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ABSTRACT

This paper investigates the distinct roles played by unemployment insurance (UI) generosity

and lockdown strictness in shaping state-level labor market outcomes in the United States,

particularly during mid-2021. Exploiting the cross-state variation that arose during this

time, we leverage two instrumental variables – historical UI generosity and political leaning

– to disentangle the supply- and demand-side effects. States at the low end of UI generosity

replaced about 45% of prior wages, while the most generous states replaced about 90%,

and this gap is associated with a 1.3 pp higher unemployment rate, with uncertain effects

on unemployment duration. Moving from minimal to near-total lockdowns adds roughly

6 weeks to average unemployment spells and raises unemployment by about 0.4 pp. The

findings contribute critical insights into effective policy evaluation during systemic shocks to

supply and demand. 1

1. This project would not have been possible without the guidance of my advisor, Robert Shimer. I
am grateful to the University of Chicago’s Economics Faculty for encouraging me to pursue independent
research and igniting my passion for economics, especially John List, Min Sok Lee, and Pablo Peña. I also
thank Harry Moroz from the World Bank Group, and Aaron Terrazas from Glassdoor, Inc. for constructive
comments. Lastly, I would like to thank my family and friends for their support throughout this process.
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CHAPTER 1

INTRODUCTION

Unemployment insurance (UI) serves as a cornerstone of economic policy, designed to sta-

bilize workers’ incomes during periods of unemployment and facilitate their return to the

labor market. While providing immediate financial support, UI programs also raise im-

portant economic questions surrounding their optimal generosity. A longstanding debate

among economists revolves around whether increased generosity primarily reduces workers’

incentives to search for employment, the "moral hazard" effect, or enhances their ability

to seek better job matches due to eased liquidity constraints, known as the "liquidity" or

"efficient matching" effect. Resolving this debate has become particularly pressing following

the significant expansions of UI programs in response to the COVID-19 pandemic.

The unprecedented nature of the pandemic-driven economic disruption led to substantial

federal interventions in UI programs. The March 2020 CARES Act initially increased state

unemployment benefits with a supplemental payment of $600 per week. However, by early

2021, this federal supplement was reduced to $300, prompting states to make individual

decisions about whether to continue or terminate these additional benefits. This policy

environment generated notable state-level heterogeneity which was strongly influenced by

political considerations. Republican-led states frequently terminated enhanced UI benefits

early, citing potential labor shortages and disincentives to work. In contrast, Democratic-led

states typically maintained higher UI generosity, emphasizing continued economic support

amidst uneven recoveries.

We leverage this natural policy divergence to address two critical questions: first, how

state-level political leanings shape decisions regarding UI generosity, and second, what causal

effects these politically driven differences have on labor market outcomes, particularly un-

employment rate and unemployment duration. Existing empirical studies have extensively

documented the moral hazard versus liquidity trade-offs, notably Chetty (2008), who found
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that liquidity constraints explain much of the increased unemployment duration associated

with UI benefits. Yet, the political determinants of UI policy—and their implications for

labor market outcomes during periods of economic recovery rather than acute crisis—remain

comparatively underexplored.

To address this gap, we exploit the significant variation in state UI generosity resulting

from political divergence in mid-2021, utilizing state political leanings as an instrumental

variable to isolate exogenous variation in benefit generosity. This approach allows for robust

causal identification, distinguishing the impacts of UI generosity from confounding factors.

Specifically, political leanings, proxied by gubernatorial party affiliation and legislative com-

positions, provide credible instruments due to their influence on policy decisions independent

of direct labor market mechanisms.

The empirical analysis relies primarily on aggregated monthly data from the Current

Population Survey (CPS), including its Annual Social and Economic Supplement (ASEC),

chosen for its timeliness, state-level representativeness, and comprehensive coverage of labor

market indicators. This choice is motivated by the ability of the CPS to capture broad labor

market trends at the state level during the critical policy transition period in mid-2021.

Moreover, CPS data allow for an examination of heterogeneity across demographic groups,

contributing valuable insights into how political decisions affect different segments of the

labor market.

Recognizing that political decisions regarding UI policies were also influenced by fac-

tors beyond partisan leanings, the study incorporates additional data sources to control for

potential confounders. To systematically represent political leanings, a Principal Compo-

nent Analysis (PCA) approach is adopted, synthesizing multiple indicators into a coherent

measure of state political orientation.

While this methodology is robust, several limitations must be considered. Aggregation of

individual-level CPS data to state-level averages inevitably reduces granularity, which poten-
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tially masking important variations in individual behaviors and responses. Additionally, the

validity of political leanings as instruments relies on the assumption that they impact labor

market outcomes solely through their influence on UI generosity. We explore this assumption

in more detail by assessing the institutional environment, and conducting robustness checks

(placebo tests) to examine labor market trends before the policy divergence.

Overall, this paper provides an important contribution by explicitly linking political

factors to UI policy decisions and subsequently evaluating their causal effects on labor market

outcomes. By examining this unique period of policy divergence, the research not only

clarifies the underlying mechanisms through which UI generosity affects labor markets but

also informs broader policy debates regarding optimal UI design and its role in addressing

fluctuations in the labor market.

In what follows: Chapter 2 provides a comprehensive literature review situating this

study within existing economic research. Chapter 3 describes the institutional context,

detailing the federal and state-level UI policy responses during the COVID-19 pandemic.

Chapter 4 presents an extensive description of the data sources used in the analysis, including

detailed subsections outlining the construction of CPS Data, political indicators, the PCA

methodology, and COVID-19 lockdown measures. Additionally, it describes how both cross-

sectional and panel datasets are constructed. Chapter 5 outlines the empirical strategy,

emphasizing the instrumental variables (IV) framework used for causal identification and

estimation via 2-stage Least Squares. Chapter 6 presents the empirical results, and Chapter

7 discusses these findings, drawing on policy implications and potential system redesigns

during crisis and recovery periods.
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CHAPTER 2

LITERATURE REVIEW

A consistent finding within empirical research on unemployment insurance (UI) is the pos-

itive relationship between the generosity of UI benefits and the duration of unemployment

spells. However, there remains considerable debate about the underlying reasons for this

relationship, as well as about its implications for the quality of subsequent employment

outcomes. While most studies agree that more generous UI leads to longer unemployment

durations, the magnitude and interpretation of this effect vary significantly across different

contexts and methodological frameworks (Card et al., 2007; Van Ours and Vodopivec, 2008;

Farber and Valletta, 2015; Nekoei and Weber, 2017).

One prominent explanation for increased unemployment durations with greater UI gen-

erosity is the moral hazard effect. According to this perspective, UI reduces the incentives for

active job searching because it raises workers’ reservation wages or provides financial comfort

that allows them to prolong unemployment. Early studies, such as those by Moffitt (1985),

Katz and Meyer (1990), and Card and Levine (2000), offered substantial empirical support

for moral hazard explanations. More recent research, including Rothstein (2011) and Farber

and Valletta (2015), extends these findings to the context of UI expansions during the Great

Recession. These studies typically find modest but statistically significant reductions in the

probability of leaving unemployment, mainly driven by declines in labor force exit rather

than decreased job-finding rates. However, Kroft and Notowidigdo (2016) caution that the

moral hazard costs associated with UI are highly cyclical, becoming smaller during deep

recessions when labor demand is weak and the potential returns to intensive job search are

limited.

In contrast to the moral hazard view, other influential literature highlights liquidity con-

straints as the primary driver of increased unemployment durations when UI is expanded.

Acemoglu and Shimer (1999) and Marimon and Zilibotti (1999) developed theoretical mod-
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els demonstrating that UI generosity can improve job matches by allowing financially con-

strained workers additional time to find employment that better aligns with their productiv-

ity and skill profiles. Chetty (2008) provided a critical foundation for this view, empirically

distinguishing between moral hazard and liquidity effects. Using variation in state-level UI

policies across the United States, Chetty finds that around 60% of the increased unemploy-

ment duration resulting from more generous UI can be attributed to liquidity constraints

rather than diminished incentives to seek employment. Similarly, Card, Chetty, and Weber

(2007) reinforced this conclusion by showing that actual job-seeking behavior aligns more

closely with liquidity constraints than the permanent income hypothesis.

Given the theoretical ambiguity surrounding the impact of UI on labor market efficiency,

subsequent studies have examined how variations in UI generosity affect job quality out-

comes, such as re-employment wages. This strand of research is particularly relevant to my

study, given its focus on understanding not just unemployment duration but also the broader

efficiency implications of UI policies. Studies conducted in various European contexts us-

ing regression discontinuity approaches yield mixed results. Lalive (2007), Van Ours and

Vodopivec (2008), and Card et al. (2007) generally report negligible impacts of UI exten-

sions on re-employment wages. Schmieder et al. (2016), conversely, find negative impacts on

wages, while Nekoei and Weber (2017) stand out for identifying a positive, significant wage

increase. Nekoei and Weber interpret their findings as evidence that the liquidity effect

dominates the moral hazard effect for certain segments of the population, particularly those

who are financially constrained.

Farooq, Kugler, and Muratori (2020) provide a critical extension of this literature within

the context of recent U.S. recessions, making their findings especially relevant for my anal-

ysis of state-level UI generosity following the COVID-19 pandemic. Using detailed U.S.

Census Bureau’s Longitudinal Employer-Household Dynamics data, their research demon-

strates that UI extensions improve re-employment outcomes primarily through higher-quality
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employer-employee matches, rather than simply increasing workers’ bargaining power or fa-

cilitating shifts to higher-paying firms. Significantly, these effects are strongest among more

financially vulnerable populations, including women, minorities, and less-educated workers.

Their methodological approach—leveraging granular firm-worker matched data—is partic-

ularly instructive for my thesis, as it closely parallels the structure and granularity of the

Current Population Survey (CPS) data that I employ. By directly measuring improvements

in match quality rather than relying on proxy indicators such as wages alone, Farooq et

al. (2020) underscore the potential efficiency-enhancing effects of UI generosity. This find-

ing lends empirical support to liquidity-based explanations of UI impacts and suggests that

moral hazard may be less detrimental to overall labor market outcomes than previously

thought, especially during severe economic downturns or subsequent recoveries.

Despite this evidence supporting liquidity-driven improvements in match quality, Meyer

(1995) provides a cautionary note about the complexities of UI policy design. Meyer’s review

of U.S. unemployment insurance experiments, which involved policy innovations such as cash

bonuses for early re-employment, highlights potential unintended consequences of attempts

to reduce unemployment durations via direct incentives. While such incentives effectively

shorten UI durations without significantly harming workers’ subsequent earnings, Meyer

notes potential moral hazard effects, including strategic timing of UI claims. His insights

contribute crucially to the policy analysis component of my study, emphasizing that carefully

constructed incentives—rather than broad benefit reductions—may be necessary to maintain

efficiency without exacerbating moral hazard.

Finally, Landais, Michaillat, and Saez (2018) offer a macroeconomic framework that com-

plements the micro-level insights from Chetty and Farooq et al. They propose a dynamic

model in which optimal UI generosity should be countercyclical—increasing during down-

turns when labor market tightness is low and decreasing in expansions to preserve job search

incentives. This perspective informs the broader economic context of my thesis by emphasiz-
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ing the importance of controlling for cyclical labor market conditions, thus ensuring that the

identified effects of UI generosity accurately reflect policy variations rather than underlying

economic trends.

Overall, my study contributes to this established literature by explicitly examining how

state-level political dynamics shape UI generosity and by rigorously identifying the sub-

sequent causal effects on unemployment duration, job search intensity, and re-employment

quality during the recovery period following the COVID-19 pandemic. By combining theoret-

ical insights from the liquidity-versus-moral-hazard debate with empirical strategies informed

by Farooq et al. and methodological refinements from Mogstad et al., this thesis aims to

provide comprehensive evidence on the efficiency and equity implications of politically-driven

UI policies.
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CHAPTER 3

INSTITUTIONAL BACKGROUND

3.1 Architecture of the U.S. Unemployment Insurance Program

The modern UI system dates back to Title III of the 1935 Social Security Act, which

established joint federal–state administration of cash benefits to job-losers.1 Financing for

the program is coordinated through the Federal Unemployment Tax Act (FUTA). In this 1954

act, employers remitted a uniform six-percent payroll levy on the first $7,000 of each worker’s

annual earnings. States that meet federal performance criteria, namely prompt payment and

no-discrimination, receive a credit of up to 5.4 percent, so the effective federal rate is only 0.6

percent. The invariance of this policy across jurisdictions means that cross-state differences in

generosity arise almost fully from state choices rather than from differential federal policies.2

Benefit design is the prerogative of the states. An individual claimant’s weekly benefit

amount, denoted WBAs, is set by

WBAs = min
{
rs HQWs, WBAmax

s

}
,

where HQWs is the worker’s highest-quarter earnings3, rs the statutory replacement rate4,

and WBAmax
s an absolute dollar ceiling. Median replacement rates cluster near 0.50, but

the statutory range is wide, ranging from 0.46 in Arizona to 0.65 in Massachusetts (U.S. De-

partment of Labor, Comparison of State UI Laws, 2019, Table 3.1). States also determine

the maximum duration of “regular” benefits. In general, most states permit up to 26 payable

weeks, though statutes adopted after the Great Recession reduced the cap to as few as 12

1. Social Security Act of 1935, https://ballotpedia.org/Social_Security_Act_of_1935.

2. Congressional Research Service, Federal Unemployment Tax Act (FUTA): Overview and Legislative
Developments, R44527, 2024.

3. The total earnings received by a worker during their highest earning quarter.

4. The percent of high quarter wages that the state will replace via UI benefits.

8

https://ballotpedia.org/Social_Security_Act_of_1935


weeks in Florida and North Carolina. Some states tie duration to the insured unemployment

rate (IUR), defined as the ratio of current benefit recipients to workers insured for UI, while

others link it to an earnings ratio in the base period. Additional heterogeneity arises from

waiting-week rules, and documentation of work-search activity. These provisions change

the present value of benefits well beyond the baseline WBAs and are therefore crucial for

interpreting interstate differences.

Historic path dependence is also a key determinant of UI generosity. Employer pay-

roll taxes are “experience rated,” so cumulative benefit amounts feed back into future tax

schedules and lock in past decisions on generosity (Anderson and Meyer, 1993). Moreover,

the federal government sets solvency rules for state trust funds, which prevent extremely

rapid benefit expansions following recessions. In fact, the two states that exhausted their

funds after 2008 enacted permanent benefit cuts in 2011 (FL) and 2013 (NC). To capture

this slow-moving institutional component, the empirical analysis proxies long-run generosity

with the 2000–2019 average of WBA × duration, normalized to the unit interval for com-

putational efficiency. Simultaneously, we employ a generosity measure for July 2021 which

applies the same formula, but excludes the temporary pandemic supplements discussed next,

in an attempt to isolate policy choices that remained under control of the states.

3.2 Pandemic-Era Federal Expansion

The Coronavirus Aid, Relief, and Economic Security (CARES) Act, enacted on March 27,

2020 (Public Law 116-136), overlaid three temporary federal programs onto existing state UI

systems. Federal Pandemic Unemployment Compensation (FPUC) provided a $600 weekly

supplement between March 29th and July 25th, 2020; the Consolidated Appropriations Act

reinstated the supplement at $300 per week on December 27, 2020, and the American Rescue

Plan Act (ARPA) carried that top-up through September 5th, 2021. Pandemic Unemploy-

ment Assistance (PUA) extended benefits to gig workers and other normally ineligible groups,
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and set the base WBA at 50% of the state-average WBA. PUA also eventually offered el-

igible workers up to 86 weeks of coverage. Finally, Pandemic Emergency Unemployment

Compensation (PEUC) lengthened the maximum duration of regular UI, first by 13 weeks,

then 24, and finally 53 weeks under ARPA.

All three programs were reimbursed in full by the federal government, (apart from minor

administrative costs). CARES Section 4105 also relaxed the trigger for Federal Extended

Benefits (EB) and financed EB entirely through March 2021 (making it 75% thereafter), but

EB ceased to bind in most states once unemployment fell below the 6.5% threshold later

that year.

Nonetheless, states were indeed able to opt out of the federal supplements. Between May

and July 2021, twenty-six5 states withdrew from one or more of FPUC, PUA, and PEUC,

according to withdrawal notices compiled in the U.S. Department of Labor UIPL 14-21. By

mid-July, statutory generosity therefore varied widely once again, justifying the choice of this

broader time period as the cross-section used in our baseline estimates. Figure 3.1 below

reiterates the timing and duration of the federal supplements.

Figure 3.1: Sequencing of federal UI supplements, March 2020 – September 2021

Since the timing of federal programs was uniform nationwide and their early termination

5. Predominantly Republican-led
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in some states was partisan-influenced, political orientation influences labor market outcomes

in this period almost exclusively through its effect on UI policy choices. This reasoning

provides logical policy evidence for the the exclusion restriction applied to the political

leaning IV in what follows.

3.3 Variation in COVID-19 Policies

The widespread public health emergency left non-pharmaceutical interventions (NPIs) such

as school closures and stay-at-home orders fully to the discretion of governors, which resulted

in pronounced interstate heterogeneity (Adolph et al., 2022). To quantify lockdown strin-

gency, this study aggregates eight indicators from the U.S. subset of the Oxford COVID-19

Government Response Tracker: school closures (C1M), workplace closures (C2M), public-event

bans (C3M), gathering limits (C4M), transit closures (C5M), stay-at-home orders (C6M), inter-

nal mobility restrictions (C7M), and public-information campaigns (H1). Each component is

rescaled to range between zero and one, summed with equal weights, and then normalized.

Averaging monthly observations over 2021 yields a cross-section that produces stringency

values ranging from 0.12 in South Dakota to 0.87 in California.

3.4 Political Institutions

State governors serve four-year terms and are frequently elected off the federal cycle, while

legislative seats turn over every two years. In states where a single party controls both

branches, both labor market and public health policy tends to align with national platforms.

Thus, the political leaning index we construct below combines the governor’s party affiliation,

partisan seat shares in both chambers, and the 2020 presidential vote share. Evident by a

manual check, no state changed party control during 2021–22, so the index is time-invariant

over both the 2021 cross-section and the wider panel. Empirically, we posit that political
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orientation enters into the equation only through its effect on UI generosity or lockdown

strictness; once those policies are controlled for, it should have no independent influence on

labor outcomes.

3.5 Labor Market Context, 2020–2022

Sectoral composition also shaped both the depth of the COVID-19 shock and the pace of

recovery. Tourism-dependent states like Nevada and Florida lost more than 20% of payroll

employment in spring 2020, while Midwestern states experienced relatively mild declines.

National unemployment jumped from 3.5% in February 2020 to 14.7% two months later, but

state trajectories diverged sharply after this point.6 Southern states that lifted restrictions

sooner regained jobs faster. By contrast, prolonged school closures in parts of the Northeast

delayed re-entry into the labor force, especially among women. The Delta variant which

emerged in mid-2021 and the Omicron wave in late-2021 produced new disruptions, and

even by December 2022, the national LFPR still trailed behind its pre-COVID peak. These

persistent (yet mostly time-invariant) differences warrant the inclusion of state fixed effects

in the panel specification estimated in Subsection 5.2.2.

6. Bureau of Labor Statistics, “The Employment Situation—April 2020,” Table A1.
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CHAPTER 4

DATA

This section describes in detail the data sources, variable construction, and data integra-

tion processes utilized in this study. The primary unified dataset is comprised of monthly

state-level observations covering January to December 2021. For extensions, a supplemen-

tary panel dataset was created which covers the 50 states from January 2021 to December

2022. Both datasets integrate political indicators, COVID-19 lockdown measures, unemploy-

ment insurance claims data, and labor market outcomes derived from the Current Population

Survey (CPS). Some variables, like political leaning, lockdown strictness, and UI generosity,

are rescaled and normalized to [0,1] to ensure cleaner interpretations. We align the data at

the state-month level to provide consistent temporal and geographical comparability, which

allows for robust empirical analyses of the policy changes in question.

4.1 Current Population Survey (CPS)

The principal data source for labor market outcomes is the Current Population Survey

(CPS), administered jointly by the U.S. Census Bureau and the Bureau of Labor Statistics.

The CPS is a monthly, nationally representative household survey designed to measure de-

tailed labor force characteristics, demographic information, and employment outcomes at the

individual level. Specifically, the monthly Basic CPS microdata files from January through

December 2021 were utilized.

Each month’s CPS data were downloaded and processed individually. First, individuals’

employment statuses were identified using the CPS variable EMPSTAT, which categorizes

respondents as employed, unemployed, or out of the labor force. Duration of unemployment

was measured via the DURUNEMP variable, capturing weeks unemployed; individuals coded

as "Not in Universe" (value of 999) were recoded as missing observations. Additional demo-
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graphic characteristics (such as age, sex, education, and race) were retained for subsequent

analyses.

Each individual’s CPS responses were mapped to states using the CPS-provided STATE-

FIP variable. To aggregate monthly averages, individual-level data were grouped by state

and month, producing state-month-level measures of unemployment rates, average unem-

ployment duration, and average weekly earnings. Unemployment rates were calculated as the

proportion of respondents classified as unemployed relative to the total labor force (employed

plus unemployed). The unemployment rates calculated through CPS were supplemented by

the LAUS1 estimates, and our results were invariant to the choice of unemployment measure.

Average unemployment durations were computed conditional on respondents being unem-

ployed. Weekly earnings measures were averaged across employed respondents, excluding

those reporting zero or missing earnings.

These state-month aggregates, stored as the CPS-AGG dataset, were then merged with

the other policy-oriented datasets, forming the basis for empirical analysis. The CPS aggre-

gation provides crucial insights into monthly fluctuations of state labor market conditions,

directly capturing the policies’ impacts on key employment outcomes.

4.2 Construction of Labor Market Outcome Measures

Labor market outcome measures derived from CPS data were constructed in two complemen-

tary ways: as cross-sectional and panel datasets, each suited to distinct empirical purposes.

Cross-sectional measures represent state-level snapshots of labor market conditions, en-

abling clear cross-state comparisons at each monthly interval. Specifically, unemployment

rates, average unemployment durations, and weekly earnings were calculated independently

for each state-month combination, ensuring direct comparability across states. This struc-

ture provides insight into the immediate labor market impact of policy differences across

1. U.S. Bureau of Labor Statistics. Local Area Unemployment Statistics (LAUS), 2021 annual averages.
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states at given points in time.

In addition, a panel structure was employed to capture longitudinal labor market dy-

namics within each state over the entire period from January 2021 to December 2022. This

approach tracks states consistently over time, thereby allowing empirical identification strate-

gies that leverage within-state temporal variation. Such longitudinal comparisons are par-

ticularly critical given the timing of major policy shifts, such as the federal UI supplement

reductions in mid-2021. By incorporating a panel dimension, the analysis gains additional

leverage in identifying causal policy impacts, since states serve as their own controls over

time, mitigating concerns over time-invariant unobserved state characteristics.

4.3 Political Indicators

State-level political indicators were systematically collected from several authoritative sources,

and integrated to produce a robust, comprehensive measure of political orientation. Three

distinct dimensions were utilized to capture political heterogeneity across states: guberna-

torial party affiliation, state legislative composition, and presidential vote shares.

Gubernatorial party affiliation data were retrieved from the National Governors Associ-

ation roster, which identifies each governor’s party (Democratic or Republican) throughout

2021. Legislative composition data, specifically the percentage of legislative seats held by

Democrats, were sourced from the National Conference of State Legislatures (NCSL) as

of February 2021. Given the typical biennial schedule for state legislative elections, this

composition was assumed stable for the duration of 2021. Presidential vote shares for the

most recent presidential election (2020) were obtained from a Harvard Dataverse repository,

providing state-level electoral preferences for a recent national election cycle.

These three political dimensions – gubernatorial affiliation, legislative composition, and

presidential vote share – were standardized to ensure comparability across scales. They

were subsequently combined into a single, continuous political index. Specifically, an initial
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weighted average was constructed, with weights of 0.3 for gubernatorial affiliation, 0.4 for

legislative composition, and 0.3 for presidential vote share. These weights were chosen to

reflect a balanced representation of executive, legislative, and general voter political pref-

erences. The resulting political index ranges from 0 (strongly Republican) to 1 (strongly

Democratic), providing a nuanced scalar representation of political ideology across states.

To ensure robustness and mitigate concerns of arbitrary weighting, an alternative con-

struction using Principal Component Analysis (PCA) was also implemented, detailed exten-

sively below.

4.3.1 Principal Component Analysis

A central task in our analysis is to measure each state’s political environment using a single

scalar index. We focus on three key variables: (i) the governor’s party affiliation, (ii) the

legislative composition (e.g. the percentage of seats in the legislature held by Democrats),

and (iii) the state’s presidential vote share for the most recent election. In our baseline

specifications, we aggregated these three indicators through a simple weighted average, as-

signing ad hoc weights to each dimension. While this approach is direct, it can overlook how

strongly correlated these political variables may be. As an extension and robustness check,

we now use principal component analysis (PCA) to create a more data-driven measure of

political leaning.

Principal component analysis provides a natural way to extract the primary axis of vari-

ation from multiple correlated variables. Formally, let A ∈ Rn×3 be the data matrix for

n states, where each column corresponds to one of the three political indicators and each

row is a state. We center or standardize the columns of A to ensure that no single variable

dominates the scale. The covariance matrix of these columns is then proportional to A⊤A.

PCA solves an eigen-decomposition of A⊤A, yielding eigenvectors v1,v2, . . . ordered by the

magnitude of their corresponding eigenvalues. The first principal component (PC1) is asso-
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ciated with the largest eigenvalue and thus explains the greatest variance across these three

indicators. For a given state i, we define the score on the first principal component as

PC1i = Ai,· v1,

where Ai,· is the row vector of the standardized political variables for state i and v1 is

the first eigenvector. Typically, we check the sign of v1. In situations where a higher PC1

value represents “more conservative,” but we prefer “larger index" meaning more liberal, we

multiply by −1. This ensures that a higher score does in fact correspond to a more liberal

government, to stay consistent with our prior conventions.

From a theoretical perspective, each of the three political variables is thought to reflect

a single underlying dimension of ideology. States with high presidential vote share for the

Democratic candidate often have a Democratic governor and a legislature with a higher

fraction of Democrats, but the exact correlation structure can be complex. PCA is attrac-

tive here because it consolidates these correlations into a single numeric index, PC1i, that

encapsulates the principal direction of variation. This empirical weighting scheme could be

particularly relevant if, for example, legislative composition varies more across states than

gubernatorial affiliation, or if the presidential vote share is distributed differently than we

anticipated across states. By letting the data determine the relative weights on the three

variables, we obtain a more empirically driven index, which we can use for secondary anal-

yses.

It is important to verify that the loadings of each variable on the first principal compo-

nent align with our conceptual idea of a left–right political dimension. In some cases, if one

indicator is negatively correlated with another, PCA may assign opposite signs, potentially

leading to less intuitive interpretations. Before finalizing the index, we examine the compo-

nent loadings to confirm that they are consistent: for example, if a “Democratic governor”

variable is positively weighted, we expect legislative “Democratic seats” or “Democratic vote
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share” also to load positively so that a state scoring high on all these components attains a

higher PC1 score.

In practice, we treat the first principal component PC1i as our new political-leaning

index and repeat it monthly for each state i whenever the underlying political variables are

stable. We then substitute this PCA-based index in place of our original hand-weighted

measure when we instrument for lockdown stringency in the 2SLS analysis. By comparing

the resulting IV estimates (using the PCA-based index) to those obtained under the simpler

weighted scheme, we can gauge how robust our findings are to alternative definitions of a

state’s “political environment.” If the estimates are similar, it strengthens the credibility of

political leaning as an instrument for lockdown strictness, irrespective of how we aggregate

the underlying political variables. Conversely, if the results change dramatically, this would

indicate either that the simpler weighting scheme was too crude, or that the first principal

component isolates a different dimension of variation than our initial weighting had captured.

4.4 COVID-19 Lockdown Measures

Data on state-level COVID-19 lockdown measures were obtained from the Oxford COVID-19

Government Response Tracker, which compiles detailed records of governmental pandemic

containment policies, including school closures, workplace restrictions, gathering limits, pub-

lic information campaigns, testing initiatives, contact tracing strategies, and vaccination roll-

out policies. These variables are ordinal in nature, and typically take on values in {0,1,2} or

{0,1,2,3,4}.

Although these data were initially recorded at daily intervals, they were aggregated

monthly to align temporally with the other state-month datasets. For each state-month,

these individual lockdown indicators were first standardized, then consolidated into a single

comprehensive Stringency Index. The aggregation strategy was designed to capture overall

policy restrictiveness systematically, reflecting the collective intensity and scope of pandemic-
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related measures implemented by each state government. The monthly aggregation allows

our empirical method to consistently examine variations in policy stringency across states

and over time, which is particularly important for identifying the labor market impacts

associated with different policy approaches throughout the COVID-19 recovery period.

4.5 Descriptive Statistics

The final unified dataset, comprising political indicators, COVID-19 lockdown measures, UI

claims data, and CPS-derived labor market outcomes, was carefully examined to produce de-

scriptive statistics summarizing its structure and variation. These descriptive statistics offer

crucial initial insights, building a foundation for the econometric modeling and interpretation

that follows.

Key descriptive analyses included measures of central tendency and dispersion for unem-

ployment rates, political index scores, lockdown stringency scores, and UI claims. In 2021,

the average state unemployment rate was 2.0% (SD = 1.0 pp, range 1.0–4.0 pp), and aver-

age unemployment duration was about 25 weeks (SD = 4.9 weeks, range 15.3–35.1 weeks).

Lockdown stringency scored 7.41 on our 0–12.48 scale (SD = 1.50, range 4.71–12.48), while

normalized UI generosity averaged 0.10 (SD = 0.16) and historic generosity 0.13 (SD = 0.17).

The political leaning index averaged 0.46 (SD = 0.23, range 0.12–0.87), with its wide range

highlighting meaningful cross-state variation. Extending the lens beyond 2021 to the his-

torical duration of UI programs, weekly initial claims averaged 6,883 (SD = 13,210), with a

median of 3,428 and a maximum exceeding one million. This suggests the historical presence

of not only typical amounts, but also extreme spikes – likely during downturns.

In addition, correlation matrices and heatmaps were computed to examine the interrela-

tionships and geographic distributions of variables. Correlations between political leaning,

lockdown stringency, and UI generosity provide preliminary evidence regarding the potential

validity of proposed instrumental variables (Figure 4.1). Similarly, country-level heatmaps
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for UI generosity and political leaning (Appendix, Figures 8.3-8.4) allow us to see the geo-

graphic heterogeneity in these variables, which strongly motivates this analysis.

Beyond these larger patterns, several notable features emerge from the descriptive statis-

tics. First, average state unemployment rates during 2021 hovered around 2.0 percent (SD

= 1.0 pp) but ranged from 1.0 percent 4.0 percent, reflecting the uneven pace of reopening.

Unemployment duration likewise exhibited substantial dispersion, with mean weeks unem-

ployed spanning from about 15.3 weeks to over 35.1 weeks across states. This cross-state

heterogeneity further sets up our goal of disentangling supply-side versus demand-side fac-

tors. Second, the political leaning index and the lockdown stringency score are positively

correlated ( ≈0.45), indicating that more Democratic-leaning states tended to adopt stricter

NPIs. By contrast, historic UI generosity and the political index display only a modest as-

sociation (0.25), suggesting that long-run institutional norms are only partially aligned with

current partisan control. Finally, the cross-state maps reveal clear geographic clustering:

the Northeast and West Coast combine high political-leaning scores and generous UI, while

many Southern and Plains states feature both low stringency and more modest benefits.
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Figure 4.1: Correlation Heatmap for Key Variables

Table 4.1: Summary statistics – 2021 Cross Section

Statistic N Mean St. Dev. Min Max

Unemployment Rate 50 0.02 0.01 0.01 0.04
Unemp. Duration (Weeks) 50 24.99 4.90 15.26 35.06
Lockdown Stringency 50 7.41 1.50 4.71 12.48
UI Generosity (Norm) 50 0.10 0.16 0.00 1.00
Historic Gen. (Norm) 50 0.13 0.17 0.00 1.00
Political Index 50 0.46 0.23 0.12 0.87

Table 4.2: Summary statistics – Weekly UI Benefits Data (1986–2025)

Statistic N Mean St. Dev. Min Pctl(25) Median Pctl(75) Max

Initial Claims 107,675 6,883.4 13,209.6 0 1,401 3,428 7,836 1,058,221
Continued Claims 107,675 54,529.3 96,641.3 0 11,225 26,445 59,212.5 4,805,047
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CHAPTER 5

EMPIRICAL STRATEGY

This chapter formalizes the econometric framework that maps our conceptual discussions

into estimable equations. In what follows, Section 5.1 establishes the conditions under which

observed variations identify the causal effects of UI generosity and lockdown stringency on

the labor–market outcomes in question. Section 5.2 explains the two–stage least–squares

(2SLS) procedures employed in both the cross-section and panel specifications.

5.1 Identification

We specify a baseline causal model: Let Ys denote a scalar labor-market outcome in state

s ∈ {1, . . . , S} during 2021 (for example, the average unemployment rate or average unem-

ployment duration in any month). We set up a potential outcomes framework:

Ys = β1Gs + β2Ls +X ′
sγ + εs, (5.1)

where Gs is current UI generosity and Ls our lockdown stringency index, both defined

in Chapter 4; Xs contains exogenous controls (demographics). The vector β = (β1, β2)
′

captures the supply-side and demand-side policy effects, respectively, whose signs and mag-

nitudes constitute our first empirical question. The intuition behind these claims is that first,

more generous unemployment insurance policies can reduce job search intensity or extend

unemployment spells by increasing the opportunity cost of taking a job, i.e. a supply-side

effect. Similarly, lockdown strictness is a "demand-side" shock because lockdowns restrict

economic activity by directly reducing firms’ labor demand.

However, because US states adjusted Gs and Ls in response to both political preferences

and simultaneous economic conditions, OLS will generally yield biased estimates of β. To
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overcome this endogeneity, we choose to exploit two sources of plausibly exogenous cross-

state variation:

(i) Historical UI generosity. ZG
s ≡ G

2000˘2019
s , the pre-COVID mean of weekly UI claims,

reflects long-run administrative norms determined decades before the pandemic. Con-

ditional on current generosity in 2021, we argue that ZG
s affects 2021 labor outcomes

only through Gs. Chapters 2 and 3 documented that UI schedules exhibit exceptional

path dependence, and thus we find it reasonable to assume that there is no causal

link between a state’s historical generosity and the current labor market trends once

current benefits are held fixed.

(ii) Political-leaning index, denoted as ZL
s . The baseline/naive measure averages three

political indicators: gubernatorial party affiliation, partisan seat share in both legisla-

tive chambers, and the 2020 presidential vote share. As noted before, in the PCA

case, we replace the equal-weighted average by the first principal component; results

are invariant. In 2020 and 2021, public-health orders were administratively delegated

to governors and state agencies, with more Democratic states systematically enforc-

ing stricter non-pharmaceutical interventions (Adolph et al., 2022). We assume that

– given a state’s lockdown policy itself – the remaining direct influence of partisan

control on labor outcomes is negligible. That is, states did not legislatively re-write

unemployment law, tax codes, or subsidies during the study window.

We collect the instruments in the vector Zs = (ZG
s , ZL

s )
′. Under the following conditions,

β is identified:

1) Relevance

cov
(
Gs, Z

G
s

)
̸= 0 and cov

(
Ls, Z

L
s

)
̸= 0.

2) Exclusion

cov
(
εs, Z

G
s

)
= 0 and cov

(
εs, Z

L
s

)
= 0.
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For relevance, we can observe the first-stage F–statistics in Table 6.1 and its counter-

parts in the Appendix. The values exceed 1,200 for the G equation and roughly 14 for

the L-equation when the PCA instrument is used, which are far above conventional weak-

instrument thresholds. However, the F -statistic on ZL
S drops considerably when including

state fiscal controls, so we must be cautious in interpreting those results.

In general, it is more difficult to defend the plausibility of the exclusion restriction within

the context of study. We argue that for historic generosity, state benefit patterns were in place

long before the pandemic. In particular, states tax employers based on how many of their

former workers claimed UI benefits, so being generous today raises payroll taxes tomorrow.

That creates a built-in disincentive to increase generosity quickly, so state policies tend to

change slowly over time and are heavily shaped by past choices. Conditional on the 2021

benefits schedule Gs, any residual correlation between bygone statutory norms and 2021

labor outcomes would have to operate through other channels. This is further justified by

a placebo regression of 2019 unemployment on historic generosity (Table 8.7, Column 2), in

which we find no significance (p = 0.459). Thus, historical generosity appears to only affect

labor outcomes after the 2021 cross-state changes in generosity through its impact on 2021

UI policy.

For the political leaning index, we first observe that during 2020–21 the U.S. federal

government delegated virtually all lockdown/containment decisions to state executives. The

index therefore shifts lockdown policy but—once Ls enters the structural equation, it has no

direct channel to employment other than the minor fiscal programs already captured by Gs.

To defend this empirically, we provide results for a placebo regression in Table 8.7, Column

1. We regress 2019 average unemployment on the PCA-derived political index, and find

that there is no relationship between them (t = -0.175, p = 0.862). This lack of a “partisan

effect” before 2021, prior to the introduction of NPIs, supports the exclusion argument:

political index only matters for labor outcomes via its impact on lockdown stringency (and,
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by extension, UI generosity), not through any direct channel on unemployment itself.

Under assumptions 1-2, the two–stage least-squares estimator described in the following

section consistently identifies β in both the cross-section and the panel extensions.

5.1.1 Caveats

While we regard Assumptions 1–2 as the most plausible empirical strategy available for this

research, several concerns remain. First, the persistence of institutions may play a role.

States with historically generous UI programs may also possess deeper labor market institu-

tions, such as stronger unions, more licensing regulations for occupations, or fundamentally

different industry mixes. These factors may have continued to shape employment in 2021

even after we condition on the current benefit amount. If these latent factors are insuffi-

ciently controlled for by Xs, the instrument ZG
s could still correlate with εs. Additionally,

the political-leaning index may influence outcomes through fiscal or public health channels

that are only imperfectly captured by our variable Ls. Some examples of this: Staggered

roll-out of vaccine mandates, the presence or absence of state-level stimulus checks, or po-

litical differences in the administration of financial relief. To the extent that these policies

change firms’ hiring decisions or job seekers’ behaviors directly, the exclusion restriction for

ZL
s may be violated.

Moreover, measurement error is a non-trivial threat to this analysis. Our lockdown strin-

gency score aggregates heterogeneous sub-indices and may misclassify short-lived executive

orders, whereas UI generosity is proxied by claims data that embed administrative lags.

Future study could tackle this by introducing additional lockdown measures, or perhaps

assigning a method like PCA to identify the most relevant factors.

Finally, although the first-stage F–statistics are generally large, the instrument for lock-

down stringency seems to be materially weaker than that for UI generosity. Weak instrument

bias therefore remains a possibility, especially in the panel extension where within-state vari-
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ation is much more limited. We address these issues empirically in robustness check 6.3, but

we cannot rule them out entirely. The results that follow should then be interpreted as

suggestive rather than definitive.

5.2 Estimation

5.2.1 Cross-section

Let Y = (Y1, . . . , YS)
′, G and L be the S × 1 vectors of endogenous policies, X the S × q

matrix of exogenous controls, and Z the S × 2 matrix of instruments excluded from the

structural model. In matrix notation, this reads Y = Wθ + ε, with W = [G L X ] and

θ = (β1, β2, γ
′)′. Define the full instrument matrix as Q = [Z X ]. Then we estimate

θ̂2SLS = (W′PQW)−1W′PQY, with PQ = Q(Q′Q)−1Q′.

We report heteroskedasticity-consistent robust standard errors in the manner outlined by

White (1980), and in the panel, we cluster at the state level.

5.2.2 Panel

For the balanced panel of states s = 1, . . . , S and months t = 1, . . . , T (January 2021–De-

cember 2022) our target equation is

Yst = β1Gst + β2Lst +X ′
stγ + αs + λt + εst, (5.2)

where Yst is either the unemployment rate or the average duration, Gst is the (log) current-generosity

index, and Lst the lockdown-stringency score. The state fixed effect αs captures all time-invariant

state factors, while the month effect λt removes nation-wide COVID waves and other calen-

dar shocks.
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We proceed with time-invariant instruments, meaning that they are strictly cross-sectional:

• ZG
s is historic generosity (2000–19 average).

• ZL
s is the political-leaning index, fixed for every month of 2021–22.

Because each Zs is constant within a state, it would be perfectly collinear with αs once

the data are de-meaned. To retain first-stage relevance we proceed by dropping the state

dummies from both reduced-form regressions and keep only the month indicators φt. We

write:

Gst = π1 Z
G
s + φt + ust,

Lst = π2 Z
L
s + φt + vst.

In this situation, the month fixed effects partial out the effects of common shocks while

allowing the instruments to act solely through cross-state variation.

In the second stage, we use the fitted values Ĝst and L̂st from the first stage equations

to estimate the baseline panel model, now with the full set of fixed effects (αs, λt). Standard

errors are clustered at the state level to accommodate arbitrary serial dependence within

a state. This two-step arrangement avoids the mechanical collinearity that arises when

instruments are time-invariant but the regressors and outcomes are time-variant. It also

preserves our identifying assumption that historic generosity and political leaning of a state

affect current labor outcomes only through Gst and Lst.

An important caveat is that in the panel model, identification now comes from deviations

around a state’s own mean. Thus, the effect we are estimating is necessarily weaker than

in the cross-section. The panel estimates reported in Tables 8.5 and 8.6 can therefore be

interpreted as a robustness check rather than our preferred causal result.
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CHAPTER 6

RESULTS

6.1 Main IV Results

We estimate the causal effects of current UI generosity and lockdown stringency on state-

level labor market outcomes in 2021. Historical UI generosity serves as an instrument for

current generosity, while a naive political-leaning index instruments lockdown policy. Both

instruments pass conventional relevance thresholds (first-stage F-statistics exceed 10; see

Table 6.1).

Column (1) of Table 6.2 reports the 2SLS estimates for the unemployment rate, noting

that the 49 observations are due to the state of Nebraska’s missing weekly-claims series.

Column (2) reports the corresponding estimates for average unemployment duration. We

see that a full-range – least generous to most generous, since our regressor is a [0,1] index –

increase in predicted UI generosity raises the unemployment rate by 1.1pp (p<0.01). Simi-

larly, a full-range increase in predicted stringency increases the unemployment rate by 0.47pp

(p<0.001), and also increases the duration of unemployment by 4.06 weeks (p<0.001). The

coefficient plot in Figure 6.1 visualizes these effects and presents 95% confidence intervals.

The positive coefficient on generosity aligns with standard job-search theory (Katz &

Meyer 1990), in which more generous benefits lengthen search and raise measured unem-

ployment. The magnitude, ≈ 1pp for a full-range shock, is economically meaningful given

an average state unemployment rate of 6%. By contrast, the demand-side lockdown strin-

gency effect would seem to operate through firm-side channels, such as mandatory capacity

limits and business closures which reduce vacancies, and thus increasing unemployment du-

rations.
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Table 6.1: First-Stage Regressions (Original Instrument)

Dependent variable:

avg_norm_current_gen avg_stringency
Current UI generosity Lockdown stringency

(1) (2)

Historic generosity 0.960∗∗∗
(0.028)

Political-leaning index 3.042∗∗∗
(0.813)

Constant −0.021∗∗∗ 6.047∗∗∗
(0.006) (0.420)

Observations 50 49
R2 0.962 0.230
Adjusted R2 0.961 0.213
Residual Std. Error 0.032 (df = 48) 1.312 (df = 47)
F Statistic 1,209.171∗∗∗ (df = 1; 48) 14.015∗∗∗ (df = 1; 47)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 6.2: Second-Stage IV Estimates (Original Instrument)

Dependent variable:

avg_unemployment_rate avg_unemp_duration
Unemployment rate Unemployment duration

(1) (2)

Current UI generosity 0.013∗∗ 6.217
(0.006) (5.517)

Lockdown stringency 0.004∗∗∗ 4.067∗∗∗
(0.001) (1.242)

Constant −0.012 −5.818
(0.010) (9.166)

Observations 49 49
R2 −0.219 −0.447
Adjusted R2 −0.272 −0.510
Residual Std. Error (df = 46) 0.007 5.915

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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6.2 Control Specification

To check the robustness of the baseline cross sectional estimates, I re-estimate the model after

adding two fiscal covariates: total state spending per capita and total state tax collections per

capita.1 Since both of these covariates are defined per-capita, there is no need to explicitly

include state population as a covariate. In other words, when we divide total spending and

tax receipts by state population, any systematic scale effects that pure population size would

capture are removed. What remains is a measure of how large the public sector is relative to

the size of the state’s economy, per-person. These controls are meant to capture differences

in the sizes of state governments that might otherwise confound the relationship between

labor market outcomes and the two policies of interest.

Table 8.1 reports the second-stage 2SLS estimates. Holding spending and taxes con-

stant, pushing current-year UI generosity from its minimum to its maximum raises the

unemployment rate by roughly 1.3 percentage points (p < 0.10). The point estimate for

average unemployment duration is positive at 5.6 weeks, but the 95% confidence interval

is wide enough to include zero. The fiscal controls themselves are small and statistically

insignificant, and their inclusion leaves the core results unchanged. The negative R2 seems

concerning, but they simply reflect the well-known fact2 that an IV regression can fit the

in-sample variation less well than an inadequately specified OLS, so they do not undermine

the causal interpretation.

The first stage diagnostics (Table 8.2) confirm that the two excluded instruments behave

very differently once we include fiscal controls. Historical UI generosity is extraordinarily

1. The spending figures come from the Fiscal Survey of States, Spring 2023 produced by the National
Association of State Budget Officers (NASBO). Tax collection data are taken from the 2021 State Government
Tax Collections release of the U.S. Census Bureau. Both series are divided by the 2021 population estimates
from the Census Annual Population Survey, and expressed in thousand-dollar units.

2. One explanation of this is given in Wooldridge’s Econometric Analysis of Cross Section and Panel
Data (2010), in which he describes that in 2SLS estimation, R2 does not have a clear interpretation; "poor
in-sample fit does not call the consistency of the IV estimator into question."
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powerful – the weak instrument F–statistic is 579, far above any Stock-Yogo threshold, so

concerns about weak identification do not apply to the generosity equation. By contrast, the

political PCA index yields an F of 3.19 with 2 and 44 degrees of freedom. This value falls

well below the conventional threshold of 10 and does not exceed the Stock-Yogo 15% critical

value. This indicates that the stringency equation is weakly identified. As a result, the

point estimate on stringency remains in the expected (positive) direction, but its magnitude

should be viewed with skepticism.

The expanded specification adds per capita spending and tax controls, but the pattern

we identified with our baseline model still persists. Specifically, higher lockdown strictness

still coincides with higher unemployment rates and longer unemployment spells, while more

generous UI policies still raise unemployment but leave spell length unaffected. Both fiscal

controls are economically small and statistically insignificant, which implies that "state fiscal

capacity" is not a confounding channel.

Finally, Wu-Hausman tests strongly reject the joint null that current UI generosity and

lockdown stringency are exogenous (p < 0.01 in both outcome equations), so the use of

instrumental variables is still warranted despite the weakness of the second instrument.

Because each endogenous regressor is paired with a single excluded instrument, the model

is exactly identified, and over-identification tests are not applicable.

6.3 Robustness: PCA-Based Political Instrument

The baseline instrument for lockdown stringency assigns arbitrary weights to the three politi-

cal inputs. This ad-hoc weighting is ultimately arbitrary. To verify that our results are not an

artefact of this choice, we have constructed a political instrument using principal-components

analysis (PCA), and we now present the results of this exercise.

Looking at the first stage results, Column (2) of Table 8.3 confirms that the PCA-based

index is a strong predictor of lockdown stringency. The coefficient is positive and highly
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significant, with an F-statistic of roughly 9.3 Thus, replacing the equal-weighted index with

PC1 does not affect instrument relevance.

Table 8.4 replicates the IV estimates from Section 6.1 using the PCA instrument. Two

patterns mainly stand out. First, the sign and magnitude of the lockdown stringency coef-

ficient are virtually unchanged: a one-unit increase in predicted stringency raises the unem-

ployment rate by about 0.6 percentage points and prolongs average unemployment spells by

roughly 5.6 weeks—both significant at the 1% level. Second, the UI generosity coefficient

remains positive but continues to be imprecisely estimated in the duration equation and

marginally significant in the rate equation. Thus, the substantive conclusions of Section 6.1

survive a switch to PCA weighting.

6.4 Robustness: 2021-2022 Panel

The first stage estimates reported in Table 8.5 confirm the relevance of both instruments

even after imposing a longitudinal structure (including data from 2022). Historic generos-

ity remains an extraordinarily strong predictor of the contemporaneous UI–generosity in-

dex (F ≈ 216), while the political-leaning index continues to explain a significant share of

month-to-month variation in lockdown stringency. These estimates seem relatively large be-

cause the variables are not scaled as they were in the cross-sectional specification, but the

core exclusion strategy survives when we include month fixed effects. Since our instruments

are time-invariant and our regressors are time-variant, we include time fixed effects and omit

state fixed effects in the first stage.

Turning to the second stage (Table 8.6), we find that, conditional on state dummies, an

increase in instrument-predicted UI generosity is associated with a statistically significant,

yet economically negligible, rise in the unemployment rate (a point estimate on the order

3. Historic generosity continues to explain nearly all variation in current UI generosity (column 1), in line
with Table 6.1.
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of 10−6). Conversely, stricter lockdown policies are estimated to lower the unemployment

rate and shorten average unemployment spells by roughly half a week. Both coefficients are

precisely estimated, but their signs contrast with the cross-sectional results in Sections 6.1-6.2

and the PCA robustness check in Section 6.3. However, due to the reduced weakness of the

lockdown/demand-side instrument, we should be careful when interpreting these coefficients

as economically meaningful.

Two design features help explain this reversal. First, there is the concept of exploiting

the within-state variation. Because historic generosity is time-invariant, it varies exclusively

through first-stage fitted values, leaving no movement over time for a given state. Even mod-

est measurement noise in monthly UI claims (and the fact that we only have 2 observations

per state) can therefore dominate the signal and produce mechanically tiny, yet statistically

significant, coefficients. Nonetheless, there is some evidence of policy co-movement taking

place from the panel results. Throughout the end of 2021 and into 2022, most states si-

multaneously reduced both UI generosity and pandemic restrictions as national case counts

declined. This policy easing could be distant from the 2021 cross-state variation which we

implement in the present study.

Taken together, these estimates should be viewed purely as a sensitivity test. Their

small economic magnitudes and sign instability caution against treating the within-state

coefficients as precise causal effects. Rather, the exercise reveals the difficulty of leveraging

monthly variation once nationwide timing and state dummies absorb most identifying power.

Future work with richer, high-frequency administrative data, or truly state-specific shocks,

could enhance dynamic inference. Importantly, nothing in Tables 8.5-8.6 undermines our

qualitative conclusion that UI generosity and lockdown policy are empirically intertwined

with labor-market outcomes. Instead, the table highlights that our primary identification

stems from cross-state contrasts, not within-state month-to-month fluctuations.
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CHAPTER 7

DISCUSSION AND POLICY IMPLICATIONS

The empirical results above give way to a coherent narrative regarding the distinct

channels through which pandemic policies affected state labor markets. Our cross-sectional

2SLS estimates show that, conditional on the validity of our instruments, more generous

UI benefits causally raise the state unemployment rate (by roughly 1.3 pp for a full-range

generosity increase), while stricter lockdowns lengthen unemployment spells (by about 6

weeks) and also raise unemployment incidence (≈0.4 pp). These effects are partially robust

to per-capita spending and tax controls. Moreover, they are consistent with canonical search

theory predictions that UI raises reservation wages and reduces search effort, whereas NPIs

contract labor demand and result in slower matching.

Viewed through the lens of incomplete markets, where private credit and insurance can-

not fully smooth idiosyncratic income risks, UI acts as essential public insurance. Our results

illustrate the classic tradeoff in such settings: Higher UI generosity alleviates liquidity con-

straints and can improve match quality, but it also lengthens spells by dampening search

incentives. Although we do not derive a welfare-maximizing UI model, our evidence sug-

gests policymakers could potentially link benefit parameters to real-time labor indicators

(e.g. vacancy-to-unemployment ratios or job-finding rates). Such rules would automatically

raise benefits when private risk-sharing fails and phase them out as hiring recovers, therefore

avoiding simultaneous supply- and demand-side disincentives.

Additionally, the use of a 24-month panel offers a valuable stress test, even if it does not

sharpen our inference. Once state and time dummies absorb permanent heterogeneity, the

historic generosity instrument loses within-state variation, and the remaining movement in

monthly UI claims is too noisy to deliver meaningful coefficients. Moreover, most states re-

laxed UI supplements and containment measures simultaneously, leaving little idiosyncratic

variation in stringency after month fixed effects are removed. The resulting second-stage esti-
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mates are indeed precise but mechanically small, and their signs differ from the cross-sectional

benchmarks, so we are skeptical about some of the results derived here.

To refine these quantitative tradeoffs, future research could exploit matched employer–employee

administrative data to measure match quality directly, and develop alternative NPI instru-

ments (such as court-order timelines or county-level mask-mandate rollbacks). Research

could also isolate the components we gathered into the lockdown stringency index as sep-

arate indicators and measure which precise policies (e.g. workplace closures) capture the

primary variations in labor outcomes. Together with a direct comparison of UI policy at

different points in history, these extensions would help translate our reduced-form insights

into more precise guidelines for UI and public health coordination.
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CHAPTER 8

APPENDIX

Table 8.1: IV Estimates with State Controls

Dependent variable:

avg_unemp_duration
Unemp. Rate Unemp. Duration

(1) (2)

Current UI generosity (norm) 0.013∗ 5.605
(0.007) (6.624)

Lockdown stringency (norm) 0.006∗∗ 6.080∗∗
(0.003) (2.735)

Spending per capita −0.00000 −0.001
(0.00000) (0.001)

Taxes per capita 0.00000 0.0002
(0.00000) (0.001)

Constant −0.021 −16.933
(0.018) (18.426)

Observations 49 49
R2 −0.957 −1.760

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Robust standard errors in parentheses.
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Figure 8.1: Coefficient Plot for Baseline IV Specification

Table 8.2: First-Stage Diagnostics for Cross-Sectional Specification w/Controls

Test df1 df2 statistic p-value Outcome

Weak instruments (avg_norm_current_gen) 2 44 578.788 0 Unemp. Rate
Weak instruments (avg_stringency) 2 44 3.186 0.051 Unemp. Rate

Wu-Hausman 2 42 9.573 0.0004 Unemp. Rate
Sargan 0 NA NA NA Unemp. Rate

Weak instruments (avg_norm_current_gen) 2 44 578.788 0 Unemp. Duration
Weak instruments (avg_stringency) 2 44 3.186 0.051 Unemp. Duration

Wu-Hausman 2 42 15.785 0.00001 Unemp. Duration
Sargan 0 NA NA NA Unemp. Duration
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Table 8.3: First-Stage Estimates using PCA for Political Index

Dependent variable:

avg_norm_current_gen avg_stringency
Current UI generosity Lockdown stringency

(1) (2)

Historic generosity 0.960∗∗∗
(0.028)

PCA political index 2.237∗∗∗
(0.744)

Constant −0.021∗∗∗ 6.370∗∗∗
(0.006) (0.411)

Observations 50 49
R2 0.962 0.161
Adjusted R2 0.961 0.143
Residual Std. Error 0.032 (df = 48) 1.369 (df = 47)
F Statistic 1,209.171∗∗∗ (df = 1; 48) 9.036∗∗∗ (df = 1; 47)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Robust standard errors in parentheses.
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Table 8.4: Second-Stage Estimates using PCA for Political Index

Dependent variable:
Unemployment rate Unemployment duration

(1) (2)

Current UI generosity 0.012 4.540
(0.008) (7.309)

Lockdown stringency 0.006∗∗∗ 5.579∗∗∗
(0.002) (1.971)

Constant −0.021 −16.911
(0.015) (14.507)

Observations 49 49
R2 −0.806 −1.439
Adjusted R2 −0.884 −1.545
Residual Std. Error (df = 46) 0.008 7.678

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Robust standard errors in parentheses.

Table 8.5: First-Stage Estimates – Panel 2021–22

Dependent variable:

Current UI generosity Lockdown stringency

(1) (2)

Historic generosity 1,096,379***

(16,167.050)

PCA political index –42.989***

(4.682)

Month fixed effects Yes Yes

State fixed effects No No

Controls Yes Yes
Observations 1,176 1,176
Number of states 49 49
R2 0.818 0.897

State-clustered standard errors in parentheses. ***p < 0.01; **p < 0.05; *p < 0.1.
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Table 8.6: Second-Stage Estimates – Panel 2021–22

Dependent variable:

Unemployment rate Unemployment duration

(1) (2)

Current UI generosity (IV) 0.00000*** 0.00002***

(0.000) (0.00000)

Lockdown stringency (IV) –0.0002*** –0.506***

(0.0001) (0.152)

State fixed effects Yes Yes

Month fixed effects No No

Controls Yes Yes
Observations 1,176 1,176
Number of states 49 49
R2 0.733 0.523

State-clustered standard errors in parentheses. ***p < 0.01; **p < 0.05; *p < 0.1.

Table 8.7: Placebo Regressions using 2019 Unemployment Rate

Dependent variable:

Unemp. (2019) Unemp. (2019)
(1) (2)

Constant 3.6127*** 3.5020***

(0.2553) (0.1542)

Political index (PC1) −0.0809
(0.4628)

Average historic UI generosity 0.5471
(0.7319)

Observations 49 49
R2 0.0006 0.0118
Adjusted R2 –0.0206 –0.0093
F Statistic 0.0305 0.5586

(df = 1; 47) (df = 1; 47)

Robust standard errors in parentheses. ***p < 0.01; **p < 0.05; *p < 0.1.
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Figure 8.2: Visualization of PCA with State Labels

Figure 8.3: US Heatmap: Poiltical Leaning

Figure 8.4: US Heatmap: 2021 UI Initial + Continued Claims
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Figure 8.5: Time Series of UI Initial Claims

Figure 8.6: Distribution of Historical UI Generosity

Figure 8.7: Distribution of Lockdown Stringency (2021)
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Figure 8.8: Plot of Current UI Generosity vs. Unemployment Rate, 2021
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