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1. Introduction

In 2019, national unemployment fell to 3.5 percent, its lowest level in fifty years. Yet a
full-employment benchmark constructed from vacancies and unemployment implied
values above 5 percent in some states and below 3.5 percent in others. Some state labor
markets still had slack while others were historically tight. A single national benchmark
treats this spatial variation as residual noise, even though it is economically meaningful.

This paper constructs a monthly panel of state-level full-employment unemployment
rates for the United States. I apply the Michaillat and Saez (2024) formula,

Ug s =/ Us,t X Vst (1)

to seasonally adjusted state unemployment and vacancy data for all 50 states and the
District of Columbia from 2001 to 2024. The resulting panel contains 14,688 state-month
observations. This is the first consistent state-by-month benchmark for full-employment
unemployment that is directly comparable across states and over time. Using this panel, I
document stylized facts about the level, dispersion, persistence, and shock dynamics of
u*. I also characterize when national and regional labor market signals align and when
they diverge. The outputs are designed to be reusable inputs for work on regional labor
market slack, Beveridge curve shifts, and the regional incidence of national policy.

I report five main findings. First, cross-state heterogeneity in u* is large and geographically
patterned. Over 2001-2024, mean u* ranges from 3.31 percent in North Dakota to 5.64
percent in Alaska. Low-u* states cluster in the Great Plains and parts of New England,
while high-u* states cluster in the West and include Alaska, Nevada, and California, among
others. Several mechanisms can generate these differences. Matching efficiency can vary
across labor markets because information systems, job networks, and geography differ
across states (Sheldon 2020; Crawley, Welch, and Yung 2021). Industrial composition can
matter as exposure to sectoral shocks affects separations and matching, and industry mix
has been shown to explain substantial cross-state variation in the relationship between
output and unemployment (Gonzalez Prieto, Loungani, and Mishra 2018). Institutions also
differ across states, including minimum wages, unemployment insurance generosity, and
right-to-work provisions, all of which impact structural unemployment, and as Cebula
(2019) shows greater labor market freedom is linked to lower unemployment.

Second, dispersion in u* rises after major downturns and does not fully reverse. The cross-
state standard deviation of u* averages 0.47 percentage points (pp) in 2001-2007, rises to
0.55 during the Great Recession, remains 0.55 in 2011-2019, spikes to 0.86 in 2020, and
stays elevated at 0.63 in 2021-2024. This ratcheting pattern is consistent with synchronized
cyclical comovement alongside divergent longer-run positions. One mechanism that can



sustain persistent differences is declining interstate mobility. Schleicher (2017) documents
how land-use regulation impedes labor mobility, and Fonseca and Liu (2024) show that
mortgage lock-in further reduces geographic adjustment. These papers support this
finding.

Third, state rankings are persistent but not fixed, and the distribution shifts upward. The
Spearman rank correlation between state mean u* in 2001-2007 and 2021-2024 equals
0.70. Every state has higher mean u* in 2021-2024 than in 2001-2007, and the increases
are uneven. This pattern is consistent with hysteresis channels that raise equilibrium
unemployment after adverse shocks. Ball and Onken (2022) provide evidence for hysteresis
at the national level, while Bahmani-Oskooee, Chang, and Ranjbar (2018) and Canarella
et al. (2019) document similar patterns at the sub-national level. These results suggest
hysteresis may be important for understanding state labor markets.

Fourth, major shocks generate distinct dispersion dynamics. In an event-study framework,
COVID-19 produces a sharp spike in cross-state u* dispersion that largely dissipates within
the event window. The Great Recession produces a slower increase that remains elevated
well after the onset of the downturn. The contrast suggests that common shocks can leave

either transient or persistent spatial footprints, depending on the adjustment mechanisms.

Fifth, Beveridge curve positions shift outward across states, with substantial heterogeneity
in magnitude. Comparing 2001-2007 to 2021-2024, the position of the Beveridge curve
increases in every state, with a mean shift of roughly one percentage in unemployment
holding vacancies constant, and a wide cross-state distribution. Heterogeneous shifts
imply that the same national vacancy and unemployment aggregates can correspond
to very different state labor market conditions. This finding connects to Barnichon and
Shapiro (2024), who show that Beveridge curve position matters for inflation dynamics. If
the curve shifts by different amounts across states, and the curve’s position is important for
inflation dynamics, then a national aggregate Beveridge curve will misrepresent important

regional relationships.

In regression analysis, I decompose variation in u* into components associated with
persistent state characteristics and time-varying indicators.! State and time fixed effects
account for most explained variation, consistent with a common business cycle overlaid
on distinct state-level longer-run positions. Observable covariates add modestly beyond
fixed effects, and persistent characteristics explain more of the cross-state differences
than short-run indicators commonly linked to search frictions.

IThis paper is descriptive. It documents patterns and correlates of state-level variation in 1*, and it does
not make causal claims about specific policies. The correlations are informative about what is associated
with higher or lower u*, but causal identification requires designs beyond the scope of this study.



The results have implications for monetary policy assessment. Monetary policy operates
at the national level, but the unemployment gap u ¢ - u;*) ; varies across states. When states
are jointly tight or jointly slack, a national benchmark provides a coherent signal. However,
mixed conditions are common. In the full sample, months with mixed conditions occur
about one-fifth of the time. In those months, a given national policy stance implies different
degrees of tightness across states, which complicates the assessment of regional slack.
A substantial literature documents heterogeneous regional effects of monetary policy
shocks and links this heterogeneity to differences in industry mix, banking structure, and
housing markets (Carlino and DeFina 1998; Owyang and Wall 2009; Furceri, Mazzola, and
Pizzuto 2019; Pizzuto 2020). The state-level u* panel provides a new lens for evaluating
these regional asymmetries.

A growing body of work uses state-level variation to study questions traditionally ad-
dressed with national data, and this paper contributes to that effort. Hazell et al. (2022)
use cross-state variation to estimate a relatively flat Phillips curve. Kapetanios et al. (2021)
estimate state-level wage Phillips curves and find heterogeneous responses across states.
Fitzgerald et al. (2024) study stability in unemployment-inflation relationships over time.
If inflation responds to deviations from u*, and if u* varies across states, then a state-level
u* panel is a natural input to this line of research. The regional labor markets literature
provides additional context. Fieldhouse et al. (2024) document increasingly synchronized
state business cycles, consistent with greater integration. Other work studies persistence
and convergence in state unemployment (Hadizadeh 2021) and documents substantial
heterogeneity in state experiences during the Great Recession (Wall 2023).

The natural rate of unemployment remains central to labor market analysis and monetary
policy. Michaillat and Saez (2024) derive the geometric-mean formula from an efficient
matching condition and apply it to national data. Giannoni et al. (2019) develop a unified
approach to measuring u* using multiple indicators, and Crump et al. (2024) extend this
work to study the Phillips curve during COVID. Almost all related research, however,
measures u* at the national level. That focus persists despite theoretical reasons to expect
subnational heterogeneity and despite the availability of state-level data that permit direct
measurement. I fill that gap by providing a state-by-month series that is comparable across
places and time.

The paper proceeds as a sequence of increasingly structured descriptions of the state-level
u* panel. Section 2 describes the data and measurement approach. Section 3 establishes
baseline stylized facts about cross-state heterogeneity, the evolution of dispersion, and the
persistence of state rankings. Section 4 uses an event-study design to compare dispersion
dynamics following the Great Recession and COVID-19. Section 5 documents heteroge-
neous Beveridge curve shifts across states. Section 6 examines correlates of u* using
two-way fixed effects and within-between decompositions. Section 7 classifies state labor



market conditions relative to state-specific full-employment benchmarks and discusses
implications for monetary policy assessment. The contribution is primarily empirical. I
introduce a reusable dataset and document patterns that have not been systematically
described. The sections prioritize breadth over depth on any single finding, with the goal
of establishing a descriptive foundation for future work on regional labor market slack,
Beveridge curve heterogeneity, and the regional incidence of national policy.

2. Data and Measurement

2.1. The Michaillat-Saez Formula

I measure the full-employment rate of unemployment using the formula in Michaillat
and Saez (2024):

Ug s = \/Ust X Vs t, (2)

where ug ; is the full employment rate of unemployment, us,; is the unemployment rate,
and vy 1 is the vacancy rate, all in state s at time t.

The economic interpretation follows from the matching model in Michaillat and Saez
(2024). In their framework, a matching function brings together unemployed workers
and vacant jobs. They define efficiency as the point on the Beveridge curve at which the
marginal social value of an additional filled vacancy equals the marginal social cost of
additional unemployment. Under their welfare criterion, that condition implies u* =
Vuv. The geometric mean therefore identifies the unemployment rate that balances
unemployment costs against recruiting costs. When us; > ug ;, unemployment is high
relative to vacancies, consistent with underutilized labor and a slack market. When u+ <
ug 1, vacancies are high relative to unemployment, consistent with costly recruiting and a
tight market.

Applying the formula at the state level requires a market-definition assumption. The
Michaillat-Saez condition is local to a labor market in which search and matching take
place, and I treat each state as the relevant market.? This approach is defensible for three
reasons. First, job search and hiring are geographically concentrated, and most matches
occur within a commuting radius rather than across the country. Second, cross-state mo-
bility is limited and has declined over time (Schleicher 2017; Fonseca and Liu 2024), which

weakens the equalization forces that would otherwise erase persistent differences in labor

2Functional labor markets often align more closely with metropolitan areas or commuting zones, and
some high-employment metros span state borders. Killian and Tolbert (2019) and Casado-Diaz, Coombes, and
Martinez-Bernabéu (2023) discuss alternative delineations. The concern is not unique to ©* and applies to
most state-level labor market analysis. I proceed with states because state-level unemployment and vacancies
are consistently measured at monthly frequency and policy boundaries coincide with state borders.



market tightness. Third, several institutions that shape search incentives and matching
costs are organized at the state level, including unemployment insurance and many labor
regulations. Taken together, these considerations imply that state-level unemployment
and vacancies contain meaningful information about state-level matching conditions.

One measurement limitation warrants explicit acknowledgment. The unemployment rate
from Local Area Unemployment Statistics (LAUS) is residence-based, while the vacancy
rate from JOLTS is establishment-based. In states with large cross-border commuting flows,
these series describe partially different populations: a resident may be unemployed in one
state while searching for vacancies posted in another. This mismatch is not unique to the u*
construction, it applies to any state-level analysis that combines LAUS with establishment-
based data. However, it is relevant here because the geometric mean formula assumes
that the unemployed and the vacancies inhabit the same market. Table A3 shows that
the main dispersion results are robust to excluding the jurisdictions with the highest
cross-state commuting exposure, suggesting that the commuting mismatch is not driving
the documented patterns.

2.2. Key Data Sources

In Equation (2), the unemployment rate u;; comes from the Bureau of Labor Statistics
(BLS) LAUS program, and the vacancy rate v is the job openings rate from the Job
Openings and Labor Turnover Survey (JOLTS) state-level series. I use the seasonally
adjusted version of each.? This mapping is mechanical and fully reproducible.

The sample covers January 2001 through December 2024 for all 50 states and the District
of Columbia. The start date reflects the earliest year in which the state JOLTS job openings
rate is available on a consistent basis. The resulting panel contains 288 months and 14,688
state-month observations with complete data on u;; and v ¢.

Table 1 reports summary statistics for u*. Across state-months, the mean unemployment
rate is 5.36 percent (standard deviation 2.17 percentage points (pp)). The mean vacancy rate
is 3.77 percent (standard deviation 1.43 pp). u* averages 4.26 percent (standard deviation
0.78 pp). The smaller dispersion of u* relative to its components reflects the negative
relationship between unemployment and vacancies.

2.3. National versus State Aggregates

National u* and the average of state-level u* are conceptually distinct and numerically
different. National u* is computed from aggregate U.S. unemployment and vacancy rates.

3Details on the Bureau of Labor Statistics’ Local Area Unemployment Statistics methodology are available at
https://www.bls.gov/lau/laumthd.htm. Details on the state Job Openings and Labor Turnover Survey
methodology are available at https://www.bls.gov/jlt/jlt_statedata_methodology.htm.
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TABLE 1. u* Summary Statistics
Mean SD Min pl0 p50 p90 Max

Panel A: State-month observations (%)

Unemployment rate 536 217 170 310 490 830 30.50
Vacancy rate 377 143 1.25 230 345 590 10.80
u* 426 078 251 342 414 5.20 10.54

Panel B: Monthly averages (%)

National u* 438 060 3.68 3.83 427 498 727
Unweighted State-level u* 426 055 347 374 418 478 726
Population Weighted State-level u* 435 0.59 3.53 3.80 4.24 493 717
Labor Force Weighted State-level u* 4.35 0.59 3.52 379 4.24 493 717

Panel C: Sample coverage

States 51 (50 states + District of Columbia)
Months 288 (January 2001 - December 2024)
Observations 14,688

Note: Panel A reports summary statistics across all state-month observations. Panel B reports statistics for
the monthly average of state-level u* and the national u* over the sample period.

Source: JOLTS and LAUS, author’s calculations.

The unweighted mean of state u;t assigns each state equal weight in each month.* Al-
ternatively, one can weight state v ; by population or labor force. Because the mapping
u* = \/uv is nonlinear, none of these state-level averages generally equals national u*
computed from aggregate rates. Panel B of Table 1 reports all four series. The national
mean over this sample is 4.38 percent (standard deviation 0.60 pp), and the unweighted
state mean is 4.26 percent (standard deviation 0.55 pp). The weighted means fall between
the two and are closer to the national series. In subsequent sections, I use national u*
as a benchmark for the aggregate Beveridge curve and the unweighted state mean to
summarize the typical state and to study cross-state dispersion.

Figure 2 plots national u*, the unweighted state mean, and measures of cross-state dis-
persion. The two central-tendency series track closely over time: the correlation is 0.98,
and the unweighted state mean is lower on average by 0.12 pp (see the notes to Figure 2).
Dispersion measures, however, reveal heterogeneity that an aggregate series necessarily
conceals.

*The mean of all state-month observations is not the same object as the mean of the monthly cross-state
average. As a result, in Table 1 the reported mean for the State-month u* differs from the reported mean of
the Monthly averages for the Unweighted State-level u”*.



3. Stylized Facts

This section documents baseline patterns in state-level u*. Cross-state heterogeneity is
large and geographically patterned, dispersion varies over time, and rankings are generally
persistent but also include some nontrivial reshuffling. Sections 4 and 5 extend these
descriptive results by examining dispersion responses to major shocks and changes in
states’ Beveridge curves.

3.1. Factl: Large Cross-State Heterogeneity
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FIGURE 1. Average u* by State, 2001-2024
Source: JOLTS and LAUS, author’s calculations.

Figure 1 maps mean u* by state over the full sample. Cross-state differences are large.
North Dakota has the lowest mean ©* at 3.31 percent, while Alaska has the highest at 5.64
percent. The 2.33 percentage points (pp) gap is comparable in magnitude to the average
change in unemployment during post-WWII recessions, a quantity economists routinely
treat as economically meaningful.’

Table 2 reports the ten lowest- and highest-u* states. The low end is concentrated in the
Great Plains (North Dakota, South Dakota, Nebraska, Iowa, Kansas) and includes two
New England states (New Hampshire, Vermont). The high end is concentrated in the

>Across the eleven post-WWII, pre-COVID-19 recessions, the average increase in the unemployment rate
during the recession period was 2.67 pp. The comparison is between a cross-state level gap and a cyclical
change, so it is meant to convey scale rather than equivalence.



West (Alaska, Nevada, California, Arizona, New Mexico) but also includes several states
elsewhere (West Virginia, Mississippi, Kentucky, Rhode Island). As reported in Table 3,
over the full sample the cross-state standard deviation of state mean u* equals 0.55 pp,
and the interquartile range equals 0.69 pp.

TABLE 2. States with Highest and Lowest Mean u*, 2001-2024

Rank State Mean u* (%) Mean u (%) Mean v (%)
Panel A: Lowest u*
1 North Dakota 3.31 3.02 3.87
2 South Dakota 3.33 3.23 3.72
3 Nebraska 3.34 3.39 3.54
4 Iowa 3.57 4.07 3.41
5 Hawaii 3.63 4.28 341
6 Utah 3.75 4.18 3.78
7 New Hampshire 3.76 3.96 3.90
8 Vermont 3.76 3.83 4.03
9 Minnesota 3.77 4.50 3.55
10 Kansas 3.86 4.64 3.53
Panel B: Highest u*
42  Rhode Island 4.65 6.40 3.78
43 Oregon 4.65 6.36 3.79
44  Kentucky 4.65 6.11 3.90
45  Mississippi 4.65 6.52 3.68
46 New Mexico 4.67 5.75 4.04
47  Arizona 4.68 5.94 4.03
48 California 4.70 6.98 346
49  West Virginia 4.76 5.81 4.22
50 Nevada 496 7.09 3.85
51 Alaska 5.64 6.59 5.10

Note: States ranked by mean u* over the full sample period (January 2001 - December 2024).
Source: JOLTS and LAUS, author’s calculations.

Regional clustering is visible but limited. The Midwest has the lowest regional mean at
3.90 percent, followed by the Northeast at 4.19 percent, the South at 4.39 percent, and
the West at 4.47 percent. Regional differences explain about 25 percent of the cross-state
variance in mean u*, with the remainder reflecting within-region heterogeneity. The West
illustrates the point: California and Nevada sit near the top of the distribution, while Utah
lies near the bottom. Similar within-region dispersion appears in the South: West Virginia
and Mississippi rank high, while Texas is near the median and Virginia is well below it.
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FIGURE 2. State Full-Employment u*: Level and Dispersion

Note: The difference in mean state u* and national u*, on average, is 0.12 pp, and the correlation is 0.98.
Source: JOLTS and LAUS, author’s calculations.

3.2. Fact 2: Dispersion Evolves Over Time

Figure 2 plots national u*, the unweighted mean of state u*, and cross-state dispersion
bands. The bands capture the interquartile range, the 10th-90th percentile range, and the
full min-max range.

The dispersion measures describe the cross-sectional distribution of state labor market
positions as summarized by u*, not the extent of cyclical comovement in unemployment
rates. Fieldhouse et al. (2024) show that state unemployment rates have become more
correlated over time, which implies stronger synchronization of fluctuations around state-
specific positions. Stronger comovement does not imply convergence in those positions.
States can move together over the cycle while maintaining distinct longer-run values of
u*. The question here is whether those values converge, diverge, or remain stable.

Two patterns stand out. First, as visible in Figure 2, the level of u* increases during major
downturns and then only partially reverses, settling at a higher level than pre-shock. This
pattern is clear following both the Great Recession and the COVID-19 recession. In both
cases, mean u”* increases following the start of the recession, peaks at some point in the

recovery, yet remains at a level above the start of the recession moving forward.

Second, cross-state dispersion increases after major downturns and remains elevated.
The cross-state standard deviation averaged 0.47 pp in 2001-2007, rose to 0.55 during the



Great Recession, and remained near that level through 2011-2019. Dispersion spiked to 0.86
in 2020 and then declined, but it remained at 0.63 in 2021-2024. Relative to the 2001-2007
baseline, the interquartile range increased by 60 percent in the post-COVID period, and
the standard deviation increased by 34 percent.

TABLE 3. Cross-State Dispersion in u* by Period

Period Meanu* SD IQR Range ASD
2001-2007 (Pre-GR) 3.80 047 054 2.66 -

2008-2010 (Great Rec.) 4.09 0.55 0.69 270 +0.08
2011-2019 (Recovery) 4.31 0.55 0.69 276 +0.08
2020 (COVID) 5.95 0.86 1.06 4.29 +0.39

2021-2024 (Post-COVID) 4.76 0.63 0.87 2.89 +0.16

2001-2024 (Full sample) 4.26 0.55 069 281 +0.08

Note: Statistics are computed across states within each month and then averaged across months within the
period. Mean u* is the unweighted cross-state mean. SD is the within-month cross-state standard deviation.
IQR is the within-month interquartile range (75th minus 25th percentile). Range is the within-month max
minus min. A SD is the change in the period-average SD relative to the 2001-2007 baseline. All values are in
percentage points.

Source: JOLTS and LAUS, author’s calculations.

Table 3 summarizes dispersion by period.® States do not converge toward a common u*
in this sample. Dispersion rises after large downturns and does not fully reverse.” Declin-
ing interstate mobility is one mechanism that can sustain these persistent differences
(Schleicher 2017; Fonseca and Liu 2024).

3.3. Fact 3: Persistence with Reshuffling

Figure 3 plots each state’s mean u* in 2001-2007 against its mean u* in 2021-2024. The 45-
degree line indicates no change between the two periods, and the fitted line summarizes
the cross-state relationship.

State rankings are persistent. The Spearman rank correlation between pre-Great Recession
and post-COVID mean u* equals 0.70. North Dakota, South Dakota, and Nebraska remain
near the bottom of the distribution, and Alaska remains near the top. Table 5 reports
a quintile transition matrix. The diagonal contains 20 states (39 percent), indicating
substantial persistence. Persistence is strongest at the extremes: 7 of 11 states in the lowest
quintile and 6 of 10 in the highest quintile remain in place. This pattern is consistent with

slow-moving state characteristics that shape matching and separation.

®A sample robustness check for Table 3 is presented in Table A3.

’A generic concern with long state-level vacancy series is that measurement properties may evolve over
time. Two empirical checks suggest the dispersion pattern is not an artifact of the early sample: Figure 2 does
not show unusually tight or large cross-state bands in the earlier sample (25-75, 10-90, or min-max), and
Table 3 shows dispersion increasing across post-2007 periods using both SD and IQR from within each period.

10
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FIGURE 3. Persistence of State Full-Employment u*

Note: Spearman p = 0.70 (p = 0.000). OLS slope = 0.98 (R? = 0.53).

Source: JOLTS and LAUS, author’s calculations.

Persistence is nevertheless incomplete. The OLS slope equals 0.98 and the R? equals 0.53,
so roughly half of the cross-state variation in post-COVID u* is not explained by its pre-
Great Recession level. Off-diagonal entries in Table 5 are sizable, and several states move
by two or more quintiles. Nevada moves from the middle of the distribution to the top
quintile. Ilinois shifts upward by multiple quintiles as well.

A broad-based upward shift is the most salient feature of Figure 3. Every state lies above
the 45-degree line, implying that all 51 experienced an increase in mean u* between 2001-
2007 and 2021-2024. The mean increase equals 0.96 pp. The smallest increases occur in
Alabama (0.31 pp), South Dakota (0.33 pp), Utah (0.38 pp), and Vermont (0.39 pp). The largest
occur in Nevada (2.03 pp), Delaware (1.60 pp), Illinois (1.57 pp), and New Mexico (1.57 pp).
Twenty-four states increase by more than one percentage point. Table 4 summarizes these
changes and the associated quintile movements.

The combination of persistent rankings and broad-based upward shifts is consistent with
hysteresis mechanisms. Ball and Onken (2022) argue that adverse shocks can perma-
nently raise equilibrium unemployment. Canarella et al. (2019) document hysteresis at
the metropolitan level after the Great Recession. The uneven magnitude of the shifts,
ranging from 0.31 to 2.03 pp, suggests that hysteresis operates with different force across

11



states, possibly reflecting differences in industrial composition, institutional rigidity, or
exposure to specific shocks.

TABLE 4. States with Largest Changes in u*, 2001-2007 to 2021-2024

State Pre-GR Post-COVID Change Quintile Move

Panel A: Largest increases

1 Nevada 3.82 5.85 +2.03 Q03— Q5
2 Delaware 3.58 5.18 +1.60 Q2 - Q4
3 Illinois 3.85 543 +1.57 03-0Q5
4 New Mexico 3.98 5.55 +1.57 Q4 - Q5
5 Michigan 3.88 5.27 +1.39 Q4 - Q5
6 Massachusetts 3.63 5.01 +1.39 Q2 - 04
Panel B: Smallest increases

46 South Carolina  4.37 492 +0.55 Q5—-0Q3
47 Montana 3.94 448 +0.54 Q4 - Q2
48 Vermont 3.53 393 +0.39 Q1-01
49 Utah 3.58 3.96 +0.38 Q2 - Q1
50 South Dakota 3.10 343 +0.33 Q1 - Q1
51 Alabama 3.83 4.14 +0.31 Q3 - Q1

Note: Pre-GR is mean u* over 2001-2007. Post-COVID is mean u* over 2021-2024. Change is Post-COVID minus
Pre-GR. Quintile assignments are based on within-period rankings. All values are in percentage points. All 51
states experienced increases; no state had a negative change.

Source: JOLTS and LAUS, author’s calculations.

TABLE 5. Quintile Transition Matrix: Pre-Great Recession to Post-COVID

Post-COVID (2021-2024)
Pre-GR (2001-07) Q1 Q2 Q3 Q4 Q5 | Total

Q1 (Low) 7 3 1 0 0] n
Q2 3 1 3 0| 10
03 1 3 2 2 2| 10
Q4 0 3 1 4 2| 10
Q5 (High) 0 0 3 1 6| 10
Total 11 10 10 10 10 | 51

Note: Each cell shows the number of states in the corresponding quintile combination. Quintiles are defined
separately within each period based on mean u*. Diagonal entries (in bold) indicate states that remained
in the same quintile across periods; 20 of 51 states (39%) remained on the diagonal. Q1 contains states with
lowest u*; Q5 contains states with highest u*.
Source: JOLTS and LAUS, author’s calculations.
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4. Shock Responses

Section 3 showed that cross-state dispersion in u* rises after major downturns and does not
fully reverse. This section asks whether different national shocks generate different disper-
sion dynamics. If cross-state differences reflect only a common cycle plus measurement
noise, dispersion should respond similarly across downturns. If structural components
matter, shocks with different sectoral and geographic exposure should generate distinct
paths.

4.1. Event Study Design

I study two episodes: the Great Recession, dated to December 2007, and COVID-19, dated
to February 2020, the NBER business-cycle peak months for the two downturns. Let
ot = sds(ug ;) denote the cross-state standard deviation of ug; in month t. For each shock
with onset month #j, I compute the event-time series

AGT = Oty+1 — Otp) (3)

for T € [-24, 48] months. This design normalizes dispersion to zero at onset and traces the
evolution of cross-state dispersion before and after the shock.

To benchmark these dynamics against typical variation, I construct placebo event win-
dows. Placebo onsets include all months for which the full 72-month window is observed,
excluding months within 12 months of either shock onset. This yields 168 placebo windows.
For each placebo onset, I compute the same Ao path. Figure 4 plots the median placebo
path and the 10th-90th percentile range as a reference band.

With two episodes, the analysis is descriptive. The placebo band benchmarks typical
variation in dispersion during non-shock periods, but it is not a formal test of equality
across shocks. The goal is to characterize whether the dispersion dynamics of the Great
Recession and COVID-19 are qualitatively distinct and economically meaningful relative

to normal fluctuations.?

4.2. Findings

COVID-19 generates a sharp increase in cross-state dispersion. From a baseline standard
deviation of 0.55 percentage points (pp) at T = 0, dispersion rises by 0.63 pp within four

months. The increase lies above the 90th percentile of placebo paths at its peak and

8Because the placebo windows span periods with different baseline levels of dispersion, the reference
band reflects a mixture of volatility regimes. If anything, this makes the bands conservative. They are wider
than a regime-specific band conditioned on the baseline dispersion at each shock onset, so exceeding it is a
stronger signal than comparison to a regime-matched benchmark would require.
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FIGURE 4. Dispersion of u* Around National Shocks

Note: Change in cross-state SD(u*) relative to T = 0. The placebo band uses all 168 feasible Ty windows with
full [-24, +48] coverage, excluding onsets within 12 months of 2007m12 or 2020m2. The band shows the
10th-90th percentile range of placebo paths.

Source: JOLTS and LAUS, author’s calculations.

remains above the 90th percentile for 24 months. Dispersion then declines; by T = 36, the

change from baseline is near zero.

The Great Recession produces a slower but more persistent increase. From a baseline of
0.43 pp at T = 0, dispersion changes little in the first year. It then rises gradually, reaching a
peak increase of 0.31 pp at T = 28, above the 90th percentile of placebo paths. The increase
persists; at T = 48, dispersion remains 0.16 pp above its onset level, although it does lie
within the placebo bands.

The difference in peak responses is not solely an artifact of different starting levels. Relative
to baseline, the COVID peak represents a 115 percent increase and the Great Recession

peak a 72 percent increase.

Table 6 summarizes the two episodes. COVID produces a peak increase roughly twice as
large as the Great Recession (0.63 versus 0.31 pp), but the COVID increase largely dissipates
within three years, while the Great Recession increase remains elevated at the end of the
window. The higher baseline at the COVID onset (0.55 versus 0.43 pp) reflects the fact that
dispersion did not return to its pre-2008 level during the 2011-2019 expansion, consistent

with the ratcheting pattern documented in Section 3.

14



TABLE 6. Dispersion Response to Major Shocks

Great Recession COVID-19
(Dec. 2007) (Feb. 2020)

Baseline SD att =0 0.43 0.55
Peak change from baseline +0.31 +0.63
Months to peak 28 4

Change at ¢t =12 +0.01 +0.22
Change att =24 +0.09 +0.13
Change att =36 +0.18 -0.02
Change at t = 48 +0.16 -0.02

Note: Baseline SD is the cross-state standard deviation of u* in the month of shock onset. Peak change is the
maximum increase in SD relative to baseline over the 48-month window following onset. All values are in
percentage points.

Source: JOLTS and LAUS, author’s calculations.

4.3. Interpretation

COVID-19 was a sudden disruption that interacted with industry composition, especially
sectors requiring in-person contact. States with large leisure and hospitality employment
experienced unusually sharp unemployment increases, while states with greater capacity
for remote work experienced smaller dislocations. These differences are consistent with
a large initial rise in dispersion that then declines as the sectoral disruption unwinds over
2020-2022.

The Great Recession combined a nationwide demand contraction with a housing and
financial shock that was geographically concentrated and slow to unwind. States more
exposed to the housing shock appear to have experienced more persistent labor market
dislocation. The gradual rise in dispersion is consistent with adjustment processes that
operate with lags, including slow reallocation across sectors and prolonged weakness in
housing-related activity.

National downturns differ in their regional consequences. Shocks that operate primarily
through temporary, uneven sectoral disruption can generate large but transitory disper-
sion spikes. Shocks that induce persistent restructuring in geographically concentrated
sectors can generate smaller peak increases but more durable effects on the cross-state
distribution of u*. If these durable effects reflect outward shifts in state Beveridge curves,
they should appear as heterogeneous changes in the unemployment-vacancy relationship
across states. Section 5 examines whether that is the case.
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5. Beveridge Curves

The Beveridge curve plots unemployment against vacancies and summarizes the relation-
ship between joblessness and job openings implied by the matching process. An outward
shift means higher unemployment for a given vacancy rate (equivalently, higher vacan-
cies for a given unemployment rate), and is commonly interpreted as lower matching
efficiency or higher mismatch. National Beveridge curves are computed from aggregate
U.S. unemployment and vacancy rates, which combine state outcomes with weights that
vary with state size and labor market conditions. If states shift by different magnitudes,
national aggregates compress this heterogeneity into a single curve.

5.1. Measuring Shifts

I model each state’s Beveridge curve in each period as a rectangular hyperbola,

v=—, (4)
u

where u is the unemployment rate and v is the vacancy rate. The curve is summarized by
its parameter A: higher A shifts the curve outward, in the sense that for any fixed vacancy
rate, implied unemployment is higher (u = A/v), and for any fixed unemployment rate,
implied vacancies are higher (v = A/u). This construction follows Michaillat and Saez
(2024). I then estimate the period-specific curve parameter as the mean monthly product,

_-—F>—P
Agp = UstVsit (5)

where bars denote averages over months ¢ within period P for state s.°

For readability, I report shifts using \/Z, which equals the unemployment-rate coordinate
of the curve’s intersection with the 45-degree line (u = v). This transformation is a mono-
tone rescaling of A that preserves the direction and ranking of shifts while expressing

them in unemployment-rate units. The state-level shift is accordingly defined,

A\/Z =V As,tz -V As,tl- (6)
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TABLE 7. Beveridge Curve Shifts by State, 2001-2007 to 2021-2024

Statistic Value
Shift distribution (pp)

Mean shift 0.99
Median shift 0.96
Standard deviation 0.39
Minimum (Alabama) 0.32
Maximum (Nevada) 2.07

Number of states by shift magnitude

Shift < 0.5 pp 4
Shift 0.5-1.0 pp 22
Shift 1.0-1.5 pp 21
Shift > 1.5 pp 4

National comparison

National shift 1.08
Share of states shifting outward ~ 100%

Source: JOLTS and LAUS, author’s calculations.

TABLE 8. Beveridge Curve Shifts for Selected States

VA (%)
State 2001-07 2021-24 AV/A (%) Rank
Extreme cases
Nevada (largest shift) 3.83 5.90 +2.07 1
New Mexico (2nd largest) 3.99 5.63 +1.64 2
South Dakota (2nd smallest) 3.10 345 +0.35 50
Alabama (smallest shift) 3.84 4.16 +0.32 51
Large states
California 413 5.29 +1.16 18
Texas 3.98 5.05 +1.07 21
Florida 3.83 4.54 +0.71 37
New York 3.68 5.02 +1.34 11
Aggregate
National 3.86 4.94 +1.08 -
State average (unweighted) 3.81 4.79 +0.99 -

Source: JOLTS and LAUS, author’s calculations.
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FIGURE 5. State Average vs National Aggregate Beveridge Curves

Note: Periods are identified from the national Beveridge curve and applied to all panels.
Source: JOLTS and LAUS, author’s calculations.

5.2. Findings

All states exhibit outward shifts by this metric. The mean shift equals 0.99 pp, with a
standard deviation of 0.39 pp. The national shift, computed from aggregate unemployment
and vacancy rates, equals 1.08 pp.

Shift magnitudes vary widely. Tables 7 and 8 summarize the distribution. Four states shift
by less than 0.5 pp: Alabama (0.32 pp), South Dakota (0.35 pp), Utah (0.38 pp), and Vermont
(0.39 pp). Four states shift by more than 1.5 pp: Nevada (2.07 pp), Delaware (1.60 pp), Illinois
(1.57 pp), and New Mexico (1.57 pp). Most states fall between these extremes, with shifts
concentrated between 0.5 and 1.5 pp.

Figures 5 and 6 plot Beveridge curves for the national aggregate, the unweighted state
average, and selected states. The state-average curve plots the monthly cross-state mean
of unemployment against the monthly cross-state mean of vacancies. The national and
state-average curves track closely, and both shift outward over time. The state panels
reveal heterogeneity that the aggregates obscure.

Because the curve parameter is estimated from %;v;, the reported \/Z generally differs from the period
average of monthly u; = \/u;v; used in Tables 2 and 3. This is a consequence of Jensen’s inequality (Jensen

1906): \/uzvr # \/urv:. The differences are small in practice but can generate minor discrepancies between
the shift magnitudes reported here and changes in mean u” reported in Section 3.
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Nevada exhibits the largest outward shift, with \/Z rising from 3.83 percent in 2001-2007
to 5.90 percent in 2021-2024. Alabama exhibits the smallest shift, with \/Z rising from
3.84 percent to 4.16 percent over the same periods. The two largest states are close to
the national shift but not identical; California shifts by 1.16 pp (4.13 to 5.29) and Texas by
1.07 pp (3.98 to 5.05). The third largest state shifts by meaningfully less than the national
aggregate; Florida shifts 0.71 pp (3.83 to 4.54).

5.3. Implications

The national Beveridge curve shift is an average over heterogeneous state movements.
Interpreting the national outward shift as a uniform deterioration in matching condi-
tions misses large cross-state differences. Some states remain close to their pre-2008
unemployment-vacancy relationship, while others operate far outside it. The persistence
of these shifts over long windows is consistent with durable changes in state-level match-

ing conditions rather than transitory disruptions.

This heterogeneity complicates inferences drawn from national tightness measures. Bar-
nichon and Shapiro (2024) show that Beveridge-curve position matters for inflation dynam-
ics. If the curve has shifted outward by different amounts across states, a given national
vacancy-unemployment ratio can correspond to very different degrees of slack at the state
level. A national ratio that appears consistent with full employment may coexist with
meaningful excess unemployment in states where the curve has shifted substantially, and

tight conditions in states where it has not.

The dispersion in shift magnitudes raises a natural question: what state characteristics are
associated with larger or smaller shifts? States that experienced large outward shifts may
differ systematically from those with smaller shifts in ways that are observable. Section 6
examines this question using panel variation to separate persistent cross-state differences
from within-state changes over time.

6. Correlates

This section documents which state characteristics correlate with u*. The analysis is
descriptive rather than causal. I use panel variation to summarize heterogeneity across
states, separating persistent differences in state means from within-state changes over

time.
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Note: Periods are identified from the national Beveridge curve and applied to all panels. Nevada has the
largest shifts (note 2x scale); Alabama has the smallest shifts. California and Texas are included as the two
largest states (by both population and labor force).

Source: JOLTS and LAUS, author’s calculations.
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6.1. Covariates

I consider two groups of candidate correlates. The regression panel includes 50 states over
22 years (2001-2022). At the monthly frequency, this yields roughly 13,000 state-month
observations, with the exact count varying by covariate availability.'?

Structural and institutional variables describe the policy environment and exposure to
aggregate disturbances. I include the state minimum wage relative to the federal mini-
mum,!! the union membership rate, an indicator for right-to-work laws, an indicator for
E-Verify requirements, the Zillow Home Value Index, and a measure of state-level sectoral
labor-share shocks constructed following Mehrotra and Sergeyev (2013); Pusateri (2023).12

Demographic and human capital variables proxy for workforce characteristics and local
economic conditions. I include the share of adults aged 25 and older without a high school
degree, the migration rate, the poverty rate, and the female population share. Migration
is measured as the share reporting that they moved during the year. Migration can reflect
low reallocation barriers or distress-driven relocation, and it is partly endogenous to local
labor market conditions.

Because u* is constructed from unemployment and vacancy rates that exhibit strong per-
sistence and common cyclical movements, state and year fixed effects will mechanically
absorb substantial variation. The goal is therefore not to “beat” the fixed effects, but to
assess whether observable covariates that proxy for frictions and structural determinants
of u* retain explanatory power after absorbing persistent state heterogeneity and common
time shocks. The covariates are chosen to proxy search frictions and labor market fluidity
(migration, sectoral shock exposure, home values), workforce characteristics (educational
attainment, poverty), and institutions (minimum wages, right-to-work status, union den-
sity, E-Verify requirements). Several variables move slowly relative to the business cycle,
so their ability to explain within-state variation conditional on fixed effects is informative.

195ome covariates are observed annually rather than monthly. For annual series, I assign the annual value
to each month within the corresponding year. This choice preserves coverage and is transparent given data
limitations. Some covariates have missing values. Rather than impute, I restrict the analysis to observations
with available data. Data sources available in Table Al. Summary statistics for the resulting state-month panel
appear in Table A2.

UThis construction allows for a negative minimum wage gap. For instance, in Alabama, where there
is no minimum wage, the minimum wage gap is the negative of the federal minimum wage. While the
federal minimum wage does bind as an effective floor in this case, the reality that Alabama does not have a
state minimum wage that equals the federal minimum wage is important information that the negative gap
captures.

2The inclusion of the state-level sectoral shock variable decreases the sample as not all state-month
observations contain sector-level employment shares. Removing this variable does not qualitatively impact
the results.
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6.2. Specifications

I estimate two specifications. The first is a two-way fixed effects (TWFE) regression that
relates u* to time-varying covariates while absorbing persistent state heterogeneity and
common year shocks. Let s index states and t months, and let y(t) denote the calendar
year of month t. The baseline regression is

Ug s = 0t + Yy p) + X 1B+ Esty 7)

where o are state fixed effects, v,,;) are year fixed effects, and X; ; collects the covariates
described above.!? I report standard errors clustered by state.

The TWFE specification is identified by within-state variation. To explicitly separate
within-state and between-state covariation, I also estimate a correlated random effects
specification following Mundlak (1978). For each covariate x;;, define its state mean
Xs=Tg 1 Y.+ Xs,+ and its within-state deviation X = x5+ — Xs. The CRE/Mundlak regression
is

u;,t =Yyt) + Xé,tBW +XBp+Cs+ Es,ts (8)

where Xs}t stacks within-state deviations and X; stacks state means. The coefficient vector
w summarizes within-state covariation between changes in covariates and changes in
u*. The coefficient vector 3 g summarizes between-state covariation in long-run averages.
Year fixed effects remain included, and I cluster standard errors by state.

6.3. Results

Table 9 reports estimates from Equations (7) and (8). In the fixed-effects-only version
of Equation (7) (state and year fixed effects with no covariates), fixed effects explain 72
percent of the variance in u*. Adding the full covariate vector yields a within R? of 9
percent. Observable covariates therefore contribute modestly beyond persistent state
differences and common time variation, but several correlates are statistically significant
and informative.

On the within-state dimension, five covariates are significant at the five percent level or
better. Poverty is the strongest (in standardized magnitude): a one percentage point (pp)
increase is associated with a 0.109 pp increase in u” (p < 0.01). Exposure to sectoral shocks
is also highly significant, with a one-unit increase associated with a 0.935 pp increase in u*
(p < 0.01). A one-dollar increase in the state-federal minimum wage gap is associated with
a 0.033 pp increase (p < 0.05), and a one pp increase in the migration rate with a 0.030 pp
increase (p < 0.05). Right-to-work adoption is associated with a 0.167 pp increase (p < 0.05).
The female population share is marginally significant (p < 0.10), with a one pp increase

BTable A4 shows robustness to monthly rather than yearly fixed effects.
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TABLE 9. Within-State and Between-State Correlates of u*

Within-state Between-state

1) )
Min wage gap 0.033** -0.007
(0.014) (0.026)
Union rate -0.010 0.055***
(0.013) (0.020)
Sectoral shock 0.935*** -0.651
(0.123) (2.890)
Right-to-work 0.167** -0.218"
(0.079) (0.119)
E-Verify -0.046 -0.063
(0.059) (0.260)
ZHVI -0.006 -0.006
(0.006) (0.006)
Migration rate 0.030** 0.084**
(0.014) (0.034)
Share no HS -0.024 0.084***
(0.017) (0.023)
Poverty rate 0.109*** 0.016
(0.017) (0.025)
Female share 0.125% 0.059
(0.068) (0.101)
Observations 12,904 12,904
States 50 50

Note: Column (1) reports two-way fixed effects estimates (state and year fixed effects), capturing within-state
associations. Column (2) reports between-state coefficients from a correlated random effects (Mundlak 1978)
specification, capturing associations with state means. Standard errors clustered by state in parentheses. *
p <0.10, ** p < 0.05, *** p < 0.01.

Source: See Table Al.

associated with a 0.125 pp increase. Union density, E-Verify status, the Zillow Home Value

Index, and the share without a high school degree are not significant within states.

On the between-state dimension, three covariates are significant at the five percent level
or better. A one pp higher average unionization rate is associated with a 0.055 pp higher u*
(p < 0.01), and a one pp higher share of adults without a high school degree is associated
with a 0.084 pp higher u* (p < 0.01). A one pp higher average migration rate is associated
with a 0.084 pp higher u* (p < 0.05). Right-to-work status is marginally significant (p < 0.10),
with right-to-work states associated with a 0.218 pp lower u* in the cross section. The sign
reversal relative to the within-state estimate likely reflects differences in interpretation:
within states, identification comes from the timing of adoption (a small number of policy
changes during the sample), while between states, long-standing right-to-work states are
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concentrated in regions with other characteristics correlated with lower u* (for example,
lower unionization and different industry composition). The minimum wage gap, sectoral
shock exposure, E-Verify, the Zillow Home Value Index, poverty, and female share are not
significant between states.

To gauge magnitudes, I translate selected coefficients into state-to-state contrasts using
observed covariate differences. The difference in the state-federal minimum wage gap
between Alabama and California is roughly 16 dollars; applying the within coefficient
implies an associated difference of 0.53 percentage points (pp) in u*. The difference in
unionization rates between North Carolina and New York is roughly 18 pp; applying the
between coefficient implies an associated difference of about 1 pp in u*. The difference in
poverty rates between New Hampshire and Louisiana is roughly 11 pp; applying the within
coefficient implies an associated difference of 1.23 pp.!* These calculations illustrate that
the estimated coefficients correspond to economically meaningful differences of the type
visible in the cross section.

6.4. Summary

Three patterns emerge. First, within-state and between-state correlates differ. Minimum
wage changes correlate with higher u* within states but not across states. Union density
correlates with higher u* across states but not within states. Poverty primarily loads
on within-state variation. These contrasts suggest that cross-sectional and time-series
movements in u* are associated with different sets of covariates, and that no single

mechanism accounts for both dimensions.

Second, the most robust correlates are slow-moving structural characteristics, including
poverty and educational attainment. Migration and institutional variables show less stable
patterns across within and between dimensions. This does not imply that search frictions
are unimportant. Migration is an imperfect proxy for matching efficiency, and limited
explanatory power may reflect measurement limitations rather than weak underlying
relationships.

Third, observable covariates add modestly beyond fixed effects. State and year fixed effects
explain 72 percent of the variance, while the included covariates explain an additional
9 percent of within-state variation. The dominance of fixed effects is consistent with a
common business cycle overlaid on distinct state-level positions shaped by factors not
fully captured by the included observables.

Several covariates plausibly respond to local labor market conditions, so these contrasts should be read
as conditional associations rather than causal effects. The within-between decomposition clarifies whether
associations operate through persistent cross-state differences or within-state changes over time, but it does
not resolve endogeneity in either channel.
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The correlates documented here describe which state characteristics are associated with
higher or lower u*, but they leave open how u* translates into assessable labor market
conditions. Section 7 takes up that question by classifying states as tight, slack, or near
full employment relative to their state-specific u* benchmarks.

7. Policy Relevance

Monetary policy operates at the national level, but labor markets are regional. If states
are typically in similar conditions, jointly tight or jointly slack, a single national policy
stance aligns reasonably well with local conditions. If states are frequently in mixed
conditions, with some tight and others slack, national policy creates unavoidable regional
tradeoffs. This section classifies state labor markets using state-specific full-employment
benchmarks in the Michaillat and Saez (2024) sense and documents how often mixed

conditions occur.

7.1. Classification

. * .
I classify each state-month based on the unemployment gap, usr — ug ;:
Tight: ug; < u;t —¢; Near equilibrium: |ug ; — u;t\ <e; Slack: ug s > u;it +&,

where ¢ = 0.2 percentage points (pp). This threshold is small relative to typical movements
in unemployment but large enough to avoid classifying small fluctuations as meaningful
deviations from equilibrium. Modest changes in ¢ mechanically reclassify state-months
near the cutoff, but the time-series patterns in Figures 7 and 8 indicate that most episodes
of broad slack or broad tightness are far from the threshold.™

I then classify each month based on the share of states in each condition. Joint slack: at
least two-thirds of states are slack. Joint tight: at least two-thirds of states are tight. Mixed:
neither threshold is met. The two-thirds cutoff reflects a supermajority rule. It requires
that a clear preponderance of states share the same condition before labeling the month
as jointly tight or slack.

7.2. Findings

Figures 7 and 8 display the share of states with tight versus slack labor markets over time.
Over the full sample, joint slack occurs 59 percent of the time, joint tight 22 percent,
and mixed conditions 19 percent. The sample includes two major recessions and their
aftermaths, which contributes to the prevalence of joint slack.

BFigures Al and A2 report the results of Figure 7 with ¢ = 0.1 pp and ¢ = 0.3 pp for robustness.
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FIGURE 7. Share of States: Tight vs Slack Labor Markets

Note: Dashed lines indicate the 67% threshold for joint classification. ¢ = 0.2 pp.
Source: Job Openings and Labor Turnover Survey (JOLTS) and Local Area Unemployment Statistics (LAUS),
author’s calculations.

The pre-Great Recession period (2001-2007) is predominantly slack, with 82 percent of
months classified as joint slack. Mixed conditions occur 18 percent of the time, typically
late in the expansion as some states reach full employment earlier than others.

The Great Recession (2008-2010) produces near-universal slack. In 97 percent of months,
at least two-thirds of states have unemployment above their full-employment benchmark.

At the peak in November 2009, every state is slack.

The 2011-2019 recovery is the most heterogeneous period. Joint slack occurs 54 percent
of the time, joint tight 16 percent, and mixed conditions 31 percent. Some states reach
full employment by 2015 while others remain slack into 2017. The labor market tightens
broadly in mid 2018, producing 9 consecutive months of joint tight conditions from March
2019 through November 2019.

COVID produces a brief spike in joint slack (67 percent of 2020), followed by rapid tight-
ening. By April 2021, the labor market flips to joint tight, and it remains there for 44
consecutive months through November 2024. From March 2022 through January 2023,
every state is tight in 9 of the 11 months.
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The post-COVID period (2021-2024) is the tightest in the sample. Joint tight conditions
occur 94 percent of the time, with only occasional mixed months as individual states cross
the equilibrium threshold.

National aggregates can differ materially from the distribution of state-level conditions.
In April 2021, the national unemployment gap stood at 0.00 pp, suggesting a labor market
near equilibrium by national benchmarks. At the state level, however, 34 of 51 states (67%)
were in the tight regime, with unemployment gaps below -0.2 pp, and 19 states were
very tight with gaps below —0.75 pp. Only 7 states were within +0.2 pp of equilibrium.®
In that month, the national aggregate obscured economically meaningful heterogeneity
across state labor markets; a policymaker relying solely on the national unemployment
gap would have seen “equilibrium” while most states were already experiencing clearly

tight, and often very tight, labor market conditions.
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FIGURE 8. Net Labor Market Tightness Across States
Note: Share tight minus share slack.

Source: JOLTS and LAUS, author’s calculations.

7.3. Implications for Monetary Policy

For monetary policy, the distribution of state conditions matters because the mandate
is clearest at the extremes and most ambiguous during transitions. When all states are
slack, expansionary policy tends to raise employment broadly. When all states are tight,

161n April 2021, 34 states had unemployment gaps below —0.2 pp, 28 below —0.4 pp, 26 below —0.6 pp, and
19 below —0.75 pp. Meanwhile, 10 states had gaps above +0.2 pp, 7 above +0.4 pp, and 2 above +0.75 pp.
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contractionary policy tends to reduce inflationary pressure broadly. The challenge arises
during transitions. In the 2011-2019 recovery, one-third of months feature mixed condi-
tions, so some states would have preferred continued accommodation while others were
already tight.

National aggregates average across heterogeneous labor markets and can obscure the
distribution of slack and tightness across states. A national unemployment gap constructed
from a single national u* can indicate slack even when a substantial share of states are
tight, and it can indicate tightness even when a substantial share of states remain slack by
their own benchmarks. The dispersion documented in earlier sections, including cross-
state differences in u* levels, differential shock responses, and heterogeneous Beveridge
curve shifts, helps explain why mixed regimes arise and persist. A natural extension is to
evaluate whether policy rules that account for the distribution of state gaps, rather than a
single national gap, would generate different prescriptions.

These results do not prescribe what the central bank should do. They describe a constraint

it faces when policy is uniform but labor markets are not.

7.4. Political Economy of State Labor-Market Regulation

State labor-market institutions differ substantially, and the correlates analysis in Section 6
documents that some of these differences co-move with u*. These correlations do not
establish causal effects, but they raise the possibility that persistent cross-state differences
in u” reflect, in part, equilibrium policy choices made under a regime in which regulation
is decentralized but stabilization is centralized.

The mechanism operates through a real-time signal extraction problem. Suppose a state
adopts a policy that raises its full-employment unemployment rate and, during the transi-
tion, also raises measured unemployment. If the central bank cannot perfectly distinguish
the policy-induced increase from cyclical slack in real time—a plausible friction given
well-documented difficulties in estimating u* contemporaneously—it will partially inter-
pret the higher unemployment as cyclical and ease the common policy rate accordingly.
The costs of that accommodation, whether in the form of inflationary pressure or a policy
stance that is too loose for states already at or below full employment, are borne across
the union. The state that adopted the policy captures the local benefits of its preferred
regulation while externalizing part of the unemployment cost through the central bank’s

reaction function.

This mechanism is suggestive rather than tested. It requires that real-time signal extraction
be imperfect and that state policies generate measurable unemployment effects large
enough to move national aggregates, conditions that are plausible but not established
here. The state-level u* panel provides a foundation for investigating whether persistent
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cross-state differences partly reflect policy choices made under these incentive structures,
but doing so requires identification strategies beyond the scope of this paper.

8. Conclusion

Cross-state heterogeneity in full-employment unemployment rates is a first-order feature
of U.S. labor markets. This paper constructs a monthly state-level panel of u* for all 51
jurisdictions over 2001-2024 and documents five patterns. First, cross-state differences in
average u* are large and persistent, and the gap between the lowest and highest states
is comparable in magnitude to a typical recession increase in unemployment. Second,
dispersion rises after major downturns and does not fully reverse, producing a ratcheting
pattern over the sample. Third, state rankings are persistent but not fixed, and every
state shifts to a higher mean u* between the pre-Great Recession and post-COVID periods.
Fourth, an event-study comparison shows qualitatively distinct dispersion dynamics across
shocks: COVID produces a sharp, transitory spike, while the Great Recession produces a
slower, more persistent increase. Fifth, Beveridge curve shifts vary widely across states,
with magnitudes ranging from 0.32 to 2.07 percentage points (pp), and observable state
characteristics correlate with u* in ways that differ across within-state and between-state
variation.

These patterns matter for interpretation and policy. A single national u* tracks central
tendency well but obscures economically meaningful variation in the distribution of slack
and tightness across states. The regime classification shows that mixed conditions, where
some states are tight while others are slack, occur in about one-fifth of sample months
and are most common during transitions and extended recoveries. A political economy
framework offers one lens for interpreting persistent dispersion: centralized stabilization
combined with decentralized regulation can create incentives for states to externalize
part of their regulatory costs.

The analysis is descriptive and does not identify causal determinants of u* or prescribe an
optimal policy rule. A natural extension is to evaluate whether policy rules that account for
the distribution of state gaps, rather than a single national gap, would generate different
prescriptions. The state-level u* panel is itself a contribution. It provides a benchmark that
researchers and policymakers can use to assess state labor market conditions, study re-
gional responses to national shocks, and evaluate how subnational heterogeneity interacts
with aggregate stabilization policy.
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Appendix A. Data

Variable definitions and data sources are presented in Table Al.

TABLE Al. Data and Sources

Variable Description / construction Data source

u* Efficient unemployment rate constructed JOLTS  (vacancies)
from vacancy and unemployment data follow- and LAUS (unemploy-
ing Michaillat and Saez (2024). ment).

Min wage gap  State minimum wage minus the federal mini- Department of Labor
mum wage (dollars). (2024a,b).

Union rate Union membership rate (state-level). Hirsch, Macpherson,

Sectoral shock

Right-to-work
E-Verify
ZHVI

Migration rate
Share no HS

Poverty rate

Female share

State-level sectoral labor-share shock mea-
sure constructed following Mehrotra and
Sergeyev (2013); Pusateri (2023).

Indicator for whether a state has a right-to-
work law in effect.

Indicator for whether a state has an E-Verify
requirement in effect.

Zillow Home Value Index, in tens of thou-
sands of dollars.

Share reporting they moved during the year.

Share of adults age 25+ without a high school
degree.

Share below the poverty threshold (as mea-
sured in the CPS).

Female population share.

and Even (2026).
BLS industry data.
Cato Institute (2025).
Cato Institute (2025).
Zillow (2026).

CPS.
CPS.

CPS.

CPS.
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Summary statistics for the variables used in Section 6 are presented in Table A2.

TABLE A2. Summary Statistics: Variables Used in Correlates Analysis
Units Mean Std.Dev. Min Max Median

u* % 4.263 0.802 2.515 10.543 4128
Min wage gap  $ -0.001 2.746 -7.250  8.850 0.000
Union rate % 10.727 5.374 1.627 26.700 10.142
Sectoral shock Index 0.177 0.071 0.025 0.842 0.167
Right-to-work  0/1 0.477 0.499 0.000 1.000 0.000
E-Verify 0/1 0.101 0.297 0.000 1.000 0.000
ZHVI $10k 21.009 10.104 7.577 83.998 18.184
Migration rate % 15.157 2.578 9444  23.725 14.988
Share no HS % 10.589 3.561 4.001 22.008 9.960
Poverty rate % 12.167 3.261 5.031 23415 11.625
Female share % 50.726 0.821 47137 53.180 50.818
N 12,904

Note: Sample for covariate analysis consists of state-month observations from 2001-2022. Statistics computed
over estimation sample with non-missing values for all covariates.
Source: See Table Al.

Appendix B. Robustness

Table A3 reports a robustness version of the cross-state dispersion statistics in Table 3
after excluding jurisdictions where multi-state labor markets are most likely to blur a state-
based interpretation of commuting zones, and after removing very small states whose
idiosyncratic shocks can mechanically widen cross-sectional tails. Specifically, the table
drops DC, MD, RI, DE, NH, NJ, and WV. These states have high cross-state commuting
exposure, defined as having more than 10% of employed residents working in a different
state of employment (US Census Bureau 2020). It also excludes the five smallest remaining
states by population (WY, VT, AK, ND, SD). The dispersion measures are constructed
identically to the baseline: for each month I compute the unweighted cross-state mean of
u* and the within-month cross-state SD, IQR, and range, and then average these monthly

statistics within each period.

Comparing Tables 3 and A3 shows that the main time-series pattern of dispersion is
essentially unchanged. The level of dispersion is modestly lower after exclusions (e.g.,
the pre-Great Recession SD falls from 0.47 to 0.40 and the full-sample SD from 0.55 to
0.48), consistent with trimming small-state and cross-border labor-market outliers that
contribute to extremes. However, the evolution of dispersion over time is highly stable:
the increase in SD relative to 2001-2007 is nearly identical across periods (Great Recession:
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TABLE A3. Cross-State Dispersion in u* by Period
(Excluding Small States and States with Cross-State Commuting > 10% of Population)

Period Meanu* SD IQR Range ASD
2001-2007 (Pre-GR) 3.79 040 0.49 1.85 -

2008-2010 (Great Rec.) 4.11 049 0.66 2.27 +0.09
2011-2019 (Recovery) 4.32 048 0.64 2.24 +0.08
2020 (COVID) 554  0.80 097 410  +0.40

2021-2024 (Post-COVID) 4.76 0.55 078 242  +0.15

2001-2024 (Full sample) 4.27 048 0.64 2.24 +0.08

Note: Statistics computed cross-sectionally within each month and averaged over the period after exclusions.
Mean u” is the unweighted average across included states. SD is the cross-state standard deviation. IQR is the
interquartile range (75th minus 25th percentile). Range is the difference between maximum and minimum
state u*. A SD reports the change in SD relative to the 2001-2007 baseline. All values in percentage points.
Exclusions: States with cross-state commuting greater than 10% of the commuting population (DC, MD, RI,
DE, NH, NJ, WV) plus the five smallest states by population among remaining states (WY, VT, AK, ND, SD).
Source: JOLTS and LAUS, author’s calculations.

+0.08 vs. +0.09; Recovery: +0.08 vs. +0.08; COVID: +0.39 vs. +0.40; Post-COVID: +0.16 vs.
+0.15; full sample: +0.08 vs. +0.08). The COVID period continues to exhibit a pronounced
rise in cross-state dispersion, and the post-2020 reversion remains partial. Overall, the
results indicate that the baseline dispersion dynamics are not driven by a small set of

small-population states or by states most exposed to cross-state commuting-zone linkages.

Table A4 reports the correlates specifications from Equations (7) and (8) with month fixed
effects in place of year fixed effects. Most coefficients are stable in both magnitude and
significance. There are two exceptions. First, under month fixed effects, the point estimate
on the sectoral shock falls from 0.935 to 0.036 while the standard error is essentially un-
changed (0.122), indicating that the large positive association in the baseline specification
is driven by the aggregate time-series component of the shock measure. Once common
month-to-month variation is absorbed, the remaining cross-state differences in exposure
have no significant association with u*. Second, the share without a high school degree
gains marginal significance in the within specification under month fixed effects, but the
change is small. All other estimates are robust to the choice of time fixed effects.

The main-text specification in Table 9 is estimated on the monthly panel (12,904 state-
month observations). That creates a potential mechanical problem for covariates that
are only observed annually or evolve slowly; if an annual value is repeated across all 12
months, the regression effectively treats one state-year realization as 12 observations. Even
with clustering by state, this can make standard errors look too small for regressors whose
identifying variation is largely at the state-year (or lower) frequency. Table A5 is an explicit
diagnostic for that concern. I re-estimate the same within/between decomposition after
collapsing the data to state-by-year means (1,077 state-year observations), so the effective
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TABLE A4. Robustness: Year vs Month Fixed Effects

Within Between
Year FE Month FE Year FE Month FE
@ ) @) )

Min wage gap  0.033** 0.032** -0.007 -0.007

(0.014) (0.014) (0.026) (0.027)
Union rate -0.010 -0.012 0.055***  0.055***

(0.013) (0.013) (0.020)  (0.020)
Sectoral shock 0.935*** 0.036 -0.651 -0.698

0.123)  (0.122)  (2.890)  (2.901)
Right-to-work  0.167** 0.164* -0.218" -0.219*

(0.079) (0.085) (0.119) (0.120)
E-Verify -0.046 -0.033 -0.063 -0.064

(0.059) (0.060) (0.260) (0.263)
ZHVI -0.006 -0.006 -0.006 -0.004

(0.008) (0.008) (0.006) (0.006)
Migration rate  0.030** 0.029** 0.084** 0.083**
(0.014) (0.014) (0.034)  (0.034)

Share no HS -0.024 -0.030* 0.084***  0.083***
(0.017) (0.018) (0.023)  (0.024)

Poverty rate 0.109***  0.116*** 0.016 0.017
(0.017) (0.017) (0.025) (0.025)

Female share 0.125% 0.129% 0.059 0.055

(0.068) (0.072) (0.101) (0.102)

Observations 12,904 12,904 12,904 12,904
States 50 50 50 50

Note: Columns (1)-(2) report within-state estimates with year fixed effects (1) and month fixed effects (2).
Columns (3)-(4) report between-state (state-mean) estimates with year fixed effects (3) and month fixed effects
(4). Standard errors clustered by state in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

Source: See Table Al.

sample size for slow-moving regressors is the true number of state-years rather than 12x

that number.

Comparing Table 9 and Table A5, several coefficients are very similar (e.g., min wage
gap, union rate, right-to-work, migration, poverty, female share), and most between-state
estimates barely move, which is what you would hope to see if monthly repetition is not
driving the results. The main difference is the within-state coefficient on the sectoral shock.
It falls from 0.935 (s.e. 0.123) in Table 9 to 0.058 (s.e. 0.186) in Table A5, losing statistical
significance and shrinking by an order of magnitude. That pattern is consistent with the
monthly version capturing within-year dynamics that are averaged away in annualization,
a similar issue to the change reported in Table A4. For inference on the slowly varying
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TABLE A5. Within-State and Between-State Correlates of u*, Yearly Means

Within-state

Between-state

1) )
Min wage gap 0.031** -0.006
(0.015) (0.026)
Union rate -0.011 0.055***
(0.013) (0.020)
Sectoral shock 0.058 -0.697
(0.186) (2.934)
Right-to-work 0.167* -0.220%
(0.086) (0.121)
E-Verify -0.032 -0.054
(0.061) (0.266)
ZHVI -0.004 -0.006
(0.006) (0.008)
Migration rate 0.029** 0.084**
(0.014) (0.034)
Share no HS -0.029 0.083***
(0.018) (0.024)
Poverty rate 0.117*** 0.016
(0.018) (0.025)
Female share 0.131% 0.057
(0.072) (0.102)
Observations 1,077 1,077
States 50 50

Note: Column (1) reports two-way fixed effects estimates (state and year fixed effects), capturing within-state
associations. Column (2) reports between-state coefficients from a correlated random effects (Mundlak 1978)
specification, capturing associations with state means. Data are collapsed to state-by-year means prior to
estimation. Standard errors clustered by state in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
covariates, the annual-collapsed standard errors are generally similar, suggesting limited
inflation of effective N for most regressors. The sectoral-shock discrepancy is the standout.
It indicates that the monthly-panel estimate for that shock is not robust to collapsing to
the frequency at which slow-moving regressors are actually measured, so it should be
treated as frequency-sensitive rather than a stable within-state association.

Figures Al and A2 report the regime classification from Figure 7 under alternative values
of €. In Figure Al, ¢ = 0.1 percentage points (pp), which narrows the near-equilibrium
band and classifies more state-months as tight or slack. In Figure A2, ¢ = 0.3 pp, which
widens the band and classifies fewer state-months as deviating from equilibrium. The

broad time-series patterns are similar across all three thresholds.
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FIGURE Al. Share of States: Tight vs Slack Labor Markets (¢ = 0.1 pp)

Note: Dashed lines indicate the 67% threshold for joint classification.
Source: Job Openings and Labor Turnover Survey (JOLTS) and Local Area Unemployment Statistics (LAUS),

author’s calculations.
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FIGURE A2. Share of States: Tight vs Slack Labor Markets (¢ = 0.3 pp)

Note: Dashed lines indicate the 67% threshold for joint classification.
Source: JOLTS and LAUS, author’s calculations.
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