Heterogeneous Slack: Cross-State
Dispersion and the Monetary Policy
Response to Unemployment Gaps

Nicholas R. Pusateri

April 1, 2026

I study whether cross-state labor-market dispersion changes how strongly policy should
respond to the national unemployment gap. In a wide range of representative Taylor-
type rules, I allow the unemployment-gap coefficient to vary with a monthly state-level
measure of labor market dispersion. In a pre-COVID vector autoregression with exogenous
variables (VARX)(12) shock replay, dispersion-based attenuation lowers stabilization loss
by 4 to 15 percent relative to the matched benchmark in every rule pair. Mechanism
evidence suggests that the national unemployment gap is less informative about inflation
when cross-state dispersion is high. These results provide conditional replay evidence
for leaning less on a given national gap reading when regional labor-market dispersion is
elevated.
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1. Introduction

Standard Taylor-type rules treat the response to the national unemployment gap as con-
stant. But the national gap is an aggregate summary statistic, and its informational content
need not be constant. When state labor market conditions are more dispersed, a given
national gap is averaging over heterogeneous regional conditions that may not by repre-
sented by the nationwide aggregate. In such a case, policy should discount the national
gap, recognizing that cross-state dispersion is high.

I test this idea in a pre-COVID vector autoregression with exogenous variables (VARX)(12)
shock replay that compares seven benchmark Taylor-type rules with matched versions
whose unemployment-gap coefficient is attenuated as cross-state dispersion rises. At-
tenuation lowers stabilization loss in all seven benchmark pairs, with improvements of
4 to 15 percent. Using two different loss criteria, twelve of fourteen improvements are
statistically significant. A separate mechanism check shows that the national gap becomes
less predictive of inflation when dispersion is high. Because the exercise replaces only the
policy-rate equation and replays historical shocks, I interpret the results as conditional
evidence on the direction of the policy tradeoff rather than as a structural ranking of
rules.

2. Framework

2.1. Policy rules

I modify standard Taylor-type rules by allowing the response to the national unemploy-
ment gap to vary with cross-state labor-market dispersion. I choose seven benchmark
rules from Taylor (1993); Henderson and McKibbin (1993); Clarida, Gali, and Gertler (2000);
Clark (2012); Yellen (2012); and, Kiley (2025). These rules capture a range of Taylor-type
specifications. Together they span classic level rules and modern inertial formulations,
giving a broadly representative benchmark set.

For each benchmark rule I replace the unemployment-gap coefficient ¢, with widy,
where
wt = exp(-kD¢-1), (1)

and D;_, is lagged dispersion. The mapping w; is a simple exponential decay that shrinks
the unemployment-gap coefficient as dispersion rises, with k governing the rate of decay.
I set k = log(2)/D, where D is mean pre-COVID lagged dispersion, so that w(0) = 1 and
w(D) = 0.5. This reduced-form schedule tests whether state contingency helps within
benchmark rules, not the optimal mapping. The results below are robust to moving the



half-weight anchor from the 25th to the 75th percentile as well as linear and logistic map-
pings. From Equation (1), higher dispersion attenuates the unemployment-gap response.
I interpret this as a signal-reliability adjustment; when regional gaps diverge, a given
national gap reading is a less reliable summary of nationwide conditions. The zero lower
bound constraint i¥ > 0 applies throughout. And, for simplicity, I set r* = 2 in all seven
rules.

Existing Taylor-rule counterfactuals often compare performance across such benchmark
calibrations. Here the object of interest is whether a given benchmark performs better
when its unemployment-gap coefficient becomes state contingent on dispersion. Accord-
ingly, I compare each benchmark rule with its matched dispersion-weighted counterpart,
holding all other features fixed.

2.2. Counterfactual design

I evaluate the benchmark and dispersion-weighted rules in a pre-COVID VARX(12) shock-
replay counterfactual.! T estimate the VARX over January 2001-December 2019 with infla-
tion, the national unemployment gap, and the policy rate, viz,
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yi=c+ > Ay, x+BDi g +uy, (2)
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where y; = (11, x¢, it)’ and D;_; enters as an exogenous variable.? I lag dispersion to limit
contemporaneous endogeneity between the policy rule and the dispersion measure. 3 I

use twelve months of lags to match year-over-year inflation.*

The counterfactual replaces the policy-rate equation with a rule, holds the inflation and
unemployment-gap equations fixed, and replays the historical residuals a;, thereby hold-
ing the realized path of dispersion and other non-policy shocks fixed across rules (Prim-
iceri 2005).

Lenza and Primiceri (2022) show that excluding or downweighting the extreme COVID-era observations
can be appropriate for VAR parameter estimation, even though those observations remain important for
forecasting uncertainty. I therefore exclude the post-2020 sample for this paper.

2The results are also robust to using D;_ as the exogenous variable.

3Lagging the national gap as well leaves all fourteen benchmark comparisons unchanged.

*Shorter lag orders do not change the conclusion. At p = 3, 5, and 7, all fourteen benchmark comparisons
still favor attenuation under both loss functions.



2.3. Stabilization loss

I evaluate each rule under symmetric and shortfalls losses, following Kiley (2025), over
216 months (January 2002-December 2019, after reserving 12 months for lag initialization):

£5Y™ = [(nR )2+ ()2, 3

~ IIMH

gshort _ Z[(TFR T )2+m1n(xt,0) ] (4)

where the superscript R indexes counterfactual paths under a given rule, x; = u; — ut, and
7" = 2. Uncertainty is quantified with a 12-month residual block bootstrap (B = 999) that
resamples year-long blocks of VARX residuals and recomputes total loss differences; a
joint system bootstrap that resamples those blocks together with the corresponding D;

and u; paths serves as a robustness check on this conditional inference.

3. Data

3.1. State unemployment gaps

Following Michaillat and Saez (2024), I define u* = \/u x v. For state i in month ¢, the
unemployment gap is x;; = u;, — u;;, where u;; is the unemployment rate and u;, is the
implied state-specific u*. State unemployment rates come from Bureau of Labor Statlst1cs
(BLS) Local Area Unemployment Statistics (LAUS), and state vacancy rates v;; are BLS Job
Openings and Labor Turnover Survey (JOLTS) job openings rates. Pusateri (2026) provides
details on construction of the state-month panel.

3.2. Aggregation and dispersion

Let wy; = L;;/¥; L;; denote labor-force weights. The cross-state mean gap is X1t =

> WisX;, and cross-state dispersion is
2\1/2
~stat
Dr = (Y win (o - 512%9)°) (5)
1

the labor-force-weighted standard deviation of state unemployment gaps.

The national unemployment gap is x; = u Unat,t, Where unat ¢+ = \/Unat,tVnat,r and

;at,t
Vnat,+ is the national JOLTS job openings rate.

Inflation is year-over-year core Personal Consumption Expenditures (PCE) inflation, and
the policy rate is the effective federal funds rate (FFR).



4. Results

TABLE 1. Matched Benchmark Rules under Two Loss Functions

Specification p b by AL(%) 90% Clon AL (abs.)
Panel A. Symmetric quadratic loss

Taylor (1993) 0.00 0.50 1.00 -129% [-283.8, -51.6]
Inertial Taylor (1993) 0.85 0.50 1.00 -8.6% [-146.1, -90.2]
Henderson-McKibbin (1993) 0.00 1.00 2.00 -11.1% [-427.3, -14.8]
Clarida-Gali-Gertler (2000) 079 115 186 -154% [-430.1, -56.9]
Clark (2012) 0.80 0.50 2.00 -5.5% [-190.9, -26.5]
Yellen (2012) 0.00 050 2.00 -6.0% [714.2, 974]
Kiley (2025) 0.85 050 2.00 -4.8% [-152.8, -28.7]
Panel B. Shortfalls loss

Taylor (1993) 0.00 0.50 1.00 -12.8% [-262.6, -47.4]
Inertial Taylor (1993) 0.85 050 1.00 -8.6% [-142.1, -89.1]
Henderson-McKibbin (1993) 0.00 1.00 2.00 -9.6% [-324.5, -10.0]
Clarida-Gali-Gertler (2000) 079 115 1.86 -13.8% [-319.0, -56.8]
Clark (2012) 0.80 050 2.00 -4.8% [-149.0, -21.3]
Yellen (2012) 0.00 0.50 2.00 -5.0% [-510.1, 68.9]
Kiley (2025) 0.85 050 2.00 -4.3% [-125.7, -21.4]

Notes: VARX(12) estimated on January 2001-December 2019; evaluation window January 2002-
December 2019. Each row compares a benchmark rule with its dispersion-weighted counterpart. Panel A
uses Equation (3); Panel B uses Equation (4). AL(%) =100 x (Lyeighted — Lbaseline)/Lbaseline; N€gative values
favor dispersion weighting. Point estimates are reported in percent for cross-rule comparability, but the 90%
confidence intervals are for the absolute loss difference from a 12-month residual block bootstrap (B = 999).

Table 1 reports the main findings. Point estimates are listed in percent for cross-rule
comparability, while bootstrap intervals are provided in levels of the absolute loss differ-
ence. In both panels of Table 1, the dispersion-weighted rule beats its benchmark in all
seven rules, with confidence intervals excluding zero in twelve of the fourteen cases. The
confidence interval on Yellen (2012) includes zero for both loss functions.

Dynamic attenuation also beats matched constant shrinkage in twelve of the fourteen rule-
loss comparisons. Because the constant-shrinkage comparator applies the same average
discount in every month, this result indicates that the gain comes from attenuating more in
high-dispersion episodes rather than shrinking the gap response uniformly. The wide left
tails arise because dispersion peaks in 2009-10, when the national gap is deeply negative,
so bootstrap draws that emphasize those blocks generate especially large gains from

attenuation.



Because the nonlinear u* map breaks exact aggregation between the national gap and
weighted mean state gap, I rebuild a state aggregate from the same inputs as Dy; all fourteen
signs remain unchanged. A paired system bootstrap that resamples year-long blocks of
residuals jointly with the corresponding D; and u; paths likewise leaves twelve of the
fourteen upper bounds below zero. These checks indicate that the result is not an artifact
of the aggregate-gap construction or bootstrap scheme.

I do caution that because the counterfactual holds the realized dispersion path and other
non-policy shocks fixed, I interpret these results as evidence on the direction of the policy
tradeoff rather than a structural ranking of rules (Lucas 1976; McKay and Wolf 2023).

5. Discussion

The mechanism is straightforward; when state labor markets are more uneven, a given
national gap averages over more offsetting local conditions and is a noisier signal of infla-
tion pressure. A direct mechanism check agrees. In a 12-month inflation-gap regression
with macro lags and regime controls, the interaction between the national gap and lagged
dispersion is negative and significant (-0.214, p = 0.002), implying a much weaker slope at
high dispersion (about —0.02 at p25 dispersion versus —0.11 at p75). That logic also explains
why time-varying attenuation beats constant shrinkage. If informativeness changes with
dispersion, a fixed discount is too small in uneven episodes and too large in calm ones.

This remains conditional replay evidence, not a structural optimum, but it implies a
practical margin. Policymakers should not ignore national slack, yet they should lean less

on a given gap reading when regional dispersion is high.
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