1.

C.3 Simulation results

Across 500 replications, the XTEVENT estimator produces sizable negative post-treatment coefficients,
even though the true effect § is zero. The mean and the 95 percent bounds for the coefficients are plotted
in panel B of Figure C1. The fall in outcome between event dates 1 and 2 has no correspondence with the
true dynamic effect of the treatment, which is flat. As Table C1 shows, at least 99% of the simulations
mistakenly find a negative, statistically significant effect (at the 5 percent level) for both event dates 2 and
> 3.

At the same time, all lead coeflicients appear flat, including the “binned up” < —3 term, thereby failing
to detect the early period parallel trends violations that actually drive the bias in the estimated treatment
effect. As Table C1 shows, less than 1 percent of the simulations find a statistically significant term for
the “binned up” third lead term (event dates < 3), even though in truth that coefficient should be highly
negative, capturing a positive pre-trend. In other words, a TWFE model would not indicate a problem
with the research design. However, weights in the TWFE model transmute the early adopters’ pre-period
shocks (calendar dates = 1-5) into a negative, longer-run estimate for lags 2 and 3+, which as we saw
are negative and statistically significant at least 99% of the time.

In contrast, the LP-DiD estimator correctly recovers coeflicients that are close to zero for event dates -2
or later (Figure 4); the share of statistically significant coefficients ranges between 5% and 7% (Table C1).
Moreover, in 100% of the simulations, the LP-DiD recovers a highly negative estimate for the (“binned

up”) event date < 3, thereby correctly detecting the early period parallel trends violation.
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The simulation clarifies that a flat profile of lead coefficients in a TWFE regression does not guarantee
that parallel trends hold in the pre-treatment period. The TWFE weighting scheme can conceal violations,
even as such violations produce biased estimates of treatment effects. These results arise in the context of
a discrete treatment measure and the xtevent package used by JNR. In short, JNR’s preferred event-study
design cannot credibly test the parallel-trends assumption or estimate causal effects.

This simulation is based on a highly stylized DGP to demonstrate the qualitative problems with a
TWEFE-based event study. In Section 5 we use simulations based on actual minimum wage data in MSCZ
and BCP samples. We show that even when the true effect of minimum wages is zero, the pre-trends
violations within the MSCZ sample (that we empirically document) lead the TWFE-logMW-MSCZ and

TWFE-binary-MSCZ estimators to yield substantial negative estimates.

Coeflicients for event times

IA
|
w

-2 -1 0 1 2 >3

Panel A: LP-DiD

Positive and sig.  0.000 0.024 0.000 0.018 0.034 0.020 0.028
Negative and sig.  1.000 0.022 0.000 0.028 0.030 0.028 0.038

Panel B: XTEVENT

Positive and sig.  0.000 0.214 0.000 0.026 0.066 0.000 0.000
Negative and sig.  0.000 0.000 0.000 0.034 0.014 0.992 0.998

Table C1: Share of 500 simulations with a significant coefficients (at the 5% level), by event times:
XTEVENT (TWEFE) versus LP-DiD.
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Figure C1: Monte-Carlo study with heterogeneous pre-trends.
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Appendix D Difference-in-differences event-study methodology

This appendix explains how we construct combined minimum wage events and how we implement the
difference-in-differences (DiD) event study that underpins the paper’s estimates. Section D.1 details the
rules we used to identify events, define post-periods, and select clean controls. Section D.2 lays out the
econometric specification, Section 4.2 provides additional evidence on pre-trends by extending our event

study specification, while Section D.3 summarizes supplementary robustness checks.

D.1 Construction of minimum wage events

Here we describe the steps to identify each of the 45 combined state-level events in our analysis.

1. We first identify all instances of a prominent state minimum wage increase of at least $0.25 and 5

percent.27

2. We then exclude events that occurred in years with a federal minimum wage increase. We do so
because an event that begins in a federal increase year cannot have a “clean” counterfactual—there
are no states that did not experience minimum wage increases in that year or in the “event period.”
Thus, we remove events in 1990, 1991, 1996, 1997, 2007, 2008 and 2009. We label the remaining

events as our set of “admissible events.”

3. We then classify admissible events as “provisional combined events” if they do not include any
admissible events in the preceding three years. This step allows us to pool multi-year minimum

wage increases into a single combined event.

4. In some cases, this procedure does not properly capture an event’s start date. Specifically, if a
multi-phased increase begins with too small an increment, we would incorrectly code the start year

later than when the event actually began. To remedy this possibility, we use the following algorithm:

* For each of the provisional combined events that we identified in the previous step, we check

for the presence of any minimum wage increases (large or small) in the year prior to the

2"This definition differs slightly from Cengiz et al. (2019) for data-driven reasons. However, in Appendix Table D3 we show
robustness to the use of the Cengiz et al. (2019) events as well.
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provisional start year, while also checking that a federal increase did not occur in the prior

year.

» If we find such an increase and the state did not have indexation at that time, we consider the
event a legislated minimum wage increase. For such events, we assign the start year as one

year earlier. (Minimum wage indexation years are from Brummund and Strain (2020).)

* If the state did have indexation, we still check if the small increase was legislated. (Some small
increases were legislated, rather than the result of indexation, even in states that had indexation
at the time). If the small increase is indeed legislated, we designate the event start date as the
year prior to the provisional start year. If it is just a small increase due to indexation, we keep

our provisional start year.

* We then repeat this process until none of our start years have a legislated, non-federal-year

minimum wage increase in the preceding year.

5. The steps above yield 49 events and a maximum post-period of 6 years. In four states, however,
an event fell within the post-period of an earlier event in the state: Delaware 2014 and 2019; New
Jersey 2014 and 2019; Oregon 1998 and 2003; and Rhode Island 1999 and 2004. In these cases,
we removed the later event and subsumed it with the earlier one, provided that the later event’s
post-period minimum wage increase was smaller than the increase for the earlier event. In practice,

this condition held in all four cases. As a result, our final list includes 45 events.

We display these 45 combined state events as filled, dark blue circles in Figure D1. These 45 events
represent 98 prominent increases and 37 smaller increases—a total of 135 underlying events.”® On
average, events span a 4.2-year post-treatment period.

While our baseline event study analysis examines these 45 combined state minimum wage increases,
the exact set of usable events varies by dataset, as described in Table D1. Using balanced panels of QCEW
county data, we can study 34 events within MSCZs and 42 events within BCPs. The average minimum
wage increase over the post-treatment period is nearly identical for both: 24.3 percent and 24.6 percent,

respectively.

28Qverall, the 45 events capture 72 percent of all prominent state increases. Appendix D3 shows robustness to various event
definitions.

45



D.2 DiD event study design

Our pooled event study analysis aggregates individual case studies. We use a local projections DiD (LP-
DiD) event study model, which produces the same estimates as using the stacked event study approach in
Cengiz et al. (2019). However, the LP-DiD approach does not require us to construct a stacked dataset,

so we can use the original panel data.”

D.2.1 Defining ‘“‘clean controls”

Our event study contrasts outcome changes in treated units with those in “clean controls,” defined as
areas that experience no state-level minimum-wage increases during the three years before an event and
throughout its post-treatment window, which can extend up to six years. Because a federal minimum wage
increase would invalidate the counterfactual, we exclude any calendar year containing a federal increase
from the post-treatment period.*

We implement a maximum six-year post-period, corresponding to event times O through 5, with
the actual length depending on the treatment cohort. A 2013 event contributes a full six-year window
(2013-2018); a 1994 event contributes only two post years because the 1996 federal increase truncates
the period; and a 2017 event contributes three post years because the sample ends in 2019. Table D2
reports the distribution of post-period lengths across cohorts. Under these rules, a state qualifies as a
clean control for a 2013 event only if it records no state-level increases between 2010 and 2018, whereas
a clean control for a 1994 event must have no increases between 1991 and 1995. These restrictions ensure
that treatment and control units share the same minimum-wage path over the relevant pre- and post-event

horizons, bolstering the credibility of the parallel-trends assumption.

D.3 Supplementary findings for event studies

In this subsection, we describe modifications to the baseline event study specification to evaluate the

robustness of our estimates presented in Table 3 of the main paper.

2See Dube et al. (2025a) for the general case and Dube and Lindner (2024) for the minimum wage context.

30No area remains entirely “untreated” during the entire 1990-2019 period given the recurring nature of minimum-wage
adjustments. Appendix D.3 presents extensive robustness checks that vary the selection of events, controls, and window
lengths.

46



D.3.1 Robustness to clean control definitions

In the baseline specification, we define clean controls as states with no state minimum wage changes in
the three years prior to the event. Since the three-year cutoff is arbitrary, we assess robustness using
alternative clean control definitions: states with no minimum wage increases in the two or four years
before the treatment event. We present the results in Columns 1, 2, 4 and 5 of Table D4. The wage
and employment estimates remain consistent, with OWESs ranging from -0.388 to 0.006, depending on
geographic unit (MSCZ or BCP) and weighting. For comparison, the OWE range using the three-year

pre-period is -0.381 to 0.009. All OWE:s are statistically insignificant across these specifications.

D.3.2 Adding federal minimum wage increases

Our primary event study estimates focus on state-level minimum wage increases, where treated states
experience increases while clean control states do not. In most cases (37 out of 45), all control states have
lower minimum wages than the treated state at the end of the post-period. Across all events, 99 percent
of all control units have a lower minimum wage than their corresponding treated state at the end of the
evaluated period.

Federal increases are more challenging to analyze, as they require comparing states that experienced
larger increases to those that experienced smaller ones. Using federal events requires assuming the
absence of significant heterogeneity in treatment effects from federal increases. Despite this limitation,
we conduct an analysis of federal events under these assumptions.

To classify states as bound or unbound by a federal increase, we adopt the methodology of Clemens
and Wither (2019). A state is bound if its minimum wage was below $6.55 at the start of 2008 (the second
year of the three-year phased federal increase). Similarly, states are bound for the 1996-1997 federal
increases if their minimum wage was below $4.75 at the beginning of 1996. We exclude the 1990-1991
federal increase because of insufficient pre-period data.

Our approach requires adjustments to defining clean controls and post-periods, since unbound states
often implement state-level minimum wage increases. For example, during the 2007-2009 federal in-
creases, requiring clean controls to have no state-level increases over a six-year post-period and a three-year

pre-period results in no qualifying states. Another issue arises with defining the post-period. Previously,
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the post-period extended until the next federal increase or the end of the sample period. For federal in-
creases, extending the post-period reduces the number of control states as unbound states often implement
state increases, while retaining more controls requires shortening the post-period.

To address these challenges, we identify the maximum post-period for all unbound states during the
federal increases, defined as the longest period (up to six years) without a prominent (at least $0.25 and
5%) state-level increase. We then apply the same post-period to the corresponding treated (bound) state
for each pairwise comparison. For example, consider State A, which is bound by the federal increase in
2008 and shares MSCZs with two unbound states, B and C. If State B implemented a significant state
increase in 2011 and State C did so in 2015, the comparison between A and B would use a post-period of
2008-2010, while the comparison between A and C would use a post-period of 2008-2013.

Our control group is ultimately a subset of Clemens and Withers’ unbound states, as we exclude
unbound states from the control group once they implement state-level increases following federal events.

There are 44 bound states in 1996 and 27 in 2008, creating 71 potential ’federal events” in addition
to the 45 state-increase events we defined earlier. However, as we have pair-year fixed effects in our event
study specification, events can only be evaluated if there is treatment variation within a pair-year. In other
words, for federal events, we can evaluate the increase in a bound state only if one of its neighbors is an
unbound state with at least one clean post-period year.

Thus, a total of 18 additional federal events are evaluated when using MSCZs and 27 are evaluated
for BCPs.>! As Columns 1 and 4 of Appendix Table D3 show, across both MSCZ and BCP designs and
regardless of weighting, OWEs range between -0.108 and 0.499. None of these estimates are statistically
significant, ruling out sizable effects. Including federal minimum wage increases in the event studies thus

does not alter our key findings.

D.3.3 Excluding federal increases in the pre-treatment period

This robustness check refines our analysis by including only events where control areas did not experience
state or federal minimum wage increases in the three years before the event. In the baseline specification,
states qualify as clean controls if they meet two conditions: (1) no state minimum wage increases in the

three years preceding the event and (2) no state or federal increases in the post-period. To satisfy the

3I'These include 6 and 12 events from 1996 and 2008 respectively for MSCZs; and 10 and 17 respectively for BCPs
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second condition, the post-period is truncated to avoid overlapping with federal increases, resulting in
varying post-periods across event cohorts. Once the post-period is defined, clean controls must also have
no state increases within that period. The asymmetry in how our baseline specification treats federal and
state minimums in the pre-treatment period arises because federal increases tend to affect most states,
including the treated and control states. This robustness check addresses the bias that could still arise
from the differential bites of the federal increase and lagged effects.

In the baseline, a small number of events are evaluated using control states that experienced federal
increases in the three-year pre-period. For instance, events in 2010 are included, with clean controls
defined as states with no state increases from 2007 to 2015. However, these controls may have experienced
federal increases during 2007-2009. In this robustness check, we exclude such events, dropping 12 events
in total from 1992-1994, 1998-2000, and 2010-2012; only two of these events occur in 2000 or later.>?

Columns 2 and 5 of Table D3 present the results for the MSCZ and BCP samples. After excluding
events with federal increases in the pre-period, we continue to observe significant wage effects, null

employment effects and OWEs between -0.076 to 0.462, depending on the geographic unit and weighting.

D.3.4 Cengiz et al. (2019) events, uncombined

Our baseline estimates combine multiple phases of state minimum wage increases into single events. This
approach evaluates the total effect of phased-in policy changes without requiring controls for additional
increases during the post-treatment period. Furthermore, the baseline analysis excludes post-periods with
federal increases, ensuring clean control groups without minimum wage changes. This methodology
refines the event construction in Cengiz et al. (2019), who treated each prominent increase as a separate
event and controlled for small and federal increases parametrically, requiring stronger assumptions.

To evaluate whether our conclusions are robust to this refinement, we analyze 103 CDLZ events from
1991 to 2016 that are available in our data.>> For this specification, we retain the baseline definition of

clean controls but include additional covariates: 1) An indicator for whether another large state increase

32This stricter criterion excludes the widely studied 1992 New Jersey minimum wage increase analyzed by Card and Krueger
(1994), as the federal increase in 1990-1991 affected both New Jersey and Pennsylvania.

BCengizetal. (2019) originally identified 138 events from 1979-2016, with 121 events occurring in 1991 or later. Collapsing
their quarterly dataset to annual data reduces this to 120 events, as Pennsylvania had two increases in 2007 during different
quarters. Excluding Alaska, Hawaii, and Washington, DC yields 103 potentially usable events. The exact number of events
analyzed depends on the availability of balanced data and clean cross-border controls. Details on the number of events used
in MSCZ and border county analyses are provided in Table D3.
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occurred in the treated state during the pre-treatment period (instead of combining events). 2) Indicators
for small state increases in the treated state during the pre- or post-treatment periods. 3) Indicators for
federal increases affecting control states in the pre- or post-treatment periods (instead of excluding events
with interfering federal increases).

Columns 3 and 6 of Table D3 present the results for this specification. The findings remain consistent,
showing strong wage effects, near-zero employment effects and OWEs ranging from -0.247 to 0.102, none

of which are statistically significant.

D.3.5 Log employment as outcome

Our preferred event study specification uses log employment rate instead of log employment, with controls
for log population. This approach eliminates the need for log population as a covariate. Recent advances
in the difference-in-differences literature have highlighted potential biases when treatment effects vary by
covariate levels (e.g., policy impacts differing between high- and low-population areas).

For robustness, we modify our baseline event study specification to follow the methodology used
in JNR and DLR (and in TWFE estimates in this paper). Specifically, we use log employment as the
outcome variable instead of log employment rate, while incorporating controls for log employment and
log earnings in non-restaurant sectors, as well as log population. All outcome and control variables are
defined as post - pre differences, as described in our event-study equation (Equation 2).

As columns 3 and 6 of Table D4 show, this modification has no noticeable impact on our findings.

The earnings and employment estimates remain nearly the same, with OWEs between -0.346 and 0.033.

D.3.6 Accounting for composition effects in event study estimates

The lengths of post-treatment periods vary across events. Among the 42 events used for BCP analysis,
25 have a post-treatment window of at least 4 years, while 17 have 3 years or less. Although the average
effect (calculated across all post-treatment periods, regardless of length) is well estimated, the dynamic
response may be influenced by composition issues. These occur when different events contribute unequally

to estimates for different event times, potentially causing concern if the effects vary across different event
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cohorts.** To evaluate this issue, Tables D5 and D6 present estimates for each event time from O to 5,
holding event composition constant. For example, for the BCP sample in Table D6, column 6 presents
effects for event times O to 4, considering only the 22 events with at least 5 post-treatment periods (i.e.,
extending through event time 4). Other columns follow a similar approach. For both the MSCZ and BCP
samples, we find no evidence that composition effects influence outcome dynamics. Wage effects increase

over time, while employment effects remain close to zero, even when composition is held constant.

34The distributed lag version of TWFE also assigns different weights to events for estimating various leads and lags, but in
a much more opaque fashion.
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Figure D1: All minimum wage increases from 1990-2019
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Notes: This figure plots all state minimum wage increases. The blue solid circles represent the start of 45 events that we study in
our main analysis. The blue hollow circles represent state minimum wage increases that we evaluate as part of the post-periods
of these 45 events. Some state increases are neither the start of an event, nor are evaluated as part of another event. These
increases are either very small (some reflect indexation) - represented by orange diamonds; or they are prominent increases,
mostly in years when the federal minimum wage also increased - represented by purple triangles.®>. The green squares show
federal minimum wage increases. Any state without a green square in a federal increase year either increased its own minimum
wage that year (small or prominent), making its binding minimum wage higher than the federal; or its minimum wage was
higher than the federal in the previous year as well, making the federal increase redundant.
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Table D1: Number of events evaluated in different event study specifications

State MSCZ pairs BC pairs
Combined MW increases 45 34 42
All underlying MW increases 135 97 122
Pairs in regression . 91 420
Pairs with treatment variation . 62 261

This table shows the number of events evaluated and the number of border county and MSCZ pairs in QCEW baseline event
study regressions. These are the regressions in Table 3. We report the state sample too to show total number of potential
events. The numbers reported are for the full period regressions for each sample. The first row reports the total number
of combined events, while the second row gives the number of all MW increases evaluated as part of the combined events
included. The third and fourth rows report the number of commuting zone/county pairs used. Our estimation sample for all
years is all units which are either newly treated or a clean control for that particular year. Thus, unit-years which are neither
are dropped. Moreover, the Stata command reghdfe, which we use with pair-year fixed effects drops singletons - pair-years
where one side is either treated or control, but the other side is neither. Therefore, the pair-years that remain in the regression
are those where either 1) one side is treated and the other is a clean control; or 2) both are treated; or 3) both are controls.
The total unique number of such pairs (belonging to all three categories) is reported in the third row. However, considering
the fixed effects are at the pair-year level, the coefficients are calculated using the pair-years with variation in treatment (only
category 1 above). Thus, the final row reports all such pairs. Row 1 in this table, and any table in the paper which shows

“events evaluated” reports the number of events using these pairs only.
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Table D2: Details for the 45 combined minimum wage events, by year of the initial increase

Number of Post period No. of clean Mean increase
events length(years) control states in log MW

1992 2 4 39 131
1994 1 2 41 142
1995 1 1 44 .057
1998 2 6 39 249
1999 5 6 38 269
2000 1 6 33 251
2002 1 5 29 271
2004 1 3 30 233
2005 5 2 31 245
2006 - 1 32 2

2010 1 6 17 .089
2013 2 6 22 .368
2014 6 6 24 302
2015 7 5 24 26
2016 1 4 24 .196
2017 4 3 24 305
2019 1 1 24 .091
Overall 45 4.2 294 246

This table provides information by cohort on the 45 state-level events used in the event-study analysis. The 45 events are
defined as per state minimum wage changes. Availability of data and variation across county/commuting zone pairs dictate
which events are actually used in different specifications. The first column reports the number of events in that cohort/year.
The second column gives the length of the post-period for that cohort in years. Post-periods are a maximum of 6 years unless
interrupted by a federal MW increase year or end-of-sample. The third column reports number of states that serve as clean
controls for the cohort - a clean control needs to have no state MW increase in the three years before the cohort year, and also
no state MW increase in the relevant post-period. Finally, the last column reports the average log MW increase (average of the
difference between log MW in the last year of the post-period and the log MW in year #-1, where ¢ is the event year) across
all events in a cohort. The last row gives the total number of events and means by event (not by cohort) of post-period length,

clean control states, and log MW increase.
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Table D3: Event study estimates from QCEW data: Robustness to event definitions

MSCZ pairs BC pairs
(1) 2) (3) 4) (5) (6)
Federal No fed CDLZ events Federal No fed CDLZ events
events increase in + CDLZ events increase in + CDLZ
included pre-period controls included pre-period controls
A. Unweighted
Log wages 0.026™** 0.031** 0.043** 0.025* 0.029** 0.045*
(0.006) (0.008) (0.010) (0.005) (0.006) (0.006)
Log employment rate 0.006 0.015 0.000 -0.003 -0.001 -0.011
(0.009) (0.009) (0.015) (0.008) (0.011) (0.017)
MWE 0.032 0.064 0.001 -0.014 -0.006 -0.043
(0.049) (0.041) (0.061) (0.041) (0.043) (0.066)
OWE 0.238 0.462* 0.008 -0.108 -0.052 -0.247
(0.365) (0.259) (0.336) (0.308) (0.370) (0.374)
B. Weighted by population
Log wages 0.022*** 0.024** 0.040™** 0.019** 0.027** 0.030***
(0.005) (0.010) (0.011) (0.006) (0.010) (0.011)
Log employment rate 0.002 -0.002 -0.008 0.010 0.003 -0.005
(0.009) (0.006) (0.011) (0.009) (0.007) (0.006)
MWE 0.011 -0.007 -0.032 0.046 0.010 -0.021
(0.044) (0.024) (0.044) (0.041) (0.024) (0.025)
OWE 0.108 -0.076 -0.205 0.499 0.102 -0.176
(0.447) (0.262) (0.270) (0.554) (0.247) (0.213)
N 2,468 2,086 2,264 11,972 10,178 10,550
Events evaluated 52 27 79 69 31 93

Notes: This table checks robustness of our baseline event study estimates in Table 3 by changing event definitions. Columns 1-3 report estimates for MSCZ pairs, while
Columns 4-6 have results for BC pairs. Columns 1 and 4 include federal increase events, as discussed in sub-section D.3.2. Columns 2 and 5 remove events that have a
federal increase up to three years prior. Finally, Columns 3 and 6 use the uncombined event definitions from Cengiz et al. (2019), also using their specification to control
for other events in the event window (see sub-section D.3.4). Outcomes are defined similarly to Table 3. Standard errors, reported in parentheses, are clustered at the state

level. Stars indicate statistical significance as follows: * p < 0.10, ™ p < 0.05, *** p < 0.01
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Table D4: Event study estimates from QCEW data: Robustness to control sets and covariates

MSCZ pairs BC pairs
(1) ) (3) 4) (5) (6)
Clean controls: Clean controls: Outcome Clean controls: Clean controls: Outcome
No increase No increase is log No increase No increase is log
2 years prior 4 years prior employment 2 years prior 4 years prior employment
A. Unweighted
Log wages 0.032** 0.031** 0.031** 0.028** 0.027* 0.027*
(0.008) (0.008) (0.008) (0.006) (0.006) (0.006)
Log employment (rate) 0.001 -0.000 0.001 -0.004 -0.009 -0.008
(0.010) (0.011) (0.010) (0.009) (0.010) (0.009)
MWE 0.004 -0.001 0.004 -0.016 -0.039 -0.033
(0.046) (0.049) (0.045) (0.039) (0.045) (0.039)
OWE 0.029 -0.009 0.033 -0.134 -0.343 -0.293
(0.315) (0.341) (0.319) (0.324) (0.382) (0.327)
B. Weighted by population
Log wages 0.020* 0.020* 0.020* 0.020* 0.015* 0.020*
(0.011) (0.011) (0.011) (0.010) (0.009) (0.010)
Log employment (rate) -0.008 -0.008 -0.007 0.000 -0.003 -0.001
(0.006) (0.006) (0.006) (0.005) (0.006) (0.004)
MWE -0.030 -0.030 -0.028 0.000 -0.011 -0.006
(0.024) (0.025) (0.023) (0.018) (0.023) (0.017)
OWE -0.381 -0.388 -0.346 0.006 -0.179 -0.083
(0.288) (0.303) (0.287) (0.239) (0.317) (0.211)
N 2,220 2,074 2,132 10,788 10,114 10,414
Events evaluated 34 33 34 42 41 42

Notes: This table checks robustness of our baseline event study estimates in Table 3 by changing covariates or how control areas are defined. Columns 1-3 report estimates
for MSCZ pairs, while Columns 4-6 have results for BC pairs. Columns 1 and 4 (2 and 5) require controls areas to have no state minimum wage increases 2 (4) years
prior, instead of the baseline 3. Columns 3 and 6 change the dependent variable from log employment rate to log employment. They also add controls for log population,
and log employment and log earnings in non-restaurant sectors. This is similar to JNR’s TWFE specification. However, keeping in line with the specification in the
baseline event-study equation 2, our controls are also in differenced form. Outcomes, such as MWE and OWE are defined similarly as Table 3. Standard errors, reported in

parentheses, are clustered at the state level. Stars indicate statistical significance as follows: * p < 0.10, ** p < 0.05, ™ p < 0.01



Table D5: Dynamic event study estimates for cohorts with different post-periods - MSCZ pairs

Full sample Balanced sample - different post-period lengths
) 2) 3) “4) (&) (6) (N
> 1 >2 >3 >4 > 5 =6
A. Log earnings
k=0 0.019* 0.019"* 0.024™*  0.023** 0.016 0.017 0.020
(0.007) (0.007)  (0.009) (0.009) (0.011) (0.012) (0.019)
k=1 0.037* 0.037*** 0.036"*  0.028"  0.033***  0.040**
(0.009) (0.009)  (0.010) (0.011) (0.012) (0.017)
k=2 0.045** 0.045***  0.037*  0.046™*  0.055**
(0.012) (0.012)  (0.016) (0.016) (0.022)
k=3 0.045* 0.045***  0.053"*  0.068™**
(0.014) (0.014) (0.014) (0.018)
k=4 0.051* 0.051***  0.070**
(0.015) (0.015)  (0.019)
k=5 0.065** 0.065"**
(0.021) (0.021)

Post-averaged effect 0.031*** 0.019*** 0.031™* 0.035*** 0.032**  0.040*** 0.053**
(0.008) (0.007)  (0.008) (0.010) (0.012) (0.013) (0.018)
B. Log employment rate

k=0 0.001 0.001 0.000 0.002 0.004 0.018 0.024*
(0.007) (0.007)  (0.010) (0.011) (0.014) (0.011) (0.014)
k=1 0.000 0.000 -0.000 -0.000 0.009 0.007
(0.010) (0.010)  (0.010) (0.012) (0.012) (0.015)
k=2 -0.005 -0.005 -0.006 0.006 0.017
(0.015) (0.015) (0.018) (0.018) (0.025)
k=3 -0.007 -0.007 0.010 0.009
(0.025) (0.025) (0.024) (0.035)
k=4 0.016 0.016 0.021
(0.028) (0.028)  (0.040)
k=5 0.034 0.034
(0.045) (0.045)
Post-averaged effect -0.000 0.001 0.000 -0.001 -0.002 0.012 0.019
(0.010) (0.007)  (0.009) (0.012) (0.016) (0.018) (0.028)
OWE -0.004 0.032 0.009 -0.030 -0.074 0.297 0.357
(0.335) (0.380) (0.304) (0.338) (0.538) (0.384) (0.460)
N
(for average effect) 2,132 2,132 1,786 1,474 1,182 906 740
Events evaluated 34 34 28 23 18 16 9

Notes: Coeflicients are from specification in Equation 3 estimated using MSCZ pairs data from the QCEW. k in the row
headers refers to years from the event. Column 1 uses the full sample of events, while the other columns restrict the regression
to balanced samples based on length of post-period. For example, Column 4 only calculates an effect for 3 post-periods using
events that have at least 3 post-periods. Thus, all estimates for any particular column come from the same events. The OWE
reported in the last row is the own-wage elasticity for the post-averaged effect. Standard errors, reported in parentheses, are
clustered at the state level. Stars indicate statistical significance as follows: * p < 0.10, ** p < 0.05, *** p < 0.01



Table D6: Dynamic event study estimates for cohorts with different post-periods - BC pairs

Full sample Balanced sample - different post-period lengths
) 2) 3) “4) (&) (6) (N
> 1 >2 >3 >4 > 5 =6
A. Log earnings

k=0 0.016™* 0.016***  0.020™* 0.020™* 0.018"** 0.022*  0.024*
(0.005) (0.005) (0.006) (0.006)  (0.006) (0.007)  (0.009)
k=1 0.030*** 0.030*** 0.031™* 0.026™* 0.034*** 0.033***
(0.008) (0.008)  (0.008)  (0.009) (0.009) (0.012)
k=2 0.045** 0.045***  0.038*  0.047*  0.048™**
(0.012) (0.012)  (0.013) (0.012) (0.016)
k=3 0.039*** 0.039***  0.053**  0.057***
(0.012) (0.012)  (0.011) (0.015)
k=4 0.054** 0.054***  0.056***
(0.011) (0.011)  (0.015)
k=5 0.059*** 0.059**
(0.013) (0.013)

Post-averaged effect 0.027*** 0.016** 0.025* 0.032*** 0.030™*  0.042***  0.046™**
(0.006) (0.005) (0.007) (0.008)  (0.009) (0.009) (0.012)
B. Log employment rate

k=0 -0.004 -0.004 -0.003 0.002 0.001 0.007 0.009
(0.005) (0.005) (0.006) (0.006) (0.007) (0.008) (0.011)
k=1 -0.012 -0.012 -0.006 -0.005 -0.000 0.007
(0.010) (0.010)  (0.008) (0.009) (0.010) (0.012)
k=2 0.000 0.000 0.002 0.008 0.021
(0.011) (0.011)  (0.013) (0.015) (0.019)
k=3 0.002 0.002 0.010 0.017
(0.016) (0.016)  (0.018)  (0.025)
k=4 0.001 0.001 0.012
(0.022) (0.022)  (0.030)
k=35 0.016 0.016
(0.033) (0.033)
Post-averaged effect -0.006 -0.004 -0.007 -0.001 0.000 0.005 0.014
(0.009) (0.005) (0.008) (0.008) (0.011) (0.014) (0.021)
OWE -0.235 -0.226 -0.285 -0.042 0.003 0.125 0.293
(0.331) (0.330) (0.294)  (0.238) (0.357)  (0.329) (0.445)
N
(for average effect) 10,414 10,414 8,784 7,258 5,818 4,402 3,576
Events evaluated 42 42 36 30 25 22 14

Notes: Coeflicients are from specification in Equation 3 estimated using BC pairs data from the QCEW. £ in the row headers
refers to years from the event. Column 1 uses the full sample of events, while the other columns restrict the regression to
balanced samples based on length of post-period. For example, Column 4 only calculates an effect for 3 post-periods using
events that have at least 3 post-periods. Thus, all estimates for any particular column come from the same events. The OWE
reported in the last row is the own-wage elasticity for the post-averaged effect. Standard errors, reported in parentheses, are
clustered at the state level. Stars indicate statistical significance as follows: * p < 0.10, ** p < 0.05, *** p < 0.01
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