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Abstract

Labor market variables frequently send conflicting signals about the degree of slack or tightness,
often complicating policy assessments at critical junctures. This paper develops a Structural Labor
Market Indicator (SLMI) for the U.S. economy that addresses the limitations of existing univariate
measures or atheoretical statistical approaches that synthesize multiple labor market indicators but
cannot distinguish between supply and demand driving forces. We construct the SLMI using a medium-
scale New Keynesian DSGE model featuring search and matching frictions, endogenous labor force
participation, and variable hours. The model is disciplined by a comprehensive dataset that includes
not only labor market variables but also other macroeconomic aggregates. The SLMI synthesizes
model-implied gaps across multiple labor market dimensions using principal component analysis. We
show that GDP growth and inflation provide substantial information about labor market slack beyond
what labor market variables contain, validating our multi-variable structural approach. Relative to
alternative measures, the SLMI often provides earlier warnings of deteriorating conditions at recession
onset but recovers more gradually during expansions.
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1 Introduction

The labor market often confronts policymakers with conflicting signals about labor market slack, com-

plicating the assessment of appropriate policy. For example, in December 2015, the unemployment rate

had fallen to 5 percent, near most contemporary estimates of full employment, yet participation had de-

clined nearly two percentage points since the recovery began, and nominal wage growth remained below

3 percent, short of levels consistent with a tight labor market. In 2021-2022, unemployment returned to

its pre-pandemic level of roughly 4 percent even as the vacancy-to-unemployment ratio exceeded 2 and

average weekly hours sat below trend. The puzzle is again live today: through 2025-2026 unemployment

has hovered around 4 percent while vacancies have fallen sharply from their post-pandemic peaks, leaving

open whether labor markets are genuinely loosening or whether the earlier vacancy surge reflected transi-

tory post-pandemic distortions rather than true tightness. These episodes share a common feature: labor

market indicators disagree, and the cost of misreading the underlying slack is high for policymakers. This

paper develops a structural approach to synthesizing information across labor market margins, alongside

key macroeconomic aggregates, into a single model-consistent measure of slack.

Measuring slack is a difficult task that extends beyond simply observing conflicting indicators in a

dashboard; it is a conceptual and identification problem. Labor supply and demand adjust along multi-

ple margins simultaneously: extensive (employment, unemployment, participation), intensive (hours per

worker), vacancy posting, and wage determination. No single indicator captures this multi-dimensionality.

Unemployment abstracts from participation and hours; the vacancy-to-unemployment ratio, though in-

formative about tightness, omits employed workers’ desired hours; wage growth conflates supply and

demand shifts, making it an ambiguous signal of slack absent further structure. Even observing every

margin presents three key challenges. First, how to aggregate this multidimensional information? Second,

should the assessment draw on labor data alone, or do other aggregates signal whether labor resources

are fully utilized? For instance, strong GDP growth with subdued inflation suggest slack at a given

unemployment rate, while weak growth and elevated inflation suggest tightness. Third, the source of

fluctuations matters: unemployment driven by adverse supply shocks calls for a different monetary pol-

icy response than unemployment driven by deficient aggregate demand. A dashboard of indicators read

through subjective judgment offers no systematic way to confront aggregation, information extraction, or

identification, leaving policymakers without guidance precisely when labor markets are most confounding.

We address these challenges by constructing a Structural Labor Market Slack (SLMI) indicator

grounded in a medium-scale New Keynesian DSGE model with search and matching frictions, endoge-

nous labor force participation, and variable hours worked, featuring nominal price and wage rigidities.

The model builds on Cairó et al. (2026), which we extend by introducing wealth into household util-

ity. This form of the utility function decouples the steady-state federal funds rate from longer-run real

GDP growth, as observed in the data. Defining slack by comparing actual outcomes relative to their

flexible-price-and-wage equilibrium counterparts, we compute model-implied gaps for nine labor market

variables—employment, unemployment (both the rate and level), labor force participation, total hours,

average workweek, vacancies, labor market tightness, and real wages—and extract their common cyclical
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component via principal component analysis. We label that component the SLMI. Because the model

is estimated on a comprehensive dataset spanning not only labor market variables but also aggregate

output, consumption, investment, inflation, interest rates, and credit spreads, the gaps inherit informa-

tion from broader macroeconomic conditions, and the structural framework is better able to identify the

supply and demand disturbances behind labor market fluctuations. We validate the model against U.S.

data from 1987–2026, showing that it reproduces key cyclical movements and, in particular, the dynamic

co-movements and lead-lag relationships among labor market and macro variables observed in the data.

Our analysis yields two interesting findings. First, and relative to alternative slack measures, the

SLMI often displays distinct cyclical behavior at business cycle turning points. It tends to warn earlier of

deterioration at recession onset and recover more slowly thereafter, though the magnitude and timing of

these differences vary across episodes. Second, decomposing the SLMI reveals that GDP growth and in-

flation carry substantial information about slack beyond what labor variables alone contain, underscoring

that slack needs to be judged in conjunction with the broader macroeconomic context. Historical shock

decompositions attribute the bulk of SLMI variation over the 1987–2026 period to risk premium and

investment efficiency shocks, which drove the deep slack of 2008–2009 financial crisis and the COVID-19

recession; monetary policy shocks play only a modest role and become negligible after 2013 once we allow

time-varying Taylor rule coefficients.

This paper makes three important contributions. First, we provide the first structural labor market

indicator that synthesizes all major labor market margins—employment, participation, hours, vacancies,

and wages—within a disciplined DSGE model rather than a purely statistical aggregation. The structural

discipline pays off: the first principle component of our model-implied gaps explains the vast majority

of total variance and it is the only component with an eigenvalue above one, whereas applying PCA

directly to filtered labor market data yields up to three such components, providing a diffuse factor

structure that obscures the underlying signal. Because the SLMI also draws on output, consumption,

investment, inflation, interest rates, and credit spreads, it can read the same unemployment rate as

more or less slack depending on the macroeconomic context, and it can separate supply from demand

disturbances, support counterfactual experiments, and be decomposed into contributions from specific

shocks and observables—none of which is available to approaches built on labor market alone. Second,

we incorporate time-varying monetary policy rule coefficients estimate from the Federal Open Market

Committee’s (FOMC) Summary of Economic Projections (SEP) by González-Astudillo and Tanvir (2026),

preventing attributing systematic shifts in monetary policy making to policy shocks, which would distort

our inference about labor market slack. Third, we offer a practical tool for real-time analysis with formal

uncertainty quantification: credible intervals constructed via Monte Carlo simulation over the parameter

distribution, which reveal that uncertainty about slack is especially elevated during recoveries. Note that

these results are model dependent, resting on judgments about structural features, long-run calibration,

and shock specification. However, we show that the model successfully reproduces key U.S. business cycle

properties and generates output and unemployment rate gaps broadly consistent with external estimates.

This paper contributes to a large literature on measuring unobservable economic slack and natural
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rates. The output gap has been estimated with univariate filters, production function approaches that

aggregate factor-utilization estimates (Congressional Budget Office, 2026; Kiley, 2013), and multivariate

filters exploiting the output-inflation correlation (Blagrave et al., 2015); the natural rate of unemployment

with time-varying parameter methods (Staiger et al., 1997; Gordon, 1997), with attention to surrounding

(Orphanides and Williams, 2002); and the natural rate of interest with frameworks emphasizing that

equilibrium concepts themselves drift with structural change (Laubach and Williams, 2003; Holston et

al., 2017). Most of this work, however, treats single-variable gaps and is silent on synthesizing information

across labor market margins. Chung et al. (2014) and Hakkio andWillis (2014) take a step in that direction

by applying principal component analysis to labor market indicators, but a purely statistical summary of

co-movement cannot distinguish supply from demand, offers no route to incorporate non-labor data, and

supports no counterfactual or shock decomposition. We also build on work studying endogenous labor

supply along the extensive (e.g. Cairó et al., 2022, Krusell et al., 2017, 2020, Campolmi and Gnocchi,

2016 and Nucci and Riggi, 2018) and intensive (e.g. Cacciatore et al., 2020) margins, and how it shapes

cyclical labor market dynamics (e.g. Elsby et al., 2015, Christiano et al., 2015 and Christiano et al.,

2021).

The remainder of the paper proceeds as follows: Section 2 describes the model structure and calibra-

tion strategy; Section 3 validates the model’s ability to match U.S. business cycle properties; Section 4

constructs the SLMI and examines its historical evolution; Section 5 compares the SLMI to alternative

slack measures; and Section 6 quantifies uncertainty around the indicator and compares the two-sided with

the one-sided filtered indicator, more suitable for practical policy analysis. Finally, Section 7 concludes.

2 Model Description and Calibration

We adopt the medium-scale New Keynesian model of Cairó et al. (2026) as our baseline framework.

The Cairó et al. (2026) model incorporates search and matching frictions alongside endogenous labor

force participation and hours worked decisions. Therefore, this model includes the multiple margins

of adjustment that a comprehensive labor market indicator must capture. We then introduce three

targeted modifications to adopt their framework to our purposes: (i) we augment household preferences

with a wealth-in-the-utility term that decouples the steady-state real interest rate from longer-run GDP

growth; (ii) we update the calibration of longer-run values to reflect the most recent assessments from

the Congressional Budget Office (CBO) and the FOMC’s SEP; and (iii) we incorporate time-varying

coefficients in the monetary policy rule, estimated using median SEP data, to prevent systematic changes

in monetary policy from being attributed to monetary policy shocks. This section provides a concise

overview of the baseline model, with a particular emphasis on the different labor market margins of

adjustment, and then discusses each modification. Detailed model derivations and additional model

specifications are provided in Appendix A.
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2.1 Baseline Framework

Households

The economy is populated by a representative household with a continuum of members who make la-

bor supply decisions along both the extensive and intensive margins. Each household member can be

employed, unemployed and searching for a job, or out of the labor force. The household chooses con-

sumption, bond holdings, labor force participation, and hours worked to maximize expected lifetime

utility. Preferences follow Jaimovich and Rebelo (2009) specification, allowing for flexible parameteriza-

tion of wealth effects on both labor supply margins while maintaining consistency with balanced growth.

Perfect consumption insurance across household members ensures that all members consume identical

bundles regardless of their employment status, and the household’s stochastic discount factor governs all

intertemporal decisions.

Production

On the production side, there are five types of firms. A final goods producer purchases differentiated

products from retailers and aggregates them into a final consumption good that is sold in a perfectly

competitive market. Retailers operate in a monopolistically competitive market and face nominal price

rigidities à la Calvo: each period, only a fraction of retailers can re-optimize their prices, while the remain-

der index their prices to past inflation. Retailers produce using an intermediate good, which they purchase

in a perfectly competitive market. Intermediate goods producers operate in a competitive market and

produce output using capital and labor via a Cobb-Douglas technology. The labor market is characterized

by search and matching frictions: firms post vacancies and match with job searchers according to a stan-

dard matching function, and wages are determined through staggered Nash bargaining, which introduces

nominal wage rigidities. Hiring is costly, with a generalized recruiting cost function that distinguishes

between pre-match costs (vacancy posting) and post-match costs (worker training). Capital is produced

by competitive capital producers who face investment adjustment costs. Entrepreneurs purchase capital

using a combination of net worth and external finance, and they rent capital services to intermediate

goods producers. Following Bernanke et al. (1999), financial frictions arise from a costly state verification

problem, generating an endogenous spread between the return on capital and the risk-free rate.

Monetary Policy Rule

Finally, monetary policy follows an inertial Taylor-type rule, with the nominal interest rate responding

to deviations of inflation from its target, the output gap, and output gap growth, subject to an effective

lower bound constraint.

it = iρit−1

[
(Rπ)

( πt
π⋆

)κπ ( Yt

Y f
t

)κy (
Yt/Yt

f

Yt−1/Y
f
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)κgy](1−ρi)
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4



2.2 Modifications to the Baseline Framework

We calibrate the structural parameters governing preferences, technology, and rigidities at the posterior

estimates reported in Cairó et al. (2026) and listed in Appendix A. In Section 3, we show that the baseline

parameterization, combined with the three modifications described below, delivers strong empirical per-

formance, closely matching key business cycle moments in the data and producing realistic labor market

dynamics across multiple margins.

Wealth in the Utility Function

In the baseline model of Cairó et al. (2026), standard Euler-equation logic ties the steady-state real

interest rate to the rate of time preference and the consumption growth rate. While standard in the

literature, this tight link is not supported by the data: over recent decades, real interest rates and GDP

growth have diverged substantially. To break this connection, we augment the household utility function

with a linear wealth term, χtBt, where χt grows with technology to guarantee a balanced growth path

and Bt represents bond holdings. This modification alters the household’s Euler equation, providing an

additional degree of freedom that allows the steady-state real interest rate to be calibrated independently

of the consumption growth rate. With the wealth-in-utility term, we can set the steady-state federal funds

rate to 3.0 percent and GDP growth to 2.0 percent, which is consistent with the FOMC’s SEP, without

these values being mechanically linked.

Updated Longer-Run Calibration

Table 1 reports the key calibrated parameters that anchor the model’s steady state to current assessments

of longer-run economic fundamentals. These calibrations are important for ensuring that the model’s

implications for labor market slack are evaluated relative to a recent empirically plausible longer-run

equilibrium. For the steady-state unemployment rate, we calibrate it to 4.3 percent, consistent with the

CBO estimates of the natural rate of unemployment based on recent data. The labor force participation

rate (LFPR) is set to 61.3 percent, reflecting the structural decline in participation driven by demographic

shifts. This value aligns with CBO longer-run projections that account for population aging and changing

labor force attachment patterns. Longer-run GDP growth is calibrated to 1.8 percent (annualized), and

the federal funds rate to 3.0 percent (annualized), both values consistent with the median longer-run

projections from the December 2025 FOMC’s SEP. These values capture policymakers’ assessments of

equilibrium conditions that will prevail once cyclical forces dissipate. We set the persistence parameter

of markup shocks to 0.15, reflecting our assessment that markup disturbances in recent years have been

relatively short-lived.

Time-Varying Monetary Policy Rule

Our third modification to the model in Cairó et al. (2026) concerns the monetary policy rule. A substantial

body of empirical evidence documents significant changes in the conduct of monetary policy over recent
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Table 1: Calibrated Parameters and Longer-Run Values

Parameter/Variable Symbol Value

Panel A: Longer-run values (in percent)
Federal funds rate (annualized) ī 3.0
Unemployment rate ū 4.3
Labor force participation rate L̄ 61.3
GDP growth (annualized) γ̄ 2.0

Panel B: Structural parameters
Persistence markup shocks ρϵ

p
0.15

Notes: Long-run steady-state values for the federal funds rate, unemployment
rate, labor force participation rate, and GDP growth reflect our assessment of
longer-run equilibrium values based on data through 2026.

decades. For example, Clarida et al. (2000) show that the Federal Reserve’s systematic response to

inflation and output changed markedly between the pre- and post-Volcker periods, while Boivin (2006) and

Boivin and Giannoni (2006) provide evidence of evolving policy effectiveness. Primiceri (2005) estimates

time-varying coefficients in monetary policy rules using Bayesian methods, finding substantial drift in

policy parameters over time. Bauer et al. (2024) estimate meaningful fluctuations in perceived policy rule

for monetary policy in the US, in particular over the monetary policy cycle. More recently, González-

Astudillo and Tanvir (2026) develop and estimate a forward-guidance Taylor rule with time-varying

coefficients showing meaningful fluctuations in the estimated parameters. Beyond this empirical evidence,

incorporating time variation in the monetary policy rule is crucial for our analysis because changes in

monetary policy, if treated as constant, would be incorrectly attributed to monetary policy shocks. For

instance, if the Federal Reserve’s response to inflation increased over time but our model assumed a rule

with constant parameters, periods of tighter policy due to a systematic higher response to inflation would

be interpreted as sequences of contractionary monetary policy shocks. This misspecification would distort

our estimates of flexible-price gaps and, consequently, our assessment of labor market slack.

To address this issue, we incorporate time-varying coefficients in the Taylor rule as in González-

Astudillo and Tanvir (2026) who estimate them using median SEP projections since 2013. Specifically,

three key Taylor rule coefficients are allowed to vary over time: the degree of interest rate smoothing

(ρi); the response coefficient to inflation deviations from target (κπ); and the response coefficient to

the output gap (κy).
1 These time-varying coefficients are treated as known sequences (not subject to

uncertainty) when solving the model. Figure A.1 in Appendix A displays the time-varying monetary

policy rule coefficients over our sample period. The coefficient on the output gap exhibits remarkable

stability, remaining nearly constant throughout the sample, while the inertia parameter shows only minor

1González-Astudillo and Tanvir (2026) estimates time-varying Taylor rule coefficients using data from the SEP, which
began in 2013. Consequently, the time-varying coefficients in our model apply only from 2013:Q1 onward. Prior to 2013, we
use constant coefficients estimated over the pre-2013 sample period. Additionally, beginning in 2013, we set the coefficient
on lagged output gap growth (κgy) to zero, as this term is not included in the analysis by González-Astudillo and Tanvir
(2026).
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variations over time. In contrast, the coefficient on inflation displays substantial variation, rising to

approximately 3.5 in the years preceding the COVID-19 pandemic before gradually declining to around

1.0 by 2025.

We acknowledge that our reliance on SEP data limits the time-varying specification to the post-2013

period. However, we do not view this as a critical limitation for two reasons. First, the constant monetary

policy rule estimated for the pre-2013 period captures reasonably well the systematic behavior of Federal

Reserve policy during that time, as evidenced by the model’s ability to match key moments in the data

(see Section 3). Second, as we demonstrate in our historical decompositions below, monetary policy shocks

account for a relatively modest share of the variation in flexible-price gaps prior to 2013, suggesting that

misspecification of the policy rule during this earlier period would have limited consequences for our

estimates of labor market slack.

2.3 Data, Sample Period, and ELB Episodes

We take the model to the data over the period 1987Q1–2025Q4. Because the structural parameters are

fixed to the posterior estimates of Cairó et al. (2026) we do not re-estimate the model. Instead, given

these parameters and the three modifications described above, we run the Kalman smoother over the full

sample to extract the model-implied latent states, including the flexible-price equilibrium counterparts of

all labor market variables, from which we construct the gaps that underlie the SLMI. The extended sample

encompasses several significant economic episodes beyond the original estimation window: the protracted

post-Great-Recession recovery, the COVID-19 pandemic and its aftermath, and the 2021–2023 inflation

surge. The model’s ability to produce sensible gap estimates over these out-of-estimation-sample episodes

provides an informal assessment of the robustness of the original parameterization (see Section 3).

The Kalman smoother is conditioned on fourteen observable variables. The dataset includes standard

national accounts aggregates—the growth rates of real per capita GDP, consumption, and investment—

along with inflation measured by both the GDP deflator and core PCE inflation to extract a common

signal of underlying price pressures. We include two measures of wage growth—compensation per hour

and average hourly earnings—to similarly identify a latent wage inflation process robust to measurement

error in individual series. Financial conditions are captured through the the federal funds rate and the

corporate credit spread, defined as the difference between the Baa corporate rate and the 10-year Treasury

yield. The labor market block is informed by four key variables: the unemployment rate, the LFPR,

average hours worked per week (workweek), and vacancies. For the vacancy and workweek hours series,

we apply an HP filter with smoothing parameter λ = 105 prior to feeding them into the smoother. This

choice reflects the pronounced low-frequency trends observed in these variables over our sample period;

the model does not include sufficiently persistent shocks to capture these very slow-moving movements,

and the HP filter provides a more appropriate measure of the cyclical fluctuations the model is designed

to explain. The model includes highly persistent shocks to labor supply preferences along the extensive

margin, which allow it to capture the medium-frequency trends in participation directly.

The two ELB episodes in our sample—2008–2015 following the Global Financial Crisis and 2020–2021
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during the pandemic—require special treatment because the zero lower bound constraint on nominal

interest rates generates nonlinear dynamics that cannot be captured by standard linear solution methods.

Following Kulish et al. (2017), we employ a piecewise-linear solution approach that approximates the

economy’s behavior during ELB periods by conditioning on the expected duration of the constraint at

each point in time. We calibrate these expected durations using survey evidence: for the 2008–2015

episode, we rely primarily on the Blue Chip Economic Indicators survey and the Federal Reserve Bank of

New York’s Survey of Primary Dealers. For the 2020–2021 episode, we use the Survey of Primary Dealers

throughout. The detailed construction of the expected ELB duration series is provided in Appendix A.5.

3 Model Validation

This section validates that our model generates realistic business cycle properties and sensible co-movements

among key macroeconomic variables. The validation of this section serves two purposes. First, it estab-

lishes that the model’s labor market mechanisms—search and matching frictions, endogenous participa-

tion and hours, and the interaction with nominal rigidities—operate sensibly when confronted with actual

data. Second, it evaluates whether our calibration choices—setting steady-state values to longer-run as-

sessments rather than sample averages, and incorporating time-varying monetary policy parameters from

2013 onward—materially compromise the model’s structural properties or its ability to replicate business

cycle patterns. We examine three dimensions of fit: unconditional business cycle volatilities, cyclical co-

movement with output, and the model-implied resource utilization gaps compared to external estimates

from the Congressional Budget Office and Federal Reserve staff. Readers primarily interested in the

construction and properties of the Structural Labor Market Indicator may proceed directly to Section 4,

where we detail the indicator’s methodology and historical behavior.

3.1 Unconditional Business Cycle Properties

Panel A of Table 2 reports standard deviations of key variables in the data and model, and Panel B

reports their first-order autocorrelations.

Several patterns merit attention. The baseline model does a good job matching the volatility observed

in the data across most variables. GDP volatility is reasonably captured (1.54 vs. 1.96), and labor

market variables—unemployment, participation, vacancies, and workweek are close to their empirical

counterparts, though the model displays somewhat smaller volatility than observed. The exceptions are

consumption and investment, where the model understates volatility. Importantly, while labor market

variables show slightly lower absolute volatility in the model, their volatility relative to output aligns

well with the data, indicating that the model correctly captures the relative amplitudes of labor market

fluctuations over the business cycle. Inflation volatility matches closely (0.12 vs. 0.14), and the nominal

interest rate volatility is the same as in the data (0.37). In terms of autocorrelations, the model successfully

matches the persistence observed in the data. GDP, unemployment, vacancies, and investment all display

autocorrelations extremely similar to their empirical values, indicating that the model replicates not only
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Table 2: Business Cycle Statistics: Data vs. Model

GDP u LFPR v ww w π i c I spread

Panel A: Standard deviation (x100)
Data 2.0 20.3 0.6 17.9 0.6 1.6 0.1 0.4 1.4 8.0 22.9
Model
Baseline 1.5 16.7 0.5 15.6 0.6 0.7 0.1 0.4 0.8 3.0 34.2
Median 2.0 25.0 0.6 23.9 0.7 1.0 0.1 0.3 0.9 3.6 38.2
Min 1.7 19.5 0.5 18.6 0.6 0.8 0.1 0.2 0.8 3.2 36.7
Max 3.1 49.3 0.9 40.5 1.1 1.5 0.2 0.3 1.4 4.8 41.1

Panel B: Autocorrelation
Data 0.96 0.98 0.92 0.96 0.90 0.93 0.42 0.96 0.95 0.98 0.87
Model
Baseline 0.94 0.94 0.89 0.92 0.88 0.81 0.63 0.94 0.96 0.96 0.77
Median 0.93 0.94 0.89 0.92 0.87 0.78 0.67 0.97 0.95 0.96 0.75
Min 0.93 0.93 0.88 0.92 0.86 0.77 0.61 0.96 0.94 0.95 0.72
Max 0.93 0.95 0.91 0.93 0.89 0.80 0.77 0.98 0.95 0.96 0.76

Notes: All variables except interest rates and spreads are logged and HP-filtered with λ = 105. Each simulation
generates a time series of length equal to the sample period (1987Q1–2025Q4), logs and HP-filters all variables
identically to the data, and computes moments over 1,000 simulations. “Baseline” reports average statistics cross
simulations and uses the constant pre-2013 Taylor rule coefficients throughout the sample. “Median,” “Min,”and
“Max” report the median, minimum, and maximum statistics, respectively, across simulations where the model uses
the time-varying Taylor rule coefficients estimated for each historical period. Standard deviations are multiplied by
100 for easy reading. u: unemployment rate, LFPR: labor force participation rate, v: vacancies, ww: workweek, w:
real wage, π: inflation, i: nominal interest rate, c: consumption, I: investment.

the volatility but also the persistence of business cycle fluctuations.

The median, minimum, and maximum statistics across the simulations using time-varying Taylor

rule coefficients reveal that changes in the monetary policy rule do affect model-generated volatilities.

The median volatilities tend to be higher than the baseline specification and, in some cases, exceed the

data by a modest factor. However, these differences remain relatively contained, and the range between

minimum and maximum values indicates that volatility does not change dramatically across different

policy rule specifications. Similarly, the persistence properties of the model remain remarkably stable

across specifications. This stability suggests that while the Taylor rule parameters influence the magnitude

of business cycle fluctuations, they do not fundamentally alter the dynamic propagation mechanisms or

the cyclical co-movement patterns that are central to the model’s labor market structure.

3.2 Cross-Correlations and Dynamic Co-Movement

Figure 1 plots the cross-correlation functions between output and other key variables at leads and lags

of up to eight quarters. The model does a good job matching the cross-correlation patterns observed

in the data across both macroeconomic aggregates and labor market variables. For labor market vari-

ables, unemployment exhibits the expected strong negative contemporaneous correlation with output,

with correlations remaining highly negative at both leads and lags, capturing the countercyclical nature

of unemployment. Vacancies display mild leading behavior, with correlations rising 1-2 quarters before
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Figure 1: Cross-Correlations with Output: Data vs. Model
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average over 1,000 simulations using the baseline (constant pre-2013) Taylor rule. Dash-lines: minimum and maximum over
the simulations that use a time-varying Taylor rule. Horizontal axis shows leads (positive) and lags (negative) in quarters.
Each panel shows correlations between the indicated variable at time t and output at t+ j.

output peaks. The labor force participation rate and workweek show positive contemporaneous corre-

lations with output, indicating their procyclical nature, and these patterns are captured by the model.

Wage growth displays positive correlation with output in both data and model, though the magnitude is

somewhat understated in the model. Inflation shows weaker and more variable correlations with output,

which the model also reproduces. Consumption shows strong contemporaneous correlation with out-

put, and investment displays the characteristic leading behavior with peak correlations occurring slightly

before output movements.

Importantly, simulations using time-varying Taylor rule coefficients generate similar cross-correlation

functions to the baseline specification. While the monetary policy rule parameters affect the magnitude

of business cycle volatility, as shown in Table 2, they do not alter the fundamental dynamic relationships

between variables or their cyclical timing. This stability is particularly important for constructing a

credible labor market indicator. The SLMI synthesizes information from multiple labor market variables

to assess overall slack, and its reliability depends critically on the model correctly identifying how these

variables relate to the business cycle. The fact that unemployment, vacancies, participation, hours, and

wages all display appropriate lead-lag patterns and co-movement with output—and that these patterns
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Figure 2: Model-Implied Gaps vs. External Estimates
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Notes: “Model” refers to our model’s gaps, defined as deviations from flexible-price equilibrium, using the time-varying
monetary policy rule. Federal Reserve estimates are based on the December 2020 Tealbook projections, which extend
through 2023:Q4, and were retrieved via the Federal Reserve Bank of Philadelphia real-time database. CBO estimates are
from the Congressional Budget Office. Shaded regions represent NBER recessions.

are robust to policy rule specification—provides confidence that the model captures the cyclical dynamics

necessary to interpret labor market signals correctly.

3.3 External Validation: Resource Utilization Gaps

A more stringent test evaluates whether the model’s estimates of unobservable slack align with inde-

pendent assessments. Figure 2 compares the model-implied output gap and unemployment rate gap to

estimates from the CBO and Federal Reserve Board staff.

Our model-based gaps are highly correlated with both CBO and Federal Reserve estimates, indicating

substantial agreement on the cyclical position of the economy over the sample period. Despite this

overall concordance, notable differences emerge in specific episodes. The model tends to identify greater

slack during recessions than either the CBO or Federal Reserve estimates, a pattern that becomes more

pronounced in the last two recessions. This is particularly evident during the COVID-19 recession, where

our model’s output gap shows a much larger decline than both the CBO and Federal Reserve assessments,

reflecting the model’s interpretation of the unprecedented collapse in economic activity and labor market

outcomes. More recently, since 2024, the model indicates a small negative output gap, while CBO

estimates show a positive gap. The unemployment rate gap comparisons show similar patterns. Despite

these differences in specific episodes and the variation in gap magnitudes, the high correlation between

our model-based gaps and these independent expert assessments gives us confidence that the model is

capable of capturing the cyclical position of the labor market. The model’s structural approach, which

jointly interprets unemployment, participation, vacancies, hours, and wages through the lens of search

and matching frictions and equilibrium conditions, provides a coherent framework for identifying labor
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market slack that aligns reasonably well with alternative methodologies that use different information

sets and identifying assumptions.

Historically, the relationship between the output gap and the unemployment rate gap—the Okun’s

law—provides a natural benchmark for evaluating our model-based gaps. Using the CBO’s estimates of

potential output and the natural rate of unemployment, the Okun coefficient is approximately −1.0. The

Federal Reserve’s corresponding estimates yield a stronger relationship, with a coefficient of −1.68. Our

model-based gaps produce an Okun coefficient of −1.7, which closely aligns with both the model’s pre-

dicted unconditional relationship and the Federal Reserve’s empirical estimate. This similarity validates

that our flexible-price equilibrium concept generates unemployment-output co-movements consistent with

standard measures of economic slack. Appendix C provides a visualization of the Okun’s law relationship

in our model over the sample period, as well as the the relationship using the gaps from the Federal

Reserve and the CBO.

4 Constructing the SLMI: The Challenge of Multidimensional Labor

Market Assessment

Policymakers routinely follow multiple labor market indicators that, at times, can send conflicting sig-

nals about the degree of labor market slack, complicating the assessment of appropriate policy. During

2015-2017, the unemployment rate hovered around 4.5 percent, suggesting relatively tight labor market

conditions, yet the LFPR was declining, potentially indicating persistent slack as discouraged workers re-

mained outside the labor force. In 2021-2022, unemployment remained low following the rapid pandemic

recovery, but this co-existed with unusually low average workweek hours and exceptionally high vacancy

rates, raising questions about whether standard unemployment metrics adequately captured labor market

tightness. More recently, in 2025-2026, low unemployment has coincided with declining vacancies, present-

ing yet another configuration where different margins point in potentially different directions regarding

labor market slack. Single indicators inevitably miss important information: the unemployment rate

ignores the participation margin and the intensive margin of labor supply; the vacancy-to-unemployment

ratio, while capturing labor demand relative to job seekers, abstracts from hours worked. These short-

comings motivate a central question of this paper: can we synthesize information across multiple labor

market margins—unemployment, participation, vacancies, hours, and wages—to construct a comprehen-

sive assessment of overall labor market slack? Our contribution is to use the structural model presented

in Section 2 to extract a common signal about the state of the labor market from multiple indicators. By

computing model-based gaps for each labor market variable—defined as deviations from their flexible-

price equilibrium counterparts—and identifying the common factor underlying their joint variation, we

construct a Structural Labor Market Indicator (SLMI) that provides a unified, model-consistent measure

of labor market slack that incorporates information from all observable margins simultaneously.

12



Figure 3: Model-Based Labor Market Gaps and SLMI

(a): Model-Based Gaps
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Notes: Red and gray lines in panel 3(b) represent the SLMI and all model-based gaps presented in panel 3(a), respectively.
Shaded regions represent NBER recessions.

4.1 Individual Variable Signals

We define labor market gaps as deviations of observed variables from their flexible-price-and-wage equi-

librium values. This counterfactual equilibrium represents the state of the labor market in the absence of

nominal price and wage rigidities and exogenous markup shocks. Thus, our gaps measure is fundamentally

a model-based concept. Importantly, this flexible equilibrium is not the efficient allocation: it retains all

real frictions present in the economy. The gaps therefore capture cyclical deviations from an equilibrium

that reflects the economy’s structural features—the natural rates of unemployment, participation, and

output—rather than deviations from a first-best optimum.

Figure 3(a) presents our model-based labor market gaps for nine key labor market variables: the

level of employment, the level of unemployment, the unemployment rate, the labor force participation

rate, vacancies, total hours worked, average workweek hours, labor market tightness as defined in the

model (i.e., ratio of vacancies to job searchers), and real wages. Some gaps are scaled to facilitate visual

comparison across variables with different units and volatilities.2 Not surprisingly, the gaps are highly

correlated over the full sample period, reflecting the common cyclical forces that drive labor market

fluctuations—all gaps move together during major recessions and expansions, indicating broadly coherent

signals about labor market slack during these episodes. However, examining specific time windows reveals

important divergences that motivate the need for a synthetic indicator, especially at turning points as

highlighted before.

2Figure A.3 in Appendix B plots each gap separately.
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Table 3: Weights in SLMI

E U u LFPR H ww v θ w
0.23 -0.32 -0.20 0.67 0.17 0.27 0.07 0.01 0.12

Notes: This table presents the weights on the model-based labor market gaps used in the construction of the
structural labor market indicator. E: employment, U: unemployment, u: unemployment rate, LFPR: labor force
participation rate, H: total hours, ww: workweek, v: vacancies, θ: labor market tightness, w: real wage.

4.2 Aggregation into SLMI

To synthesize the information contained in these multiple labor market gaps into a single summary

measure, we employ principal component analysis (PCA).3 The application of PCA to our nine labor

market gaps reveals a strong common factor structure. As we show below, the first principal component

alone accounts for the vast majority of the total variance across all gaps and is the only component with

an eigenvalue exceeding one—indicating that it explains more variance than any single original variable.

This finding validates our approach: the dominant first principal component captures the shared cyclical

information across all labor market indicators, providing a natural one-dimensional summary of overall

labor market slack. Based on this first principal component, we define our Structural Labor Market

Indicator (SLMI). By construction, the SLMI represents the optimal linear combination of the individual

gaps in terms of explaining their joint variation, providing a model-based, comprehensive measure of labor

market slack or tightness.

The construction of the SLMI proceeds in three steps. First, we normalize all labor market gaps by

subtracting their respective sample means and dividing by their respective sample standard deviations.

This standardization ensures that each variable contributes to the principal component analysis on an

equal footing, preventing variables with larger variances from dominating the extracted factor. Second, we

apply PCA to the standardized gaps and extract the loadings (weights) associated with the first principal

component. Third, we construct the SLMI as a weighted average of the original (non-standardized) gaps,

where the weights are the first principal component loadings normalized by each gap’s sample standard

deviation. This final step ensures that the SLMI retains the level information present in the original

gaps: unlike a standard principal component computed from standardized data, our SLMI has a non-

zero mean that reflects the average state of labor market slack over the sample period. This property is

crucial for interpretation—it means that an SLMI value of zero corresponds to neutral labor market slack.

Consequently, the indicator avoids the potential bias where zero would mechanically represent balanced

conditions even when all underlying gaps systematically indicate labor market slack or tightness.

Table 3 presents the weights for each labor market gaps used in the construction of the SLMI, and the

red line in Figure 3(b) presents the SLMI. Not surprisingly, the SLMI lies within the range spanned by the

3PCA is a statistical technique that extracts common signals from multivariate data without requiring a pre-specified
model or prior knowledge of the underlying system dynamics. Its primary strength lies in dimensionality reduction: it
identifies orthogonal components that capture the maximum variance in the data, effectively filtering out idiosyncratic noise
while preserving systematic co-movements. Unlike traditional filtering methods that impose strict assumptions about the
data-generating process, PCA is purely data-driven, making it particularly robust for discovering latent patterns that drive
multiple economic variables simultaneously. This approach is especially well-suited to our context, where labor market gaps
are expected to share a common cyclical component but may also exhibit indicator-specific dynamics.
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Figure 4: Historical Decomposition SLMI

(a): Shock Decomposition
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(b): Data Decomposition
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Notes: Panel 4(a) presents the historical shock decomposition of the SLMI, showing the contribution of each structural shock
to the deviation of the SLMI from its steady state over the sample period. Panel 4(b) presents the data decomposition,
indicating the contribution of each observable variable used in the model’s estimation to the SLMI dynamics. Both decom-
positions sum to the total SLMI value shown by the solid black line.

individual indicators, reflecting its role as a weighted average of these gaps. During periods when all labor

market indicators move decisively in the same direction—such as the deep recessions of the early 1980s,

2008-2009, and 2020—the SLMI provides an unambiguous signal of substantial labor market slack or

tightness. However, at turning points in the business cycle, when the economy transitions from expansion

to recession or from recession to recovery, the individual gaps often provide conflicting assessments of

labor market slack. It is precisely in these episodes that the SLMI proves most valuable, synthesizing the

divergent signals into a single coherent measure of overall labor market slack. In Section 5, we examine

more closely how the SLMI and the unemployment rate—often considered the primary indicator of labor

market slack—have provided different signals at critical historical junctures. Similarly, Section 5 also

shows that the SLMI outperforms taking the principal component of the detrended data in multiple

dimensions. Before that, we show next the historical decomposition of the SLMI, its drivers and sources

of information.

4.3 Historical Evolution of the SLMI: Shock and Data Decompositions

Figure 4 presents two complementary perspectives on the SLMI’s evolution over time. Figure 4(a) displays

the shock decomposition, showing how different structural disturbances have contributed to the SLMI at

each point in the sample. Figure 4(b) presents the data decomposition, illustrating which observable

variables have been most informative in shaping the SLMI’s movements.4

The shock decomposition reveals that the primary drivers of labor market slack over our sample

4Figure A.5 in Appendix D presents the double decomposition, which attributes SLMI variation simultaneously to specific
shocks and specific observables following the methodology in Chung et al. (2021).

15



period have been risk premium shocks—which operate as aggregate demand disturbances—and investment

efficiency shocks—which function as supply-side disturbances. These two shock categories account for the

bulk of SLMI variation, with risk premium shocks predominantly driving the deep labor market slack

during the 2008-2009 financial crisis and the COVID-19 recession, while investment efficiency shocks

contributed importantly to both the 2001 downturn and the slow recovery following the Great Recession.

Markup shocks and productivity shocks play more modest roles, contributing to shorter-run fluctuations

but rarely dominating the SLMI’s movements. It is particularly worth noting the time-varying importance

of monetary policy shocks. Before 2013, when our model employs a constant Taylor rule, monetary policy

shocks explain a non-trivial portion of SLMI variation, particularly during the early 1990s and early 2000s.

However, since 2013, when we incorporate time-varying Taylor rule coefficients that better capture the

FOMC’s evolving systematic responses to economic conditions, monetary policy shocks become negligible

contributors to the SLMI. This shift suggests that the time-varying rule captures well the behavior of

monetary policy over this period.

The data decomposition provides complementary insights into which observable variables have been

most informative about labor market slack. Unsurprisingly, the unemployment rate and the LFPR emerge

as the consistently most informative variables throughout the sample, reflecting that these series directly

measure labor market quantities and are observed with relatively little measurement error. However, the

decomposition also reveals that all other variables, in various combinations, have contributed meaning-

fully to the SLMI in different periods, underscoring the value of the multi-variable approach. In recent

years, GDP growth has proven particularly informative about the SLMI’s assessment of labor market

slack. Between 2020 and 2021, GDP growth indicated persistent slack in the labor market despite the

rapid recovery in the unemployment rate. Since 2024, GDP growth has suggested modestly tight labor

market conditions despite an unemployment rate slightly above its estimated natural rate. This pattern

highlights one of the key benefits of our model-based indicator: looking at labor market data in isolation

does not provide a complete picture of labor market slack. The structural model synthesizes informa-

tion from both labor market and non-labor market variables through equilibrium conditions that link

labor demand to aggregate activity. Intuitively, if GDP is growing strongly with low inflation, and a

relatively stable unemployment rate that is not unusually low, this configuration suggests slack in the

labor market—the economy is expanding without generating wage-price pressures, indicating unutilized

labor resources. Conversely, the same unemployment rate could imply tight labor market conditions if it

coincides with high inflation and only moderate GDP growth, as this pattern suggests supply constraints

binding labor utilization. The SLMI captures these context-dependent interpretations by filtering all

observable information through the model’s structural relationships.

To further analyze the informational content of non-labor market data, we implement a two-stage

decomposition illustrated in Figure 5. Figure 5(a) compares two versions of the SLMI: one constructed

using the full dataset (solid black line) and another using only labor market observables (red line). The

gap between the two indicators quantifies the informational role played by non-labor market data in

shaping our slack assessment. During the pandemic recovery (2020–2021), the labor-market-only SLMI
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Figure 5: The Role of Non-Labor Market Data

(a): SLMI: Full Data vs. Labor Market Data Only
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Notes: Panel 5(a) presents the SLMI constructed using all available data (solid black line) and using only labor market
variables (solid red line). Panel 5(b) presents the data decomposition of non-labor market variables to the gap between the
two indicators in Panel 5(a).

suggests noticeably less slack than the full-information indicator, failing to capture the persistent resource

underutilization signaled by weak GDP growth despite rapid unemployment recovery. In recent years

(2024-2026), the labor-only indicator points to tighter conditions than the full SLMI.

Figure 5(b) decomposes the gap between the full dataset and the labor-market-only SLMI into contri-

butions from non-labor market variables. GDP growth (blue) and inflation emerge as important contrib-

utors. In 2020-2021, when unemployment had already declined sharply, GDP growth signals persistent

slack and, in 2021-2023, inflation (PCE in red and CPI in maroon) validate tightness even as some labor

margins were ambiguous. Credit spreads and the federal funds rate also play non-negligible roles. Credit

spreads (light green) contribute substantially to the SLMI gap especially in periods of financial stress. For

example, credit spreads make a positive contribution to the SLMI during the 2008-2009 financial crisis,

suggesting that the labor market was tighter than labor market variables would indicate. In contrast,

during the COVID-19 recession, spreads contribute negatively, reinforcing the slack signal. The federal

funds rate (gray) also makes sizable contributions thoroughout the sample. Finally, non-labor market

data account for almost 19% of the SLMI variance over the sample period.5 Therefore, we conclude that

a comprehensive assessment of labor market slack requires looking beyond labor market aggregates.

5 Comparing the SLMI to Alternative Measures: Is the Unemploy-

ment Rate a Sufficient Statistic?

Figure 6 presents our model-based SLMI (solid black line) alongside alternative measures of aggregate

labor market slack that are model-free and thus purely empirical. Figure 6 includes the Kansas City

5The covariance between the labor-market and non-labor-market contributions is negative indicating that those two types
of data often provide offsetting signals about slack, which reinforces the value of incorporating both types of information as
they provide complementary rather than redundant assessments of labor market conditions.
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Figure 6: SLMI and Alternative Labor Market Gaps
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Notes: HP (105): first principal component of the labor market data when filtered with the HP filter and a smoothing
parameter equal to 105. HP (1, 600): first principal component of the labor market data when filtered with the HP
filter and a smoothing parameter equal to 1, 600. Shaded regions represent NBER recessions.

Fed Labor Market Condition Indicator (LMCI), which is a data-based indicator based on labor-market

data only (Hakkio and Willis, 2014). Figure 6 also includes three variants of a principal component

analysis applied directly to the filtered labor-market data: the first principal component extracted from

our six labor market variables after applying an HP filter with smoothing parameter λ = 105 (dashed

line), the same exercise with λ = 1, 600 (dotted line), and the first principal component after applying

the Hamilton filter (dash-dotted line). For comparison, we also plot our model-based unemployment rate

gap (gray line), which represents the deviation of the unemployment rate from its flexible-price-and-wage

equilibrium counterpart.

Several noteworthy patterns emerge from this comparison. First, the SLMI tends to provide earlier

warning signals of deteriorating labor market conditions: it typically turns negative before the alternative

indicators at recession onset, most notably prior to the 2001 and 2008 recessions. However, the SLMI also

exhibits slower recovery dynamics, lagging behind the filtered-data measures during the expansion phases

of the mid-1990s and 2010s. This asymmetry reflects the model’s richer propagation mechanisms, where

labor market slack dissipates more gradually through the interaction of search frictions, participation

decisions, and hours adjustments. Second, in contrast to our model-based gaps where the first principal

component explains the vast majority of the variance and is the only component with an eigenvalue

exceeding one, the purely data-driven principal component analysis exhibits a less concentrated factor

structure. When applied to filtered data, up to three principal components explain more than two

variables’ worth of volatility, suggesting that the common cyclical signal is more diffuse without the

discipline imposed by the structural model. Third, while the SLMI and the unemployment rate gap are

highly correlated over the full sample, they occasionally provide divergent signals about labor market slack.
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A prominent example occurs in 2021, when the SLMI indicated emerging labor market tightness earlier

than the unemployment rate gap, capturing dimensions of labor market pressure beyond unemployment

dynamics alone.

The advantages of our model-based approach become clear in this comparison. Relative to purely

statistical measures constructed from filtered data, our theoretical framework allows us to conduct coun-

terfactual analysis, decompose the indicator into contributions from specific economic shocks, and perform

sensitivity analysis with respect to assumptions about longer-run trends and natural rates—exercises that

are not feasible with atheoretical filtering methods. Furthermore, the model’s explicit treatment of mul-

tiple labor market margins means the SLMI naturally aggregates information from unemployment, labor

force participation, vacancies, and hours worked in a way that respects their structural relationships. The

high correlation between our unemployment rate gap and the SLMI is unsurprising but revealing: both

measures are constructed using the discipline of a structural model estimated on a rich dataset that en-

compasses not only multiple labor market variables but also spending data and inflation dynamics. This

means that our model-based unemployment gap itself already incorporates information from the broader

macroeconomic environment—it is not simply a filtered unemployment series but rather an equilibrium

outcome informed by all the data used to discipline the model. The SLMI takes this a step further by

aggregating the model-implied gaps across multiple labor market dimensions, each of which has been

inferred using this comprehensive information set. Compared to relying solely on the unemployment

rate gap, the SLMI’s incorporation of these additional dimensions proves particularly valuable during

episodes when labor market slack manifests along other margins of labor adjustment. The 2021-2022

period exemplifies this advantage: while the unemployment rate remained above pre-pandemic levels, the

SLMI detected tightening conditions by incorporating signals from surging vacancies and rising hours

worked. This multi-dimensional perspective provides policymakers with a more complete assessment of

labor market resource utilization than any single indicator can deliver.

6 Uncertainty and the One-Sided Filter

While the SLMI provides a comprehensive summary of labor market slack, policymakers naturally care

about the precision of such estimates. Any model-based indicator is subject to various sources of un-

certainty, including parameter uncertainty, shock identification, and specification choices. Moreover,

policymakers require indicators that can be computed in real time, without the benefit of revised data

or future observations. We address both concerns by constructing credible intervals for the SLMI that

quantify parameter uncertainty and by comparing the smoothed SLMI to its real-time counterpart.

6.1 Credible Intervals

We construct credible intervals for the SLMI using Monte Carlo simulations that account for parameter

uncertainty. Specifically, we assume that our model parameters follow a multivariate normal distribu-

tion centered at our baseline calibrated values, with variance-covariance matrix Σ. To construct Σ, we
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Figure 7: SLMI 68% Credible Intervals
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Notes: Shaded region represents the 68 percent credible interval. The blue line corresponds to the median SLMI.

partition the full parameter vector into three blocks and assume zero covariance across blocks: (i) the

time-varying monetary policy rule coefficients, (ii) the calibrated parameters reported in Table 1, and

(iii) the parameters adopted from Cairó et al. (2026). This block-diagonal structure reflects our sequen-

tial calibration strategy and the different data sources used to discipline each parameter subset. For the

time-varying Taylor rule parameters, we compute the variance-covariance matrix using the 4,000 posterior

draws from González-Astudillo and Tanvir (2026). For the parameters taken from Cairó et al. (2026), we

similarly compute the variance-covariance matrix directly from their posterior draws. For the calibrated

parameters in Table 1, we proceed as follows. We use the time series of median SEP for the longer-run val-

ues of the federal funds rate, unemployment rate, and GDP growth to compute the variance-covariance

matrix across these longer-run targets, which discipline our steady-state calibration. For the markup

shock persistence parameter ρϵp , we assume an independent normal distribution with standard deviation

of 0.1, and zero correlation with other parameters. Drawing 100, 000 parameter vectors from this multi-

variate normal distribution, we re-solve the model and re-compute the SLMI for each draw, generating

the 68 percent credible intervals presented in Figure 7.

Figure 7 reveals several notable features of the uncertainty surrounding the SLMI. The credible in-

tervals exhibit a modest downward skew, indicating that the distribution of possible SLMI values tends

to be asymmetric with a slightly heavier tail toward greater labor market tightness. In recent years,

the credible intervals have narrowed considerably, reflecting increased confidence in the estimated values

of labor market slack and suggesting that parameter uncertainty has less impact on the SLMI during

this period. A particularly instructive episode is the recovery from the Great Recession: during much of

the 2010-2015 period, the credible intervals include zero, indicating substantial model uncertainty about

the timing and pace of labor market normalization. This uncertainty captures genuine ambiguity about

whether labor markets had returned to equilibrium conditions during this prolonged recovery phase, a
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period when policymakers and economists actively debated the degree of remaining labor market slack.

6.2 One-Sided Filter

For practical policy applications, an important consideration is whether the SLMI can be computed using

only information available to policymakers at each point in time. The SLMI presented throughout this

paper is constructed using the Kalman smoother, which is a two-sided filter that conditions on the full

sample of data—past, present, and future observations. While this approach yields the most accurate

estimates of historical labor market conditions, it is not directly implementable in real time. We therefore

construct a version of the SLMI using the one-sided Kalman filter, which conditions only on information

available up to time t when estimating the state of the economy at time t.

Figure 8: SLMI: Two-Sided vs. One-Sided Filters
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Figure 8 compares the smoothed (two-sided) SLMI to its one-sided filter counterpart over the sample

period. The two series are highly correlated, confirming that the SLMI provides reliable signals even

when computed in real time without the benefit of future data revisions. However, a systematic differ-

ence emerges: the one-sided indicator has been visibly higher on average since 2015, suggesting that it

tends to overestimate labor market tightness to some extent. Despite this tendency, the one-sided SLMI

preserves the key property established earlier in the paper: it continues to provide earlier warning signals

of deteriorating labor market conditions relative to alternative indicators. This combination of timeliness

and implementability makes the real-time SLMI a practical tool for policymakers who must assess labor

market conditions without the luxury of hindsight.

7 Conclusion

Assessing labor market slack is most difficult precisely when it matters most: at business cycle turn-

ing points, when participation, hours, vacancies, and wages may send conflicting signals about resource
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utilization. The unemployment rate, though informative, is silent on these other margins, while purely

statistical aggregators of labor market data cannot separate supply from demand, draw on non-labor infor-

mation or support counterfactual analysis. This paper develops a Structural Labor Market Slack (SLMI)

indicator that addresses these shortcomings, synthesizing information across nine labor market dimen-

sions using a medium-scale DSGE model with search and matching frictions, endogenous participation,

and variable hours. By defining slack relative to a flexible-price-and-wage equilibrium and disciplining

the model on a comprehensive dataset spanning both labor market and macroeconomic variables, we

obtain a theoretically coherent, empirically validated measure of overall slack for the U.S. economy over

1987–2026.

Our analysis yields four main findings with policy relevance. First, the SLMI frequently diverges from

alternative measures at critical junctures, tending to warn earlier of deterioration at recession onset while

recovering more gradually during expansions, an asymmetry that reflects the model’s richer propagation

through search frictions, participation, and hours. Second, and crucially, data decompositions show that

GDP growth and inflation carry substantial information about labor market slack beyond what labor mar-

ket variables alone reveal. The same unemployment rate can signal different degrees of slack depending

on whether it coincides with strong growth and subdued inflation or weak growth and elevated price pres-

sures. Third, shock decompositions attribute the bulk of labor market fluctuations to aggregate demand

disturbances (risk premium shocks) and supply-side factors (investment efficienct shocks), while monetary

policy shocks play a negligible role once we allow for time-varying systematic policy responses. Fourth,

the indicator is practical for real-time use and admits formal uncertainty quantification: the one-sided,

real-time SLMI tracks its smoothed counterpart closely and preserves the early-warning property, and

Monte-Carlo credible intervals reveal that parameter uncertainty is especially elevated during recoveries.

During much of the 2010–2015, for example, the 68 percent intervals straddle zero, capturing the genuine

ambiguity policymakers faced over the pace of normalization.

Important limitations qualify our results and suggest directions for future research. The SLMI is in-

herently model-dependent, requiring judgment about structural features, calibration of long-run natural

rates, and shock specifications. The reliance on time-varying monetary policy rule coefficients estimated

from Summary of Economic Projections data limits this feature to the post-2013 period, and alternative

specifications of the policy rule could affect the attribution of movements to systematic policy versus

shocks. Future work could extend the analysis by incorporating additional labor market heterogeneity

such as skill mismatch or industry-specific dynamics, exploring alternative equilibrium concepts for defin-

ing slack. Nevertheless, our structural approach demonstrates that meaningful progress can be made in

constructing comprehensive labor market slack measures that respect theoretical coherence while main-

taining strong empirical performance, providing policymakers with a valuable tool for navigating the

inherently multidimensional challenge of assessing labor market slack.
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Beyond the Unemployment Rate: A Structural Labor Market

Indicator
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Morales-Jiménez3 Damjan Pfajfar4

July 2026

A Model Details and Equations

A.1 Summary of Equations for the Rigid Economy

This section presents the equations for the rigid economy. In particular, there are 64 endogenous variables,

Lt, Nt, Ut, Ht, st, ut, Ũt, c̃t, X̃t(l), X̃t(h), zht, L̃ct, ν̃t(l), ν̃t(h), Ṽct, Ṽht, Ṽzht, w̃t, Rt, Λ̃t,t+1,

b̃t, µ̃t, Ṽ
h
t , pt,mt, vt, qt, θt, πt, p

m
t , m̃plt,mpkt, r

k
t , Ω̃t, ϵ̃

avg
t,t , µ̃

avg
t,t , χ̃

avg
t,t , κ̃vt, κ̃nt, zt, J̃t, w̃

0
t , δkt,

at, u
k
t , R

k
t , q

k
t , Ĩt, ẑωt, Ĝt, Ĝ

′
t, ω̄t, Γ̂t, Γ̂

′
t, ϕt, Ñwt, K̃t, it, hours gapt, Ỹt, spreadt, defaultt, k̃t, G̃DP t

and the following 64 equations:

Households:

Nt = (1− δst)Nt−1 + ptst (A.1)

X̃t (h) = (c̃t − hc̃t−1/γt)
γh
(
X̃t−1(h)/γt

)1−γh
(A.2)

X̃t (l) = (c̃t − hc̃t−1/γt)
γl
(
X̃t−1(h)/γt

)1−γl
(A.3)

Lt = Nt + Ut (A.4)

Ht = Nt + ΓUt (A.5)

Lt = st + (1− δst)Nt−1 (A.6)

ut =
Ut
Lt

(A.7)

Ũt = c̃t − h
c̃t−1

γt
+ χlt

(1−Ht)
(1−αh)(1−ψl)

1− ψl
X̃t(l)− χht

zh1+ψht

1 + ψh
NtX̃t(h) (A.8)
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L̃ct = Ũ−σc
t + ν̃t(h)γh

(
c̃t − h c̃t−1

γt

X̃t−1(h)/γt

)γh−1

+ ν̃t(l)γl

(
c̃t − h c̃t−1

γt

X̃t−1(l)/γt

)γl−1

(A.9)

Ṽct = L̃ct − hβEtγ
−σc
t+1 L̃c,t+1 (A.10)

Ṽht = Ũ−σc
t χlt(1− αh)(1−Ht)

(1−αh)(1−ψl)−1X̃t(l) (A.11)

Ṽzht = −Ũ−σc
t χhtzh

ψh
t NtX̃t(h) (A.12)

Ṽzht + Ṽctw̃tNt = 0 (A.13)

Ṽc,t = Etµ
RP
t Ṽc,t+1

Rt
γσct+1

+ χ (A.14)

Λ̃t,t+1 = β
Ṽc,t+1

Ṽc,t
(A.15)

ν̃t(h) = −Ũ−σc
t χht

zh1+ψht

1 + ψh
Nt + β(1− γh)Etγ

1−σc
t+1 ν̃t+1(h)

X̃t+1(h)

X̃t(h)
(A.16)

ν̃t(l) = Ũ−σc
t χlt

(1−Ht)
(1−αh)(1−ψl)

1− ψl
+ β(1− γl)Etγ

1−σc
t+1 ν̃t+1(l)

X̃t+1(l)

X̃t(l)
(A.17)

µ̃t =
Ṽht

Ṽct
(A.18)

˜̄V h
t = w̃tzht − Ω̃t + Et[γ

1−σc
t+1 (1− δst+1)

˜̄V h
t+1Λ̃t,t+1]− Et[γ

1−σc
t+1 (1− δst+1)pt+1Λ̃t,t+1

˜̄V h
t+1] (A.19)

pt
˜̄V h
t = Γµ̃t − b̃t (A.20)

b̃t = b̃ (A.21)

Labor Market:

mt = σm,tv
1−σm
t sσmt (A.22)

pt =
mt

st
(A.23)

qt =
mt

vt
(A.24)

θt =
vt
st

(A.25)

Final Good Producer/Retailer:

π̂t =
γp

1 + βγp
π̂t−1 +

slopepc
100

p̂mt +
β

1 + βγp
Etπ̂t+1 + ϵ̂pt (A.26)
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Intermediate Good Producer/Wage:

mpkt =α
Ỹt

k̃t
(A.27)

m̃plt =(1− α)
Ỹt
Nt

(A.28)

pmt mpkt =r
k
t (A.29)

Ω̃t =Ũ−σc
t

χhtX̃t(h)

Ṽct

zh1+ψht

1 + ψh
+ b̃t + (1− Γ)µ̃t (A.30)

ˆ̃ϵavgt =
zh

ϵ̃
ẑht + β(1− δs)γ

1−σcλwEt[ ̂(1− δst+1) + (1− σc)γ̂t+1 +
ˆ̃Λt,t+1

+ γwγ γ̂t + γwpπ̂t − π̂t+1 − γ̂t+1 + ˆ̃ϵavgt+1] (A.31)

ˆ̃µavgt =
zh
µ̃
z̃ht + ϕ̃µEt

[
qzẑjt+1(w̃t+1) + ω1

ˆ̃µavgt+1)
]

− ϕ̃µqzΞµ̃
µ̃

zh
Et

[
ˆ̃wt + γwγ γ̂t + γwpπ̂t − π̂t+1 − γ̂t+1 − ˆ̃wt+1

]
+ ϕ̃µEt[(1− δs) ̂(1− δst+1) + qzq̂t+1 + ω1(1− σc)γ̂t+1 + ω1

ˆ̃Λt,t+1

+ ω1(γwγ γ̂t + γwpπ̂t − γ̂t+1 − π̂t+1)] (A.32)

ˆ̃χavgt =(1− χ̃)(ˆ̃ϵavgt − ˆ̃µavgt ) (A.33)

κ̃vt =J̃tq̃t (A.34)

κ̃vt =κ1q
1+ψ1
t zψ1

t + κ2z
ψ2
t (A.35)

κ̃nt =κ1
ψ1

1 + ψ1
q1+ψ1
t z1+ψ1

t + κ2
ψ2

1 + ψ2
z1+ψ2
t (A.36)

J̃t =p
m
t m̃plt − w̃tzht + Et[γ

1−σc
t+1 Λ̃t,t+1κ̃nt+1] + Et[γ

1−σc
t+1 Λ̃t,t+1(1− δst+1)J̃t+1] (A.37)

ˆ̃w0
t (w̃t) =ϕ̃a

(
ˆ̃pmt +

ˆ̃
mplt

)
+ (ϕ̃s + ϕ̃x)Et

[
(1− σc)γ̂t+1 +

ˆ̃Λt,t+1

]
+ ϕ̃x ˆ̃κnt+1(w̃t+1) + ϕ̃s ˆ̃κvt+1(w̃t+1)

+ ϕ̃b
ˆ̃Ωt + ϕ̃sEt

[
p̂t+1 + ̂(1− δst+1)− q̂t+1

]
+ ϕ̃χ

[
χ̂avgt,t − βγ1−σc ((1− δs)− p(1− δs))Etχ̂

avg
t+1,t+1

]
+
[
ϕ̃s(1− η)−1ρn + ϕ̃χ(1− χ̃)(1− η)−1 − ϕ̃χβγ

1−σc(1− δs)(1− χ̃)(1− η)−1ρn
]
η̂t

− ẑht (A.38)

ˆ̃wt =γ0 ˆ̃w
0
t + γb

(
ˆ̃wt−1 − γ̂t − π̂t + γwγ γ̂t−1 + γwpπ̂t−1

)
+ γfEt

(
ˆ̃wt+1 + γ̂t+1 + π̂t+1 − γwγ γ̂t − γwpπ̂t

)
(A.39)

zt =
vt

Nt−1
(A.40)
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Capital Producers and Capital Utilization:

K̃t = (1− δk,t)K̃t−1/γt + µIt Ĩt

(
1− γk

2

(
γtĨt/Ĩt−1 − γ

)2)
(A.41)

δk,t = δk (A.42)

at = ιu,0

[
eιu,1(u

k
t−1) − 1

]
(A.43)

Rkt =
ukt r

k
t − at + (1− δk,t)q

k
t

qkt−1

(A.44)

qkt µ
I
t

(
1− γk

2

(
γtĨt/Ĩt−1 − γ

)2
− γtĨt

Ĩt−1

γk

(
γtĨt/Ĩt−1 − γ

))
= (A.45)

1− Et
1

γσct+1

Λ̃t,t+1q
k
t+1µ

I
t+1

(
γt+1Ĩt+1

Ĩt

)2

γk

(
γt+1Ĩt+1

Ĩt
− γ

)
rkt = ιu,0ιu,1e

ιu,1(ukt−1) (A.46)

Entrepreneurs:

ẑωt =
log(ω̄t) + 0.5σ2ω,t−1

σω,t−1
(A.47)

Ĝt = Φ(ẑωt − σω,t−1) (A.48)

Ĝ′
t = ω̄tf̂t−1 (ω̄t) (A.49)

Γ̂t = Φ(ẑωt − σω,t−1) + ω̄t [1− Φ (ẑωt)] (A.50)

Γ̂′
t = 1− Φ(ẑω,t) (A.51){
Γ̂t+1 − µ̂Ĝt+1

} Rkt+1

µRPt Rt
− (ϕt − 1)

ϕt
= 0 (A.52)

Et


[
1− Γ̂t+1

] Rkt+1

µRPt Rt
+

Γ̂′
t+1

([
Γ̂t+1 − µ̂Ĝt+1

]
Rkt+1

µRPt Rt
− 1

)
Γ̂′
t+1 − µ̂Ĝ′

t+1

 = 0 (A.53)

˜NW t = γ̂
{
ϕt−1

[(
1− µ̂Ĝt

)
Rkt − µRPt−1Rt−1

]
+ µRPt−1Rt−1

}
˜NW t−1/γt + W̃ e

t (A.54)

K̃t =
ϕt ˜NW t

qkt
(A.55)

defaultt = Φ(ẑωt) (A.56)

spreadt = Et[R
k
t+1]−Rt (A.57)
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Monetary Policy and Fisher equation:

it = iρit−1

[
Rπ

(
πt
π⋆t

)κπ ( Ỹt

Ỹ f
t

)κy (
Ỹt/Ỹ

f
t

Ỹt−1/Ỹ
f
t−1

)κgy](1−ρi)
µmt (A.58)

hours gapt =

[
ukt

uk
f

t

]α [
zhtNt

zhftN
f
t

]1−α
(A.59)

Rt =
it

Etπt+1
(A.60)

Market Clearing:

Ỹt =c̃t + Ĩt +
κ1

1 + ψ1

(
qtvt
Nt−1

)1+ψ1

Nt−1 +
κ2

1 + ψ2

(
vt

Nt−1

)1+ψ2

Nt−1

+ (1− 1/G̃ovt)G̃DPt + at
K̃t−1

γt
+ ˜FixCost (A.61)

Ỹt =
(
k̃t

)α (
γtempt Ntzht

)1−α
(A.62)

k̃t =u
k
t

K̃t−1

γt
(A.63)

G̃DP t =Ỹt (A.64)

There are 12 exogenous shock processes,

χlt, χht, µ
RP
t , σωt, µ

I
t , G̃ovt, σm,t, ηt, ϵ

p
t , γt, γ

temp
t , µmt

and 12 equations for them:

logχl,t = (1− ρχ1 − ρχ2) logχl + ρχ1 logχl,t−1 + ρχ2 logχl,t−2 + εχl,t/100

logχh,t = (1− ρχh) logχh + ρχh logχh,t−1 + εχh,t/100

log µRPt = (1− ρRP ) logµ
RP + ρRP log µRPt−1 + εRP,t/100

log (σω,t) = (1− ρσω) log (σω) + ρσω log (σω,t−1) + εσω ,t/100

log µIt =
(
1− ρµI

)
log µI + ρµI log µ

I
t−1 + εµI/100

log G̃ovt = (1− ρG) log G̃ov + ρG log G̃ovt−1 + εGov,t/100 + θGaεγ,t/100

log σm,t = (1− ρσm) log σm + ρσm log σm,t−1 + εσm/100

log ηt = (1− ρη) log η + ρη log ηt−1 + εη/100

ϵ̂pt = ρϵϵ̂
p
t−1 + εϵ,t/100− θϵεϵ,t−1/100

log γt = (1− ργ) log γ + ργ log γt−1 + εγ,t/100
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log
γtempt

γtemp
= ργtemp log

γtempt−1

γtemp
+ εγtemp,t/100− θγεγtemp,t−1/100

log µmt = (1− ρm) log(µ
m) + ρm log µmt−1 + εm,t/100

A.2 Summary of Equations for the Flexible Economy

Note that in the flexible economy, retailers and firms can optimally set prices and wages each period. All

of the exogenous processes and parameter values are the same as in the rigid economy except that the

bargaining power shocks and markup shocks do not affect the flexible economy. Also, η in the flexible

economy is calibrated to be the same as χ in the rigid economy so both the rigid economy and the flexible

economy share the same steady state. The flexible economy has 57 endogenous variables, which are

the same as in the rigid economy except for πt, ϵ̃
avg
t,t , µ̃

avg
t,t , χ̃

avg
t,t , w̃

0
t , it, hours gapt. The 57 corresponding

equations are:

Households:

Nf
t = (1− δst)N

f
t−1 + pft s

f
t (A.65)

X̃f
t (h) =

(
c̃ft − hc̃ft−1/γt

)γh (
X̃f
t−1(h)/γt

)1−γh
(A.66)

X̃f
t (l) =

(
c̃ft − hc̃ft−1/γt

)γl (
X̃f
t−1(l)/γt

)
)1−γl (A.67)

Lft = Nf
t + Uft (A.68)

Hf
t = Nf

t + ΓUft (A.69)

Lft = sft + (1− δst)N
f
t−1 (A.70)

uft =
Uft

Lft
(A.71)

Ũft = c̃ft − h
c̃ft−1

γt
+ χlt

(1−Hf
t )

(1−αh)(1−ψl)

1− ψl
X̃f
t (l)− χht

zhf
1+ψh

t

1 + ψh
Nf
t X̃

f
t (h) (A.72)

L̃fct = Ũf
−σc

t + ν̃ft (h)γh

 c̃ft − h
c̃ft−1

γt

X̃f
t−1(h)/γt

γh−1

+ ν̃ft (l)γl

 c̃ft − h
c̃ft−1

γt

X̃f
t−1(l)/γt

γl−1

(A.73)

Ṽ f
ct = L̃fct − hβEtγ

−σc
t+1 L̃

f
c,t+1 (A.74)

Ṽ f
ht = Ũf

−σc
t χlt(1− αh)(1−Hf

t )
(1−αh)+(1−ψl)−1X̃f

t (l) (A.75)

Ṽ f
zht = −Ũf

−σc
t χhtzh

fψh
t Nf

t X̃
f
t (h) (A.76)

Ṽ f
zht + Ṽ f

ctw̃
f
t N

f
t = 0 (A.77)

Ṽ f
c,t = Et

µRPt Rft
γσct+1

Ṽ f
c,t+1 + χ (A.78)

Λ̃ft,t+1 = β
Ṽ f
c,t+1

Ṽ f
c,t

(A.79)
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ν̃ft (h) = −Ũf
−σc

t χht
zhf

1+ψh

t

1 + ψh
Nf
t + β(1− γh)Etγ

1−σc
t+1 ν̃ft+1(h)

X̃f
t+1(h)

X̃f
t (h)

(A.80)

ν̃ft (l) = Ũf
−σc

t χlt
(1−Hf

t )
(1−αh)(1−ψl)

1− ψl
+ β(1− γl)Etγ

1−σc
t+1 ν̃ft+1(l)

X̃f
t+1(l)

X̃f
t (l)

(A.81)

µ̃ft =
Ṽ f
ht

Ṽ f
ct

(A.82)

˜̄V hf

t = w̃ft zh
f
t − Ω̃ft + Et[γ

1−σc
t+1 (1− δst+1)

˜̄V hf

t+1Λ̃
f
t,t+1]− Et[γ

1−σc
t+1 (1− δst+1)p

f
t+1Λ̃

f
t,t+1

˜̄V hf

t+1] (A.83)

pft
˜̄V hf

t = Γµ̃ft − b̃ft (A.84)

b̃ft = b̃f (A.85)

Labor Market:

mf
t = σm,tv

f1−σm
t sf

σm

t (A.86)

pft =
mf
t

sft
(A.87)

qft =
mf
t

vft
(A.88)

θft =
vft

sft
(A.89)

Final Good Producer/Retailer:

pmft =
Θ− 1

Θ
(A.90)

Intermediate Good Producer/Wage:

mpkft =α
Ỹ f
t

k̃ft
(A.91)

m̃pl
f
t =(1− α)

Ỹ f
t

Nf
t

(A.92)

pmt mpk
f
t =rfkt (A.93)

Ω̃ft =Ũf
−σc

t

χhtX̃
f
t (h)

Ṽ f
ct

zhf
1+ψh

t

1 + ψh
+ b̃ft + (1− Γ)µ̃ft (A.94)

κ̃fvt =J̃
f
t q̃

f
t (A.95)

κ̃fvt =κ1q
f1+ψ1
t zf

ψ1

t + κ2z
fψ2
t (A.96)

˜
κfnt =κ1

ψ1

1 + ψ1
qf

1+ψ1

t zf
1+ψ1

t + κ2
ψ2

1 + ψ2
zf

1+ψ2

t (A.97)
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J̃ft =pf
m

t m̃pl
f
t − w̃ft zh

f
t + Et[γ

1−σc
t+1 Λ̃ft,t+1κ̃

f
nt+1] + Et[γ

1−σc
t+1 Λ̃ft,t+1(1− δst+1)J̃

f
t+1] (A.98)

ˆ̃wft =ϕ̃a

(
ˆ̃pmft +

ˆ̃
mplft

)
+ (ϕ̃s + ϕ̃x)Et

[
(1− σc)γ̂t+1 +

ˆ̃Λft,t+1

]
+ ϕ̃xEt ˆ̃κ

f
nt+1 + ϕ̃sEt ˆ̃κ

f
vt+1

+ ϕ̃b
ˆ̃Ωft + ϕ̃sEt

(
p̂ft+1 +

̂(1− δst+1)− q̂ft+1

)
− ẑfht (A.99)

zft =
vft

Nf
t−1

(A.100)

Capital Producers and Capital Utilization:

K̃f
t = (1− δfk,t)K̃

f
t−1/γt + µIt Ĩ

f
t

(
1− γk

2

(
γtĨ

f
t /Ĩ

f
t−1 − γ

)2)
(A.101)

δfk,t = δk (A.102)

aft = ιu,0

[
e
ιu,1

(
ufkt −1

)
− 1

]
(A.103)

Rfkt =
ufkt r

fk
t − aft + (1− δfk,t)q

fk
t

qfkt−1

(A.104)

qfkt µIt

(
1− γk

2

(
γtĨ

f
t /Ĩ

f
t−1 − γ

)2
− γtĨ

f
t

Ĩft−1

γk

(
γtĨ

f
t /Ĩ

f
t−1 − γ

))
= (A.105)

1− Et
1

γσct+1

Λ̃ft,t+1q
fk
t+1µ

I
t+1

(
γt+1Ĩ

f
t+1

Ĩft

)2

γk

(
γt+1Ĩ

f
t+1

Ĩft
− γ

)

rfkt = ιu,0ιu,1e
ιu,1

(
ufkt −1

)
(A.106)

Entrepreneurs:

ẑfωt =
log(ω̄ft ) + 0.5σ2ω,t−1

σω,t−1
(A.107)

Ĝft = Φ
(
ẑfωt − σω,t−1

)
(A.108)

Ĝf
′

t = ω̄ft f̂t−1

(
ω̄ft

)
(A.109)

Γ̂ft = Φ
(
ẑfωt − σω,t−1

)
+ ω̄ft

[
1− Φ

(
ẑfωt

)]
(A.110)

Γ̂f
′

t = 1− Φ(ẑfωt) (A.111)

{
Γ̂ft+1 − µ̂Ĝft+1

} Rfkt+1

µRPt Rft
−

(
ϕft − 1

)
ϕft

= 0 (A.112)

Et


[
1− Γ̂ft+1

] Rfkt+1

µRPt Rft
+

Γ̂f
′

t+1

([
Γ̂ft+1 − µ̂Ĝft+1

]
Rfkt+1

µRPt Rft
− 1

)
Γ̂f

′

t+1 − µ̂Ĝf
′

t+1

 = 0 (A.113)
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˜NW
f
t = γ̂

{
ϕft−1

[(
1− µ̂Ĝft

)
Rfkt − µRPt−1R

f
t−1

]
+ µRPt−1R

f
t−1

}
˜NW

f
t−1/γt + W̃ e

t (A.114)

K̃f
t =

ϕft
˜NW

f
t

qfkt
(A.115)

defaultft = Φ(ẑfωt) (A.116)

spreadft = Et[R
kf

t+1]−Rft (A.117)

Market Clearing:

Ỹ f
t =c̃ft + Ĩft +

κ1
1 + ψ1

(
qft v

f
t

Nf
t−1

)1+ψ1

Nf
t−1 +

κ2
1 + ψ2

(
vft

Nf
t−1

)1+ψ2

Nf
t−1

+ (1− 1/G̃ovt)
˜

GDP ft + aft
K̃f
t−1

γt
+ ˜FixCost (A.118)

Ỹ f
t =

(
k̃ft

)α (
γtempt Nf

t zh
f
t

)1−α
(A.119)

k̃ft =ufkt
K̃f
t−1

γt
(A.120)

G̃DP
f

t =Ỹ f
t (A.121)

A.3 Parameters

Table A.1: Model Parameters

PARAMETER SYMBOL VALUE

Steady–state job finding rate pss 0.83

Matching elasticity with respect to unemployment σm 0.81

Ratio of vacancy posting costs parameters log κ21 -6.49

Hiring–rate cost elasticity ψ1 1.53

Vacancy–rate cost elasticity ψ2 1.17

SS ratio of outside option to MPL plus hiring cost Ωp 0.83

SS ratio of b plus utility cost of employ to outside option ΓΩ 0.43

SS ratio of b to the participation component of outside option b0 0.98

Log of JR parameter for hours log γh -2.56

Log of JR parameter for participation margin log γl -3.29

Inverse employment elasticity ψl 1.86

SS workers’ bargaining power η 0.57

Nominal wage rigidity λw 0.04

Capital depreciation δk 0.025

Capital share α 0.33

Continued on next page
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Table A.1 – continued from previous page

PARAMETER SYMBOL VALUE

Share of government spending in GDP at the steady state Gov⋆
Y⋆

0.20

Share of investment in GDP at the steady state I⋆
Y⋆

0.20

Net inflation at the steady state (quarterly) π⋆ 0.005

100*Spread at steady state 100 ·
(
Rk −R

)
0.5085

Kimball aggregator Θ 5.19

Job–filling rate at the steady state q⋆ 0.95

Survival rate for firms γ̂ 0.975

100*Entrepreneurial default rate at steady state 100 · F̂ (ω) 0.56

Constant in the consumption meas. equation cdc 0.13

Constant in the investment meas. equation cdc -0.29

Constant in the comp. per hour meas. equation cdw -0.02

Constant in the average hourly earnings meas. equation cahe -0.20

Discount factor β 0.9934

Intertemporal elast. of substitution 1/σc 1.12

Habit parameter h 0.38

Capital utilization ιu,1 0.93

Capital adj. cost γk 5.91

Slope of the Phillips curve slope 1.10

Inflation indexation γp 0.39

Wage indexation to past inflation γwp 0.49

Inflation coefficient (Taylor rule) κπ 1.48

Output gap coefficient (Taylor rule) κy 0.46

Output gap growth coefficient (Taylor rule) κyg 0.32

Taylor rule smoothing ρi 0.70

Fraction of capital diverted µ̂ 0.12

Endogenous Parameters (at Posterior Mode)

Steady–state pref parameter extensive margin χl 0.070

Steady–state pref parameter intensive margin χh 0.950

Separation rate δs 0.338

Elasticity of intensive labor supply ψh 1.054

Effort parameter Γ 0.984

Steady–state matching efficiency σ̄m 0.854

Post-match cost parameter κ1 0.855

Pre-match cost parameter κ2 0.001

Continued on next page
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Table A.1 – continued from previous page

PARAMETER SYMBOL VALUE

Flow opportunity cost of employment relative to productivity Ω/(pmmpl) 0.845

Unemployment benefits relative to productivity b/(pmmpl) 0.359

Steady–state leverage ϕe 4.269

Steady–state entrepreneurial risk σω 0.105

Steady–state entrepreneurial endowment We 0.001

Fixed cost Φ 0.055

Scale factor for capital utilization costs ιu,0 0.043

Shock Autocorrelations

Convenience yield shock ρµCY 0.93

Participation/home production shock ρχl 0.98

Preference shock to hours ρχh 0.92

Matching efficiency shocks ρσ̄m 0.95

Bargaining power shocks ρη 0.52

Productivity shocks ργ 0.50

Investment-specific tech. shock ρµI 0.84

Risk shock ρσω 0.50

Monetary policy shock ρm 0.79

Government spending shock ρg 0.95

Other Shock Parameters

Correlation gov. spending shock – TFP shock θga -0.41

Factor loading for core PCE inflation Λπ,p 1.00

Factor loading for average hourly earnings Λπ,w 0.73

Shock Standard Deviations

Convenience yield shock σµCY 0.20

Participation/home production shock σχl 0.51

Preference shock to hours σχh 0.30

Price markup shock σϵp 0.05

Matching efficiency shocks σσ̄m 0.65

Bargaining power shocks ση 0.09

Productivity shock σγ 0.15

Investment-specific tech. shock σµI 1.89

Risk shock σσω 0.09

Monetary policy shock σm 0.10

Continued on next page
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Table A.1 – continued from previous page

PARAMETER SYMBOL VALUE

Government spending shock σg 0.17

Measurement Error Standard Deviations

Output growth σ∆y 0.38

Consumption growth σ∆c 0.40

Investment growth σ∆i 0.99

Wage growth: Comp. per employee σ∆w 0.55

Wage growth: Average weekly earnings σ∆AWE 0.32

Inflation: GDP deflator σπ 0.13

Inflation: PCE σπ 0.11

Unemployment σu 0.03

Participation rate σlfpr 0.09

Workweek σww 0.00

Vacancies σvobs 0.00

Notes: SS stands for steady state. MPL stands for marginal product of labor.

JR stands for Jaimovich-Rebelo.

A.4 Time-varying Taylor Rule Parameters

Figure A.1: Time-Varying Taylor Rule Parameters

(a): ρi

2014 2016 2018 2020 2022 2024 2026
0.8

0.85

0.9

0.95

(b): κπ

2014 2016 2018 2020 2022 2024 2026
0.5

1

1.5

2

2.5

3

3.5

4

(c): κy

2014 2016 2018 2020 2022 2024 2026
0.2245

0.225

0.2255

0.226

0.2265

0.227

0.2275

Notes: Shaded areas represent NBER recession dates.

A.5 Expected ELB Duration

During our sample period, the federal funds rate reached the effective zero lower bound (ELB) on two

occasions: from January 2009 through December 2015 in the aftermath of the Great Recession, and

from March 2020 through February 2022 in the aftermath of the Covid Recession. To generate a series

of expected ELB durations for each quarter when the federal funds rate was at the ELB, we employ

12



Blue Chip data from 2008 through 2010 and the Survey of Primary Dealers starting in January 2011.

The expected ELB duration series utilized in this paper is displayed in Figure A.2. Our construction

methodology proceeds as follows: For the Blue Chip microdata, we calculate the expected ELB duration

(measured in quarters) for each individual forecaster and month, then derive the median across forecasters

for each quarter. Although Blue Chip conducts monthly surveys, respondents provide forecasts for the

expected federal funds rate at quarterly frequencies. From 2011 onward, we utilize the Survey of Primary

Dealers. During the January 2011 to 2015 period, this survey solicits the “Most Likely Quarter and Year

of First Target Rate Increase.” In subsequent periods, it requests the particular FOMC meeting at which

the target rate will rise.

Figure A.2: Expected ELB duration
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Notes: Y-axis represents number of quarters that the ELB is
expected to bind. Shaded regions represent NBER recessions.

13



B All Labor Market Gaps

Figure A.3: Model-Based Flexible-Price Gaps
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Notes: The figure plots the model-based flexible-price gaps. The horizontal axis represents time and the vertical axis
represents percentage point deviations from the flexible-price variable. Shaded areas represent NBER recession dates.
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C Okun’s Law

Figure A.4: Unemployment Rate Gap vs Output Gap
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Notes: The x-axis represents the unemployment rate gap, while the y-axis represents the output gap. Blue dots are our
estimated gaps, while red and yellow dots represent the estimated gaps by the Federal Reserve and the CBO, respectively.
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D Double decomposition

Figure A.5: Double decomposition SLMI
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