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Abstract: In response to the record-breaking COVID19 recession, many 
governments have adopted unprecedented fiscal stimuli. While countercyclical 
fiscal policy is effective in fighting conventional recessions, little is known about 
the effectiveness of fiscal policy in the current environment with widespread 
shelter-in-place (“lockdown”) policies and the associated considerable limits on 
economic activity. Using detailed regional variation in economic conditions, 
lockdown policies, and U.S. government spending, we document that the effects of 
government spending were stronger during the peak of the pandemic recession, but 
only in cities that were not subject to strong stay-at-home orders. We examine 
mechanisms that can account for our evidence and place our findings in the context 
of other recent evidence from microdata.   
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1. Introduction 

In response to the record-breaking recession induced in the spring of 2020 by the COVID19 

pandemic, many governments adopted unprecedented fiscal stimuli and shelter-in-place 

(“lockdown”) policies. With the pandemic surging again in the winter months if 2020-21, further 

lockdowns have commenced. Little is known about the effectiveness of fiscal stimuli in such 

settings. Consider first the pandemic-induced massive spike in unemployment and excess capacity. 

Recent theoretical and empirical work suggests that fiscal stimulus is more effective in such an 

environment, either because supply is more responsive to demand-side stimulus in the presence of 

slack (the “slack” channel) or because the income decline pushes more households against their 

borrowing constraint, leading to high marginal propensities to consume out of additional income  

(the “high-MPC” channel).  

Even if these channels are operative during typical periods of high unemployment and firm-

level excess capacity, the pandemic episode is far from typical in that many locations implemented 

lockdown policies that effectively restricted subsets of spending and employment. According to 

recent theoretical work, such restrictions can dampen the effects of fiscal stimuli. In the case of 

direct government spending, contractors may be restricted from directly hiring employees, or – in 

the more general case of increases in households’ net income – consumers may save new income 

for future spending, when a greater range of goods and services is available (e.g., Auerbach et al. 

2020a; Guerrieri et al. 2020). Prior historical episodes lend some support to this dampening 

channel: the evidence in Brunet (2018) suggests that during World War II government restrictions 

on household spending caused lower fiscal multipliers. Similarly, the multipliers estimated by 

Ramey and Zubairy (2018) are lower when that war is included in the estimation sample. 

To what extent are the slack and high-MPC channels operative during a pandemic 

recession, and how are they influenced by lockdown policies? We empirically address these 

questions by exploiting high-frequency data on government Department of Defense (DOD) 

spending, stay-at-home (SAH) orders, consumption, mobility, and employment during the onset 

of the COVID19 pandemic recession. In March and April of 2020 aggregate employment and 

household consumption plummeted, as did measures of worker and retail mobility. Aggregate 

DOD spending remained flat, potentially providing a stable source of demand during the 

pandemic. 
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Despite stable aggregate DOD spending, there was substantial variation in changes in 

spending across locations during the onset of SAH orders. There was also substantial independent 

variation in the extent of SAH orders across locations during the onset of the pandemic. As 

documented by Baek et al. (2020), severe SAH orders (lockdowns) led to large declines in 

employment as well as worker and retail mobility, thus contributing to local economic slack but 

also imposing supply-side restrictions that might limit the effectiveness of demand-side stimulus. 

These two independent sources of cross-sectional variation permit us to compare changes in the 

effectiveness of DOD stimulus in unrestricted versus locked-down cities with the onset of 

lockdowns. We find a meaningful difference-in-differences: DOD employment multipliers are 

higher during the onset of the pandemic recession only for cities that were not subject to 

meaningful SAH orders. Therefore, while fiscal stimulus can remove slack, its effect on restricted 

economies is limited.1 

The lack of an employment response in locked-down cities could reflect the possibility that 

lockdowns prevented matching between workers and employers. Alternatively, they may have 

prevented DOD spending from stimulating consumption, as consumers could not travel to retail or 

service establishments. To help disentangle these possibilities, we first examine whether DOD 

spending affected local consumption, as measured by Chetty et al. (2020). We find no evidence of 

a relationship between DOD spending and consumption, even in unrestricted locations. The fact 

that DOD spending increases employment but not consumption even in unrestricted locations is at 

first glance puzzling given that recessions are often associated with tight credit conditions, high 

average MPCs, and large consumption effects of fiscal stimulus (e.g., Eggertsson and Krugman 

2012). The lack of a consumption response implies that the larger (across-location average) fiscal 

multipliers on employment during the pandemic recession are driven by the slack channel rather 

than the high-MPC channel. While potentially surprising, the lack of a consumption response is 

consistent with recent evidence that households predominantly saved their 2020 stimulus checks 

(Coibion et al. 2020a).  Overall, our evidence implies that fiscal stimulus is indeed more effective 

in recessions, but not if there are restrictions on spending or other forms of economic activity. 

 
1 Our analysis uses stay-at-home orders as an indicator of the severity of lockdowns and does not attempt to disentangle 
the effects of stay-at-home orders per se from the effects of the pandemic conditions that led to the stay-at-home 
orders. 
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Lockdowns effectively restrict the ability of the economy to absorb slack, and there are no 

detectable consumption responses that would contribute to stronger general equilibrium effects of 

government spending. 

Our evidence adds to a growing literature on state-dependent fiscal effects. Much of this 

literature has examined whether fiscal multipliers vary across recessions and expansions (e.g., 

Auerbach and Gorodnichenko 2012; Ramey and Zubairy 2018), with the level of consumer debt 

(e.g., Demyanyk et al. 2019; Klein 2017; Miranda-Pinto et al. 2020a), or with the sign of the 

change in government spending (Barnichon et al. 2020). We expand on this literature by examining 

how fiscal effects vary across lockdown status. In particular, we examine the difference (lockdown 

versus unrestricted) in differences (expansion versus recession). We add to the body of evidence 

in support of the slack channel in generating higher fiscal multipliers in recessions, and present 

new evidence that fiscal multipliers are lower in the presence of SAH orders. 

 

2. Data  

Our analysis relies on several sources of data, which we describe below. The unit of analysis is the 

core-based statistical area (CBSA).2 Most of the analysis uses data at the monthly frequency but 

some exercises are done at other frequencies.  

 

A. Government spending  

Following Auerbach, Gorodnichenko, and Murphy (2020b; hereafter AGM), we use Department 

of Defense (DOD) spending as a measure of government spending. DOD spending accounts for 

approximately half of discretionary spending of the federal government. Unlike other types of 

spending, DOD spending is largely insensitive to business conditions and can be modelled as a 

demand shock from a CBSA’s perspective (e.g., DOD spending does not directly enter 

households’ utility or affect productivity/infrastructure of the local economy).  

 To construct a measure of spending from DOD contracts (available from the Federal 

Procurement Data System, or FPDS at www.fpds.gov), we follow AGM: for each contract, we 

 
2 CBSA is a geographic area defined by the Office of Management and Budget that consists of one or more counties 
(or equivalents) anchored by an urban center of at least 10,000 people plus adjacent counties that are 
socioeconomically tied to the urban center by commuting. 
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compute average monthly spending (a contract’s obligation/contract value divided by the duration 

of the contract) and then sum the derived spending across contracts that are active for a given 

month.3 As discussed in AGM, this measure of spending closely tracks DOD spending in the 

National Income and Product Accounts and U.S. Treasury payments to defense contractors 

reported in the Daily Treasury Statements.  

Table 3 documents dramatic variation and concentration in DOD spending across CBSAs 

in absolute and per capita terms. For example, Dallas-Fort Worth-Arlington is a major recipient of 

DOD contracts ($27.1 billion in 2019), much of which is allocated to the construction of a new 

generation of fighter jets (see AGM for more details). Economies for smaller CBSAs can receive 

a very large share of their business activity from the DOD. For example, Norwich-New London, 

CT—the hometown of Electric Boat’s nuclear submarine production—received almost $40,000 

per worker from the DOD in 2019. We note that DOD spending is dispersed across many U.S. 

states, a feature important for studying regional variation in lockdowns during the COVID19 crisis.   

 

B. Employment  

Our main source of employment data is Local Area Unemployment Statistics (LAUS). These data 

are produced by the Bureau of Labor Statistics (BLS) and are based on the Current Population 

Survey (CPS). While BLS provides the figures for the employed and unemployed, we focus on 

employment data given issues with defining unemployment during the pandemic.4 Because the 

CPS is a household survey, LAUS avoids double-counting workers with multiple jobs, which can 

happen with employer-based data, e.g., the Quarterly Census of Employment and Wages (QCEW), 

an administrative source for employment and payroll data utilizing state-run unemployment 

insurance systems. CPS exhibited a considerable decline in the response rate to 70 percent in April 

 
3 In addition to new contract obligations, the dataset also contains modifications to existing contracts, including 
downward revisions to contract amounts (de-obligations) that appear as negative entries. Many of these de-obligations 
are very large and occur subsequent to large obligations of similar magnitude. Furthermore, in many cases, de-
obligations happen within days after obligations appear in the reporting system. When we observe obligations and de-
obligations with magnitudes within 0.5 percent of each other, we consider both elements of the pair to be null and 
void as it is unlikely that any outlays were associated with these temporary obligations. This restriction removes 4.7 
percent of contracts from the sample. 
4 See https://www.bls.gov/cps/effects-of-the-coronavirus-covid-19-pandemic.htm for a discussion of measurement 
issues.  

https://www.bls.gov/cps/effects-of-the-coronavirus-covid-19-pandemic.htm
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2020 from 73 percent in March 2020 and 83 percent in April 2019.5 BLS suggests that despite the 

decline in the response rate, the quality of CPS was maintained in April 2020. Normally, 

employment growth series at the CBSA-level are highly correlated between QCEW and LAUS 

(0.80 in April 2019), but this correlation declined sharply to 0.43 in April 2020. We conjecture 

that this reduction in the correlation is because QCEW and LAUS differ in the coverage of 

workforce; e.g., LAUS covers self-employed and gig-economy (e.g., Uber or DoorDash) workers 

while QCEW does not. Given that LAUS has a more comprehensive definition of employment, 

we use LAUS as the main source of employment data to study the COVID19 crisis. Following 

prior CBSA-level studies of fiscal stimulus, we normalize our DOD spending by the size of the 

local economy, as measured by 2019 payroll data from the QCEW.   

 

C. Stay-at-home orders and mobility 

A central element of our analysis is geographical variation in the intensity of lockdowns induced 

by COVID19. Baek et al. (2020) construct a database of county-level stay-at-home (SAH) orders 

as of April 11, 2020, when approximately 90 percent of the U.S. population was under a lockdown 

order. The Baek et al. data report the number of weeks that a given CBSA has spent in a 

government-mandated lockdown by April 11. Figure 1 documents considerable variation in SAH 

intensity, which reflects the decentralized implementation of public health measures aimed to 

contain the virus and to prevent local hospitals from being overwhelmed. While some CBSAs were 

locked down for nearly a month (e.g., the San Francisco Bay Area), some CBSAs did not have any 

lockdowns at all (e.g., Omaha, NE). Indeed, CBSAs with no lockdowns in April 2020 did not 

impose lockdowns in subsequent months and CBSAs with lockdowns introduced close to April 

11, 2020 had short-lived lockdowns. To capture this group of CBSAs, we create a no-lockdown 

group that covers cities with SAH lasting less than ¾ of a week as of April 11, 2020, which 

corresponds to a “hump” in the left-tail of the distribution. 

SAH orders were not issued randomly across cities. For example, the no-lockdown group 

consists of relatively small CBSAs (less than 200,000 in population), see Figure 1 and Table 2. 

This pattern is consistent with the notion that more densely populated areas were more vulnerable 

to the virus and thus were more likely to lock down. Hence, we will need to use controls to correct 

 
5 https://www.bls.gov/cps/employment-situation-covid19-faq-april-2020.pdf  

https://www.bls.gov/cps/employment-situation-covid19-faq-april-2020.pdf
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for possible imbalances in the lockdown vs. no-lockdown groups or match no-lockdown 

(unrestricted) cities to comparable lockdown (restricted) cities.  

While SAH orders provide a direct measure of limits on economic activity, self-imposed 

restrictions (e.g., people may voluntarily limit their work/consumer/travel activities to minimize 

exposure to the virus) likely contributed to the contraction of economic activity. Using cellphone 

mobility data, Google constructs daily measures of “retail” and “workplace” mobility at the county 

level during the crisis, where mobility is measure as a percent of pre-COVID19 mobility.6 While 

retail mobility is not a comprehensive measure of consumer spending, Baker et al. (2020) 

document that retail mobility is highly correlated with consumer spending. Using employment as 

weights, we aggregate these indices to the CBSA level and use them as a high-frequency indicator 

of mandatory and voluntary restrictions as well as economic activity.  

Figure 2 shows that SAH orders have large predictive power for the cross-sectional 

variation in retail/workplace mobility, consumer spending, and employment. For example, a one-

week increase in the duration of SAH orders is associated with 2 percent decline in employment 

(April 2020 relative to April 2019) and 1.3 percent decline in consumer spending (April 2020 

relative to pre-COVID19 average). Note that even CBSAs with no SAH orders demonstrate large 

declines for these indicators. This pattern is consistent with at least two hypotheses. First, 

consumers/workers can voluntarily curtail their mobility and spending in attempts to limit 

infections. Second, SAH orders in other locations trigger local economic contractions which via 

e.g. general equilibrium effects, input-output linkages or other channels can induce economic 

contractions in areas not directly affected by SAH orders. See Baek et al. (2020) for further 

discussion for the relative merit of these two hypotheses. 

 

D. Consumer spending 

Consumer spending at the CBSA level is generally lacking, although some measures (e.g., new 

car registrations) are available. Recent work (e.g., Chetty et al. 2020) developed a measure of 

consumer spending based on transaction-level data provided by financial service firms. Although 

these data are likely incomplete (e.g., they miss cash-based transactions and people with limited 

banking), these data give us daily series, thus allowing us to establish precise timing of events. 

 
6 These data are available at https://www.google.com/covid19/mobility/.  

https://www.google.com/covid19/mobility/
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The Chetty et al. (2020) data report consumer spending as the percent deviation from the pre-

COVID19 level.  

 

E. Basic trends 

Figure 3 plots the dynamics of key national-level series at the daily frequency during the COVID19 

crisis. Google retail and workplace mobility indices declined by 50 percent between March 15, 

2020 and April 1, 2020.  Consumer spending fell by 30 percent relative to the pre-COVID19 levels. 

Note that this decline is somewhat delayed relative to the Google mobility indices, which likely 

reflects consumers’ attempts to stock up food and other basic goods. After April 15, 2020, mobility 

and consumer spending gradually revert to pre-COVID19 levels and, by the end of June 2020, half 

of the decline was recovered. Workplace mobility recovered less than other indicators by this 

point. 

 These dynamics demonstrate the ferocity and depth of the economic contraction. Early 

estimates (Coibion, Gorodnichenko and Weber 2020b) and subsequent government statistics 

documented that approximately 20 million jobs were destroyed in April 2020. Unusually, few 

workers searched for new jobs—a sign of massive layoffs (perceived to be temporary at the time) 

and the realization that few businesses are hiring—and many workers left the labor force.  

 Against this background of devastation, DOD spending maintained its pace. Figure 3  

shows that there was little variation in U.S. Treasury payments to defense contractors, which is 

consistent with a stable flow of funding for existing DOD contracts as well as new obligations 

issued by the DOD. Thus, in contrast to private demand exhibiting a dramatic and rapid decline, 

DOD spending proved to be a stable, reliable source of demand in the economy. We will use this 

property of DOD spending to explore how government spending can affect the local economy 

depending on its conditions and SAH restrictions.  

 

F. A Case Study  

As we discuss above, the wide distribution of SAH orders and DOD spending provides a unique 

laboratory for assessing how a demand shock can stimulate a local economy when the economy 

exhibits slack and faces constraints for utilizing idle resources. To gather tentative insights from 
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the data, we consider two pairs of CBSAs with similar exposure to SAH orders but different 

reliance on DOD contracts. Relevant statistics are in Table 3.  

The first pair of cities is in Texas: Dallas-Ft. Worth and Houston. Both cities had relatively 

high exposure to SAH orders (almost three weeks as of April 11, 2020). The cities are roughly 

similar in size and other characteristics but, while Houston has a relatively small share of the 

economy servicing the DOD (the value of DOD spending is approximately 1 percent of Houston’s 

payroll in 2019), Dallas-Ft. Worth has a large DOD sector (approximately 12 percent of payroll). 

Despite this order-of-magnitude difference in DOD spending across cities, Dallas-Ft. Worth had 

only slightly better outcomes for workplace mobility and employment growth. Strikingly, 

consumer spending and retail mobility declined more in Dallas-Ft. Worth than in Houston. 

The second city pair is Omaha, NE and Des Moines, IA. These two cities had no SAH 

orders as of April 2011 (zero exposure). The cities are broadly similar but Omaha (2.7 percent of 

payroll) has roughly an order-of-magnitude more DOD spending than Des Moines (0.3 percent of 

payroll). In April 2020, Omaha had smaller declines in employment, consumer spending and 

mobility than Des Moines. This difference is consistent with the notion that DOD spending 

provided a reliable source of demand in Omaha which helped this city to withstand a fall in private 

demand.    

The experience of these two pairs of cities suggests that SAH orders can contribute to the 

differential response of local economies to DOD demand in the dire conditions of April 2020. 

Specifically, high exposure to SAH orders can blur or even eliminate the difference between high-

DOD-spending cities (Dallas-Ft. Worth) and low-DOD-spending cities (Houston). In contrast, low 

exposure to SAH orders appears to allow for a differential response to DOD spending. Obviously, 

this case study is only suggestive. We do a more systematic analysis of this pattern in the next 

section.  

  

3. Results 

Our primary objective is to examine how DOD employment multipliers differed across locations 

with different lockdown status during the deep recessionary month of April 2020 (relative to 

expansionary periods prior to April). After presenting our econometric specification, we discuss 

threats to identification and ways to address potential endogeneity. Then we present our baseline 
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results for employment (the local economic outcome indicator with the highest quality) and a series 

of robustness checks. Finally, we examine other outcomes to better understand the mechanisms.  

A. Empirical Specification 

Our empirical approach is an adaptation of the cross-sectional specification in Demyanyk et al. 

(2019; henceforth DLM):  

 Δ𝑌𝑌𝑖𝑖
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑃𝑃𝑃𝑃𝑃𝑃

= 𝛼𝛼 + 𝛽𝛽1
Δ𝐺𝐺𝑖𝑖  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑃𝑃𝑃𝑃𝑃𝑃
+ 𝛾𝛾𝑆𝑆𝑆𝑆𝑃𝑃𝑆𝑆𝑆𝑆𝑖𝑖 + 𝛽𝛽2

Δ𝐺𝐺𝑖𝑖
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑃𝑃𝑃𝑃𝑃𝑃

× 𝑆𝑆𝑆𝑆𝑃𝑃𝑆𝑆𝑆𝑆𝑖𝑖 + 𝐶𝐶𝑃𝑃𝐶𝐶𝑆𝑆𝑃𝑃𝑃𝑃𝑃𝑃𝐶𝐶𝑖𝑖 + 𝜖𝜖𝑖𝑖 (1)  

where Δ𝑌𝑌𝑖𝑖 is the change in an outcome variable in CBSA 𝑖𝑖 over a one-year period, Δ𝐺𝐺𝑖𝑖 is the 

change in DOD spending in CBSA 𝑖𝑖, 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑃𝑃𝑃𝑃𝑃𝑃 is average payroll between May 2018 to April 

2019 (from the QCEW) measuring the size of the local economy, and 𝑆𝑆𝑆𝑆𝑃𝑃𝑆𝑆𝑆𝑆𝑖𝑖 measures the state of 

the local economy. Changes in the outcome variable and DOD spending are normalized by initial-

period CBSA-level earnings such that 𝛽𝛽1 + 𝛽𝛽2𝑆𝑆𝑆𝑆𝑃𝑃𝑆𝑆𝑆𝑆𝑖𝑖 is the effect of a dollar change in DOD 

spending on the change in the outcome variable in CBSA 𝑖𝑖.  The specification permits the effect 

of DOD spending to vary across CBSAs with different levels of 𝑆𝑆𝑆𝑆𝑃𝑃𝑆𝑆𝑆𝑆𝑖𝑖.  

Our measure of the relevant state of the economy is an indicator for whether a CBSA was 

locked down in April of 2020: 𝑆𝑆𝑆𝑆𝑃𝑃𝑆𝑆𝑆𝑆𝑖𝑖 = 𝟏𝟏(lockdowni). Since lockdowns were temporary, we 

expect them to affect the economy at a high frequency and therefore we examine higher-frequency 

data on outcome variables. In particular, Δ𝑌𝑌𝑖𝑖 in our specification is the change in monthly 

employment between April 2020 and April 2019. For Δ𝐺𝐺𝑖𝑖, we compare spending changes over the 

twelve months prior to and including April 2020 to changes over the year prior to and including 

April 2019. We examine changes in year-on-year DOD averages rather than changes over a 

twelve-month period due to the lack of information regarding when our measure of contract 

spending is associated with new production. As emphasized by AGM, the precise timing of 

disbursements and new production by the contractor are unobserved, rendering observed DOD 

changes subject to potential measurement error. Given the potential error in high-frequency 

measures of DOD spending, we opt to examine DOD spending smoothed over time. 
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AGM propose to further address potential error in the timing of local DOD production by 

using a Bartik instrument variable (IV),7 which not only addresses the endogeneity concerns raised 

in Nakamura and Steinsson (2014) and DLM, but also filters out the transitory (“wealth transfer”) 

component of DOD contracts to which one might expect weaker economic responses (see AGM 

for further discussion). In DLM, national spending was increasing drastically into the Great 

Recession on account of the Iraq War, thus contributing to the strong relevance of the IV in their 

study. Our empirical setting does not have the benefit of such drastic changes in national spending, 

which exhibited essentially no growth between Q2 2019 and Q2 2020; therefore the Bartik 

instrument is weak in our setting.  

 If a good instrument is not available, can OLS estimates uncover the existence of state 

dependent fiscal multipliers, and if so how close are the estimates to the actual state-dependence? 

One should expect that DOD spending that responds endogenously to adverse local economic 

conditions and measurement error in the timing of DOD contracts to bias estimates of fiscal effects 

downward. To get a sense of the magnitude of this bias and the ability of OLS to detect state-

dependent fiscal effects, we revisit the DLM study and report both OLS and IV estimates using 

our dependent variable (LAUS employment) rather than theirs (QCEW earnings). Table 4 reports 

the results from both the period around the Great Recession (Panel A) and the expansionary period 

in the early-to-mid-2000s (Panel B) reported in their study. Columns 1 and 2 report IV estimates, 

while columns 3 and 4 report OLS estimates. Notably, the estimates in columns 1 and 2 exhibit 

the same pattern as reported in DLM: average multipliers estimated using IV (column 1) are 

economically meaningful and statistically larger than zero. The employment effects are larger in 

high-consumer-debt cities only during the Great Recession period (when slack was high).  

 The OLS estimates demonstrate that both the estimate of the average employment effect 

(column 3) and the estimate of state-dependence (column 4) are biased downward.  Nonetheless, 

OLS can detect a statistically significant employment effect, but only during the Great Recession. 

Comparing the estimates in column 3 across panels A and B imply that OLS can detect multipliers 

that vary over the business cycle (even if the magnitude is not precise). Furthermore, OLS can 

 
7 A Bartik instrumental variable (IV) in our context is 𝑠𝑠ℎ𝑎𝑎𝑃𝑃𝑃𝑃𝑖𝑖×Δ𝐺𝐺𝑡𝑡

𝑃𝑃𝑎𝑎𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖
𝑃𝑃𝑃𝑃𝑃𝑃  where 𝐶𝐶ℎ𝑃𝑃𝑃𝑃𝑆𝑆𝑖𝑖  is the CBSA’s average share of DOD 

contract spending over a long period and Δ𝐺𝐺 is the contemporaneous change in aggregate DOD spending.  
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detect state-dependence when it exists (if one interprets the IV estimate as the “true” measure of 

state-dependence), as the estimate of the interaction term in column 4 is positive and significant 

only in Panel A. 

Intuitively, suppose that the error term in specification (1) has two components: 𝜖𝜖𝑖𝑖 = 𝜂𝜂𝑖𝑖 +

𝜀𝜀𝑖𝑖 where 𝜂𝜂𝑖𝑖 characterizes residual variation in normal times and 𝜀𝜀𝑖𝑖 captures residual variation in 

crisis times. Δ𝐺𝐺𝑖𝑖 
𝑃𝑃𝑎𝑎𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖

𝑃𝑃𝑃𝑃𝑃𝑃 could be correlated with the error term 𝜂𝜂𝑖𝑖, thus biasing OLS estimates. In 

contrast, the intensity of crisis captured by 𝜀𝜀𝑖𝑖 can be largely unrelated to changes in DOD spending 

in crisis times. Consistent with this insight, we observe (Figure 4) little to no correlation between 

changes in DOD spending � Δ𝐺𝐺𝑖𝑖 
𝑃𝑃𝑎𝑎𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖

𝑃𝑃𝑃𝑃𝑃𝑃� and the intensity of SAH orders which can proxy for the 

relative ferocity of the local COVID19 crisis.  

This analysis implies that OLS can capture both a difference across periods (e.g., recessions 

versus expansions) and well as across states of local economies during a period of time. We will 

rely on this feature of OLS in interpreting our evidence. While our specification does not produce 

unbiased estimates of fiscal effects in normal times, we proceed under the assumption that it can 

provide evidence of state-dependence if such state-dependence exists. 

 We take additional steps to mitigate potential endogeneity concerns. Because SAH orders 

were not entirely randomly assigned across cities (e.g., larger cities were more likely to be in a 

lockdown), we include CBSA-level controls in specification (1) to absorb potential determinants 

of employment changes that are correlated with DOD spending changes or vulnerability to the 

pandemic-induced recession. Following Mian and Sufi (2015) and DLM, these controls include: 

the percentage of white people in the local population, median household income, median home 

values, the percentage of owner-occupied housing units, the percentage with less than a high 

school diploma, percentage with only a high school diploma, the unemployment rate, a dummy 

for urban areas, the poverty rate, and the (log) of the local population. Our relevant controls are 

measured as of 2010 and are based on Census data when available or 3-year averages from the 
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American Community Survey (as reported by the National Historical Geographic Information 

System).8 The list of controls includes the indicator for being locked down in April 2020. 

A potential concern in our setting is that locked-down cities may be more or less likely to 

receive increases in DOD spending. Under certain conditions, controlling for lockdown status 

prevents any further bias in estimate of the effect of DOD spending across locations. However, if 

there are nonlinear effects of DOD spending, then interacting it with a correlated variable will 

introduce additional bias. As we discuss above, Figure 5 suggests that changes in DOD spending 

(especially conditional on CBSA covariates) are independent of the severity of SAH orders and 

hence this concern is unlikely to be quantitatively important.  

  

B. Main Results 

Table 5 reports the results from our main specification (1) of the effect of DOD spending on 

employment during the pandemic month of April 2020 as well as results from various specification 

changes. For ease of interpretation, we measure annualized government spending in millions of 

dollars so that reported employment multipliers indicate the estimated number of job years created 

per $1 million in DOD spending in April.  We report separately the estimates for unrestricted cities 

(�̂�𝛽1) and for locked-down cities (�̂�𝛽1 + �̂�𝛽2), along with standard errors.  In our baseline analysis we 

classify cities as “high-SAH” using an intensity cutoff of 0.75 weeks of SAH orders during April. 

The April employment multiplier for unrestricted cities of 22.4 reported in column (1) 

implies that it takes approximately $50,000 of spending over the prior year to create (or save) a 

job-year in the month of April. If we convert the annual spending into monthly terms (under the 

assumption that average monthly spending over the prior year is a proxy for spending in April 

2020), then our estimate implies that it takes approximately $4,000 of spending in a month to save 

a job for a month. Locked-down cities exhibit no detectable effect of DOD spending on 

employment (row 2 of column 1). These results imply the effect of DOD spending on local 

employment strongly depends on whether the local economy is under SAH orders (a strong state-

dependent effect of DOD spending).  

 
8 We explored using other/additional controls (e.g., the share of DOD spending in the local economy to address the 
possibility that employment changes may be related to the structural employment mix of the population rather than 
DOD spending changes) and found similar results.  
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How does our estimate of the employment multiplier for unrestricted CBSAs compare to 

other employment multiplier estimates from the literature? Most cross-sectional studies of 

employment multipliers are conducted at the state-level and measure employment over a longer 

recession horizon than in our study. For example, Wilson (2012) finds that it takes approximately 

$100,000 of state-level American Recovery and Reinvestment Act (ARRA) spending to create a 

job over the twelve-month period prior to February 2010 (alternatively, $8,333 of spending in a 

month to create a job for a month). Chodorow-Reich et al. (2012) examine Medicaid spending 

associated with the ARRA and document that it takes approximately $25,000 of state-level 

spending to create one job-year ($2,083 to create a job for a month), which is at the upper-end of 

the estimates of the effects of fiscal stimulus (see Chodorow-Reich 2019 for a review). Because of 

spillover effects (McCrory 2020), multipliers tend to increase in the size of economic geography 

and so one might expect our estimated effects at the CBSA level to be lower than those based on 

state-level data. Perhaps the most comparable estimates to ours are in Dupor and McCrory (2018), 

who find that it takes between $67,000 and $100,000 to create a job-year at the commuting-zone 

level. Even stronger effects are reported by Suárez-Serrato and Wingender (2016), who find that 

it takes only $33,000 in federal spending to create a job at the county level (e.g., $1 million creates 

30 job-years). 

Our estimate that it takes $4,000 of spending in a month to create a job in that month is 

toward the upper (lower) end of the effectiveness (spending cost) of government-induced job 

creation.  It is also potentially a downward biased estimate of the true effect of DOD spending (see 

the discussion in Section 3A.). One possible reason for a large effect of stimulus is that the sharp 

recession pushed many firms to the brink of exit.  As discussed in Auerbach et al. (2020a), in this 

environment relatively small changes in marginal firms’ revenues can have large effects on their 

entry/exit decision and therefore large employment effects. Auerbach et al. (2020c), for example, 

document that DOD spending has a large effect on firm entry on average over the business cycle. 

A similar mechanism may operate through workers rather than firms. If the recession pushed many 

contractor workers’ earnings up against their fixed costs of remaining in the workforce, then small 

changes in revenues can have large effects on employment.   

To explore the persistence of the employment effect, we report (column (2)) the effect of 

DOD spending changes in April 2020 on the average monthly employment growth from 2019Q2 
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(April-June) to 2020Q2.9 The estimated effects are smaller: converting the estimate to a monthly 

rate of spending, it takes about $6,000 to create (save) a job for a month in 2020Q2. This reduction 

in the employment multiplier is consistent with the fact that the economy improved over the course 

of 2020Q2. 

 

C. Robustness 

A potential threat to our interpretation of the estimates is that lockdown status is correlated with 

other CBSA-level determinants of fiscal effects. For example, AGM document that fiscal 

multipliers are larger in bigger cities, and in our setting locked-down cities tend to be larger. To 

address the possibility that other CBSA characteristics are driving our differential multiplier 

estimates, columns (4) and (5) in Table 5 reproduce the estimates from columns (1) and (2) but 

using a nearest neighbor estimator that averages the treatment effect of DOD spending across 

CBSAs that are similar in terms of their observable characteristics (the control variables). The 

matching estimates are similar to the baseline, which suggests that estimates are not driven by the 

joint distribution of SAH orders and other CBSA characteristics. To further examine how city size 

affects our estimates, columns (6) through (8) report estimates from specifications that restrict the 

sample based on population size. The estimates are similar across CBSA sizes.  

Given the potential for outliers in the distribution of DOD changes (recall that Table 1 

shows strong concentration of DOD spending), we also report estimates based on a Huber loss 

function that minimizes the influence of extreme observations (column (3)). The point estimates 

are nearly identical to the baseline estimates in column (1) and hence it is unlikely that our results 

are driven by a handful of CBSAs with unusual characteristics or changes in DOD spending.  

In our baseline analysis we used a cutoff of 0.75 weeks of lockdown orders for the “high-

SAH” designation, guided in part by the presence of distribution modes on either side of this level. 

A threshold of 0.75 weeks balances two competing objectives: i) to have a group of cities 

unaffected by SAH orders as large as possible to maximize statistical power; ii) to avoid 

contamination of this group with the cities that are affected by SAH orders. Figure 5 reports the 

robustness of our baseline estimate to alternative thresholds along with the number of CBSAs 

 
9 In these specifications, we retain the same classification of locked down and not locked down cities – a classification 
which is based on SAH orders implemented through April 11th, 2020. 
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classified as “unrestricted” for each threshold. As the threshold decreases below 0.75, the 

estimated multiplier increases (consistent with a diminished influence of SAH orders on 

“unrestricted” CBSAs), but so do the standard errors (consistent with a smaller sample size). As 

the threshold exceeds 1 week, a large mass of cities is pulled into the no-lockdown group and the 

estimate is attenuated toward zero.  

 

D. Placebo Tests: are there differential multipliers prior to the Pandemic? 

Our interpretation of the results from these various specifications is that the differential multiplier 

is driven by SAH orders, or the pandemic conditions associated with the issuance of such orders, 

i.e., high rates of infection, etc. (rather than other characteristics of cities that instated SAH orders). 

To further test this interpretation, we estimate our main specification (using the same SAH 

indicator) during the months prior to the pandemic. Since SAH orders had not been implemented 

(much less even considered a possibility), we expect to find no differential employment multiplier 

in these prior periods. This exercise illustrates more clearly that our design is analogous to a 

standard difference-in-difference approach. 

Figure 6 shows the results from cross-sectional estimates in the months before and after 

the onset of the pandemic. In the time prior to the pandemic there is no distinguishable difference 

between location types.  In April, the estimated employment multiplier for unrestricted cities 

jumps, while it remains flat for restricted cities. This pattern mimics the pattern from the DLM 

OLS estimates, whereby the estimated multiplier varied across cities during the recession period 

but was indistinguishable from zero in the prior period. Our estimates for unrestricted cities vary 

little over time.  

4. Exploring the Channels 

What are the underlying mechanisms that can account for higher multipliers in a recession only 

for unrestricted cities? The literature offers two mechanisms for stronger employment multipliers 

following a surge in unemployment. First, the slack channel implies that producers are more able 

to translate increases in demand into new employment and output when local aggregate demand 

is initially low and so inputs are idle. The slack channel encompasses a number of potential 

underlying mechanisms. When demand is low, it may be easier to hire from the larger pool of 
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unemployed workers (Michaillat 2014). Alternatively, firms and workers may be able to 

accommodate more production without running into capacity constraints (e.g., Michaillat and Saez 

2015; Murphy 2017; Auerbach et al. 2020c). A third possibility is that low aggregate demand 

pushes many producers’ revenues down toward their fixed operating costs such that they are on 

the brink of exit. Additional changes in revenues (positive or negative) can have large effects on 

output and employment in such an environment (Auerbach et al. 2020a). Broadly speaking, these 

slack channels predicts that employment and output are more responsive to DOD spending during 

a recession even if government spending does not stimulate private spending (e.g., the local supply 

curve is convex). 

 Second, households may have higher average MPCs during a recession, as tightened credit 

conditions and lower household income render more households credit-constrained (e.g., 

Eggertsson and Krugman 2012). The high-MPC channel predicts that DOD spending increases 

household consumption by more during a recession with rationed credit. If enough of the new 

consumption is spent on local services (rather than exclusively on imported tradable goods), then 

the higher consumption can translate into higher local employment. 

 To start to disentangle these two mechanisms we turn to data on consumption. We note 

that a positive consumption response during the peak of the recession does not isolate the MPC 

channel: even the slack channel can predict strong consumption responses during a recession, as 

the newly hired employees spend their new income (if they have positive MPCs). And even if local 

consumption responds, whether it stimulates local employment depends on the extent to which 

local goods are included in the set of new consumption. Some pre-existing evidence suggests that 

this channel is small at the local level. For example, Auerbach et al. (2020b, henceforth AGM) 

document that CBSA-level local general equilibrium spillover effects (such as those arising from 

positive MPCs) are positive yet quantitatively small on average over the business cycle. Similarly, 

Demyanyk et al. (2019) document that heterogeneous (across-CBSA) fiscal multipliers are most 

apparent in tradable sectors that are less likely to directly benefit from local consumption.10 In any 

case, a lack of a consumption response poses a substantial hurdle to the MPC mechanism. 

 
10 Demyanyk et al. (2019) also exploit household-level variation in consumer debt levels to document higher 
consumption responses to local defense spending. What remains unclear is whether the sum of these household-level 
consumption changes has a quantitatively meaningful effect on employment in the local service sector. 



17 
 
 

 

A. The Consumption Channel. 

To measure the response of consumer spending, we modify specification (1) as follows:  

 
log�

𝑌𝑌𝑖𝑖
𝑌𝑌𝑖𝑖𝑃𝑃𝑃𝑃𝑃𝑃

� = 𝛼𝛼 + 𝛽𝛽1
Δ𝐺𝐺𝑖𝑖  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑃𝑃𝑃𝑃𝑃𝑃
+ 𝛾𝛾𝑆𝑆𝑆𝑆𝑃𝑃𝑆𝑆𝑆𝑆𝑖𝑖 + 𝛽𝛽2

Δ𝐺𝐺𝑖𝑖
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑃𝑃𝑃𝑃𝑃𝑃

× 𝑆𝑆𝑆𝑆𝑃𝑃𝑆𝑆𝑆𝑆𝑖𝑖 + 𝐶𝐶𝑃𝑃𝐶𝐶𝑆𝑆𝑃𝑃𝑃𝑃𝑃𝑃𝐶𝐶𝑖𝑖 + 𝜖𝜖𝑖𝑖 (2)  

where 𝑌𝑌𝑖𝑖 is a measure of consumer spending, expressed in percent deviations from pre-COVID19 

levels so that the estimated coefficients are semi-elasticities. Table 6 reports results from the 

baseline specification (1) with retail mobility (columns (1)-(3)) or retail consumer spending 

(columns (4)-(6)) as the dependent variable. There is no clear evidence of a positive consumption 

response to DOD spending in areas with high or low exposure to SAH orders.   

Locked down cities exhibited smaller employment responses to DOD spending during the 

pandemic recession than did unrestricted cities. What mechanisms might account for this 

differential response? Recent theoretical work suggests two related possibilities. First, Auerbach 

et al. (2020a) and Guerrieri et al. (2020) predict that consumption responds less to fiscal stimulus 

when a subset of consumption sectors is restricted (e.g., workers cannot dine away from home). In 

the context of our setting, this would imply that DOD spending effects on private consumption 

would be lower in restricted cities. However, there is no detectable differential consumption 

response to DOD spending between unrestricted and locked-down cities, and we therefore cannot 

claim to find support for this prediction. Hence, the mechanism should rely on a reduction in MPC 

for both restricted and unrestricted cities. This points to an aggregate factor that inhibits MPCs. 

Using a survey of households participating in the Nielsen Homescan Panel, Coibion et al. 

(2020) find that households reported that they would save the majority of their economic stimulus 

payments issued shortly after April 1, 2020. Even months into the recession, households primarily 

had saved rather than spent their income transfers and the MPCs in the current downturn were 

lower than MPCs for stimulus payments in the 2001 recession (Shapiro and Slemrod 2003) or the 

Great Recession (Sahm et al. 2015). The low spending propensities out of transfer income 

documented in Coibion et al. (2020a) are consistent with the lack of a consumption response that 

we find in our data. Furthermore, Coibion et al. (2020a) find that whether a household is in a 

locked down city does not have a material impact on its MPC.  

The apparent fall in the MPC nationwide and insensitivity to SAH exposure may arise for 

a variety of reasons: consumers could voluntarily avoid spending that might increase health risks 
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(although one might expect this to be associated with SAH intensity); consumers could increase 

precautionary savings in response to a dramatic rise in uncertainty; consumers could perceive a 

nearly permanent effect of the recession on their future earnings; or consumers could be pushed to 

service their debt obligations before they can increase consumer spending.11 To further understand 

the consumption response during this very unusual episode, it will be helpful to have additional 

data on consumer spending.  

In any case, it appears that MPCs have been low during the pandemic even if the 

employment response to DOD spending was more animated in unrestricted (low SAH exposure) 

cities. These results suggest that while DOD may directly increase employment, it is less likely 

that this additional hiring generates strong second-round effects via private consumption in this 

exceptional environment.  

 

B. The Slack Channel. 

Our evidence so far in support of the slack channel is based on differences in restrictions across 

cities in average fiscal effects: for unrestricted cities, employment effects of DOD spending were 

higher during the peak of the economy-wide recession. Here we exploit cross-sectional differences 

in slack to further isolate its role in driving heterogeneous fiscal effects. In particular, we compare 

the effects of DOD spending across locations with different levels of unemployment as of March 

2020. To account for the possibility that different cities have different levels of structural 

unemployment, we define city-level slack as the difference between unemployment in March 2020 

and its level as of 2010. Intuitively, while the labor market was apparently tight at the national 

level just before the pandemic struck (the unemployment rate was 3.4 and 4.4 in February and 

March 2020), there was a lot of regional variation in local unemployment rates across CBSAs (the 

standard deviation in 1.6 and 2.0 percent in February and March 2020). We use the 2010 

 
11 Mirando-Pinto et al. (2020b) show that short-run MPCs near zero can be rationalized in a model with time-varying 
minimum consumption thresholds. These thresholds represent, for example, medical emergencies or auto repairs that 
are associated with large utility costs if not addressed. More generally, they represent stochastic maintenance costs for 
pre-committed consumption (Chetty and Szeidl 2007). While rich households can pay for the maintenance costs out 
of their income or wealth, poorer households must take on debt that, if not repaid, will render them unable to afford 
any future adverse expenditure shocks. Adverse shocks (such as a recession) push many poor households against their 
minimum consumption threshold. These households use any additional income to save in the short-run before 
gradually increasing their consumption. The behavior predicted by their model is consistent with the lack of a short-
run consumption response to DOD spending in the midst of a recession. 
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unemployment rate (from the American Community Survey which had much larger sample size 

than the CPS) as a benchmark for the unemployment rate in a severe recession. Cities that have 

above median value of the difference are classified as higher slack locations.  
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(3)  

Panel A, Column 1 of Table 7 reports employment multipliers separately for unrestricted 

cities with high levels of slack and for unrestricted cities with low levels of slack (as well as for 

restricted cities). The point estimate for high- slack cities (30.10 job-years per $ million of DOD 

spending) is over fifty percent larger than the estimate for lower-slack cities, although the 

difference is not statistically significant (p-value = 0.28). These results suggest that unrestricted 

cities entering the COVID19 crisis with weaker labor markets tended to have larger fiscal 

multipliers than unrestricted cities with stronger labor markets. This results points to slack as a 

potential mechanism for how a fall in aggregate private demand (and hence the corresponding 

increase in unemployment/slack) in unrestricted cities could be mitigated by increased government 

spending.    

When we examine employment effects as of March 2020 (and slack as of February 2020), 

we find no differential effect (column 2). This result suggests that government spending could be 

ineffective in absorbing “initial” slack or that variation in slack (or changes in DOD spending) is 

too small to discern the differential fiscal effects in high- vs. low-slack areas, particularly given 

that our local measures of slack relative to 2010 values may incorporate some error.  

 As an independent test of the slack channel, we examine whether decreases in DOD 

spending have a larger effect than increases in spending. Theories of slack imply convex supply 

(AS) curves such that increases in aggregate demand push the economy against its capacity, 

therefore leading to relatively muted employment and output effects. Decreases in aggregate 
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demand move the economy away from its capacity level and can have large employment effects. 

To test this implication, we isolate increases in DOD spending from decreases (Panel B of Table 

7) for unrestricted CBSAs. The point estimate for decreases is 49.42, over three times the size of 

the estimate for increases. This differential effect of spending decreases during a recession is 

similar to the findings in Barnichon et al. (2020) using aggregate time series data. The estimates 

based on employment changes in March follow a similar pattern but are noisy, which could reflect 

the possibility that the economy was near full employment prior to the onset of the pandemic – 

that is, the economy was on a steep portion of the AS curve such that changes in aggregate demand 

had muted effects on employment. As the economy entered the recession and moved along a flatter 

portion of AS, there was more room for AD to affect employment (and particularly so for DOD 

spending decreases).  

5. Conclusion 

The effect of fiscal stimulus has become an increasingly relevant topic since the Great Recession. 

How effective are various forms of fiscal stimulus, and under what conditions? Is government 

spending (more) effective during a recession, and if so why? The speed and ferocity of the 

pandemic recession coupled with the differential restrictions imposed across cities in response to 

the pandemic provide a unique opportunity to understand the mechanisms underlying fiscal 

stimulus.  

Our evidence points to the role of slack in generating higher employment multipliers during 

the pandemic recession for cities not subject to stay-at-home (SAH) orders. For locked-down 

cities, employers appear to have been prevented from hiring in response to DOD contracts, thereby 

shutting down the ability of the local economy to absorb labor market slack. We find no evidence 

that DOD spending increased local consumption (in unrestricted or locked-down cities), which 

casts doubt on mechanisms that rely on high-MPC households. Rather, government spending 

appears to be an effective means of directly increasing employment during a recession, particularly 

when the hiring is directed toward places that are not restricted by SAH orders. However, we 

cannot rule out that there were special conditions that applied during the pandemic recession that 

might also have limited responses through the consumption channel. 
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The slack channel encompasses a number of underlying mechanisms. A fruitful avenue for 

future research is to explore which mechanisms are more relevant with the ultimate goal of 

informing the relative effectiveness of various targeted fiscal policies. 
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Figure 1. Distribution of intensity for stay-at-home (SAH) orders (by number of weeks).  
 

 
Notes: The figure shows kernel density for the duration (in weeks) distribution of stay-at-home (SAH) as of April 11, 2020. The data 
are from Baek et al. (2020). The vertical dashed line shows the cutoff used in the main analysis to classify core-based statistical areas 
(CBSAs) into lockdown (restricted) and no-lockdown (unrestricted) cities.  
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Figure 2. Stay-At-Home (SAH) orders and economic outcomes. 

 
Notes: Each panel presents a binscatter for the exposure to stay-at-home (SAH) orders (measured in weeks) vs. an economic outcome across CBSAs.  
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Figure 3. Aggregate time series for Department of Defense (DOD) spending, consumer spending, and retail/work mobility. 

 

Notes: Payments to DOD contractors (daily U.S. Treasury statement) is the 30-day moving average. All other 
variables are 7-day moving averages. All variables are normalized to be equal to zero on average during the March 
1, 2020 – March 15, 2020 period. Department of Defense (DOD) daily spending is from the U.S. Treasury.  Retail 
and work mobility are from Google trends. Consumer spending is from Opportunity Insight. Mobility and 
consumer spending are computed as averages across CBSAs weighted by population.  
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Figure 4. Stay-At-Home (SAH) orders and change in Department of Defense (DOD) spending. 

 
Notes: Each panel presents a binscatter for the exposure to stay-at-home (SAH) orders (measured in weeks) vs. the change in Department 
of Defense (DOD) spending normalized by 2019 payroll across CBSAs. The top panel does not control for any CBSA characteristics. 
The bottom panel plots the binscatter after controlling for city size and other city characteristics. The list of controls corresponds to the 
list of controls used in specification (1).   
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Figure 5. Coefficient on DOD spending as a function of SAH cutoff. 

 

Notes: The figure shows the sensitivity of estimated coefficients 𝛽𝛽1 (black line; no lockdown) and 𝛽𝛽1 + 𝛽𝛽2 (blue 
line; lockdown) in specification (1) to alternative cutoffs (in terms of the duration of stay-at-home (SAH) orders; 
SAH is measured in weeks) used to define the group of lockdown (restricted) cities. The red line shows the 
number of cities (CBSAs) classified as being in a lockdown. Filled markers show the baseline cutoff.  
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Figure 6. Placebo. 

  

Notes: The figure shows the sensitivity of estimated coefficients 𝛽𝛽1 (red line; no lockdown) and 𝛽𝛽1 + 𝛽𝛽2 (black 
line; lockdown) in specification (1) to alternative definitions of events. The baseline event is April 2020. Dashed 
lines show 95 percent confidence intervals.  
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Table 1. Distribution of Department of Defense (DOD) spending and Stay-At-Home (SAH) orders. 

Top 20 CBSA by absolute DOD spending, billions  Top 20 CBSA by DOD spending per worker, thousands 
CBSA Spending SAH  CBSA Spending SAH 
Washington-Arlington-Alexandria, DC-VA-MD-WV 35.4 1.79  Norwich-New London, CT 39.9 2.86 
Dallas-Fort Worth-Arlington, TX 27.1 2.73  Lexington Park, MD 39.2 1.86 
St. Louis, MO-IL 12.3 2.58  Pascagoula, MS 39.2 1.29 
Boston-Cambridge-Quincy, MA-NH 10.8 2.68  Oshkosh-Neenah, WI 28.9 2.57 
Virginia Beach-Norfolk-Newport News, VA-NC 10.7 1.86  Huntsville, AL 26.6 1.14 
Los Angeles-Long Beach-Santa Ana, CA 10.5 3.43  Enterprise-Ozark, AL 18.9 1.14 
San Diego-Carlsbad-San Marcos, CA 9.1 3.43  Fort Polk South, LA 18.4 2.86 
Baltimore-Towson, MD 9.0 1.86  Fort Leonard Wood, MO 17.6 0.86 
Philadelphia-Camden-Wilmington, PA-NJ-DE-MD 8.8 2.89  Amarillo, TX 17.1 1.84 
Seattle-Tacoma-Bellevue, WA 6.8 2.86  Vicksburg, MS 16.4 1.29 
Sacramento--Arden-Arcade--Roseville, CA 6.0 3.43  Sierra Vista-Douglas, AZ 15.1 1.71 
Huntsville, AL 5.9 1.14  Kingsville, TX 14.3 1.43 
New York-Northern New Jersey-Long Island, NY-NJ-PA 5.5 3.04  Warner Robins, GA 14.1 1.29 
Louisville/Jefferson County, KY-IN 5.4 2.47  Fort Walton Beach-Crestview-Destin, FL 14.1 1.29 
Norwich-New London, CT 5.3 2.86  Virginia Beach-Norfolk-Newport News, VA-NC 12.8 1.86 
Orlando-Kissimmee-Sanford, FL 4.9 2.16  Fairbanks, AK 12.1 2.14 
Hartford-West Hartford-East Hartford, CT 4.7 2.86  Palm Bay-Melbourne-Titusville, FL 12.0 1.29 
Chicago-Joliet-Naperville, IL-IN-WI 4.6 3.11  Burlington, IA-IL 11.4 0.15 
San Jose-Sunnyvale-Santa Clara, CA 4.5 3.85  Mobile, AL 10.6 1.14 
Phoenix-Mesa-Glendale, AZ 4.1 1.71  Washington-Arlington-Alexandria, DC-VA-MD-WV 10.6 1.79 
       
Average 0.3   Average 1.1  
P99 6.8   P99 16.4  
P95  1.3   P95  5.6  
P90 0.4   P90 2.8  
P50 0.0   P50 0.1  
St.Dev.  1.8   St.Dev.  3.4  

Notes: The table shows the top 20 cities (core-based statistical areas; CBSAs) by absolute or per-worker spending by the Department of Defense 
(DOD) in 2019. The bottom rows report moments (averages and percentiles; e.g., P99 is the 99th percentile) for all CBSAs.   
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Table 2. Comparison of lockdown vs. no-lockdown cities. 

 Control Variables by Lockdown Status 
 Not locked down  Locked down 
 (N=116)  (N=824) 
 mean median  mean median 

Population 
          

97,500  
            

45,141   337,234.4 81,280.5 
Urban 0.60 0.64  0.62 0.62 
No HS diploma 0.15 0.14  0.16 0.15 
HS diploma 0.34 0.34  0.34 0.33 
College Degree 0.21 0.20  0.21 0.19 
Unemployment Rate 0.04 0.04  0.05 0.05 
Vacancy Rate 0.12 0.11  0.13 0.11 
Owner Occupancy Rate 0.71 0.71  0.70 0.71 

Median Home Value 
        

113,167           100,222   
       

152,806           124,079  

Median Household Income 
          

43,088  
            

43,162   
          

45,117  
            

43,839  

DOD spending Share 
            

0.013  
              

0.002    
            

0.029  
              

0.004  
Note: Summary Statistics are based on data from the 2010 Census and American Community Survey (as reported by NHGIS). 
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Table 3. Case study of cities with variation in Stay-At-Home (SAH) orders and Department of Defense (DOD) spending. 

 High SAH exposure  Low SAH exposure 
 High DOD  

spending 
Low DOD 
spending 

 High DOD 
spending 

Low DOD 
spending 

 Dallas-Ft.Worth, TX Houston, TX  Omaha, NE Des Moines, IA 
 (1) (2)  (3) (4) 
Department of Defense (DOD) spending      

DOD spending, 2019, $ billion 27.09 2.58  0.67 0.06 
DOD spending per worker, 2019, $ thousand 7.10 0.78  1.38 0.17 
DOD spending per payroll, 2019, % 11.70 1.24  2.66 0.29 

 
Demographics 

     

Employment, 2019, thousands 3,813.54 3,310.05  481.27 357.26 
Unemployment rate, 2019, % 3.26 3.79  3.06 2.69 
Share with college degree, 2010, % 30.98 28.46  32.48 32.49 
Share of white, 2010, % 50.25 39.69  78.72 83.64 

      
Dynamics during the COVID19 crisis      

Employment change, April 2020 to April 2019, % -16.72 -18.59  -5.73 -8.93 
Consumer spending, April 2020, % relative to pre-
COVID19 

-38.27 -36.67  -36.11 -41.37 

Retail mobility, April 2020, % relative to pre-COVID19 -47.29 -45.24  -41.64 -45.27 
Work mobility, April 2020, % relative to pre-COVID19 -30.46 -31.80  -25.57 -33.59 
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Table 4. Employment multipliers before and during the Great Recession. 

 Dependent variable: 
Employment growth over the relevant period  

 IV  OLS 
(1) (2)  (3) (4) 

Panel A: 2006/07 to 
2008/09 
   

 
  

Δ𝐷𝐷𝐷𝐷𝐷𝐷0607→0809   0.153*** -0.257  0.090*** -0.034 
 (0.053) (0.164)  (0.027) (0.063) 
Δ𝐷𝐷𝐷𝐷𝐷𝐷0607→0809 × 𝐷𝐷𝑆𝑆𝐷𝐷𝑆𝑆06   0.287**   0.094** 
  (0.133)   (0.044) 
𝐷𝐷𝑆𝑆𝐷𝐷𝑆𝑆06   -0.019***   -0.017*** 
  (0.005)   (0.004) 
      
N 827 823  827 823 
R2    0.39 0.42 
      
Panel B: 2002/03 to 
2004/05 
      
Δ𝐷𝐷𝐷𝐷𝐷𝐷0203→0405  0.206* 1.041  0.047 0.104 
 (0.109) (1.055)  (0.036) (0.206) 
Δ𝐷𝐷𝐷𝐷𝐷𝐷0203→0405 × 𝐷𝐷𝑆𝑆𝐷𝐷𝑆𝑆02   -0.629   -0.044 
  (0.749)   (0.152) 
𝐷𝐷𝑆𝑆𝐷𝐷𝑆𝑆02   0.034***   0.030*** 
  (0.009)   (0.009) 
N 827 823  827 823 
R2    0.20 0.24 

Notes: This Table replicates the employment growth specification in Tables 3 and 8 from Demyanyk et al. (2019), with their measure 
of employment (based on the QCEW) replaced with ours (based on LAUS). The change in DOD spending over the indicated time 
periods is normalized by pre-period employee earnings. Consumer debt is based on the measure constructed by Mian et al. (2013) and 
includes mortgages, auto loans, credit card debt, and other forms of consumer debt. 
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Table 5. Baseline result: employment multipliers. 

 Full sample  CBSAs by population size, April 
VARIABLES April April-June April April April-June  50K or 

less 
50K or 
more 

100K or 
more 

 (1) (2) (3) (4) (5)  (6) (7) (8) 
          

Δ𝐷𝐷𝐷𝐷𝐷𝐷
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃

× 1{𝑃𝑃𝑃𝑃𝐿𝐿 𝑆𝑆𝑆𝑆𝐻𝐻} 22.43*** 13.83*** 21.58* 23.32*** 13.64***  29.85* 25.25*** 25.59*** 
(5.47) (2.90) (11.83) (6.34) (3.95)  (16.02) (4.76) (5.17) 

          
Δ𝐷𝐷𝐷𝐷𝐷𝐷
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃

× 1{ℎ𝑖𝑖𝐻𝐻ℎ 𝑆𝑆𝑆𝑆𝐻𝐻} -1.16 -1.24 1.16 4.615 -0.201  4.70 -1.55 2.19 
(1.91) (1.58) (1.79) (4.32) (3.39)  (5.49) (2.00) (1.60) 

          
Method OLS OLS Huber NN match NN match  OLS OLS OLS 
Observations 939 939 939 199 199  331 608 387 
R-squared 0.250 0.234 0.255 0.417 0.399  0.340 0.225 0.385 

Notes: the table reports estimates of specification (1) for various samples and by various methods. Column (3) uses Huber-robust regression. Columns (4) and (5) use the nearest 
neighbor matching estimator. The top row shows employment multipliers for cities with low exposure to stay-at-home (SAH) orders, i.e., no lockdown group. The bottom row reports 
employment multipliers for cities with high exposure to SAH orders. Employment multipliers are measured as the number of job-years created by $1 million of Department of 
Defense (DOD) spending. Heteroskedasticity robust standard errors are reported in parentheses. ***, **, * denote statistical significance at 1, 5 and 10 percent levels.  
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Table 6. Baseline result: retail mobility and spending. 

 Retail mobility in April 2020  Retail consumer spending in April 2020 
VARIABLES Full 50K or 

less 
50K or 
more  Full 50K or less 50K or more 

 (1) (2) (3)  (4) (5) (6) 
        
Δ𝐷𝐷𝐷𝐷𝐷𝐷
𝑃𝑃𝑎𝑎𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃

× 1{𝑃𝑃𝑃𝑃𝐿𝐿 𝑆𝑆𝑆𝑆𝐻𝐻}  -0.18 -6.13 3.52  2.23 -16.47 2.51 
(2.77) (9.71) (3.04)  (5.31) (41.07) (7.09) 

        
Δ𝐷𝐷𝐷𝐷𝐷𝐷
𝑃𝑃𝑎𝑎𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃

× 1{ℎ𝑖𝑖𝐻𝐻ℎ 𝑆𝑆𝑆𝑆𝐻𝐻}  -1.18 -2.30 -0.75  -0.34 -4.86** 0.43 
(1.28) (2.16) (0.76)  (0.64) (1.86) (0.34) 

        
Method OLS OLS OLS  OLS OLS OLS 
Observations 939 363 576  729 215 514 
R-squared 0.53 0.49 0.56  0.14 0.16 0.15 

Notes: The table reports estimates of specification (2) for various samples. The outcome variables are retail mobility or retail consumer 
spending in April 2020. All outcome variables are measured as percent deviations from pre-COVID19 levels. The top row shows results 
for cities with low exposure to stay-at-home (SAH) orders, i.e., no lockdown group. The bottom row shows results for cities with high 
exposure to SAH orders. Heteroskedasticity robust standard errors are reported in parentheses. ***, **, * denote statistical significance 
at 1, 5 and 10 percent levels. 
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Table 7. Heterogeneity in the sensitivity of employment multipliers to changes in DOD spending in low-SAH 
cities. 

 Dependent variable: 
Employment growth in 2020 

 April March 
 (1) (2) 
 
Panel A. High/Low Slack 

  

Δ𝐷𝐷𝐷𝐷𝐷𝐷
𝑃𝑃𝑎𝑎𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃

× 1{𝑃𝑃𝑃𝑃𝐿𝐿 𝑆𝑆𝑆𝑆𝐻𝐻} × 1{𝑃𝑃𝑃𝑃𝐿𝐿𝑆𝑆𝑃𝑃 𝐶𝐶𝑃𝑃𝑃𝑃𝑆𝑆𝑆𝑆}  19.89*** -1.37 
(4.01) (4.67) 

Δ𝐷𝐷𝐷𝐷𝐷𝐷
𝑃𝑃𝑎𝑎𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃

× 1{𝑃𝑃𝑃𝑃𝐿𝐿 𝑆𝑆𝑆𝑆𝐻𝐻} × 1{ℎ𝑖𝑖𝐻𝐻ℎ𝑆𝑆𝑃𝑃 𝐶𝐶𝑃𝑃𝑃𝑃𝑆𝑆𝑆𝑆}  30.10** -0.14 
(9.65) (13.44) 

Δ𝐷𝐷𝐷𝐷𝐷𝐷
𝑃𝑃𝑎𝑎𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃

× 1{ℎ𝑖𝑖𝐻𝐻ℎ 𝑆𝑆𝑆𝑆𝐻𝐻}  -1.17 -0.65 
(1.91) (0.78) 

Observations 939 939 
R-squared 0.25 0.10 

   
Panel B. Increases/Decreases in DOD 
spending 

  

Δ𝐷𝐷𝐷𝐷𝐷𝐷
𝑃𝑃𝑎𝑎𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃

× 1{𝑃𝑃𝑃𝑃𝐿𝐿 𝑆𝑆𝑆𝑆𝐻𝐻} × 1{Δ𝐷𝐷𝐷𝐷𝐷𝐷 ≥ 0}  14.64** -2.57 
(4.94) (5.05) 

Δ𝐷𝐷𝐷𝐷𝐷𝐷
𝑃𝑃𝑎𝑎𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃

× 1{𝑃𝑃𝑃𝑃𝐿𝐿 𝑆𝑆𝑆𝑆𝐻𝐻} × 1{Δ𝐷𝐷𝐷𝐷𝐷𝐷 < 0}  49.42* 10.95 
(26.22) (6.59) 

Δ𝐷𝐷𝐷𝐷𝐷𝐷
𝑃𝑃𝑎𝑎𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃

× 1{ℎ𝑖𝑖𝐻𝐻ℎ 𝑆𝑆𝑆𝑆𝐻𝐻}  -1.17 -0.68 
(1.93) (0.81) 

Observations 939 939 
R-squared 0.25 0.09 

 

Notes: The table reports estimates of specification (3) for alternative event dates (April 2020 is the baseline, March 2020 is the placebo). 
Employment multipliers are measured as the number of job-years created by $1 million of Department of Defense (DOD) spending. 
Heteroskedasticity robust standard errors are reported in parentheses. ***, **, * denote statistical significance at 1, 5 and 10 percent 
levels.  

 

 

 

 

 

 

 

 


