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Abstract

This paper provides evidence that the economic impact of aggregate uncertainty depends on age

distribution, using quarterly state panel data from 2000 to 2017. Uncertainty-driven employment

volatility is lower in states with higher proportions of prime-aged workers. To address potential

endogeneity, current age distributions are instrumented with past birth rates and state-level uncertainty

with national uncertainty. Channels through which age mediates the effects of uncertainty include

state manufacturing and healthcare output and state product. Decomposing the effects of prime-aged

share on volatility shows that the effects are stronger on gaining jobs than losing, and stronger on

labor-force exits than entries.
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I. Introduction

This paper provides empirical evidence that US states where prime-aged workers make up a greater

share of the workforce are significantly less sensitive to economic uncertainty and, therefore, suffer

less volatility in the labor market. This finding is supported by a series of regressions using a quarterly

panel of US state data from 2000 to 2017.1 To address potential endogeneity concerns, the current age

distribution is instrumented with past birth rates, and state economic-policy uncertainty is instrumented

using national economic-policy uncertainty. Additionally, a two-stage regression is used to examine the

mechanisms through which age distribution affects the relationship between uncertainty and employment

volatility.

Two factors motivate this research. First, the US population is rapidly aging (Berg et al. 2021; Maestas,

Mullen, and Powell 2023). Figure 1 shows the decline in the proportion of prime-aged workers (25-54

years) within the full working-aged population, which also includes young-aged (15-24) and old-aged

workers (55-64). In contrast, Figure 2 reveals an increasing share of old-aged workers. This demographic

trend will continue to affect the economy for the foreseeable future. Note, however, that aging patterns

are not uniform across states; the empirical strategy below leverages these demographic differences.

The second motivating factor comes from the growing body of research showing that uncertainty

around future economic indicators has tangible effects on the macroeconomy. Prior studies have shown

compelling evidence of uncertainty’s detrimental economic effects, including slowing GDP growth, rising

inflation rates, and worsening labor-market conditions (Baker, Bloom, and Davis 2012; Bloom 2009; Bloom

2014).

Given that age distribution and aggregate uncertainty have both independently been linked to em-

ployment volatility, a natural next step is to examine whether there is an interrelationship between age

and uncertainty, and if their interaction is important for understanding how they affect volatility. This

study analyzes that interaction using state-level quarterly data from 2000Q1 to 2017Q4. To measure

volatility, the standard deviation of employment rates is calculated within a rolling window of quarterly

1The dataset aggregates state-level series from multiple sources. Full details are provided in the Data section.
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observations2. This approach provides a dynamic view of employment fluctuations over time, rather than

a static snapshot.

While uncertainty and age distribution directly affect volatility, increased volatility in a state’s economy

may also lead to greater uncertainty and could change the age distribution of people who choose to live in

that state. To address these potential endogenous effects, this study employs two instrumental variables:

First, because historical birth rates are not influenced by current labor-market conditions, past birth rates

are used as an instrument for the current age distribution.

Second, national economic-policy uncertainty (EPU) serves as an instrument for state-level uncertainty

(SEPU), relying on the assumption that national uncertainty affects a state’s labor market primarily through

its effect on state-level uncertainty. Measurements of economic uncertainty vary widely and include

financial indexes (Bloom 2009), consumer sentiment (Leduc and Liu 2016), and economic policy (Baker,

Bloom, and Davis (2012), Baker, Bloom, and Davis (2016), Baker, Davis, and Levy (2022), etc.). In this

study, the baseline model uses the SEPU measure developed by Baker, Davis, and Levy (2022), based on

counts of news articles containing terms related to the economy, uncertainty, and policy.

To assess the effects of age distribution, economic uncertainty, and their interaction on employment

volatility, this study uses instrumented regressions (IV) and instrumented local projections (LP-IV). Re-

gressions on employment volatility are separately conducted for the prime-aged and old-aged populations,

and the baseline regression includes both the young- and prime-aged groups, leaving the old-aged group

as the control category.

The results of the main IV estimation suggest that, following a change in economic-policy uncertainty,

states typically see rising employment volatility: a 100% increase in SEPU raises employment volatility

by 0.32% on average, but only 0.14% in states where the prime-aged share is 1 percentage point above

(and the old-aged share 1 point below) the sample average. These effects are economically meaningful: a

1-percentage-point increase in the prime-aged share reduces uncertainty-induced volatility by about 56%

relative to the sample average, and a prime-aged increase of roughly 1.75 percentage points fully offsets

the uncertainty effect.

2A 17-quarter window is used in this paper’s main regression, measuring the average over each quarter and the eight
quarters before and after.
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To examine channels through which age distribution shapes uncertainty-driven volatility, the paper

uses a two-stage design: regressing mediators on age, uncertainty, and their interaction, then adding

the €‹ed mediators to the baseline model. First-stage results show that states with larger prime-aged

shares have lower manufacturing output but higher healthcare output and gross state product (GSP). In

the second stage, higher manufacturing output raises volatility, whereas healthcare output and GSP lower

it, implying that a larger prime-aged share dampens uncertainty's impact by shi‰ing activity away from

manufacturing and toward healthcare and broader output.

Further analysis decomposes the e‚ects of uncertainty on employment volatility by comparing the

volatility of job gains with job losses and the volatility of unemployment with labor-force participation.

‘e results corroborate the main €ndings: the decline is more pronounced in job-gain volatility than in

job-loss volatility, and the reduction in participation volatility exceeds that in unemployment volatility.

‘e robustness of these €ndings is con€rmed through additional analyses employing various model

speci€cations, outcome variables, and state-level controls, including demographics, income, welfare

policies, and political climate.

While other estimations in this paper have relied on static models, an important aspect of the

relationship between age distribution and uncertainty is how their interaction inƒuences volatility over

time. A series of local projection-IV (LP-IV) regressions demonstrates that employment volatility peaks

four quarters a‰er an increase in uncertainty3; however, states with a higher share of prime-aged workers

experience signi€cantly less employment volatility. States with a one-percentage-point higher share of

prime-aged workers { and a one-point lower old-aged share { experience less employment volatility: a

100% increase in SEPU is associated with only a 0.18% rise in volatility, a 70% reduction. ‘is demographic

e‚ect persists through a six-quarter horizon, and is gone by the eighth quarter.

Finally, alternative measures of uncertainty {EPU, a US news-based policy uncertainty (Baker, Bloom,

and Davis 2016);NPU, a news-only variant from the same source;GEPU, a GDP-weighted global index

(Davis 2016);VIX, a CBOE-issued index based on expected stock volatility;BAA|Moody's Baa{Treasury

spread (FRED);UMCS|negated Michigan Consumer Sentiment (higher signi€es more uncertainty) (Leduc

3Speci€cally, a 100% increase in SEPU leads to a 0.63% increase in volatility.
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and Liu 2016) { are used to test the robustness of previous results and check if the demographics e‚ect

hold for other uncertainty shocks. While the results of models using other uncertainty measures are

generally less statistically signi€cant, they support this paper's main €ndings that a higher prime-aged

share correlates with less uncertainty-driven volatility.

Previous research has explored the e‚ect of economic uncertainty on €rm investments (Baker, Bloom,

and Davis 2016), consumer spending and saving decisions (Baker and Yannelis 2017), debt accumula-

tion (Malmendier and Nagel 2016), and €nancial market performance (Baker, Bloom, and Davis 2016).

Regarding the labor-market e‚ects of uncertainty, Cacciatore and Ravenna (2021) found that increased

uncertainty results in lower wages, higher unemployment rates, and lower labor-market participation,

while Schaal (2017) identi€ed the persistent e‚ects of uncertainty on unemployment.

Measures of economic uncertainty vary widely. ‘is paper focuses on economic policy uncertainty,

using state-level EPU from Baker, Davis, and Levy (2022) and including alternative proxies for robustness.

Early work by Baker, Bloom, and Davis (2012) constructs an EPU index from newspaper counts and

estimates VARs for 1985{2011, €nding sizable, persistent labor-market e‚ects. Later, Baker, Bloom, and

Davis (2016) quantify national EPU from ten leading U.S. newspapers with a monthly keyword algorithm

that captures spikes around the Gulf Wars and 9/11; higher EPU is followed by sustained declines in

employment, most pronounced in manufacturing.

Gupta et al. (2018) introduce a regional EPU measure based on newspaper term counts and document

substantial heterogeneity in how U.S. regions respond to national EPU shocks.4 ‘ey a‹ribute this

variation to state-speci€c sources of uncertainty shaping local cycles. Building on regional work, Baker,

Davis, and Levy (2022) show that EPU shocks originating in California raise unemployment there, with

e‚ects peaking about one year a‰er the shock. ‘ese €ndings motivate this paper's state-level analysis

of uncertainty and, following Maestas, Mullen, and Powell (2023), support using state-based designs to

examine how demographics shape that e‚ect.

Jaimovich and Siu (2009) show that countries with more prime-aged workers (30{59) exhibit smaller

business-cycle ƒuctuations in hours, while youth and near-retirement groups are most volatile. Jaimovich,

4Gupta et al. (2018) study uncertainty and business-cycle volatility in the 48 contiguous states and the 51 largest MSAs.
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Prui‹, and Siu (2013) a‹ribute young workers' greater volatility to di‚erences in preferences and technol-

ogy. Consistent with this, Lugauer and Redmond (2012) €nd that young workers contribute more to GDP

volatility than prime-aged workers. Building on this literature, this paper examines how age composition

shapes state-level labor-market responses to uncertainty.

‘e remainder of this paper is structured as follows: Section II. discusses data sources, variable

construction, and addresses identi€cation concerns. Section III. presents the IV regression results and

incorporates various controls. Section IV. examines how age distribution mediates volatility. Section V.

decomposes the labor-market e‚ects of uncertainty to determine if age distribution has more inƒuence

on employment status or on transitions into and out of the labor force. Section VI. reports the dynamic

€ndings using the LP-IV method. Finally, Section VII. concludes.

II. Data, Variables, and Identi€cation

‘is section begins by introducing the main variables { employment volatility and economic uncer-

tainty { and their sources and addresses identi€cation concerns. Next, it de€nes the age groups examined

in this study and their respective identi€cation. ‘e section concludes with summary statistics.

A. Outcome Variable: Employment Volatility

State employment data are from the Bureau of Labor Statistics (BLS) •arterly Census of Employment

and Wages (QCEW). Beginning with monthly employment levels from 1998 to 2019, quarterly employment

is calculated by averaging these monthly data points. ‘e Hodrick-Presco‹ (HP) €lter is applied with

a smoothing parameter of 1,600 to isolate business-cycle deviations of the employment levels from the

overall employment trend, producing an estimate of deviations in cyclical employment levels.5

Following Equation 1, cyclical employment volatility for quartert is measured by calculating the

standard deviation of cyclical employment levels over a 17-quarter period, extending eight quarters before

and a‰ert . ‘is process is repeated for each quarter from 2000 to 2017, yielding 72 observations of cyclical

5A smoothing parameter of 1,600 is standard for quarterly data. For example, Jaimovich and Siu (2009) uses this HP €lter
parameter to measure cyclical volatility in response to changes in the business cycle.
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volatility.6 ‘e use of a centered rolling window for HP-€ltered data in this study aligns with research

such as Jaimovich and Siu (2009) and Heer, Rohrbacher, and Scharrer (2017), while the 17-quarter duration

is consistent with prior studies.7 To check robustness, alternative rolling windows with varying lengths

and rolling methods are tested.8

(1) Emp V oli;t = [.
t+8

É
t *8

.cyclical empi;t * cyclical empi/2/_.17/]1_2;

where cyclical empi = .
t+8

É
t *8

cyclical empi;t /_.17/

Figure 3 depicts the evolution of cyclical employment volatility across states at three periods that

coincide with notable business cycles: 2001Q4, 2008Q4, and 2017Q4.9 Volatility peaked during the Great

Recession (2008Q4) and the 2001 economic recession (2001Q4) and was notably lower during the economic

boom of 2017Q4. Northeastern and west-coast states consistently exhibit higher volatility, while mountain

states like Montana and Wyoming show lower volatility. ‘ese variations likely stem from di‚erences in

industry composition and workforce characteristics.10

B. State Economic Policy Uncertainty

To measure economic uncertainty, this paper incorporates several widely recognized measures. ‘e

primary measure,� SEPU, represents the percentage change in the State Economic Policy Uncertainty

Index (SEPU) from Baker, Davis, and Levy (2022). ‘is index is calculated using the proportion of state

and local news articles with keywords linked to policy-driven uncertainty, as a share of that month's

total articles. Following prior research, this paper uses percentage changes as the uncertainty shock.

6‘e regression sample spans 2000Q1 to 2017Q4, excluding the €rst and last 8 quarters of data, which have insu•cient
data for a 17-quarter window.

7Methods for constructing volatility of economic indicators vary in literature. For instance, Jaimovich and Siu (2009) use a
41-quarter rolling window for HP-€ltered output volatility, while both Jaimovich and Siu (2009) and Lugauer and Redmond
(2012) determine GDP volatility using a 37-quarter rolling window.

8Robustness checks include volatility calculations over di‚erent quarter lengths (5, 9, and 13) using a centered rolling
window, as well as evaluations using backward- and forward-rolling windows. ‘e forward window method considers
employment levels from the current quarter and the subsequent 16 quarters.

9‘e data start a‰er 2000Q1 due to missing SEPU data in prior years.
10Montana's economy, centered on agriculture and mining, employs a predominantly native-born workforce. In contrast,

California's technology- and tourism-driven economy includes 23% of the national foreign-born population; those sectors
tend to be more sensitive to uncertainties (Labor Statistics 2012), and immigrant workers are more likely to migrate during
uncertainties than native-born workers (Duzhak et al. (2021); Kochhar and Benne‹ (2021)).
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(2) � SEPUi;t = . SEPU indext * SEPU indext *1 /_.SEPU indext *1 < 100~/;

Figure 4 illustrates the evolution of� SEPUacross states during the three quarters examined in

Figure 3: 2001Q4, 2008Q4, and 2017Q4. During the 2001 recession, states with substantial manufacturing

and computer sectors (e.g., Michigan and Utah) or crude-oil drilling (e.g., North Dakota) saw increased

uncertainty (darker tones). ‘e Great Recession period (2008Q4) shows greater uncertainty across the

nation. By 2017Q4, uncertainty had markedly fallen, as indicated by lighter tones, signifying economic

recovery.

‘e measure of state uncertainty may be endogenous to employment volatility if local newspaper

stories are inƒuenced by local labor market volatility, le‹ing uncertainty be driven by volatility rather

than vice versa. Furthermore, unobserved factors such as state labor-market policies and tax regulations

could a‚ect both uncertainty and volatility. To address these issues, this paper uses changes in the

National Economic Policy Uncertainty Index (EPU) from Baker, Bloom, and Davis (2016) as an instrument

for SEPU. As EPU is inƒuenced by national events rather than local factors, it a‚ects state employment

volatility through SEPU without being driven by state labor-market volatility; the key assumption is that

national uncertainty does not result from changes in one state's employment volatility. Similarly, Basso

and Rachedi (2021) use national military spending as an instrument for state military procurement.

Panel A of Figure 5 illustrates the EPU index (green line), which peaks during economic downturns

such as the Great Recession (shaded in grey). Notable spikes are also observed during major political

events, including the 2010Q3 tax-cut debate and the 2011Q3 debt-ceiling dispute. ‘e blue line represents

the instrumental variable,� EPU, which averages 1.78 (marked in red) and also spikes during signi€cant

political and economic events.

C. Distribution of Working-Aged Population

Population data is obtained from the US Census Bureau's National Population Estimate Program,

which provides estimates of state populations for all ages based on decennial census data. ‘e Bureau of

Labor Statistics (BLS) de€nes the working-aged population as people aged 15 to 64, further divided into
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young (15-24), prime (25-54), and old (55-64).11 ‘e baseline regression includes young and prime-aged

groups, with the older working-aged group omi‹ed as the reference, to estimate the role of an aging

population in the relationship between uncertainty and labor-market ƒuctuations.12

State age structures may be endogenous to employment volatility if residents migrate in response

to economic uncertainty. To address this issue, this paper employs past state birth rates as instruments

for the current working-aged population, a method frequently used in prior studies (e.g., Shimer (2001),

Lugauer (2012), and Basso and Rachedi (2021)) for two reasons: First, lagged birth rates strongly correlate

with the current age structure, with common demographic factors inƒuencing both. Second, lagged

birth rates are likely not a‚ected by state-level factors driving current employment volatility, rendering

them exogenous to present conditions. ‘e key assumption is that lagged birth rates a‚ect employment

volatility only through their e‚ect on the current age population. Birth- rate construction details are in

the Appendix.

D. Summary Statistics

Table 1 provides summary statistics for the main variables from 2000Q1 to 2017Q4. ‘e state panel

dataset comprises 3,416 observations, excluding 112 missing observations on variable SEPU for certain

states in the early period from 2000Q1 to 2006Q1. ‘e dependent variable, employment volatility, is

de€ned as the standard deviation of cyclical employment levels. It ranges from 517 to 318,000 jobs and

averages about 26,000, meaning employment typically moves±26,000 jobs around its long-run trend.

‘e underlying cyclical employment series|actual jobs minus their long-run trend|spans 420,000 jobs

in deep slumps to +381,000 jobs in strong booms. Lower volatility values indicate stable labor markets,

whereas higher values signal pronounced boom-bust cycles.

� SEPUranges from -92 to 616 with an average of 9. Each standard-deviation change in� SEPU

corresponds to a change of 51 percentage points. Another primary explanatory variable is population
11Age group categorizations vary in literature. BLS and Berg et al. (2021) de€ne the prime working-aged group as 25-54;

Lugauer (2012) as 20-54, with under 35 young; Jaimovich and Siu (2009) and Lugauer and Redmond (2012) as 30-59; Jaimovich,
Prui‹, and Siu (2013) as 30-64; and Leahy and ‘apar (2019) as 20-35. ‘is paper follows the BLS de€nition to align with the
majority of prior literature.

12To align with the quarterly dataset and account for gradual changes in age distributions, yearly proportions are linearly
interpolated into quarterly measures.
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shares of the young, prime, and old working-aged groups, ranging from 17% to 30%, 54% to 68%, and

9% to 24%, respectively; corresponding lagged birth rates range from 11 to 26, 14 to 28, and 16 to 35 per

thousand. ‘ere is a noticeable decreasing trend in lagged birth rates from old to young, leading to an

overall higher share of old and a lower share of prime in more recent observations.

III. Estimating Age Distribution's E‚ect on Uncertainty

‘is section investigates the relationship between state economic uncertainty and employment

volatility, with a focus on the role of age distribution. It begins by presenting the two-stage estimation

speci€cation, followed by the main regression results.

A. Main Speci€cation

To estimate the role of age distribution in the relationship between employment volatility and economic

uncertainty, a two-stage regression approach is employed. ‘e €rst three equations below provide the

speci€cation for the €rst-stage regression with instruments, while the last equation represents the main

regression speci€cation:

First Stages:

(3) Di;t * D = � i + � 1.Bi;t * k * B/ + � 2.Bi;t * k * B/ < .Nt * N/ + � 3.Nt * N/ + ! i;t ;

(4) Ui;t * U = � i + � 1.Nt * N/ + � 2.Bi;t * k * B/ < .Nt * N/ + � 3.Bi;t * k * B/ + � i;t ;

(5) .Di;t * D/ < .Ui;t * U/ = oi + � 1.Bi;t * k * B/ < .Nt * N/ + � 2.Nt * N/ + � 3.Bi;t * k * B/ + � i;t ;

Second Stage:

(6) Yi;t = 
 i + � 1.Ui;t * U/ + � 2.Di;t * D/ < .Ui;t * U/ + � 3.Di;t * D/ + " i;t ;

where

D = É
i

É
t

.Di;t /_.nint /; U = É
i

É
t

.Ui;t /_.nint /; B = É
i

É
t

.Bi;t /_.nint /; and N = É
t

.Nt /_.nt /
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In Equation 3,Bi;t * k represents the lagged birth rates in statei at timet * k, which instruments for

the current working-aged cohort,Di;t , age groupk in statei at time t . ‘e coe•cient � 1 captures the

inƒuence of these lagged birth rates. In Equation 4,Nt * N denotes the demeaned national� EPUat time

t , which serves as an instrument forUi;t * U, demeaned� SEPUin statei at timet ; this relationship is

captured by the coe•cient� 1. Equation 5 describes the interaction between the di‚erences ofDi;t and

Ui;t from their means, which is instrumented by the interaction of the di‚erences ofBi;t * k andNt from

their sample averages. Each equation accounts for state €xed e‚ects, and includes the other terms to be

consistent with the second stage's structure. Note that the panel regressions do not include time-€xed

e‚ects becauseNt varies only over time and captures time-speci€c factors common to all states.13

Equation 6 represents the main regression of interest.Yi;t is the business-cycle volatility of employment,

de€ned as the standard deviation of cyclical employment in statei across a 17-quarter rolling window

centered on timet .14 Di;t * D represents the age structure of a state relative to the sample average, with

Di;t denoting a vector of young-, prime-, and old-aged shares among the working-aged population in

statei at timet ; Ui;t * U likewise represents deviation of� SEPUfrom its average.15

‘e regression in Equation 6 uncovers the e‚ect of a state's age distribution on the relationship

between economic uncertainty (Ui;t ) and labor-market volatility (Yi;t ). ‘e coe•cient � 1 is the direct

e‚ect of Ui;t * U on Yi;t , while � 2 is the e‚ect of the interaction between demeanedUi;t and demeaned

Di;t . Speci€cally,� 1 quanti€es the impact of uncertainty on employment volatility when a state's age

structure (Di;t ) equals the sample average (D); if a state's age structure di‚ers from the national average,

� 2 represents the additional impact of each percentage point of di‚erence. ‘is approach shows that the

e‚ect of economic uncertainty on volatility varies with a state's age structure, and using deviations from

the average facilitates the interpretation of the results.� 3 incorporatesDi;t * D to account for the direct

e‚ect of age structure on volatility, this is not the primary focus of the analysis.16

13Regressions with both state and time €xed e‚ects and without applyingNt as an instrument are later conducted to check
the robustness of the results.

14Robustness checks utilize alternative windows of 5, 9, and 13 quarters, and consider backward and forward windows in
addition to centered. ‘ese results are presented in the Appendix.

15Other national uncertainty measures are also examined for robustness, including� GEPU, � NPU, � V IX, � BAA, and
UMCS. ‘e results of these analyses are reported in the Online Appendix.

16IntroducingD does not alter the estimation of the age-heterogeneous e‚ect� 3 but enables a direct interpretation of� 1, as
the change in� SEPUa‚ects cyclical volatility for a state with an average age-group share (Di;t = D).
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‘e panel structure of the data is essential for identifying the impact of demographics on cyclical

volatility driven by uncertainty. State €xed e‚ects are used to account for time-invariant, state-speci€c

factors like geographic and historical characteristics. ‘e model also incorporates a time-varying and

state-invariant variable { economic uncertaintyNt { to control for unobserved time-varying features

common across states, including global economic trends and national policy changes. ‘erefore, the

causal relationship is identi€ed based on both state- and time-varying factors. To illustrate, consider

the variation in working-aged population distribution across states in 2000Q1, when New Hampshire

boasted a 68% prime-aged population, while Utah had only 59%. A state's relative ranking can also change

signi€cantly over time: New York, for instance, ranked 38th in prime-aged share in 2004 but climbed to

ninth by 2017.

B. Main Results

Table A1 inreports the €rst-stage estimates from Equations 3, 4, and 5, demonstrating the validity of

the instruments.17 Table 2 presents the main results from Equation 6. All regressions use Newey-West

robust standard errors to account for potential heteroskedasticity and autocorrelation.18. ‘e analysis

uses lagged birth rates as instruments for age shares and national-level EPU for SEPU, and includes state

€xed e‚ects19. Overall, the €ndings suggest that states with a higher proportion of prime-aged workers

experience signi€cantly lower employment volatility in response to economic uncertainty.

Column 1 reports the regression of employment volatility onUi;t * U (demeaned� SEPU), the

interaction term.Dprime
i;t * D/ • . Ui;t * U/, andDprime

i;t * D. ‘e results show that a rise in economic policy

uncertainty (Ui;t ) leads to signi€cantly more employment volatility, while states with higher prime-aged

shares are signi€cantly less a‚ected by increased uncertainty than states at the national average (captured

by .Ui;t * U/ • . Dprime
i;t * D/). ‘e regression in Column 2 substitutesDold

i;t for Dprime
i;t ; the results show that

states with greater old-aged shares experience signi€cantly more volatility in response to uncertainty

than states with old-aged shares at the national average (captured by.Ui;t * U/ • . DOld
i;t * D/).

17Detailed explanations and results are provided in the appendix.
18Here, this regression allows for dependence of up to one year. For additional details, see Newey and West (1987) and

Newey and West (1994).
19Coe•cients not essential for interpretation are omi‹ed from the table.
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Column 3 reports results from the baseline regression, which includesDprime
i;t * D, Dyoung

i;t * D, and

their interactions withUi;t * U; Dold
i;t * D is omi‹ed as the reference category. For a state with an average

age distribution, a one-percentage-point increase in uncertainty is associated with an 85-unit rise in

employment volatility. ‘e interaction term ( .Ui;t * U/ • . Dprime
i;t * D/) shows that states with a larger

prime-aged share experience signi€cantly less uncertainty-driven volatility (-48.38).20

Recall from Table 1 that the average employment volatility is 26,921 and the average� SEPUis

9.92%. With a coe•cient of 84.93 onUi;t * U, the uncertainty elasticity of volatility is approximately

0.0032 (84:93_26;921). ‘is implies that a 1% increase in economic-policy uncertainty is associated with a

0.0032% rise in volatility for states with an average demographic structure.21 Although this coe•cient

appears modest, it highlights that age distribution signi€cantly inƒuences the e‚ects of uncertainty.

States with a higher share of prime-aged workers experience notably lower volatility in response to

uncertainty compared to states with more old-aged workers, with volatility reduced by approximately

56% (48:38_84:93).22

‘ese results imply that a prime-aged worker share 1.75% higher than the national average would

o‚set the labor-market volatility from a 1% increase in uncertainty (48:38• 1.75 = 84.93). In states where

the prime-aged share exceeds this 1.75% threshold, labor market volatility decreases in response to

uncertainty; states that fall below this threshold experience increased volatility when uncertainty rises.

‘is suggests that an aging workforce substantially a‚ects US labor-market dynamics under uncertainty:

not only do cyclical ƒuctuations intensify the decline of prime-aged shares, but the inƒuence of workforce

aging on uncertainty is expected to grow as the aging trend accelerates. Beyond the main coe•cient of

interest, the third column also includes coe•cients for theDyoung
i;t * D variable and its interaction with

uncertainty. ‘ese measures allow a comparison between states with older and younger workforces

given similar prime-aged shares. However, the results are not signi€cant, suggesting that states with

20‘e baseline regression with alternative national economic uncertainty measures is reported in the Appendix. In general,
consistent negative signs are found on the interactions.

21With an average uncertainty increase of 9.92%, this translates to a volatility increase of 0.032%. A one-standard-deviation
increase in uncertainty (51.96%) corresponds to a 0.17% increase in volatility.

22‘is demographic shi‰ produces an elasticity of 0.0014, meaning a 1% increase in uncertainty results in only a 0.0014%
volatility increase for states with more prime-aged workers compared to older populations. ‘is reduction in elasticity, from
0.0032 to 0.0014, represents a substantial 56% decrease.
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more young-aged and fewer old-aged workers than average do not experience less uncertainty-driven

volatility.23

C. Robustness to Demographic, Economic, and Policy Controls

To test the robustness of the main results, this paper considers confounding variables that could

inƒuence both state age structure and uncertainty-driven employment volatility; such omi‹ed hetero-

geneity between states could violate the identi€cation restriction (Basso and Rachedi 2021). Variations in

birth rates among states can arise from factors such as local demographics, state output levels, welfare

generosity, and political climate, all of which can also a‚ect employment volatility.

Jaimovich, Prui‹, and Siu (2013) highlight labor-market ƒuctuations across age groups using education

and gender. Hoynes, Miller, and Schaller (2012) examine the e‚ects of business cycles on various workforce

segments by focusing on education and racial composition. Mennuni (2019) links a predominantly female

workforce, higher education levels, and a younger population with less business-cycle volatility. ‘ese

€ndings suggest that demographics inƒuence how age structure a‚ects employment volatility.

Following the previous research, this study collects demographic and education data from IPUMS-CPS.

Inƒation-adjusted incomes, state welfare-program variables, poverty rates, and political-climate indicators

come from the University of Kentucky Center for Poverty Research and are linearly interpolated to

quarterly frequency.24 Regressions are €rst estimated with each control category separately, then with all

categories together, and the results are reported in Table 3.

Column 1 of Table 3 presents the baseline estimate for comparison. Column 2 adds demographic

shares; the uncertainty coe•cient and its interaction with the prime-aged share both fall slightly, while

the youth interaction is unchanged, implying only a mild dilution of the prime-aged bu‚er. Column 3

introduces mean resident incomes (total, wages, and business income). Both the direct shock and the

prime-aged interaction shrink further, consistent with richer states facing gentler uncertainty e‚ects;

the main relationships persist. Columns 4{6 successively add transfer generosity, poverty, and political-

23Because theDyoung
i;t * D variable and its interaction with uncertainty are not the primary focus, they are not discussed

here in detail. However, these coe•cients are available upon request.
24Summary statistics of these variables are presented in Online Appendix.
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climate variables. Welfare generosity trims the direct shock and enlarges the bu‚er; higher poverty lowers

both terms; and partisan indicators | relevant given lower, steadier EPU under Bush/Trump and higher,

choppier levels under Clinton/Obama | leave coe•cients virtually unchanged. Column 7 includes all

control sets simultaneously; signs, magnitudes, and signi€cance remain stable, con€rming the robustness

of the main results.

D. Robustness to Other Measures of Economic Uncertainty

SEPU may be endogenous to employment volatility if local news searches respond to labor market

conditions. Robustness checks using alternative uncertainty measures mitigates these concerns and

reduces measurement error. Five alternative uncertainty measures are employed: GEPU (global index;

Davis (2016)), NPU (news-based policy uncertainty; Baker, Bloom, and Davis (2016)), VIX (stock market

volatility; Bloom (2009)), BAA (corporate credit spread; Choi and Loungani (2015)), and UMCS (percentage

change in consumer sentiment; see Leduc and Liu (2016)).25 Panel B of Figure 5 plots� EPUwith the €ve

alternative measures. Overall, all measures ƒuctuate around economic-policy events, though their peak

timings di‚er slightly. Financial indices (� V IX and� BAA) peak during the 2008 €nancial crisis, while

news-related measures (� NPU) spike during signi€cant political events like the 2011 debt-ceiling debate.

Consumers' perceived future uncertainty (� UMCS) shows less variation.

Table 4 reports regression estimates with alternative uncertainty measures. Across all columns,

Ut * U is positive and signi€cant, which con€rms the €ndings that the alternative measures correlate

with higher uncertainty. However, the interaction between demeanedUt and demeanedDprime
t is only

signi€cant forEPU(column 2). ‘us, the demographic impact on uncertainty's e‚ects appears speci€c

to economic-policy uncertainty. ‘is could be caused by the fact that the alternative indexes capture

di‚erent prospective economic impacts: US labor markets react more to economic-policy uncertainty than

to measures based on global economic news, €nancial data, or consumer sentiment. Still, the interaction

term remains negative throughout, supporting the proposition that a larger prime-aged share generally

dampens uncertainty-driven volatility.

25Data sources and construction details are in the Online Appendix.
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IV. Mechanisms of Age Distribution's E‚ect on Uncertainty

While the previous section shows that states with larger prime-aged shares experience less uncertainty-

driven volatility, the underlying mechanism remains unclear. In this section, potential mediators are

tested in a two-stage regression framework, revealing that manufacturing and healthcare output, and

gross state product, each help explain how age structure moderates the impact of uncertainty.

A. Mediation Speci€cation

To test the e‚ects of potential mediators, a two-stage regression is used. First, Equation 7 estimates

each mediator. Second, the €‹ed values enter Equation 8 to trace the channels through which age structure

shapes the labor-market response to economic uncertainty.

(7) Mi;t = �i +  1.Ui;t * U/ +  2.Di;t * D/ < .Ui;t * U/ +  3.Di;t * D/ + # i;t ;

(8) Yi;t = �i + � 1.Ui;t * U/ + � 2.Di;t * D/ < .Ui;t * U/ + � 3.Di;t * D/ + � 4 ‚Mi;t + %i;t ;

Here, ‚Mi;t is the €‹ed mediator from the €rst stage; all other variables match the baseline equation.

Signi€cant 2 and� 4 con€rm a mediating channel, with this mediation being partial when� 1 and� 2 fall

but remain signi€cant, and complete when� 1 and� 2 become insigni€cant.

B. Industry Outputs as Channels

Prior results show that demographics shape the e‚ect of economic uncertainty on local labor-market

volatility; therefore, state- and industry-level outputs are tested as mediators of this e‚ect (i.e., whether

age operates through these output channels). ‘e €rst-stage regression follows Equation 7. Regressions

on output by industry (manufacturing, healthcare, construction, retail trade, and transportation), and

gross state product (GSP) are presented in the Appendix Table A3. ‘e interaction of prime-aged share

and uncertainty is the key coe•cient, showing if each mediator operates through age composition. It is

signi€cant for manufacturing output, healthcare output, and GSP; other output measures are insigni€cant
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and unlikely to serve as channels.

‘e second stage, Equation 8, is used to test whether manufacturing output, healthcare output, and

GSP transmit the demographic e‚ect. In Table 5, all three €‹ed mediators are statistically signi€cant,

con€rming them as plausible channels. ‘e coe•cients on the uncertainty term and on the prime-aged

interaction term remain signi€cant a‰er the mediators are added, indicating that age structure still bu‚ers

uncertainty shocks.

Compared with the baseline in Column 1, adding manufacturing output in Column 2 lowers the

uncertainty coe•cient to 81 and the interaction term to 39, cu‹ing the age e‚ect from 56 % to 48 %. Some

states with large prime-aged shares nevertheless have lower manufacturing output (shown in Table A1 ).

More speci€cally, the mediation results in Table A3 con€rm that states with higher manufacturing output

experience a smaller demographic e‚ect.

In Column 3, healthcare sector output tells a parallel story: adding it lowers the age e‚ect to about

45% (calculated as 41.99 divided by 84.36). States with larger prime-aged populations also record higher

health-industry earnings (recorded in Table A3 ), and this sector partly transmits the demographic bu‚er

against uncertainty. Gross state product follows the same pa‹ern, as Column 4 shows a 45 % share

for the age e‚ect (calculated as 37.18 divided by 84.36). States with greater prime-aged density also

generate higher overall output, which in turn mediates part of the age e‚ect. Importantly, the prime-aged

Öuncertainty coe•cient never vanishes. Manufacturing output, healthcare output, and GSP each partially

mediate the demographic e‚ect, but none exhaust it. ‘is residual points to additional channels for future

exploration.

V. Estimating the Heterogeneous Impacts of Uncertainty

As an alternative approach to probing how age structure changes the labor-market impact of uncer-

tainty, this paper decomposes employment volatility in two ways. First, job gains and losses are isolated,

the direct drivers of employment change. Second, labor-force transitions are examined: unemployment

(internal movements) and participation (entries and exits). In each component, a larger prime-aged share
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dampens the uncertainty e‚ect. ‘ese results validate the main €nding.

A. Heterogeneous Volatility in Job Gains and Losses

To analyze volatility in job gains and losses from 2000Q1 to 2017Q4, this paper uses data from the BLS

Business Employment Dynamics (BED) dataset covering 1998Q1 to 2019Q4. Job gains are positions added

through hiring or the creation of new jobs, while job losses are positions eliminated through layo‚s,

quits, or other separations. ‘is approach of examining job gains and losses to understand labor-market

dynamics was introduced by Davis and Haltiwanger (1992) and has been widely adopted (e.g., Hairault,

Langot, and Sopraseuth (2019) investigates cyclical volatility in job-market transition rates by age group).

As shown in Equation 9 and Equation 10, net employment-change volatility� V ol.Employi;t *

Employi;t *1 /� depends on the volatility of job gains� V ol.Gaini;t /� and job losses� V ol.Lossi;t /� .26 Fol-

lowing the approach used to construct cyclical employment volatility (see Section 3), this paper derives

cyclical job-gain and job-loss volatility as standard deviations of their HP-€ltered series.27 By omi‹ing

the covariance term for simplicity, the coe•cients on job-gain and job-loss volatility approximate the co-

e•cient on cyclical employment volatility from Equation 6.28 Compared to overall employment volatility,

job-gain and job-loss volatility have lower averages | 7,674 and 8,711, respectively | although both still

exhibit substantial variation. Large standard deviations highlight the high degree of variability in these

cyclical measures.

(9) Employi;t * Employi;t *1 = Gaini;t * Lossi;t

(10) V ol.Employi;t * Employi;t *1 / = V ol.Gaini;t / + V ol.Lossi;t / * 2 Cov.Gaini;t ; Lossi;t /

Table 6 presents the equation results, with the interaction-term coe•cients being the main point of

interest. Columns 1 show the estimates for job-gain volatility, and Columns 2 present the estimates for

job-loss volatility. Column 1 examines the e‚ect of the prime-aged share on job-gain volatility, which

26Hall and Jones (1999), Feyrer (2007), and Maestas, Mullen, and Powell (2023) use a comparable decomposition in their IV
regressions:.GDPst_Nst/ = . GDPst_Hoursst/ • . Hoursst_Lst/ • . Lst_Nst/.

27Summary statistics for these measures appear in Online Appendix Table A.4.
28‘e covariance term between job-gain and job-loss volatility is excluded due to data limitations, o‚ering a potential

avenue for future research.
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compares states with higher prime-aged versus older-aged shares, indicates that states with larger prime-

aged shares experience lower volatility; speci€cally, a 1% increase in uncertainty reduces employment

volatility by 0.0014% (13.11ö 9,067). Moreover, each additional percentage point in the prime-aged share

reduces the overall impact of uncertainty on job-loss volatility by 68%, from 0.0014% to 0.0004%.

Column 2 shows that a higher prime-aged share signi€cantly reduces job-loss volatility: A one percent

point increase in the prime-aged share changes the e‚ect of uncertainty on job-loss volatility from 0.0021

� 21:27_10;058� to 0.00086.21:27 * .12:54_10;058//, a 59% reduction. ‘is represents the uncertainty

elasticity of employment volatility, indicating that a 1% increase in economic uncertainty correlates with

a 0.0006% rise in local employment volatility.

‘ese results align with the main €ndings and show that the prime working-aged population's

mitigating e‚ect on employment volatility stems from reduced volatility in both job gains and losses,

where gains account for about 68%.8:97_13:11/ and losses 59%.12:54_21:27/.

B. Heterogeneous Volatility in Unemployment and Labor-Force Participation

To analyze volatility in unemployment and participation from 2000Q1 to 2017Q4, this paper uses

data from the BLS QCEW spanning 1998Q1 to 2019Q4. Unemployment is the fraction of the labor force

seeking work but not currently employed, while participation is the share of the working-aged population

employed or looking for employment. Following Equation 11 and Equation 12, cyclical employment

volatility comes from two sources: individuals moving between employment statuses (unemployment

volatility) and entering or leaving the labor force (participation volatility). Ignoring the covariance term,

their combined e‚ect approximates overall employment volatility. Unemployment and participation

volatility are calculated as standard deviations of their HP-€ltered levels.

(11) Employmenti;t = Participationi;t * Unemploymenti;t

So that,

(12) V ol.Yi;t / = V ol.Participatei;t / + V ol.Unempi;t / * 2 Cov.Participatei;t ; Unempi;t /
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Summary statistics for these measures are in Online Appendix Table A.4. Compared with employment

and job-gain/job-loss volatilities, unemployment volatility has the highest mean (21,190) and ranges from

225 to 329,513. ‘e volatility of participation averages 17,327 but still varies considerably, from 706 to

128,696. ‘ese large means and standard deviations highlight the high degree of variability in these

cyclical labor market measures.

Table 6 presents the estimation results. Columns 3 report €ndings for unemployment volatility, and

columns 4 focus on labor force participation volatility. Overall, the results align with earlier €ndings: states

with a higher prime-aged share exhibit signi€cantly lower volatility. Column 3 shows that a one-percentage

point increase in the prime-aged share reduces the uncertainty impact on unemployment volatility by 50%

- from 0.004 (calculated as82:37_21;190) to 0.002 (calculated as.82:37 * 41:8/_21;190). In Columns 4, each

one-percentage-point increase in the prime-aged share changes the uncertainty impact on participation

volatility from 0.0008 (calculated as14:42_17;327) to 0.0001 (calculated as.14:42*13:19/_17;327), resulting

in an 91% reduction in the uncertainty e‚ect on participation volatility.

‘ese results con€rm that larger prime-aged shares reduce overall employment volatility; 50% of the

reduction is in unemployment and 91% in participation. However, this analysis does not consider the

potential covariance between unemployment and participation (nor between job gains and losses), which

suggests an avenue for future research.

VI. Dynamic Impact of Age Distribution on Uncertainty E‚ects

‘e previous sections have discussed static models of the relationship between uncertainty and

volatility; this section presents dynamic empirical €ndings that show how employment volatility evolves

following an economic-uncertainty shock using local projection-IV (LP-IV) speci€cation.29

29Using both IV regression and the LP-IV method aligns with previous research -e.g., Imam (2015) employ linear OLS and
LP regressions to study the e‚ects of demographic changes on monetary policy.
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A. Dynamic Speci€cation

I use the LP-IV framework introduced by Jord�a (2005). ‘e cumulative Impulse Response Function

(IRF) regression equation is as follows:

Yi;t+h = � h
i + � h

1Ui;t + � h
2[. Di;t * D/ • . Ui;t * U/] + � h

3Di;t

+ � h
4

2

É
s=1

Ui;t * s + � h
5

2

É
s=1

[. Di;t * s * D/ • . Ui;t * s * U/] + � h
6

2

É
s=1

Yi;t * s + ! i;t+h; h = 0;1; :::; H ;(13)

30

Volatility is measured as the standard deviation of a centered nine-quarter rolling window of cyclical

employment, chosen because LP-IV estimation involves a series of IV regressions at di‚erent horizons,

and a reduced window preserves more observations.31 Explanatory variables follow the earlier two-stage

speci€cation. ‘e coe•cient � h
1 captures the e‚ect of economic policy uncertainty during the current

period (t to t +h), while� h
2 estimates the interaction between the terms.Di;t * D/•. Ui;t * U/. ‘e coe•cient

� h
3 reports the direct demographic impact, which is not the main focus.32 ‘e primary variables of interest

are� h
1 and� h

2, with their sum,� h
1 + � h

2, capturing the total e‚ect of uncertainty on volatility, accounting

for di‚erences in age structure. ‘ese coe•cients can represent the e‚ects of either the prime-, young-

or old-aged demographics.33 ‘ese coe•cients o‚er insight into how a state's age structure at timet

inƒuences employment volatility betweent andt + 8 following an economic policy uncertainty shock at

30where

(14) Yi;t = [.
t+4

É
t *4

.� cyclical empi;t * � cyclical empi/2/_.9/] 1_2;

and
(15) � cyclical empi = .

t+4

É
t *4

� cyclical empi;t /_.9/ ;

31While the choice of window length is somewhat arbitrary, results using alternative window lengths, including backward
windows, con€rm the robustness of the €ndings and are presented in the Online Appendix.

32Let � h
i represent the state €xed e‚ect fromt to t + h. Following (Cloyne, Jord�a, and Taylor 2020), two lags of economic

policy uncertainty� Ui;t * s * U� , two lags of the interaction term� .Di;t * s * D/ • . Ui;t * s * U/] � , and two lags of volatility� Yi;t * s�
are included to account for historical variations in state employment volatility and past uncertainty. Additional robustness
checks with di‚erent lag structures appear in the Appendix. Because age structures evolve gradually, lagged age shares are
omi‹ed. Consistent with the prior IV approach,Ui;t and its lags are instrumented by the national� EPUmeasureNt and its
lags, whileDi;t is instrumented by birth rates� Bi;t � to address endogeneity.

33Speci€cally, by including both prime and young in the regression and omi‹ing old as the reference group, this comparison
can be achieved.
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time t .

B. Dynamic Responses of Employment Volatility

Figure 6 displays the regression coe•cient estimates from Equation 13, which capture the dynamic

responses of employment volatility over eight quarters following an economic-uncertainty shock. Panels

(a)-(d) correspond to the estimates for� h
1, � h

2, and their sums,� h
1 + � h

2 or � h
1 + n� h

2. Rows (i){(iii) correspond

to regressions for the prime-aged group, the older-aged group, and a comparison between the two.34

In Row (i), a SEPU shock leads to a signi€cant increase in employment volatility for states with a

national-average age structure, peaking four quarters a‰er the shock (Panel (a)). States with a prime-aged

share that is one percentage point higher experience reduced volatility, peaking in the €‰h quarter

post-shock (Panel (b)). Panel (c) shows that the total uncertainty e‚ect is lower in states with a higher

prime share compared to states with a higher share of older workers. Panel (d) shows the response for

states whose prime-aged share deviates from the national average by one, two, or three percentage points.

‘e blue line represents the volatility trajectory for states with a national-average age structure; states

with higher prime-aged shares (below the blue line) display reduced uncertainty-driven volatility, whereas

those with lower prime-aged shares (above the blue line) experience increased volatility.

In Row (ii), a SEPU shock increases volatility (Panel (a)). Panel (b) shows that this e‚ect intensi€es in

states with a one-percentage-point higher share of older workers. ‘e total impact is greater (Panel (c)),

as con€rmed in Panel (d)

Row (iii) presents the primary dynamic results, contrasting the two working-aged groups: prime-

aged and old-aged. Panel (a) illustrates the SEPU e‚ect for states with national average working-aged

distributions. In Panel (b), states with a one-percentage-point higher prime share | compared to states

with a one-percentage-point higher share of older workers relative to the national average | experience

a diminished uncertainty impact, with the peak e‚ect occurring in the fourth quarter following the SEPU

shock. Panel (c) shows the e‚ects of a one-percentage-point higher prime-aged share, with the uncertainty

impact still positive but smaller and muted a‰er the third quarter.

34Results are presented with± one Newey-West standard error bands forh = 0;1;§ ;8.
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Panel (d) shows the estimates for states deviating from the national-average prime-aged share by

one, two, or three percentage points; the blue line represents states at the national average. Above it are

lines representing states with one, two, and three percentage points lower prime share relative to the

national average; these lines reveal a substantial increase in uncertainty-driven volatility. Conversely,

the lines below represent states with an additional one, two, and three percentage points of prime-aged

shares (and corresponding lower old-aged shares). ‘ese states experience a substantial reduction in

employment volatility a‰er an uncertainty shock, with states having a two-percentage-point higher

prime-aged share showing no uncertainty e‚ect at all. ‘ese results con€rm the baseline €ndings while

providing a dynamic perspective.

C. Dynamic Responses with Other Uncertainty Measures

To test whether the e‚ect of age distribution on these alternatives emerges immediately or over time,

this section analyzes the dynamic response. Figure 7 reports the estimates from LP-IV regression using

various uncertainty measures. Column (a) reports the baseline e‚ect of uncertainty (Nt ) for a state with an

average working-aged distribution. Column (b) shows how that e‚ect changes when the prime-aged share

exceeds the sample average by one percentage point, compared to a one-percentage-point greater old-aged

share. Column (c) sums the eight-quarter impact of uncertainty in a state with the sample-average prime

surplus. Column (d) traces the cumulative e‚ect when the prime surplus is one, two, or three percentage

points above average.

‘e results in Column (b) for � EPUindicate that states with higher prime-aged shares experience

lower volatility from the €rst period onward, and the e‚ect lasts through all eight quarters. Column (c)

shows that states face signi€cantly less volatility at the 68 % level from the fourth quarter following an

uncertainty shock, and at the 90 % level from the sixth quarter; this impact is both larger and faster for

EPU than for SEPU (see Figure 6). Results for GEPU and NPU are similar, but weaker and less signi€cant.

However, €nancial-market indices tell a di‚erent story. VIX responses show that states experience higher

volatility in response to VIX, and a larger prime-aged share does not dampen this e‚ect: the coe•cient is

positive, suggesting that such states may even face greater volatility following VIX-induced uncertainty.

22



‘ese results are not statistically signi€cant.

Overall, results from alternative uncertainty measures indicate that a larger prime-aged share signi€-

cantly dampens the e‚ects of policy-related uncertainty, but has no measurable e‚ect on employment

volatility driven by €nancial-market uncertainty. ‘ese €ndings are consistent with the primary regression

analysis, and support the conclusion that state age structure mediates the e‚ects of uncertainty.

D. Dynamic Responses of Heterogeneous Results

Like Section 6, this subsection presents a decomposition of employment volatility into two measures:

volatility of employment transitions (i.e., job gains versus job losses) and volatility of participation (i.e.,

workforce entries versus exits). LP-IV results are presented in Figure 8. Overall, a higher prime-aged

share consistently shrinks labor-market volatility following an uncertainty shock.

Row (i) of Figure 8 shows that states with a larger gap between prime-aged and old-aged shares have

lower job-gain volatility a‰er an uncertainty shock, with signi€cance limited to the €rst four quarters.

‘e last column con€rms that higher prime-aged shares (lines below the blue line) correspond to lower

volatility compared to higher old-aged shares (lines above the blue line).

Row (ii) shows that, consistent with earlier results, a higher prime-aged share reduces job-loss volatility,

with e‚ects evident for one- to three-percentage-point di‚erences. Row (iii) €nds a similar pa‹ern for

unemployment volatility, with reductions for each additional percentage point, in line with prior dynamic

results. Row (iv) con€rms that more prime-aged workers lower participation volatility, with the gap

peaking four quarters a‰er the shock for states with higher prime-aged shares.

In employment transitions, job-loss volatility is more sensitive to demographics than job-gain volatility,

with stronger signi€cance and greater persistence. In participation dynamics, the demographic e‚ect is

larger for exits than for entries. ‘ese pa‹erns are consistent with the IV regression €ndings, and add to

the understanding of the interaction between demographics and volatility.
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VII. Conclusion

‘is study investigates the relationship between age structure, labor-market volatility, and economic

uncertainty in the US. ‘e results show that states with a higher proportion of prime-aged individuals

(aged 25-54) among the working-aged population (aged 16-64) are less a‚ected by economic-uncertainty

shocks compared to states with older working-aged populations. Using quarterly data from 2000Q1

to 2017Q4, this paper employs instrumental variable regressions and LP-IV to quantify the e‚ect of

increased economic uncertainty on employment volatility. Lagged birth rates instrument for the current

working-aged composition, addressing potential omi‹ed-variable concerns. Similarly, national Economic

Policy Uncertainty (EPU) is used as an instrument for state-level SEPU.

State age composition conditions how uncertainty shocks translate into employment volatility. Using

quarterly state data from 2000{2017 and IV/LP-IV|instrumenting age with lagged births and state EPU

with national EPU|we €nd that a 100% increase in SEPU raises volatility by 0.32% on average but only

0.14% in states with a one-percentage-point higher prime-age share. A one-point increase in the prime-

age share reduces uncertainty-induced volatility by about 56%, and roughly 1.75 points fully o‚sets it.

Mechanism evidence points to lower manufacturing intensity and higher healthcare output and GSP.

Dynamics show a peak four quarters a‰er the shock, with a‹enuation through six. Decompositions

indicate larger declines in job-gain and participation volatility. Results are robust to alternative measures,

speci€cations, and controls.

‘is research sheds light on the impact of age heterogeneity on labor-market volatility in response to

various measures of economic uncertainty. As Baby Boomers continue to retire and the composition of

the US labor market changes, future research should look into the implications of these demographic

trends for policy. Furthermore, additional studies may reveal other ways in which state age distribution

inƒuences the labor market.
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Tables

Table 1: Summary of Main Variables

Mean Min Max Standard
Deviation

Emp. Vol. (Yi;t ) 26,921 681 318,036 3,542
Emp. Vol. % 100 2.5 1,181 13
� SEPU(Ui;t * U) 9.92 -92.78 616.47 51.96
� EPU(Nt * N) 1.71 -31.63 46.94 16.61
D i;t

Young (15-24) 21.16 17.77 30.48 1.52
Prime (25-54) 61.37 54.96 68.26 2.41
Old (55-64) 17.47 9.84 24.68 2.65
B i;t

BirthRate (15-24) 15.29 11.00 26.70 1.82
BirthRate (25-54) 19.22 14.32 28.74 2.49
BirthRate (55-64) 25.02 16.24 35.65 3.41

Note:‘is is a summary of the main variables on a state-quarterly basis from 2000Q1 to 2017Q4. Alaska and
Hawaii excluded for missing pre-1956 birth-rate data. Working-age shares (15{64) sum to 100%; age-group
birth rates use rolling windows aligned to lagged birth years. Cyclical employment volatility is the standard
deviation over a centered 17-quarter window. With 112 missing values in� SEPU, the total observations in
this sample amount to 3,416.

Table 2: Main Estimation

(1) (2) (3)
Prime Old Prime-Old

Baseline

Ui;t * U 74.19 89.30 84.93
(17.63) (16.41) (21.09)

.Ui;t * U/ • . Dprime
i;t * D/ -28.54 -48.38

(11.93) (21.18)
.Ui;t * U/ • . Dold

i;t * D/ 24.62
(12.06)

.Ui;t * U/ • . Dyoung
i;t * D/ 21.05

F 55.42 73.67 49.19
Observations 3,416 3,416 3,416

Note:‘is table reports IV second-stage estimates from Equation 6 using quarterly state data, 2000Q1{2017Q4.
‘e dependent variable is cyclical employment volatility. Instruments are birth rates and national EPU.
Columns (1){(3) present models for: prime; old; and prime with young included as a control. Column (3)
allows a direct comparison of prime vs. old. Coe•cients not central to the main interpretation are omi‹ed;
full results are available on request. All regressions include state €xed e‚ects with Newey{West standard
errors.
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Table 3: Robustness with Controls

(1) (2) (3) (4) (5) (6) (7)
Baseline Demographics Income Welfare Poverty Political All

Policy Rate Climate

Ui;t * U 84.93 82.82 85.06 83.40 76.85 84.91 75.65
(21.09) (20.70) (20.78) (20.73) (18.81) (20.99) (18.53)

.Ui;t * U/ • . Dprime
i;t * D/ -48.38 -35.61 -46.46 -49.91 -39.33 -49.02 -33.99

(21.18) (20.42) (20.96) (21.21) (19.31) (20.58) (18.48)

.Ui;t * U/ • . Dyoung
i;t * D/ 21.05 12.35 21.68 24.85 13.85 20.99 12.25

(22.19) (20.37) (21.96) (22.48) (20.42) (21.74) (19.24)

F 49.19 45.49 44.94 49.93 45.15 48.65 37.43
Observations 3416 3416 3416 3416 3416 3272 3272

Note:‘is table reports regressions with grouped controls. Column (2) introduces IPUMS-CPS demographics:
sex; race (White, Black, Hispanic); marital status; female labor-force participation; education; and weekly
hours. Column (3) adds income and wealth from IPUMS-CPS: income from unemployment and disability
bene€ts; retirement/pension/annuity income; self-employment income; total pre-tax wage{salary income;
and total pre-tax personal income (or losses) in the prior calendar year. All series are deƒated. Columns (4){(6)
incorporate state poverty and policy measures from the University of Kentucky Center for Poverty Research:
general social-program claims (including UI), state minimum wage, Medicaid enrollment, state EITC rate,
state poverty rate, and workers' compensation. Political-climate controls include the number of Democratic
and Republican members in the state lower house and an indicator for a Democratic governor. Column (7)
includes the full set of controls. ‘e lower observation count reƒects limited coverage of policy variables.
Adding these control groups leaves the main results unchanged: the prime-aged interaction remains negative
and statistically signi€cant in every column.

Table 4: Robust with Alternative Uncertainty Measures

(1) (2) (3) (4) (5) (6) (7)
Baseline � EPU � GEPU � NPU � V IX � BAA � UMCS

Ut * U 71.10 113.31 60.64 36.83 39.64 191.33 146.01
(14.25) (26.28) (21.51) (13.39) (44.67) (62.16) (80.98)

.Ut * U/ • . Dprime
t * D/ -48.38 -75.46 -26.13 -21.07 -158.17 -274.64 -506.07

(21.18) (34.11) (26.53) (20.14) (260.06) (268.80) (468.75)

.Ut * U/ • . Dyoung
t * D/ 21.05 40.84 15.35 13.32 94.15 116.12 227.98

(22.19) (35.50) (26.63) (21.64) (155.63) (150.27) (302.05)

F 49.19 61.23 69.06 69.16 43.65 43.98 46.28
Observations 3,416 3,416 3,416 3,416 3,416 3,416 3,416

Note:‘is table re-estimates the baseline using alternative uncertainty proxies: changes in the Economic
Policy Uncertainty index (EPU), the Global Economic Policy Uncertainty index (GEPU), a news-based policy-
uncertainty index (NPU), a stock market volatility index (VIX), the Moody's BAA corporate bond spread
(BAA), and the University of Michigan Consumer Sentiment index (UMCS). Across proxies, higher uncertainty
raises cyclical employment volatility. A larger prime age share consistently tempers this response; the e‚ect
is signi€cant for policy uncertainty measures but not for the other proxies. E‚ects for the young share are
not signi€cant.
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Table 5: Regression with Mechanisms

(1) (2) (3) (4)
Baseline Manufacturing Healthcare Gross State Product

Ui;t * U 84.93 81.28 84.36 82.41
(21.09) (19.83) (19.91) (18.92)

.Ui;t * U/ • . Dprime
i;t * D/ -48.38 -39.34 -41.99 -37.18

(21.18) (17.03) (17.01) (14.69)
.Ui;t * U/ • . Dyoung

i;t * D/ 21.05 13.75 15.30 12.50
(22.19) (19.88) (19.34) (18.08)

Manufacturing 0.40
(0.24)

Healthcare -0.25
(0.14)

Gross State Product -0.07
(0.04)

F 49.19 44.31 47.14 45.22
Observations 3416 3404 3416 3416

Note:‘is table reports regressions with mechanisms. Columns 2{4 augment the baseline with the natural
logarithm of real state output measured in 2012 dollars from the United States Bureau of Economic Analysis
in the Department of Commerce: total Gross State Product (GSP) and sectoral gross state product for
manufacturing and healthcare. ‘e interaction with the prime-aged share remains negative and statistically
signi€cant throughout; manufacturing is associated with higher volatility, whereas healthcare and total gross
state product are associated with lower volatility.

Table 6: Heterogeneous Analyses

(1) (2) (3) (4)
Job Gains Job Loss Unemployment Participation

Ui;t * U 13.11 21.27 82.37 14.42
(3.16) (4.73) (19.66) (7.89)

.Ui;t * U/ • . Dprime
i;t * D/ -8.97 -12.54 -41.80 -13.19

(3.38) (4.72) (21.56) (7.69)

.Ui;t * U/ • . Dyoung
i;t * D/ 6.44 7.68 21.03 6.15

(3.95) (5.31) (23.13) (6.40)

F 109.06 57.83 44.64 122.00
Observations 3,416 3,416 3,416 3,416

Note:Using quarterly state data (2000Q1{2017Q4), Columns 1{4 report volatility of job gains, job losses,
unemployment, and labor-force participation, respectively. Across outcomes, the interaction with the prime-
aged share is negative and statistically signi€cant, while the interaction with the young share is small and
insigni€cant.
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Figures

Figure 1: Evolution of Prime-Aged Share

(a) 2001Q4

(b) 2008Q4

(c) 2017Q4

Note:‘e €gures above show the share of prime-aged individuals (those aged 25-54 out of the 15-64) across
states for 2001Q1, 2008q4, and 2017Q4. Over the time period from 2001Q4 to 2017Q4, there has been a
noticeable decreasing trend.
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Figure 2: Evolution of Old-Aged Share

(a) 2001Q4

(b) 2008Q4

(c) 2017Q4

Note:‘e €gures above show the share of old-aged individuals (those aged 55-64 out of those 15-64) across
states for 2001Q4, 2008q4, and 2017Q4. Over the time period from 2000 to 2017, there has been a noticeable
increasing trend.
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Figure 3: Evolution of Cyclical Employment Volatility

(a) 2001Q4

(b) 2008Q4

(c) 2017Q4

Note:‘e €gures provided display the cyclical employment volatility (de€nition provided in the main context)
across states for 2001Q4, 2008Q4, and 2017Q4. Overall, the level of employment volatility is highest during
the Great Recession in 2008Q4, followed by the 2001 Recession, with a signi€cantly lower level of volatility
during the economic boom of 2017Q4. Larger states such as California and Texas typically exhibit higher
volatility, while mid-west states like South Dakota and Wyoming demonstrate lower volatility during the
speci€ed periods.
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Figure 4: Evolution of State Economic Policy Uncertainty

(a) 2001Q4

(b) 2008Q4

(c) 2017Q4

Note:‘e €gures represents the state economic policy uncertainty (� SEPU) measures for 2001Q4, 2008Q4,
and 2017Q4. ‘is variable is calculated as the percentage change in the state EPU index from Baker, Davis,
and Levy (2022). During the Great Recession, the measure for 2008Q4 exhibits greater uncertainty than the
other quarters. Speci€cally, states like Alaska and North Dakota, which are reliant on crude oil exports,
experienced high uncertainty in both 2001 and 2008, with these uncertainty levels signi€cantly decreased
during the economic boom of 2017Q4.
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Figure 5: Visualizing Economic Uncertainty Measures

(a) Economic Policy Uncertainty

(b) Alternative Uncertainty Measures

Note:Panel A shows the Baker, Bloom, and Davis (2016) EPU index; the blue curve is its percent change,
� EPU. Panel B shows six uncertainty proxies:EPUandNPU(U.S. news-based policy uncertainty) (Baker,
Bloom, and Davis 2016);GEPU(global, GDP-weighted) (Davis 2016);VIX (implied €nancial market volatility);
BAA (Moody's Baa{Treasury spread); andUMCS(Michigan Consumer Sentiment) (Leduc and Liu 2016).
More details are in the Online Appendix.
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Figure 6: Impulse Response of Employment Volatility to Age Distribution
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Note:‘e €gures display the local-projection instrumental-variables impulse-response functions of cumulative
cyclical employment volatility in response to various uncertainty measures among ages groups, as described
by Equation 12. ‘ese €gures elucidate the dynamic shi‰s in employment volatility due to a one percentage
point increase in the state economic policy uncertainty among prime, old, and the comparison between them.
Row 1 presents the estimates for the LP regression on prime. Row 2 showcases the regression results for old.
‘e €nal row contrasts the two by considering old as the reference group. Column 1 presents estimates for
the coe•cient � h

1, Column 2 for� h
2, and Column 3 for� h

1 + � h
2, which represents the primary coe•cient of

interest. Meanwhile, Column 4 reports estimates on� h
1 + n • � h

2, wheren ranges from -3 to 3, corresponding
to a one-, two-, or three-percentage-point deviation in the share of working-aged (prime or old) relative to
the national average, as depicted in the €gures. ‘e vertical axes illustrate changes in standard deviations of
employment volatility from the baseline. ‘e grey areas indicate one and two Newey-West standard deviation
con€dence intervals for each coe•cient estimate. For more details, refer to the main content of the paper.
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Figure 7: Impulse Response of Employment Volatility to Alternative Uncertainty Measures
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Note:‘e €gures show local-projection instrumental-variables impulse-response functions to alternative
uncertainty measures. All other details follow those reported in Table 4 and Figure 6.
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Figure 8: Impulse Response: Volatility of Job Gains, Losses, Unemployment, and Labor-Force Participation
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Note:‘e €gures show local-projection instrumental-variables impulse-response functions of cumulative
cyclical job gains, job losses, unemployment, and labor-force participation to alternative uncertainty measures,
by age group. All other estimation details follow those reported in Figure 6.
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