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Abstract

We study how mass-layoff announcements affect electoral outcomes usinga newly assembled dataset of US establishment-level administrative noticesfrom the Worker Adjustment and Retraining Notification (WARN) Act. Amatched event study compares same-state counties with and without sizableWARN-announced layoffs. Controlling for local labor-market conditions, layoffannouncements increase the Democratic-Republican vote margin by reducingRepublican votes and increasing Democratic votes without clearly alteringelection winners or incumbent support. Effects appear across political offices,are not driven by manufacturing decline, and are geographically localized. Theresponses operate through turnout composition rather than vote switching andresult in no policy-induced changes in transfer payments.
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1
Mass layoffs can have severe consequences for displaced workers, sizable employmentspillovers within local labor markets, and broader social costs for households andcommunities.1 Prior work also suggests a mechanism that could link mass layoffs andelectoral behavior: economic conditions and individual economic adversity shapepolitical responses (Fair, 1978; Rosenstone, 1982; Margalit, 2019). Mass-layoff

announcements, however, may have broader political consequences because they publiclysignal local economic disruption to individuals not directly affected by the layoffs. Andthe stakes can extend beyond elections because changes in political participation canaffect policy outcomes, including public spending (Husted and Kenny, 1997; Fujiwara,2015). Yet, despite these potential consequences, we know little about how mass-layoffannouncements affect electoral outcomes.We find that mass-layoff announcements increase the Democratic-Republican (D-R)vote-rate margin by reducing Republican votes and increasing Democratic votes, whichtogether imply lower turnout. We assemble a new dataset of about 85,000 USestablishment-level administrative notices filed under the Worker Adjustment andRetraining Notification (WARN) Act. The act requires larger employers to provideadvance notice before covered plant closings and mass layoffs. We link these data tocounty-level voting outcomes from 1996 to 2024. Our preferred empirical strategycompares counties with sizable WARN-announced layoffs to similar counties in the samestate, month, and year, but without such events. Controlling for local labor-marketconditions, WARN events increase the D-R vote margin per citizen voting-age population(CVAP) by 0.50 percentage points, driven by a 0.32-percentage-point reduction inRepublican votes per CVAP and a 0.18-percentage-point increase in Democratic votes perCVAP in subsequent elections. Turnout falls by 0.14 percentage points. The estimated D-Rvote-rate margin effect is comparable to that associated with a 1-percentage-pointincrease in the county unemployment rate. These vote-rate changes, however, do notdetectably change which party wins the next election or yield clear evidence of electoralaccountability. The estimates remain similar after residualizing WARN exposure onstandard labor-market variables and after conditioning on realized job destruction,suggesting that WARN notices convey distinct, electorally relevant information.Additional results clarify the scope, timing, and robustness of these responses. Theeffects appear across presidential, gubernatorial, US Senate, and US House elections,suggesting that the pattern is not specific to any political office. They are similar forevents occurring within one year and between one to two years before the next election,suggesting that proximity to the election date is not the main driver. Our findings are not
1See, for example, Jacobson et al. (1993), Charles and Stephens (2004), Brand (2015), Foote et al. (2019),and Gathmann et al. (2020).



2
driven by manufacturing decline; restricting our analysis to nonmanufacturingannouncements delivers similar results. The effects also appear to be geographicallylocalized, with little evidence of spillovers to neighboring counties. Finally, the results arestable when we add richer local controls, address slower-moving local decline, and varykey specification, sample, and event-time choices.We next examine evidence on the sources of these vote-rate responses and onsubsequent changes in economic support received by county residents. The estimates arerobust to controls for migration flows and demographic composition, suggesting thatchanges in the size and mix of the voting-age population do not explain the electoralresponses. Individual-level survey evidence instead points to turnout composition ratherthan vote switching, consistent with slow-moving partisan identification documented byGreen et al. (2004). We also find little evidence that differential candidate visits explainthe electoral responses. One possible interpretation is that WARN announcementsheighten concerns about economic protection, reinforcing participation incentives amongDemocratic-leaning voters (Petrocik, 1996). Among Republican-leaning voters, however,these concerns may conflict with pre-existing partisan attachments, leading some votersto abstain rather than switch parties (Endres and Panagopoulos, 2019). Turning toeconomic support, transfer payments to county residents increase after WARN events, butappear to reflect automatic stabilizers rather than local policy changes associated withelectoral responses.Our paper provides the first US evidence on the electoral consequences of mass-layoffannouncements. Outside the United States, Braakmann and Vermeulen (2023) use mediareports of layoff announcements to study electoral accountability in the United Kingdom,while Dehdari (2022) uses layoff notices to examine how economic distress shifts electoralsupport toward the political right in Sweden. Using administrative data spanning a longerperiod and outcomes from multiple offices, we find that the US response operates throughpartisan turnout composition favoring Democrats. Our findings also contrast withevidence that offshoring and individual job losses can reduce incumbent support (Rickard,2022; Upward and Wright, 2024). Moreover, because our main conclusions persist whenwe restrict our analysis to nonmanufacturing announcements, they extend beyond priorwork on trade-related and deindustrialization shocks (Margalit, 2011; Autor et al., 2020;Baccini and Weymouth, 2021; Che et al., 2022; Autor et al., 2024; Choi et al., 2024).WARN effects also differ from those associated with broader labor-market deterioration.Prior work finds that weaker labor-market conditions increase Democratic votes and leaveRepublican votes little changed, therefore raising turnout (Charles and Stephens, 2013;Burden and Wichowsky, 2014). These contrasts suggest that WARN events capture adistinct electoral margin associated with salient local economic disruption.
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1 Data

1.1 WARN notices

We measure local layoff announcements using administrative notices filed under theWorker Adjustment and Retraining Notification (WARN) Act. Federal law requiresemployers with 100 or more employees to provide at least 60 days’ advance written noticebefore qualifying plant closings and mass layoffs. We assemble and harmonize about85,000 establishment-level WARN notices from state employment offices and relatedpublic sources for 1990–2025. Historical notice availability varies across states, so theresulting panel is unbalanced and coverage expands over time: 5 states in 1996, 26 statesin 2006, and 37 states in 2016. Appendix A.1 describes the act, data construction, andcoverage, and Krolikowski and Lunsford (2024) provide further details on data collection.WARN notices typically report the employer, notice date, affected worksite, andnumber of affected workers (‘‘WARN layoffs’’). The notice date identifies when theannouncement is made, and the worksite address allows us to assign announcements tocounties. Announced layoffs may be revised, delayed, canceled, or partly realized.Specifically, about half of establishment-level employment declines within six months of aWARN notice are close to or exceed the announced number of affected workers (Fallicket al., 2024). Therefore, we interpret our estimates as effects of mass-layoffannouncements rather than exclusively as effects of realized job loss.
1.2 Election returns

We use county-level election returns by party from the US Elections Atlas forpresidential, gubernatorial, US House, and US Senate elections from 1996–2024 (Leip,2026). We include general elections held from November 1 through November 8, andexclude a small number (35) of special and recall elections. The sample containscounty-level returns from 8 presidential elections, 490 Senate elections, 6,510 Houseelections, and 361 gubernatorial elections. We exclude state legislative, municipal,county, school-board, and ballot-measure contests because available data lack consistentnationwide coverage of returns, lack coverage of candidate characteristics, or do not mapuniformly to the county units used in our design.Our main outcomes are the Democratic-Republican (D-R) vote-rate margin,party-specific vote rates, and turnout. Party-specific vote rates and turnout are given by
T p
cyo = 100×

V p
cyo

CV APcy

, Tcyo = 100× Vcyo

CV APcy

, (1)
in which V p

cyo denotes votes cast in county c, in election year y, for office o, and party
p ∈ {D,R,O}. The categories D, R, and O denote Democratic, Republican, and other
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candidates, respectively, with the last including independent and third-party candidates.
CV APcy denotes the citizen voting-age population from the US Census Bureau (CB, 2002,2024, 2025, 2026; IPUMS, 2026). Total votes and turnout satisfy Vcyo =

∑
p∈{D,R,O} V

p
cyoand Tcyo =

∑
p∈{D,R,O} T

p
cyo. The D-R vote-rate margin is given by

TD
cyo − TR

cyo = 100× (V D
cyo − V R

cyo)/CV APcy.When possible, we link returns to candidate and office-holder information from theFederal Election Commission (FEC, 2026) for presidential and congressional contests, andWikipedia for gubernatorial contests. These links yield two accountability outcomes:incumbent-candidate vote share and the vote share of the party holding the office.Appendix A.2 describes the election returns data, election sample, candidate-partyharmonization, CVAP sources, and incumbent-candidate links, including assignment inHouse elections.
1.3 Auxiliary data and controls

We supplement the WARN and election data with county-level labor-force,employment, and unemployment measures (BLS, 2026a), per capita income (BEA, 2026b),migration flows (IRS, 2026), and COVID controls (Killeen et al., 2020). We use these datato construct treatment intensity and treated-control matches, add regression controls, andinterpret the results.Some robustness specifications add richer county employment and wage histories (BLS,2026b), income components (BEA, 2026b), education and rural-urban classifications(USDA, 2026), age and race/ethnicity populations (SEER, 2026), and land area (CB,2025). For interpretation, we link WARN events to county-level firm job-destruction ratesfrom the Quarterly Workforce Indicators (QWI, 2026), individual-level CooperativeElection Study (hereafter CES) voting data (Kuriwaki, 2026), presidential andvice-presidential candidate visits (Devine, 2020), and county transfer payments (BEA,2026a). We classify WARN events as manufacturing or nonmanufacturing usingstate-provided industry codes when available and manual or AI-assisted classificationotherwise. Appendix A.3 provides details on these data and their construction.
2 Empirical strategy

2.1 Defining WARN events, treatment, and election-year windows

We define WARN events based on three-month rolling exposure,
Rcm = Ecm + Ec,m−1 + Ec,m−2, (2)

in which Ecm = 100×Wcm/LFcm, Wcm denotes WARN layoffs in county c and month m,and LFcm denotes the county labor force. A county-month observation has a sizable
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WARN event if Rcm is at or above the 85th percentile among county-months with positiverolling WARN exposure and at least 50 workers are affected. County c is treated in month
m if it has a sizable WARN event and has had no such event in the previous four years.Treatments may recur if they are at least four years apart.To align monthly WARN events with elections, we define 12-month election-yearwindows around regular November elections. For an election in year y, the nearestwindow runs from November of year y − 1 through October of year y. Earlier and laterelection-year windows are defined analogously in 12-month intervals. Appendix B.1provides details on WARN-event treatment and election-year windows.
2.2 Constructing treated-control comparisons

Counties experiencing sizable WARN events may differ from other counties before theevent. Our matched design, closely related to Abadie (2005) and Schmieder et al. (2023),compares each treated event with potential controls that have similar pre-event politicaland economic histories.We use the following algorithm to choose control observations for a treatedcounty-month observation, (c,m), in year y. We restrict potential controls in the matcheddesign to observations from the same state as county c, in month m and year y. Controlsmust have no sizable WARN event in the treatment election-year window, the fourpreceding windows, and up to four subsequent windows. Near the end of the sample, thepost-treatment restriction applies only to subsequent election-year windows observedthrough 2024. Smaller WARN events do not disqualify control observations.Among eligible controls, we use nearest-neighbor matching on recent turnout, the twomost recent Republican vote shares, labor-force size, the unemployment rate and itschange, and WARN exposure in each of the previous two years. When multiple offices arecontested on the same date, we prioritize presidential, gubernatorial, Senate, and Houseelections, in that order. To avoid poor matches, we impose calipers—maximumtreated-control differences on each matching variable (Caliendo and Kopeinig, 2008;Dauth et al., 2021). Among counties within the calipers, we rank controls by standardizedEuclidean distance, retain up to four of the closest controls, and apply inverse-distanceweights.If a treated observation has no controls, we repeat the algorithm using a fallback thatpreserves state and treatment-year alignment but relaxes exact treatment-month matching.Appendix B.2 provides details on control eligibility, matching, calipers, and weights.
2.3 Treatment characteristics, matched support, and balance

Our matched analysis sample spans 1996–2024 and draws on an unbalanced panel ofstates with WARN and election-return data.
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Panels A and B of Table 1 show summary statistics about treatment characteristics andelectoral outcomes. Panel A shows that sizable WARN events in the matched sample areeconomically meaningful local shocks. The 85th-percentile threshold corresponds to 0.6percent of a county’s labor force (not shown). At the median, treated events involve 206affected workers, or 1.1 percent of the county labor force, comparable to mass-layoffshocks studied in other work (Foote et al., 2019; Gathmann et al., 2020; Braakmann andVermeulen, 2023). The median event occurs 10 months before the next election andconsists of one WARN notice. Appendix B.3.1 provides further details on treated-eventcharacteristics and matched support and shows their distribution over time. Panel Bshows that, for example, mean turnout is 50.2 percent and the mean Democratic(Republican) vote rate is 19.4 (29.4) percent.Panels C and D summarize matched-sample support and balance. Panel C shows thatof 1,703 treated events across 1,300 counties, 1,508 (89 percent) are matched to at leastone control. Three percent of matched events use the state-year fallback, and matchedevents receive 3.5 controls on average. Relative to matched events, unmatched events aresimilarly sized as a share of the local labor force, but occur in labor markets with a largerlabor force. Panel D shows that matching substantially improves balance on the matchingvariables. Appendix B.3.2 provides additional support and balance diagnostics.

2.4 Event-study design

We organize event time by the chronological order of elections. For each matchedcomparison group g, anchored by a treated county’s WARN-event date, let hg = 0 denotethe last pre-event election, hg = 1 the first post-event election, and so on; we omit the gsubscript hereafter. Elections held on the same date share the same chronological indexbut contribute separate county-office observations. Because this design is office-agnostic,outcomes may be compared with earlier elections for different offices within the samematched comparison. To account for office-specific differences in outcomes, theestimating equation relies on fixed effects.To examine heterogeneity across election types, we also organize event timeseparately within each office. For each matched comparison group g and office o, h = 0denotes the last pre-event election for that office, h = 1 the first post-event election, andso on. Although the office-specific and chronological designs use the same treatmentevents and matching algorithm, they may select different controls because the formermatches on office-specific pretreatment political variables, whereas the latter matches onthese variables without regard to office.In both the chronological and office-specific designs, we combine observations fromall treated-control comparison groups into a single estimation sample. Schmieder et al.(2023) discuss how this approach addresses problems arising in difference-in-differences
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designs with variation in treatment timing (Goodman-Bacon, 2021; Callaway andSant’Anna, 2021).We estimate the effects of WARN events on electoral outcomes using

Ycgoh =
∑
i̸=0

βi (Dcg × 1{h = i}) +X′
cghδ + αcg + λh + κsyo + εcgoh, (3)

in which s denotes county c’s state, Ycgoh denotes an outcome, and Dcg equals one for thetreated county in comparison group g and zero for its matched controls. With h = 0omitted, βi measures the treated-control difference at election index i relative to thedifference at the last pre-event election. The chronological design retains post-eventindexes through h = 4, a horizon of up to eight years. Within each comparison group, gand h uniquely determine election year y, so the outcome subscripts are equivalent tothose in Equation (1).The vector Xcgh contains county-level controls. The baseline specification controls forthe unemployment rate, labor-force size, per capita income, and cumulative-to-dateCOVID cases per 1,000 residents. The county-by-comparison fixed effect, αcg, absorbspersistent within-comparison county differences, and λh absorbs average differencesacross relative election periods. The state-by-office-by-year fixed effect, κsyo, absorbsshocks common to counties voting for the same office in the same state and election year,including race-specific political environments, election administration, and ballot context.We two-way cluster standard errors by county and matched comparison group to accountfor dependence induced by stacking and correlated sub-state shocks within matchedcomparison groups.The identifying assumption is that, absent a sizable WARN event, electoral outcomesin treated and matched-control counties would have followed parallel paths. The mainidentification threat is latent local deterioration or other coincident shocks that wouldhave changed electoral outcomes even without the announcement. We address this threatwith controls for contemporaneous county labor-market conditions in our baselinespecification, a residualized-exposure exercise in Section 3.1, and several robustnessexercises in Section 3.4.The chronological design is not the only reasonable way to pool outcomes acrossoffices. We also report results from an alternative target-office design in which every pre-and post-WARN comparison is made within the same office. We stack the office-specificcomparisons, so that the h = 1 coefficient pools observations from four office-specificdesigns, one for each office’s first post-event election. Therefore, the h = 1 coefficientestimates a weighted average across offices at each office’s first post-event election,regardless of calendar timing. We retain post-event indexes through h = 3, a horizon of
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up to 12 years. Appendix B.4 provides further details on event-time ordering and theoffice-specific design.
3 Main results

3.1 Baseline electoral effects of WARN events

This section presents the baseline electoral effects of WARN events, assesses theirmagnitude and implications for election winners and incumbent support, and askswhether the effects are captured by standard measures of local labor-market conditionsand whether they persist after accounting for subsequent job destruction.A sizable WARN event increases the Democratic-Republican (D-R) vote-rate margin byreducing Republican votes and increasing Democratic votes, which together imply lowerturnout. Figure 1 reports estimates from Equation (3) for the D-R vote-rate margin,party-specific vote rates, and turnout. It also reports a post estimate from a specificationwith one post-event coefficient for h ∈ {1, 2, 3, 4} and one pre-event coefficient for
h ∈ {−3,−2,−1}. WARN events increase D-R votes per CVAP by 0.50 percentage pointsin subsequent elections (Panel A), reduce Republican votes per CVAP by 0.32 points(Panel B), and increase Democratic votes per CVAP by 0.18 points (Panel C).Other-candidate votes per CVAP are essentially unchanged (Table 2, Row 1). Together,these shifts imply a 0.14-percentage-point decline in turnout (Panel D), although theestimate is marginally insignificant (p-value=0.14). We find no evidence of pre-trends inany outcome. Appendix C.1.1 shows that the target-office approach yields similar results,with a weaker Democratic increase and a larger, statistically significant turnout decline of0.19 percentage points (p-value=0.02).The estimated effects are meaningful at the county level in two ways. First, in thebaseline specification, the increase in the D-R vote-rate margin is comparable to thatassociated with a 1-percentage-point increase in the county unemployment rate. TheRepublican and Democratic vote-rate effects are comparable to those associated with 1.5-and 0.6-percentage-point changes, respectively, in the unemployment rate. The turnoutdecline is similarly comparable to that associated with a 1.4-percentage-pointunemployment-rate decline. Second, about 2 percent of treated county-office outcomes atthe next election have D-R vote-rate gaps smaller than the estimated0.50-percentage-point WARN effect. For a treated county with the sample-mean baselineCVAP (about 60,000), this effect corresponds to roughly 300 votes.WARN events shift partisan vote rates without measurably changing which party winsthe next election. We examine winner outcomes in three ways. First, we reestimateEquation (3) using as the outcome an indicator for whether Democratic votes exceedRepublican votes in the county. We find no significant increase in the unrestricted county
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sample, when the preceding election was close, or when the preceding election and thepreceding county-level margin were both close. Second, after mapping WARN events toUS House districts, we find no evidence that treated districts are more likely to elect aDemocrat. For this exercise, we retain only treated events in county-election windowsthat can be unambiguously assigned to a district and control counties that can be mappedto districts that can be unambiguously determined to lack qualifying WARN exposure.These restrictions reduce the number of treated events from 1,703 to 1,112 and result inonly about 300 district-election pairs. Third, for presidential, gubernatorial, and Senateelections, we find no evidence that statewide WARN exposure between consecutiveelections is associated with a higher probability of a Democratic victory in the state.Appendix C.1.2 provides details.The vote-rate responses are also not accompanied by clear evidence of electoralaccountability. Although prior work finds that incumbent parties lose support afterproduction offshoring and individual job loss (Rickard, 2022; Upward and Wright, 2024),Appendix C.1.3 shows no clear decline in incumbent-party vote shares after WARN events.Incumbent-candidate vote shares fall in some specifications, but the estimates are noisy.We next examine whether WARN events convey distinct information affectingelectoral outcomes in three ways. First, WARN events have electoral consequencesbeyond those that can be predicted by other labor-market variables. We regress WARNexposure on a battery of county-level labor-market variables and state, year, and monthfixed effects.2 We use the residual from this regression to reconstruct the treatmentindicator: treated events are those above the 85th percentile among observations withpositive residual WARN exposure, subject to a residualized baseline-equivalent 50-workerfloor. We then reconstruct the treated-control comparisons and reestimate Equation (3).In this approach, treatment represents unusually high WARN exposure given existinglocal labor-market conditions. The residualized and baseline definitions identify relatedbut distinct treated events. Half of residualized events coincide with baseline treatments,5 percent qualify in the same county and election-year window but in a different month,25 percent occur in baseline-treated counties but in different election windows, and theremaining 20 percent occur in counties not treated under the baseline definition. Theresulting electoral effects of these residual WARN events are quantitatively similar to ourbaseline results, as shown in Table 2, Row 2. Appendix C.1.4 provides details about thisexercise.Second, post-WARN job destruction does not explain the partisan electoral response,

2Labor-market variables include log labor force; employment-to-population and unemployment rates; percapita income; manufacturing, goods-producing, and private-employment shares; average weekly wages;average establishment size; log population; and their respective 12-month and annualized 5-year changes.
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leaving room for an announcement component. Because WARN notices generally precedecovered layoffs, the electoral response may reflect the announcement itself, the jobdestruction that follows, or both. The residualized-WARN exercise cannot distinguishthese channels. We therefore use county-level firm job-destruction rates (JDR) from theQWI, which measure jobs lost at contracting private-sector firms as a share of averagecounty employment. Treated counties experience a 0.84-percentage-point larger increasein JDR than matched controls, confirming that WARN events are followed by higherrealized job destruction. We then reestimate our baseline specification by interacting the
h indicators with each county’s change in JDR from before to after the WARN event.Table 2, Row 3 shows that conditioning on JDR only slightly attenuates the baselineelectoral responses, indicating that measured destruction accounts for little of the partisanresponse. Although this exercise does not identify an announcement effect, the remainingresponse is consistent with an announcement component. Appendix C.1.5 provides detailsabout this exercise.Third, the electoral response to WARN events also differs from that associated withother measures of local labor-market deterioration. Prior work finds that weaker locallabor-market conditions increase Democratic votes, leave Republican votes little changed,and raise turnout (Charles and Stephens, 2013; Burden and Wichowsky, 2014). WARNevents instead increase the D-R vote-rate margin through both higher Democratic votesand lower Republican votes, while reducing turnout. Together with theresidualized-exposure and job-destruction results, this contrast suggests that WARNnotices capture a distinct margin of local economic disruption rather than broaderlabor-market weakness.
3.2 Office-specific effects

The baseline estimates average across offices that differ in salience, campaignintensity, and electorate composition. Figure 2 reports the D-R vote-rate margin,Republican and Democratic vote rates, and turnout effects separately for presidential,gubernatorial, US House, and US Senate elections, allowing us to assess whether theresponse is concentrated in a particular office.The D-R margin shifts in the same direction across all four office types, and theunderlying estimates show similar qualitative patterns, particularly for turnout andRepublican votes. The responses for Democratic votes are more heterogeneous, largest inHouse races and smallest in Senate elections. Nevertheless, the pooled estimates appear toreflect a broader change in party-specific vote rates and turnout rather than a single-officeartifact.
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3.3 Heterogeneity and geographic scope

This subsection examines heterogeneity in the main responses documented inSection 3.1. We focus on three margins that bear on interpretation, including the timingof the announcement relative to the next election, whether the event occurs outsidemanufacturing, and whether the response spills over to nearby counties. The estimatespoint to a localized response that is neither narrowly timed nor manufacturing specific.First, the response is not concentrated among WARN events closest to the nextelection. A WARN event shortly before an election may be especially salient to voters andcampaigns, whereas earlier events allow more time for political mobilization. Weexamine this timing margin by dividing treated events into those occurring within oneyear of the next election (τ = 0) and those occurring one to two years before it (τ = 1).The results are shown in Table 2, Panel B. Although the estimates are noisier because weare splitting the treated sample, both groups show higher D-R vote-rate margins, drivenby lower Republican votes per CVAP and higher Democratic votes per CVAP, and lowerturnout. Overall, the results do not support a purely short-run election-salience story.Appendix C.2.1 provides details and estimates by election index.Second, the response is not confined to manufacturing announcements. Prior workexamines the political consequences of manufacturing decline, including trade exposureand deindustrialization (Autor et al., 2020; Baccini and Weymouth, 2021). We show thatthe responses to sizable WARN events capture a broader form of economic disruptionthan simply manufacturing decline. Table 2, Panel C reconstructs treatment and thematched comparisons using only nonmanufacturing notices and reestimates Equation (3).The results are similar to the baseline results, with a somewhat stronger Democraticresponse and a slightly weaker Republican decline, so that the turnout effect is closer tozero. Appendix C.2.2 provides details and shows that sizable nonmanufacturing WARNevents are rarely accompanied by sizable manufacturing WARN events, so these estimatesdo not mask a manufacturing-driven response.Third, the response appears geographically localized. We assess spillovers to nearbycounties by performing a donut exercise that keeps the county-level design but excludespotential control counties in the treated county’s commuting zone. The resulting donutestimates remain close to the baseline, as shown in Table 2, Panel D, indicating limitedspillovers to neighboring counties. Relatedly, these results also reduce the concern thatthe baseline estimates are attenuated by using nearby controls that are partially exposedto the same WARN disruption. Appendix C.2.3 reports estimates by election index.
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3.4 Endogeneity checks and robustness of the main vote-rate and turnout effects

3.4.1 Pre-existing local deterioration and estimate validity

The main estimates are not driven by observed pre-existing local deterioration orother observable economic variables. Table 2, Panel E varies how we account for localeconomic conditions. Rows 8 and 9 omit controls or add richer local controls to thebaseline specification, including the manufacturing employment share, average weeklywages, and population density. Row 10 addresses slower-moving local decline byrematching on variables that include longer pre-event trajectories and variables from theQuarterly Census of Employment and Wages. Row 11 adds forecast-score-by-event-indexcontrols, allowing counties with different predicted-deterioration scores to followdifferent event-time paths even absent treatment. Across these exercises, post-eventestimates remain close to the baseline estimates and pre-event coefficients remain small.Appendixes C.3.1 and C.3.2 provide details.
3.4.2 Robustness of the estimates

The main vote-rate and turnout estimates are stable across key specification, sample,and design choices in the matched event study. Table 2, Panel F shows similar estimatesunder alternative WARN-event thresholds (Rows 12 and 13), minimum-worker floors(Rows 14 and 15), rolling exposure windows (Rows 16 and 17), and up to 10 matchedcontrols (Row 18). The main patterns also remain similar when we usecomparison-by-election-index-by-office fixed effects, which restrict identification towithin matched comparison groups (Row 19); apply log-CVAP weights (Row 20); andexclude WARN events during the 2020 treatment-election-year (Row 21). Appendix C.4provides details about these exercises. Appendix C.4.5 also shows that the results aresimilar when we use a log-odds transformation to address bounded support under thelinear specification in Equation (3).
4 Evidence on electoral mechanisms and policy outcomes

4.1 Population mix, turnout composition, and vote switching

The county-level results in Section 3.1 show that WARN events have electoralconsequences, but they do not by themselves identify the underlying margin. Theseresponses could reflect changes in the size or composition of the county population,changes in who turns out, or changes in how voters choose among parties. We distinguishthese possibilities using population-composition checks and individual-level CES votingdata. The evidence points to turnout composition rather than population change or voteswitching, with little role for differential candidate visits. We conclude by discussing aninterpretation consistent with these findings.
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Changes in migration or demographic composition do not explain the county-levelvote-rate patterns. Table 3, Panel A reports the estimates from a specification that addscontrols for county-level migration flows and demographic structure to our baselinespecification. These checks test whether WARN events affect measured vote rates bychanging the county population rather than voting behavior among existing residents.Migration is especially relevant because residential mobility can reduce turnout throughregistration frictions (Squire et al., 1987). So the turnout decline could reflectpost-announcement mobility rather than a direct participation response to theannouncement. Nevertheless, the estimates remain similar with these controls. AppendixD.1 presents details.We next use individual-level CES data to distinguish turnout composition from voteswitching. Our estimated declines in turnout rule out a pure vote-switching story, butaggregate county rates can hide individual entry, exit, and switches. We use the matchedcomparison groups described in Section 2.2, and attach each individual in the CES totheir county, election year, and relevant office. Then we estimate Equation (3) at theindividual level including basic demographic controls.The CES data provide little evidence of major-party switching. The first (second)column of Table 3, Panel B, restricts the sample to respondents who intended to voteRepublican (Democratic) for the relevant office and later report voting in the election.The outcome equals one if they report voting Democratic (Republican). The estimatedswitching responses are insignificantly different from zero, suggesting no clearmajor-party switching among voters after a WARN event.In contrast, differential turnout among major-party leaners points toward acompositional response.3 The third column of Table 3, Panel B, restricts the sample tomajor-party leaners and uses as the outcome a dummy variable for officially validatedrespondent turnout; column four further restricts the sample to respondents who intendedto vote before the election. In both columns, we estimate an augmented version ofEquation (3) in which the pre- and post-treatment dummies and county controls and fixedeffects are also interacted with whether the respondent leans Republican. The reportedpoint estimates correspond to the pre- and post-interaction coefficients. The estimatesindicate that the post-WARN turnout response among Republican leaners is 4.2percentage points lower than among Democratic leaners overall and 5.1 points lower inthe sample of respondents who intended to vote.These changes in electoral mobilization do not appear to be explained by visits ofpresidential-ticket candidates to affected counties. Campaigns may target economically

3Leaners are respondents who identify as Democratic or Republican or are independents who lean towardone of the major parties.
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distressed areas with candidate travel, which could directly generate differential localmobilization and contribute to the turnout-composition response. Table 3, Panel C showshow vice-presidential and presidential candidate visits respond to WARN events using ourbaseline specification. We find no relative increase in Democratic versus Republicancampaign visits to WARN-treated counties, measured by either any visit (first column) orvisit counts (second column). These results weaken a simple candidate-travel explanation,although the visit data capture only one narrow form of campaign attention.Appendix D.3 provides details.Taken together, the evidence points to a turnout-composition response that is notexplained by population change, vote switching, or candidate visits. One interpretation isthat mass-layoff announcements heighten concern about future economic risk and therebyaffect participation incentives differently across partisan groups. More generally, politicalmessages can mobilize voters facing economic hardship (Aytaç et al., 2020). Economicinsecurity can increase demand for social insurance (Rehm et al., 2012; Margalit, 2013), apolicy domain traditionally dominated by the Democratic Party (Petrocik, 1996; Faricy,2015). Therefore, if a WARN announcement heightens concerns about economicprotection, it may reinforce existing partisan preferences among Democratic-leaningvoters and increase their incentive to participate.4 Among Republican-leaning voters, thesame concerns may conflict with partisan attachments, leading some to abstain ratherthan switch parties (Endres and Panagopoulos, 2019). Such a mechanism would beconsistent with the turnout-composition response documented above. Admittedly, we donot directly observe the salience of WARN events or the degree of resulting partisantension, so we view this as an interpretation consistent with the evidence rather than amechanism identified by our design.
4.2 Transfer payments after WARN events

We examine whether WARN events are followed by changes in economic supportthrough transfer payments to residents, and whether any changes appear to reflect theelectoral response. Prior work shows that participation and the composition of turnoutcan affect public spending and redistribution (Husted and Kenny, 1997; Fujiwara, 2015).In our setting, transfer payments may rise for at least two reasons. First, WARN eventsmay directly increase economic need, raising payments from programs such asunemployment insurance and food assistance. Second, if the electoral response changes
4Braakmann and Vermeulen (2023) find limited effects of mass-layoff announcements on individuals’expectations about their own economic situations. This finding does not necessarily rule out politicalresponses to mass-layoff announcements, however, because voting decisions need not be based only onindividual economic expectations (Riker and Ordeshook, 1968; Kinder and Kiewiet, 1981; Rosenstone andHansen, 1993).
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local political incentives or representation, it could affect the allocation of morediscretionary public resources. Therefore, we ask whether transfer payments increaseafter WARN events and whether these increases reflect automatic stabilizers or electoralresponses.Table 3, Panel D estimates the effects of WARN events on log real county-level transferpayments per capita. Payments rise after WARN events in the shock-responsive categories(first column), including unemployment insurance and the Supplemental NutritionAssistance Program, but not in more discretionary categories (second column), mainlyeducation and training assistance. Appendix D.4 examines whether the transfer-paymentresponse is associated with post-WARN electoral changes by comparing estimates withand without controls for those changes. This difference is negligible, suggesting thatelectoral outcomes play little role in transfer changes. Taken together, these findingssuggest that transfer payments respond to local distress, mostly through automaticstabilizers rather than through local policy changes associated with electoral responses.
5 Conclusion

This paper shows that mass-layoff announcements have electoral consequences. Weuse a newly assembled dataset of US establishment-level WARN notices. A matchedevent-study design shows that sizable WARN events increase the D-R vote-rate margin byreducing Republican votes and increasing Democratic votes. Our results suggest thatsizable WARN events can alter electoral participation in ways not captured by otherlabor-market variables and realized job destruction. Effects appear across political offices,are not driven by manufacturing decline, and are geographically localized.Additional evidence helps interpret these observed electoral responses. Surveyevidence suggests that the party-specific vote-rate effects are more consistent withchanges in turnout composition among voters with different pre-existing politicalpreferences than with vote switching across parties. A natural next step for future work isto distinguish more sharply why layoff announcements change turnout composition, byinvestigating the roles of private economic insecurity, partisan conflict, media attention,and campaign responses.
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Table 1: Treatment characteristics, electoral outcomes, matched support, and balance
Panel A. Sizable WARN event characteristics (matched events; all treated events in parentheses)Mean Median P25 P75
WARN layoffs in treated event 431(721) 206(222) 123(128) 418(483)
WARN layoffs as percent of labor force 1.811(1.799) 1.145(1.124) 0.811(0.804) 1.906(1.883)
Number of WARN notices in treated event 2.21(4.34) 1.00(1.00) 1.00(1.00) 2.00(2.00)
Months from WARN event to next election 11.5(11.4) 10.0(10.0) 7.0(7.0) 18.0(17.0)
Panel B. Electoral outcomes (for matched events) Mean Median P25 P75Turnout 50.2 50.8 42.7 58.3Democratic votes/CVAP 19.4 18.7 12.7 25.2Republican votes/CVAP 29.4 29.2 22.7 35.7Other votes/CVAP 1.4 0.9 0.1 1.7Incumbent-candidate share 56.0 56.8 44.3 67.5Pre-election office-holder-party share 54.1 54.6 42.3 66.1
Panel C. Matched analysis sample ValueTreated events 1,703Treated counties 1,300Treated states 36Matched comparisons 1,508Mean matched controls per treated event 3.46Share matched in exact state-year-month cell 96.9Share matched in fallback state-year cell 3.1County-office-election obs. in baseline estimation 122,698
Panel D. Balance on matching variables Treated Eligible Matched Absolutemean control mean control mean Difference std. diff.Turnout, last pre-event election 49.254 50.829 49.636 -0.382 0.032Republican vote share, last pre-event election 59.197 59.739 59.723 -0.526 0.041Republican vote share, second pre-event election 57.146 57.710 57.664 -0.518 0.040Labor force 38,421 51,579 37,220 1,200 0.013Unemployment rate 5.666 5.510 5.578 0.087 0.039Change in unemployment rate 0.508 0.387 0.439 0.070 0.029Prior WARN exposure 12-months before treatment 0.005 0.005 0.004 0.001 0.051Prior WARN exposure 13 to 24 months before treatment 0.004 0.005 0.004 0.000 0.019

Note: This table summarizes the treated events, electoral outcomes, matched comparisons, and variable balance in the baselineevent-study sample. Panel A reports characteristics of sizable WARN events, defined using the three-month rolling exposure measure inEquation (2), discussed in Section 2.1. ‘‘P25’’ and ‘‘P75’’ denote the 25th and 75th percentiles, respectively. Statistics for matchedevents are shown first; statistics for all treated events appear in parentheses. Panel B reports unweighted summary statistics forsuccessfully matched treated observations at the last election across all offices before the WARN event; the two accountability rows usetheir own available samples. Panel C reports matched-support statistics, with details about how we construct treated-controlcomparisons in Section 2.2. We select up to four controls for each treated event. Exact-cell matches align treated and control countiesby state, treatment election year, and treatment month; fallback-cell matches preserve state and treatment-year alignment whilerelaxing the exact treatment-month requirement. The 1,508 matched comparisons contain one treated county and 3.46 controls onaverage, or about 6,730 comparison-county units. Each comparison-county contributes roughly 18 office-election observations. Thus,6,730 × 18.1 ≈ 122,000 observations. Panel D reports balance on the variables used in the baseline nearest-neighbor matchingprocedure. We use the following variables: recent turnout, the two most recent Republican vote-share observations, log labor force(displayed here in levels), the unemployment rate, the change in the unemployment rate, and WARN exposure over the previous yearand the year before that, as discussed in Section 2.2. Republican vote share is defined as one hundred times the number of Republicanvotes divided by the number of Republican, Democratic, and other votes. Eligible controls are counties satisfying the control-samplerestrictions before nearest-neighbor selection. Matched controls are the up to four nearest-neighbor eligible controls that survivemaximum-difference limits on each matching variable between treated and potential controls. Matched-control means use theinverse-distance weights defined in Appendix B.2. Differences are treated means minus matched-control means. Absolute standardizeddifferences divide the absolute treated-minus-matched difference by the pooled standard deviation of the treated and matched-controlobservations. The turnout measures in Panels B and D differ slightly because Panel B uses all contests and Panel D prioritizespresidential, gubernatorial, Senate, and House elections when several offices are contested. Section 2.3 discusses the results in thetable in more detail.
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Table 2: Main results, heterogeneity, geographic scope, endogeneity, and robustness

Dependent variable −→
Democratic-RepublicanVotes/CVAP RepublicanVotes/CVAP DemocraticVotes/CVAP Othervotes/CVAP Turnout

Specification ↓ / Independent variable −→ Pre Post Pre Post Pre Post Pre Post Pre Post
Panel A: Main results(1) Baseline 0.041 0.501*** -0.032 -0.318*** 0.010 0.182** 0.001 0.000 -0.021 -0.136(0.133) (0.169) (0.079) (0.105) (0.080) (0.088) (0.028)(0.025) (0.083) (0.093)(2) Residualized WARN exposure -0.165 0.728*** 0.136*-0.451*** -0.029 0.277*** -0.027 0.006 0.080 -0.168*(0.140) (0.178) (0.080) (0.106) (0.084) (0.097) (0.027)(0.025) (0.083) (0.095)(3) Net of job destruction 0.103 0.464** -0.082 -0.282** 0.020 0.182* 0.011 0.006 -0.051 -0.094(0.143) (0.184) (0.087) (0.115) (0.086) (0.094) (0.031)(0.027) (0.090) (0.100)
Panel B: Election timing heterogeneity(4) τ = 0 -0.068 0.530*** 0.056 -0.336** -0.012 0.194* -0.018 -0.003 0.026 -0.145(0.161) (0.201) (0.101) (0.131) (0.098) (0.106) (0.034)(0.031) (0.109) (0.123)(5) τ = 1 0.172 0.446* -0.161 -0.277* 0.011 0.169 0.033 0.004 -0.117 -0.104(0.208) (0.251) (0.119) (0.147) (0.125) (0.134) (0.046)(0.041) (0.121) (0.123)
Panel C: Industry heterogeneity(6) Nonmanufacturing 0.013 0.475*** 0.037 -0.247** 0.050 0.228** -0.053* -0.001 0.033 -0.020(0.133) (0.156) (0.078) (0.097) (0.081) (0.089) (0.031)(0.030) (0.084) (0.096)
Panel D: Geographic scope and spillovers(7) Donut 0.025 0.489*** -0.016 -0.302*** 0.009 0.187** -0.013 -0.003 -0.020 -0.119(0.138) (0.172) (0.082) (0.108) (0.083) (0.090) (0.030)(0.026) (0.085) (0.096)
Panel E: Local deterioration & estimate validity(8) No controls -0.066 0.499*** 0.028 -0.344*** -0.039 0.155* 0.011 0.009 0.000 -0.180**(0.133) (0.163) (0.078) (0.100) (0.080) (0.087) (0.028)(0.024) (0.083) (0.091)(9) Richer controls -0.016 0.596*** -0.010 -0.349*** -0.026 0.247*** 0.002 0.007 -0.034 -0.096(0.132) (0.170) (0.079) (0.107) (0.080) (0.088) (0.028)(0.025) (0.083) (0.092)(10) Rematching trajectory -0.089 0.317* 0.059 -0.238** -0.030 0.079 0.002 0.004 0.030 -0.155*(0.149) (0.182) (0.084) (0.109) (0.085) (0.095) (0.023)(0.022) (0.076) (0.093)(11) Forecasted deterior. 0.011 0.524*** -0.020 -0.329*** -0.009 0.194** 0.001 0.001 -0.028 -0.134(0.133) (0.169) (0.079) (0.106) (0.080) (0.088) (0.028)(0.026) (0.082) (0.092)
Panel F: Robustness(12) 80th percentile -0.101 0.587*** 0.047 -0.367*** -0.053 0.220*** 0.000 0.035 -0.006 -0.112(0.125) (0.151) (0.071) (0.093) (0.075) (0.081) (0.028)(0.026) (0.073) (0.085)(13) 90th percentile 0.042 0.405** -0.073 -0.257** -0.031 0.147 0.039 0.032 -0.066 -0.078(0.145) (0.166) (0.088) (0.105) (0.085) (0.091) (0.032)(0.027) (0.091) (0.102)(14) 25-worker floor 0.051 0.489*** -0.046 -0.306*** 0.005 0.183** -0.007 -0.004 -0.048 -0.127(0.131) (0.166) (0.079) (0.103) (0.079) (0.087) (0.028)(0.025) (0.083) (0.092)(15) 75-worker floor 0.030 0.413** -0.014 -0.256** 0.016 0.157* 0.001 0.001 0.003 -0.098(0.136) (0.167) (0.080) (0.104) (0.082) (0.089) (0.028)(0.025) (0.083) (0.093)(16) 1-Month window -0.040 0.472*** 0.009 -0.310*** -0.031 0.162** -0.021 0.014 -0.042 -0.134(0.123) (0.148) (0.073) (0.092) (0.073) (0.080) (0.027)(0.024) (0.076) (0.084)(17) 6-Month window 0.037 0.604*** -0.008 -0.353*** 0.030 0.251*** 0.007 0.021 0.029 -0.081(0.144) (0.168) (0.084) (0.105) (0.086) (0.089) (0.028)(0.026) (0.086) (0.096)(18) Up to 10 controls -0.052 0.455*** 0.021 -0.277*** -0.031 0.177** -0.001 0.004 -0.011 -0.096(0.131) (0.163) (0.078) (0.102) (0.079) (0.085) (0.028)(0.025) (0.081) (0.091)(19) Comparison-index FE -0.027 0.484*** 0.007 -0.312*** -0.020 0.172** -0.005 0.003 -0.019 -0.137(0.120) (0.149) (0.072) (0.091) (0.074) (0.082) (0.027)(0.024) (0.080) (0.085)(20) ln(CVAP) weights 0.026 0.505*** -0.021 -0.327*** 0.004 0.178** -0.007 -0.003 -0.024 -0.152(0.132) (0.173) (0.079) (0.109) (0.080) (0.089) (0.028)(0.025) (0.083) (0.094)(21) Exclude 2020 treatments -0.053 0.499*** 0.023 -0.315*** -0.030 0.183* 0.002 0.018 -0.006 -0.114(0.150) (0.182) (0.087) (0.107) (0.090) (0.100) (0.032)(0.028) (0.093) (0.095)

Note: This table reports results from separate specification, sample, and diagnostic exercises. Each row of the table reports effects, inpercentage points, for five dependent variables: Democratic-Republican votes per CVAP, Republican votes per CVAP, Democratic votesper CVAP, other votes per CVAP, and turnout, as defined in Equation (1). For each of these dependent variables, columns labeled ‘‘Pre’’report effects on Dcg × 1{h ∈ {−3,−2,−1}}, and columns labeled ‘‘Post’’ report effects on Dcg × 1{h ∈ {1, 2, 3, 4}}, in which h isthe election index, as discussed in Section 2.4. The omitted election is h = 0, the last election before the sizable WARN event. Standarderrors, reported in parentheses, are two-way clustered by county and matched comparison group. Panel A is discussed in Section 2.4.Row 1 reports coefficients from the baseline specification, Equation (3). Row 2 reconstructs the treatment indicator and treated-controlcomparisons using residual WARN exposure. Row 3 allows the electoral path to vary with realized county job destruction in thesample with available job-destruction data. Panels B, C, and D are discussed in Section 3.3. Rows 4 and 5 show the results when wedivide treated events into those that occur within one year of the next election (τ = 0) or one to two years before it (τ = 1). Row 6restricts attention to nonmanufacturing WARN notices and reconstructs the treatment indicator and treated-control comparisons usingthose notices. Row 7 shows the results from a donut exercise that excludes potential control counties in the treated county’scommuting zone. Panel E reports a set of checks that vary how we account for local economic conditions, as discussed in Section 3.4.1.Rows 8 and 9 show the results when we omit controls or add richer local controls to the baseline specification. Rows 10 and 11 adjustfor longer pre-event economic, demographic, and sectoral histories. Panel F reports results across various specification, sample, anddesign choices, as discussed in Section 3.4.2. Rows 12 and 13 vary the thresholds for defining a sizable WARN event. Rows 14 and 15vary the minimum-worker floor. Rows 16 and 17 vary the rolling exposure window. Row 18 allows up to 10 controls. Row 19 replacesthe baseline event-index and state-by-office-by-year fixed effects with comparison-by-election-index-by-office fixed effects. Row 20reweights by the natural logarithm of CVAP. Row 21 excludes WARN events assigned to treatment election-year 2020. Except forRows 4, 5, and 18, the regressions use between 97,889 and 143,898 observations across specifications. Rows 4 and 5 use 71,508 and51,190 observations, respectively, while Row 18 uses 228,052. ∗, ∗∗, and ∗ ∗ ∗ denote significance at the 10, 5, and 1 percent levels.
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Table 3: Evidence on electoral mechanisms and policy outcomes
Panel A: Demographics and migration

Dependent variable −→
Democratic-RepublicanVotes/CVAP RepublicanVotes/CVAP DemocraticVotes/CVAP Othervotes/CVAP Turnout

Independent variable −→ Pre Post Pre Post Pre Post Pre Post Pre Post
0.041 0.461*** -0.028 -0.274*** 0.012 0.187** 0.004 0.011 -0.012 -0.076(0.131) (0.171) (0.079) (0.102) (0.079)(0.093) (0.028)(0.025) (0.083)(0.089)

Panel B: CES

Dependent variable −→
R intent andD vote D intent andR vote R--D validatedturnout gap

R--D val. turnoutgap among thoseintending to vote
Independent variable −→ Pre Post Pre Post Pre Post Pre Post

0.469 -0.220 -0.317 -0.342 -0.301 -4.150* 1.484 -5.110*(0.423) (0.410) (0.589) (0.550) (2.357)(2.324) (2.881)(2.942)
Panel C: Campaign visits

Dependent variable −→

Democratic minusRepublicanany visit
Democratic minusRepublicanvisit count

Independent variable −→ Pre Post Pre Post
0.104 0.344 -0.017 0.007(0.961) (0.864) (0.017) (0.012)

Panel D: Real local transfer payments per capita (natural logarithm)

Dependent variable −→
Shock-responsivesafety net

Active andadministrativelymediated support
Slow-movingcategoricalentitlements

Private andcommunitytransfers
Independent variable −→ Pre Post Pre Post Pre Post Pre Post

-0.001 0.005*** -0.003 0.000 0.001 0.001 -0.001 0.003*(0.001) (0.002) (0.004) (0.005) (0.001)(0.001) (0.001)(0.002)
Note: This table reports coefficients for four different sets of exercises. Panel A reports coefficients from estimating Equation (3) withpre- and post-coefficients and controls for county-level migration flows and demographic structure for five outcome variables:Democratic-Republican votes per CVAP, Republican votes per CVAP, Democratic votes per CVAP, other votes per CVAP, and turnout.Panel B uses CES individual-level voting data and estimates Equation (3) at the individual level. In the first (second) column, werestrict the sample to respondents who intended to vote Republican (Democratic) for the relevant office and later reported voting inthe election. The outcome equals one if the respondent reports voting Democratic (Republican). In the third column, we restrict thesample to major-party leaners and use as the outcome a dummy variable for officially validated respondent turnout. We estimate anaugmented version of Equation (3) in which the pre- and post-treatment dummies are also interacted with whether the respondentleans Republican. The reported point estimates correspond to the coefficients on these interactions. The fourth column uses the sameoutcome variable and specification as the third column but restricts the sample to respondents intending to vote. All four Panel Bspecifications include controls for respondent age, age squared, and sex. Panel C shows how vice-presidential and presidentialcandidate visits respond to WARN events using Equation (3). The first outcome is an indicator for any Democratic visit minus anindicator for any Republican visit. The second is the number of Democratic visits minus the number of Republican visits. Section 4.1discusses the results in Panels A, B, and C. Panel D reports the effects of WARN events on the natural logarithm of one plus real localtransfer payments per capita in 2022 dollars. The first column uses shock-responsive categories as the outcome, includingunemployment insurance, SNAP, the Earned Income Tax Credit, and other income-maintenance and public-assistance benefits. Thesecond column uses active and administratively mediated support as the outcome, including education and training assistance andother government transfers to individuals. The third column uses slow-moving categorical entitlements as the outcome, includingSocial Security, retirement and disability, Medicare, Supplemental Security Income, and veterans’ benefits. The fourth column usesprivate and community transfers as the outcome, including transfers from businesses to individuals and transfers to nonprofitinstitutions. Panels A and B use the chronological index: Pre combines {h ∈ {−3,−2,−1}}, Post combines {h ∈ {1, 2, 3, 4}}, and
h = 0 is omitted. Panel C uses the presidential target-office index: Pre combines {h ∈ {−2,−1}}, Post combines {h ∈ {1, 2, 3}}, and
h = 0 is omitted. Panel D uses annual event time: Pre combines {k ∈ {−3,−2}}, Post combines {k ∈ {0, 1, 2, 3}}, and k = −1 isomitted. Standard errors, reported in parentheses, are two-way clustered by county and matched comparison group. Panel A uses114,969 observations. Panel B uses 368,146, 314,945, 1,049,470, and 721,123 observations across its four outcomes. Panel C uses27,121 observations, and Panel D uses 41,651 observations. Section 4.2 discusses the results in Panel D. ∗, ∗∗, and ∗ ∗ ∗ denotesignificance at the 10, 5, and 1 percent levels.
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Fig. 1: Effects of WARN events on the Democratic-Republican vote-rate margin, party-specific vote rates, and turnout
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Panel B. Republican votes/CVAP
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Panel C. Democratic votes/CVAP
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Note: This figure reports event-study estimates for four electoral outcomes using Equation (3) in Section 2.4:Democratic-Republican votes per CVAP (Panel A), Republican votes per CVAP (Panel B), Democratic votesper CVAP (Panel C), and turnout (Panel D). All outcomes are measured in percentage points. The electionindex on the x-axis follows the chronological design discussed in Section 2.4. That is, h = 0 denotes the lastelection before the WARN event, h = 1 denotes the first election after the WARN event, and so on. Theomitted election index is h = 0. This design is office-agnostic, and so election outcomes are compared toearlier election outcomes without requiring the office to be the same. We retain post-event indexes through
h = 4, corresponding to a horizon of up to eight years. The results use data from four election types:presidential, gubernatorial, US House and US Senate elections. The text in each panel reports thepost-coefficient estimate from a specification that includes only one post-event coefficient on
Dcg × 1{h ∈ {1, 2, 3, 4}} (standard errors in parentheses), in which Dcg equals one for the treated county incomparison group g and zero for its matched controls. That specification also includes only one pre-eventcoefficient on Dcg × 1{h ∈ {−3,−2,−1}}. The regressions use 122,698 observations. Dashed gray linesrepresent 95 percent confidence intervals based on standard errors two-way clustered by county andmatched comparison group. Section 3.1 describes the results.
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Fig. 2: Effects of WARN events by election type
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Note: This figure reports event-study estimates by election type for four electoral outcomes usingEquation (3) in Section 2.4: Democratic-Republican votes per CVAP (Panel A), Republican votes per CVAP(Panel B), Democratic votes per CVAP (Panel C), and turnout (Panel D). All outcomes are measured inpercentage points. The election types include presidential, gubernatorial, US House, and US Senateelections. The election index on the x axis follows the office-specific design discussed in Section 2.4. Thisdesign defines the h election index relative to the specific office contests. That is, h = 0 denotes the lastelection of a particular office before the sizable WARN event, h = 1 denotes the first election of the sameoffice after the event, and so on. The omitted election index is h = 0, denoted by the vertical black line. Weretain post-event indexes through h = 3, corresponding to a horizon of up to 12 years. The regressions usebetween 30,864 and 37,833 observations across offices and outcomes. Vertical whisker lines represent 95percent confidence intervals based on standard errors two-way clustered by county and matchedcomparison group. Section 3.2 describes the results.
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A Data appendix

A.1 WARN Act details and data construction and coverageThe federal WARN Act was passed on August 4, 1988, and became effective onFebruary 4, 1989. The act seeks to provide workers with sufficient time to begin new jobsearches or to obtain necessary training. The act requires employers with 100 or moreemployees to provide their workers with at least 60 days’ written notice prior to layoff.WARN notification is triggered by large, permanent reductions in the labor force atindividual employment sites, defined in two ways. First, a ‘‘plant closing’’ is when anemployment site is shut down and 50 or more full-time workers lose their jobs. Second, a‘‘mass layoff’’ happens when, during a 30-day period, employment loss affects 500 ormore full-time workers at a given site, or 50 to 499 full-time workers if they make up atleast one-third of the workforce at that site. The act also applies when an employerannounces that a temporary layoff (less than 6 months) becomes a permanent one. Theact requires notices to include the name and address of the affected employment site, theexpected date of the first separation, and the anticipated number of affected employees.There are exceptions to issuing 60 days’ notice. And some states and localities havepassed legislation that expands the federal WARN Act so that covered employers andmass-layoff events may vary across geographies. See US Department of Labor (2026) andstate legislation for more details.We collect establishment-level WARN notices from state employment offices throughtheir websites and by contacting state officials. We often extend publicly available WARNdata by using digital archives of the internet and documents from state officials. Theresulting panel is unbalanced across states because of data availability. See Krolikowskiand Lunsford (2024, Appendix A.2) for more details about the data collection process.Our WARN data begin as early as 1990 and extend through the end of 2025. Michiganis the first state to enter our sample in January 1990, and by November 1996, we have 5states; by November 2006, we have 26 states; and by November 2016, we have 37 states.Table A1 presents the list of states in our WARN data and some summary statistics aboutWARN layoffs in these states.We map addresses from establishment-level notices to counties. As mentioned inSection 1.1, each WARN notice typically includes the name and address of the employer,
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the date the notice was filed, the anticipated layoff date, and the estimated number ofaffected workers. We clean all employer addresses using a combination of Bing searchesand manual cleaning. We use a Census geocoder to map street addresses to counties (USCensus Bureau, 2026). Some notices include an associated city or ZIP code, but no streetaddress. For these notices, we use a crosswalk to map cities and ZIP codes to counties (USDepartment of Housing and Urban Development, 2026). If a city or ZIP code maps tomore than one county, we use county-specific business and address counts for that city orZIP code to select a unique county.
A.2 Election returns, office calendar, party harmonization, CVAP, and candidate

linksWe construct a county-office-year election panel from US Elections Atlas returns forpresidential, gubernatorial, US House, and US Senate elections from 1996 through 2024.We align the returns to an election calendar that records office, election year, Senate class,and House district. We retain regular general elections held from November 1 throughNovember 8 and exclude special and recall elections. These restrictions remove 35 of7,436 calendar events, or 0.47 percent; another 32 events, or 0.43 percent, lack usablecounty-level returns or positive CVAP, leaving 7,369 events represented in the countypanel.Table A2 reports election events and geographic and CVAP coverage by year and office.The sample includes eight presidential elections, 490 Senate elections, 361 gubernatorialelections, and 6,510 House district elections. The state and county columns report thegeographic coverage of each office-year cell. The CVAP column displays the total uniquecitizen voting-age population called to vote in that type of election in a given year.From the raw election data, we harmonize the two inputs used to construct the mainoutcomes: party vote totals and county CVAP. For party vote, presidential files identifyDemocratic and Republican votes directly. For Senate, House, and gubernatorial elections,we classify vote columns using candidate or party labels: Democratic, DFL, Farmer-Labor,and analogous labels count as Democratic votes; Republican, GOP, and analogous labelscount as Republican votes; and independent candidates, write-ins, state-specific parties,and residual categories count as other-candidate votes.We construct annual county CVAP from the 1990 and 2000 Censuses and annualfive-year ACS estimates beginning in 2009. Between official observations, we interpolatethe county CVAP-to-voting-age-population ratio and apply it to annual intercensalestimates of the adult population. For November elections, we assign the populationestimate from the concurrent calendar year.After merging CVAP into the election panel, turnout equals total votes divided byCVAP, multiplied by 100. Democratic, Republican, and other-candidate vote rates useeach party group’s votes in the numerator and therefore sum to turnout, as discussed inSection 1.2. Within each election year, we trim the top and bottom 0.25 percent ofturnout and apply the resulting common sample to all electoral variables.While House elections are determined at the congressional district level, our rawelection-outcome data provide only aggregate party votes across the House contestsrepresented within a county. That is, in our data, we observe one county-House-yearoutcome for turnout and each party-specific vote rate. Table A2 counts the underlyingdistrict contests, while its states, counties, and CVAP columns describe the county-level
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House outcomes. This aggregation preserves county-level participation measures butlimits the cases in which an individual House incumbent can be linked unambiguously tothe outcome.For the accountability outcomes, we separately identify incumbent candidates and theparty holding each office before the election. Incumbent-candidate information forpresidential, Senate, and House elections comes from Federal Election Commissionrecords; gubernatorial information comes from a manually assembled set of candidateand incumbent records. We harmonize party identifiers to Democratic and Republicancategories and construct an incumbent-candidate vote share when a major-partyincumbent is running.1The pre-election office-holder-party outcome is defined whether or not the officeholder is running. For presidential elections, we use the sitting president’s party. Forgubernatorial and Senate elections, we infer the party from earlier election results,supplemented by the incumbent candidate’s party when prior-election history isunavailable. We then measure the vote share received by the pre-election office-holder’sparty.For House elections, we assign an incumbent candidate or pre-election office-holderparty only when every regular House contest in the state-year has a resolved Democraticor Republican incumbent and all incumbents belong to the same party; otherwise, theidentifiers remain undefined.Table A3 reports identifier availability among county-office-year observations. Oncewe observe an incumbent candidate, the candidate’s Democratic or Republican affiliationis available for every office. We observe incumbent candidates in 50.0 percent ofpresidential observations, reflecting that the sitting president runs in four of the eightelections in the sample, 58.1 percent of gubernatorial observations, and 86.5 percent ofSenate observations. The pre-election office-holder party is available more broadly: for allpresidential observations, 94.1 percent of gubernatorial observations, and 96.8 percent ofSenate observations. This variable is more widely available than the incumbent candidateidentifier because the party holding office remains defined in open-seat elections. Houseidentifiers are available for 14.4 percent of observations because we require anunambiguous assignment when county returns aggregate votes across congressionaldistricts, rather than because Democratic or Republican vote totals are missing.
A.3 Auxiliary data and controlsWe supplement the WARN and election data with county-level measures oflabor-market conditions, income, population composition, migration, and COVIDexposure. The Bureau of Labor Statistics Local Area Unemployment Statistics providemonthly county labor force, employment, unemployment, and unemployment rates from1994 through 2024. We use labor force to scale WARN-affected workers; pre-eventlabor-force size, unemployment, and changes in unemployment enter the matchingprocedure. The Bureau of Economic Analysis Regional Economic Accounts provide annualcounty per capita personal income.

1We restrict our sample of incumbents to Republican and Democratic incumbents due to data limitations.This is not a stringent restriction. In more than 95 percent of the elections in our sample, the partyreceiving the most votes is either Republican or Democratic.
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The baseline controls include the county unemployment rate, labor-force size, percapita personal income, and cumulative COVID cases per 1,000 residents. Labor-marketconditions are measured in the election month. County COVID data come from Killeenet al. (2020), with cumulative cases measured through October 31 of the election yearand set to zero before 2020.Specifications with richer controls and matching on a broader set of countycharacteristics draw on additional annual data. The Quarterly Census of Employment andWages provides county covered employment, employment by sector, average weeklywages, and establishment counts. These data yield manufacturing and goods-producingemployment shares, average weekly wages, and average establishment size, while Censusland area and BEA resident population are used to construct population density.The Census Bureau’s Quarterly Workforce Indicators (QWI) provide quarterlycounty-level measures of employment flows and firm job destruction. We use these datato examine whether WARN events are followed by realized local job destruction. Becausethese data cover all private-sector firms in the county, they do not isolate losses atestablishments named in WARN notices.Annual demographic and migration data allow us to examine changes in countypopulation composition. SEER and Census estimates provide population counts by ageand race or ethnicity, from which we construct the shares age 65 or older, age 25 to 54,and nonwhite or Hispanic. Census and ACS data provide voting-age population and theratio of CVAP to voting-age population. Internal Revenue Service Statistics of Income filesreport county inflows and outflows, from which we construct net and gross migrationrates relative to prior population.To study mechanisms, we use the Cooperative Election Study, a large national surveyof political attitudes and voting behavior conducted around federal elections. Itscumulative common-content files from 2006 through 2024 provide respondent county,survey weights, demographics, party identification, pre-election vote intent, reported votechoice, and validated turnout, allowing us to distinguish changes in electoral compositionfrom vote switching. The Campaign Visits Database (Devine, 2020) records presidentialand vice-presidential candidate appearances by county and date from 2008 through 2024.County transfer payments through 2022 come from the Bureau of Economic AnalysisRegional Economic Accounts, where they are reported as personal current transferreceipts. We group the detailed components into shock-responsive safety-net transfers,including unemployment insurance, SNAP, the Earned Income Tax Credit, and otherincome-maintenance programs; education, training, and other actively administeredassistance; slower-moving entitlement transfers, including retirement, disability,Medicare, veterans, and Social Security programs; and transfers to nonprofit institutionsand transfers to individuals from businesses.Finally, we classify WARN notices as manufacturing or nonmanufacturing usingstate-reported industry codes when available and manual and AI-assisted assignmentsbased on the employer and information in the notice.
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B Empirical strategy appendix

B.1 Treatment definition and election-year windowsSection 2.1 defines sizable WARN events using the number of workers covered byWARN notices over three consecutive months, scaled by the county labor force. Weconstruct this measure only when WARN and labor-force data are observed in all threemonths. A county-month qualifies when the resulting exposure is at or above the 85thpercentile of positive three-month exposure windows, and the notices cover at least 50workers. In the baseline sample, the percentile cutoff corresponds to approximately 0.6percent of the county labor force. The percentile cutoff selects events that are largerelative to the local labor market, while the worker floor ensures they are also meaningfulin absolute terms.For an election in year y, the corresponding election-year window runs fromNovember of year y − 1 through October of year y. A qualifying event during this windowis assigned to the regular November election that follows. If a county crosses thethreshold in more than one month within the same election-year window, we treat thesecrossings as a single event dated by the first qualifying month.To distinguish new shocks from ongoing large layoff activity, we require the fourpreceding election-year windows to be observed and contain no other qualifying event.Counties may still experience smaller WARN announcements during the lookback period;conditional on complete coverage, only an earlier event that also meets the treatmentthreshold makes the county ineligible.Treatment is therefore defined at the county-event level rather than as a permanentcounty status. The same county can enter the treatment sample again after fourconsecutive, fully observed election-year windows without another qualifying event.Figure A1 summarizes the construction: the three-month window measures the size of theevent, the first threshold-crossing month dates the event, and the November-Octoberwindow links it to the election that follows. The June treatment month in the figure isillustrative; a treatment event can occur in any month from November through October ofthe following calendar year.
B.2 Control eligibility, matching cells, calipers, and weightsThe matched design compares each treated county-event with counties observed in thesame calendar and electoral setting and with similar political and economic conditionsbefore the WARN event. Potential controls may experience smaller WARNannouncements, but they cannot experience a sizable event over the comparison window.Conceptually, the comparison is therefore between a sizable local layoff event and theabsence of a similarly sizable event, rather than between any WARN activity and none. Inpractice, however, average control-group WARN exposure remains near zero throughoutthe event window, while treated-county exposure falls close to that level after thequalifying month, as Figure A2 shows.For a treated event in election year y, a potential control must have complete WARNcoverage and no qualifying event in the treatment election-year window, the fourpreceding election-year windows, and four following election-year windows. For eventsnear the end of the sample, the four following election-year windows may not be available.In those cases, the forward restriction applies only to every subsequent window observed
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through 2024. The backward restriction rules out controls whose pre-event histories mayalready reflect another sizable WARN event, while the forward restriction keeps controlsfrom receiving the same treatment during the four following election-year windows.We first search for controls in the same state, the same treatment election year, andthe same treatment month. These cells compare counties facing the same broad politicalenvironment and observed at the same point in the election cycle and national economy.If no county in this exact cell survives all of the matching restrictions, we broaden thesearch within the same state and treatment election year. The fallback preserves theoffice used to define the pre-event political history but relaxes exact treatment-monthalignment. It is used only when the exact cell produces no acceptable control. Only 3percent of matched treated events rely on this fallback.We compare counties on prior turnout, two prior Republican vote shares, loglabor-force size, unemployment, the change in unemployment, and two measures of priorWARN exposure. The political history is anchored in the November election immediatelypreceding treatment. If several offices are contested on that date, we use a commonordering (presidential, gubernatorial, Senate, and House) so that every county in the cellis evaluated relative to the same election. Prior turnout and the first Republican-sharemeasure come from that election; the second Republican-share measure comes from thepreceding election for the selected office.The economic measures summarize conditions before treatment. We calculate loglabor-force size as the natural logarithm of the average monthly labor force over thepreceding 12 months and average the unemployment rate over the same period. Theunemployment change compares the month immediately before treatment with the samemonth one year earlier. We measure WARN history over two successive 12-month periodspreceding the three-month treatment window. The more recent measure captures WARNactivity immediately before treatment, while the earlier measure helps rule out countieswith persistently different histories of announced layoffs.We standardize these variables in the pool of match-ready treated events and eligiblecontrols. We then impose calipers requiring treated and control counties to be within onestandard deviation on the political and labor-market measures and within 1.5 standarddeviations on each WARN-history measure. Among the counties that satisfy theserestrictions, we rank controls by their standardized Euclidean distance in prior turnout,the two Republican-share measures, log labor-force size, unemployment, theunemployment change, and recent WARN exposure. The earlier WARN-history measure isused only to rule out poor matches; it does not affect the ranking of the remainingcontrols.We retain up to four of the closest controls and use all that remain when fewer thanfour satisfy the restrictions. Controls that more closely resemble the treated countyreceive greater weight. If dsj denotes the distance between treated event s and control j,the control receives weight

wsj =
(1 + dsj)

−1∑
ℓ∈Cs(1 + dsℓ)−1

,

in which Cs is the set of controls selected for event s. The control weights sum to onewithin each comparison, and the treated county receives a weight of one. Each treatedevent and its weighted controls then form one comparison in the stacked event study.
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B.3 Treatment characteristics, matched support, and balance

B.3.1 Treated-event characteristics and matched supportPanel A of Table 1 describes the WARN events represented in the matched sample.The median event covers 206 workers over the qualifying three-month window,equivalent to 1.1 percent of the county labor force. The distribution also includessubstantially larger local shocks: at the 90th percentile, an event covers 864 workers and3.4 percent of the local labor force. The median event occurs 10 months before the nextelection. These statistics show that the treatment captures economically meaningfulannouncements while spanning considerable variation in both their absolute size andtheir importance relative to the local labor market.Figure A3 reports the calendar year of the first qualifying month for each matchedevent. The first matched events occur in 2000, once the design can establish the requiredfour-year clean history, and the sample extends through 2024. Events occur every yearover this period rather than being concentrated in a single election cycle. Their frequencynonetheless varies over time, with increases in 2008–09 and especially in 2020,coinciding with the 2008–2009 recession and the COVID-19 pandemic. Together,however, these periods account for only 29.3 percent of matched events. The design,therefore, draws on WARN events observed across a wide range of national economicconditions and electoral environments.Panel C of Table 1 summarizes support for constructing the matched comparisons. Thematching procedure is applied to 1,703 treated events with the pre-event informationneeded to impose the matching and caliper restrictions. Of these, 1,508 obtain at leastone acceptable control, for a matched share of 88.5 percent. Matched treatment eventshave, on average, 3.46 controls.The 1,508 matched events form the event-level sample for the chronological design.Linking these events to the election calendar yields office-specific outcomes at theobserved election dates around treatment. Appendix B.4 defines this election orderingand reports the resulting support by office and event-time index.Overall, the matching procedure retains the large majority of treated events with therequired pre-event information. The resulting estimates describe sizable WARN events forwhich the data contain at least one comparable same-state county.
B.3.2 Balance and common-support diagnosticsPanel D of Table 1 reports the balance in the political, labor-market, and WARNhistories used to construct or assess the matched comparisons. The before-matchingstatistics compare treated events with the broader pool of eligible clean controls, whilethe after-matching statistics compare treated events with the controls selected for eachevent using the inverse-distance weights described in Appendix B.2. We report absolutestandardized mean differences, which express each treated-control difference in pooledstandard-deviation units.Before matching, the largest differences are in labor-market size, prior Republicanvoting, changes in unemployment, and prior WARN exposure. Matching substantiallyreduces each of these differences. The standardized difference in log labor force falls from0.362 to 0.014, the difference in prior Republican vote share from 0.239 to 0.041, andthe difference in the unemployment-rate change from 0.194 to 0.029. The standardized
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differences in the two prior WARN measures fall from 0.224 and 0.178 to 0.051 and0.019, respectively. After matching, every displayed standardized difference is 0.051 orsmaller. These results show that the selected controls closely resemble treated counties inthe observed pre-event characteristics most relevant to the comparison.Table A4 shows how the matching restrictions narrow the pool of potential controls.Among events matched within the exact state-year-month cell, an average of 62.4 distinctcontrol counties are available before the calipers, 47.6 remain after the prior-WARNrestrictions, and 17.6 remain after all calipers; the corresponding medians are 52, 40, and13. Thus, although the calipers remove many potential controls, the typical exact-cellcomparison retains a sizable set of acceptable counties from which to select up to four.Support is thinner among events requiring the fallback: on average, only 1.6 controlsremain after all calipers, with a median of 1.The final weights are generally dispersed across the selected controls in exact-cellcomparisons. The median largest control weight is 0.277, close to the 0.25 weight thateach county would receive if four controls were weighted equally. The effective numberof controls, which equals four when four controls receive equal weight and one when asingle control receives all the weight, averages 3.51 for exact-cell matches. One countyreceives more than half of the control weight in 16.4 percent of these comparisons.Fallback comparisons are more concentrated: their median largest weight is one, andtheir mean effective number of controls is 1.19. Across all matched events, the effectivenumber of controls averages 3.43, although one county accounts for more than half theweight in 19.0 percent of comparisons. Most matched counterfactuals therefore combineinformation from several counties, while a minority rely heavily on a single control.One hundred and ninety-five treated events fall outside the design’s common support:no sufficiently comparable control can be found, so they are not included in the matchedestimation sample. For 61 events, no potential control satisfies the restrictions on priorWARN history; for the other 134, no potential control satisfies the remaining political andlabor-market calipers. These events are therefore excluded because the data do notcontain a sufficiently comparable same-state county, rather than because their electionoutcomes are unavailable.Table A5 compares the treated events represented in the matched sample with thoseoutside common support. Unmatched events occur in substantially larger labor markets(the mean county’s labor force for unmatched events is over three times that for matchedevents) and involve much larger announcements in absolute terms: they cover 2,958workers on average, compared with 431 among matched events. Their size relative to thelocal labor force is much more similar, averaging 1.7 percent for unmatched events and1.8 percent for matched events. Unmatched events also occur in counties with more priorWARN activity and different pre-event political and labor-market characteristics.Therefore, the common-support restriction primarily excludes unusually large absoluteshocks in larger and more WARN-intensive labor markets, rather than events that areunusually large relative to the local economy. The matched estimates describe the largemajority of treated events for which the data contain at least one credible same-statecomparison.
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B.4 Event-time ordering and the office-specific designBecause presidential, gubernatorial, House, and Senate elections follow differentschedules, any pooled design must decide how to place elections from different officecycles on a common event-time scale. Our main design orders elections chronologically.This ordering follows elections in the sequence in which counties face them, treats officescontested on the same date as part of the same electoral moment, and allows the pooledestimates to trace responses across successive election dates without privileging the cycleof a particular office. Because other pooled orderings are also reasonable, Appendix C.1.1describes and reports the main results under an alternative target-office design.For the chronological design, we order all included presidential, gubernatorial, House,and Senate election dates within each state. We define hC = 0 as the last includedelection date before the WARN event and hC = 1 as the first included election dateafterward. Earlier and later election dates receive indexes relative to these two elections,and the analysis retains hC = −3, . . . , 4. A one-unit change in hC , therefore, represents thenext included election date rather than a fixed number of calendar years.When several offices are contested on the same date, they receive the samechronological index but remain separate county-office outcomes. For example, ifpresidential, House, and Senate elections occur on the first election date after a WARNevent, the event contributes a separate outcome for each office at hC = 1. The sequence isdefined from the common state election calendar, so a missing county outcome for oneoffice or year does not change the indexes assigned to later elections. Panel A of FigureA4 illustrates this chronological ordering.Table A6 reports the number of matched events contributing the four main outcomesfor each office and chronological election index. Each cell counts distinct treated eventswith a usable outcome for that office at that index. The cells are not mutually exclusive:an event can appear in several office rows when multiple offices are contested on thesame date and can contribute to several indexes as later elections occur.Because hC orders election dates across offices rather than repeated elections for onefixed office, office-specific support need not decline steadily across columns. For example,presidential support is greater at hC = −3 than at hC = 0 because many events have apresidential election three chronological election dates before treatment, even when theimmediately preceding election date contains only other offices. The same calendarstructure explains why support can rise or fall between adjacent indexes. Nevertheless, allfour offices remain well represented throughout the event window. At hC = 4, the samplestill includes 526 events with presidential outcomes, 401 with gubernatorial outcomes,930 with House outcomes, and 600 with Senate outcomes.To examine whether the pooled response differs across election types, we alsoreorganize event-time separately within each office. For office o, we define ho = 0 as thelast election of that office before the WARN event and ho = 1 as the first election of thesame office afterward. Earlier and later values follow the sequence of elections for thatoffice. A House election occurring between two Senate elections therefore changes thechronological index but not the Senate-specific index. Panel B of Figure A4 illustrates thisdistinction.The office-specific design changes the ordering of elections rather than the underlyingtreatment definition. The same universe of qualifying WARN events remains eligible for



10
each office-specific analysis, and no election is discarded merely because another office iscontested sooner. Instead, presidential elections are assigned positions within thepresidential sequence, gubernatorial elections within the gubernatorial sequence, andlikewise for House and Senate elections. The office-specific comparisons are matchedseparately, so their exact samples can differ when the required election history oroutcome is unavailable.Table A7 reports support across these office-specific indexes. At ho = 0 and ho = 1, thefour office-specific samples contain between 1,341 and 1,444 treated comparisons.Support declines at more distant indexes as earlier and later elections fall outside theavailable sample period, but it remains substantial: at ho = 3, the samples contain 819presidential, 692 gubernatorial, 1,241 House, and 889 Senate comparisons. The Houseretains the greatest support because House elections occur every two years, whereasreaching the same office-specific index for the other offices requires a longer span ofcalendar time.We estimate a separate event-study path for each office using these office-specificindexes. Presidential elections are therefore compared with earlier and later presidentialelections, gubernatorial elections with gubernatorial elections, and likewise for House andSenate races. This construction isolates heterogeneity across election types whilepreserving the treatment definition, matched-comparison logic, outcomes, controls, andfixed effects used in the main design.
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C Main results appendix

C.1 Alternative matched design, party control, residualized WARN exposure, and
job destruction

C.1.1 Pooled target-office event-time designThe chronological design orders elections in the sequence in which counties face them.This is a natural way to study the response at successive election dates, but the officeobserved at hC = 0 need not be the same as the office observed at a later chronologicalindex. The pooled chronological coefficients therefore average treated-control changesacross the different pre- and post-WARN office combinations generated by each state’selection calendar. Although this design answers the natural question of what happens atthe next elections a county faces, it is not the only reasonable way to pool outcomesacross offices. We therefore estimate an alternative target-office design in which everypre- and post-WARN comparison is made within the same office before the office-specificcomparisons are stacked.The two designs involve a trade-off. Chronological ordering follows the actualsequence of electoral opportunities and does not privilege the cycle of a particular office,but its pooled path can reflect changes in the mix of offices represented at each index.Target-office ordering holds the office fixed within each comparison, making the pre- andpost-WARN elections more directly comparable. Its event indexes, however, spandifferent amounts of calendar time across offices, and the separately matched officesamples become thinner at distant horizons. We therefore use chronological ordering asthe baseline and the target-office design to assess whether the results depend on thechanging office composition of the chronological sequence.For each treated event and office, we define hO = 0 as the last election of that officebefore the WARN event and hO = 1 as the first election of the same office afterward.Earlier and later elections are indexed within the same office, and the analysis retains
hO = −2, . . . , 3. Elections for other offices that occur between two target-office electionsdo not change this index. A one-unit change in hO, therefore, represents one additionalelection of the same office rather than the next election date of any office or a fixednumber of calendar years.Figure A5 illustrates the construction. Each row follows one office’s election sequence,with hO = 0 marking its last pre-WARN election and hO = 1 its first post-WARN election.We emphasize that the target-office sample is not obtained by simply assigning newindexes to the chronological matched sample. We repeat the matching procedureseparately for each office using the treatment definition, matching variables, calipers,number of controls, and inverse-distance weighting rule described in Appendix B.2.Because each office has its own next-election timing, the matching cells and eligiblecontrol pools are defined separately across presidential, gubernatorial, House, and Senatecomparisons and may differ because the matching election variables vary across offices.We then stack the separately matched office comparisons at each commontarget-office index. The pooled coefficient at hO = 1, for example, combines the firstpost-WARN presidential, gubernatorial, House, and Senate elections from their respectivematched comparisons. The outcomes, regression controls, and fixed-effect structureotherwise remain the same as in the chronological design.Figure A6 reports the target-office event-study estimates, while Table A8 compares the



12
pooled pre- and post-WARN estimates under the two event-time orderings. For eachordering, we re-estimate the baseline specification after replacing the horizon-specifictreatment interactions with one Pre interaction and one Post interaction. In thechronological design, Pre combines hC = −3,−2,−1 and Post combines hC = 1, . . . , 4; inthe target-office design, Pre combines hO = −2,−1 and Post combines hO = 1, 2, 3.The pre-WARN coefficients remain close to zero in the target-office design. Thetarget-office pooled Post estimates are 0.446 percentage points for theDemocratic-Republican margin, -0.314 points for Republican voting, 0.132 points forDemocratic voting, -0.005 points for other-candidate voting, and -0.188 points forturnout. The corresponding chronological estimates are 0.501, -0.318, 0.182, 0.000, and-0.136 percentage points. Target-office ordering therefore produces a somewhat larger netturnout decline and a smaller Democratic offset, while leaving the Republican vote-ratedecline and the absence of an other-candidate response nearly unchanged. Because thepooled coefficients cover hC = 1, . . . , 4 in the chronological design and hO = 1, . . . , 3 inthe target-office design, these magnitudes are best viewed as design-specific summariesrather than estimates over identical calendar horizons.The target-office point estimates generally become larger in absolute value at latersame-office elections. These indexes cover longer periods of calendar time than thecorresponding chronological indexes, especially for presidential, gubernatorial, andSenate elections. Among comparisons contributing the main outcomes, the averageelapsed time from the WARN month to hC = 1, 2, 3, and 4 is 12 months, 34 months (2.8years), 57 months (4.8 years), and 80 months (6.7 years), respectively, compared with 20months (1.7 years), 56 months (4.7 years), and 93 months (7.8 years) to hO = 1, 2, and 3.Support also becomes thinner at later target-office indexes because more recent treatmentcohorts do not yet have sufficiently distant same-office elections in the available data.The larger estimates at those indexes should therefore be interpreted alongside theirlonger calendar horizons and should not be compared mechanically with chronologicalcoefficients carrying the same numerical index.
C.1.2 WARN events and electoral winnersThe main results show that sizable WARN events reduce Republican votes per CVAPand increase Democratic votes per CVAP, but they do not establish whether those changesare large enough to alter which party wins an election. We examine that question usingthree complementary exercises. The county exercise remains closest to the paper’smatched design but measures which party leads within the county rather than whichparty wins the office. The House and state exercises measure actual office winners, butuse more selected or aggregated samples and different empirical designs. We thereforeview the exercises as complementary evidence on party control, not as estimates of acommon parameter.
C.1.2.1 The Democratic county two-party-lead indicatorThe county exercise replaces the paper’s vote-rate outcomes with an indicator equal toone when Democratic votes exceed Republican votes within the county and zero whenRepublican votes exceed Democratic votes. We exclude exact ties and require positivevotes for both parties. The indicator records the local Democratic-Republican lead; it doesnot identify the winner of a statewide or district-level office. For House elections, it
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aggregates the Democratic and Republican votes from the contests represented within thecounty, as in the main analysis.The unrestricted specification retains the paper’s matched comparisons, controls, fixedeffects, weights, and two-way clustering. We estimate the chronological and target-officedesigns, with the pooled Pre and Post coefficients measured relative to the omittedelection at h = 0. We also examine elections preceded by a close contest. The relevantgeography is the state for presidential, gubernatorial, and Senate elections and thecongressional district for House elections. The close-contest samples require the precedingDemocratic-Republican margin at that geography to lie within 10 or 5 percentage points.In the target-office design, this is the last same-office election; in the chronological design,it is the lag election at h = 0 that supplies the matching covariates. The most restrictivesamples also require the county’s own preceding margin to lie within the same bandwidth.House observations must map unambiguously to one district, and state-year cells withmultiple Senate contests are excluded because the relevant race cannot be identifieduniquely.Table A9 reports the pooled results. Panel A presents the chronological design andPanel B the target-office design. Column (1) retains the paper’s matched sample. Columns(2) and (4)-(6) impose the close-race restrictions before applying the paper’s matchingprocedure, while column (3) applies the 10-point contest screen to the existing matchesand renormalizes the retained control weights.Figure A7 reports the unrestricted event-study paths. The pre-event estimates are smalland statistically insignificant in both designs. The post-event point estimates are positiveat every horizon, but none is statistically significant at the 5 percent level. Pooling thesehorizons in column (1) of Table A9, the probability that Democrats outpoll Republicanswithin the county rises by 0.800 percentage points in the chronological design, with astandard error of 0.686, and by 0.716 points in the target-office design, with a standarderror of 0.603. The corresponding Pre estimates are -0.234 and -0.008 points.Columns (2)-(6) provide no stronger evidence in previously close elections. Under the10-point contest screen, the chronological Post estimate is 1.067 points after rematchingand 1.066 after pruning; the target-office estimates are 0.076 and 0.179 points.Narrowing the rematched bandwidth to 5 points raises the chronological estimate to2.285 points but leaves the target-office estimate at 0.216 points. Requiring both theelectoral-jurisdiction contest and the county contest to have been close sharply reducessupport. The 10-point Post estimates are based on 103 chronological and 378 target-officetreated stacks; at 5 points, only 29 and 82 remain. The estimates from these samples arevery imprecise and change sign across designs. None of the pooled Pre or Post estimatesin the table is statistically significant.The unrestricted estimates point in the same direction as the paper’s Democraticvote-rate response, but the close-contest estimates do not show a stable change in thecounty two-party lead. This remains an intermediate answer to the winner questionbecause the outcome measures local partisan balance rather than control of an electoraljurisdiction.
C.1.2.2 Winners of US House electionsThe House exercise measures an actual office winner. The binary outcome equals onewhen a Democrat wins the district and zero when a Republican wins, while the
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continuous outcome is the Democratic-Republican two-party district margin; this samplerequires positive Democratic and Republican votes in both elections. We link each regularHouse contest to the next regular contest in the same district and retain only electionpairs within the same apportionment era and under a stable county-to-district plan. Adistrict interval is treated when at least one qualifying WARN event occurs in aconstituent county assigned unambiguously to the district. Because this is a knownpositive, treatment does not require complete coverage elsewhere in the district and is notinvalidated by an overlapping notice in a split county. A potential control must insteadhave complete WARN coverage for every intersecting county and no qualifying event ineither a wholly assigned or split county. Ambiguous intervals are excluded rather thanclassified as untreated.We impose these restrictions before rematching eligible district intervals using thepaper’s matching variables, calipers, and inverse-distance weights. Each treated episode ismatched to at most four distinct control districts; if several eligible counties represent thesame control district, we retain the closest. Within each comparison, control weights arerenormalized to sum to one, while repeated treated county episodes mapping to the samedistrict-election pair jointly receive unit weight. Of 1,703 match-ready treated countyepisodes, 1,112 satisfy the election and geographic restrictions. The final winner samplecontains 404 comparison stacks representing 298 distinct treated district-election pairs;the two-party-margin sample contains 309 comparison stacks. We estimate

Ydgh = β (Ddg × Posth) + αdg + λh + κsy + εdgh, (C1)where d indexes districts, g comparison stacks, and h ∈ {0, 1} the elections immediatelybefore and after the event. Here, Ddg indicates the treated district unit and Posth equalsone for the first post-event election. The specification includes district-by-comparison,election-index, and state-by-election-year fixed effects. We report estimates with andwithout the paper’s four contemporaneous county controls. Standard errors are two-wayclustered by comparison stack and congressional-district map era.Panel A of Table A10 reports the district outcomes. The Democratic-victory estimatesare -1.488 percentage points without the four controls and 0.149 points with them, withstandard errors of 2.689 and 2.539. The corresponding district-margin estimates are-1.946 and -1.799 points, with standard errors of 1.085 and 1.127. Panel B separatesDemocratic gains in previously Republican districts from retention in previouslyDemocratic districts. The gain estimates are -2.722 and -1.701 points, with standarderrors of 1.959 and 1.718. The retention estimates are also negative but are based on only26 distinct treated district-election pairs and have standard errors above 13 points.These estimates provide no evidence that WARN events change House control, butthey are not directly comparable to the county results. The exercise uses only the firstpost-event election and a geographically selected sample. More fundamentally, the eventand matching variables are measured for the event county, while the outcome ismeasured for the entire district. County-level balance therefore does not ensure balancein district electoral history or economic conditions.
C.1.2.3 Winners of statewide electionsThe state exercise examines presidential, gubernatorial, and US Senate elections. Thebinary outcome equals one when a formally Democratic candidate wins the ending
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election and zero otherwise; the continuous outcome is the statewideDemocratic-Republican two-party margin, observed only when the returns are completeand both parties receive positive votes. The same-office design links consecutive regularelections within each presidential, gubernatorial, or Senate-class series. The chronologicaldesign instead orders all such election dates within a state and measures exposurebetween consecutive distinct dates, regardless of office. When several offices arecontested on the ending date, each contributes an outcome.For each interval, we aggregate reported WARN-affected workers over months whoseassigned date--the fifteenth of the month, as elsewhere in the paper--falls strictly betweenthe two elections. The primary exposure is the annualized number of affected workers per1,000 members of the state’s average labor force. We annualize by dividing the intervaltotal by the number of included months and multiplying by 12 before scaling by theaverage labor force. Alternative measures use annualized WARN notices per 100,000labor-force participants or the inverse hyperbolic sine of the primary worker rate. Thesemeasures include notices that can be assigned to the state even when they lack a countyassignment. We retain only intervals with documented WARN coverage and completelabor-force data throughout the exposure window, so zero exposure does not reflectmissing coverage.The pooled specifications absorb office-series and office-by-ending-election-year fixedeffects and cluster standard errors by state. The regressions are unweighted, so eachending-election outcome receives equal weight. The lagged-margin specificationsadditionally control for the Democratic-Republican margin in the preceding election ofthe same office series, allowing its coefficient to differ by office. The pooled modelsestimate one common WARN-exposure coefficient across offices. Panels A and B ofTable A11 report the same-office and chronological models, respectively, for the primaryand alternative exposures. Panel C reports the lagged-margin same-office specification forthe primary exposure separately by office.For one additional annualized WARN-affected worker per 1,000 labor-forceparticipants, the same-office lagged-margin estimates are a 0.485-percentage-pointincrease in the probability of a Democratic victory and a 0.332-point decline in theDemocratic margin, with standard errors of 1.600 and 0.678. The correspondingchronological estimates are a 0.528-point increase in the Democratic-win probability anda 0.058-point decline in the margin, with standard errors of 0.815 and 0.346. Omittingthe lagged margin or using either alternative exposure measure yields the same broadconclusion: statewide WARN exposure is not consistently associated with either outcome.The office-specific Democratic-win coefficients in Panel C range from -0.989 points forgubernatorial elections to 3.905 points for Senate elections; none is statisticallysignificant. Among the office-specific margin estimates, only the presidential estimate isconventionally significant, at -0.526 points with a standard error of 0.235. Because itappears among multiple outcomes and specifications and is not accompanied by a changein the presidential winner, we treat it as exploratory rather than evidence of a systematiceffect.Unlike the county and House exercises, the state analysis is not a matched event studyof discrete WARN events. It estimates a state-panel association between cumulativeexposure and the outcome of the ending election. Statewide aggregation aligns theoutcome with the jurisdiction awarding the office, but combines many notices over
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intervals of different lengths and leaves only 34 or 35 state clusters in the pooled models.The estimates may also reflect state-level changes correlated with WARN exposure. Theyare therefore complementary evidence on statewide party control, not an alternativeestimate of the paper’s county-level causal effect.
C.1.2.4 InterpretationAcross the three exercises, we find no consistent evidence that WARN exposurechanges the local party lead or the party winning an office. The unrestricted countyestimates are positive but imprecise, and the close-contest estimates are not stable acrossdesigns. The House and state analyses, which measure actual office winners, likewiseyield no consistent increase in Democratic victories. These results do not establish thatthe effects are exactly zero, particularly in the smaller House and close-county samples.This conclusion does not conflict with the main results. A vote shift changes thewinner only when the initial margin is sufficiently small, and an effect within one countymay be diluted when votes are aggregated over a district or state. The actual-winnerexercises also use different samples and counterfactuals from the county-level matchedevent study. The evidence therefore supports a narrower conclusion: WARN eventschange the partisan composition of votes in affected counties, but the available data donot show that these changes systematically alter party control.
C.1.3 Political accountabilityThe turnout and party-specific vote-rate results do not reveal whether WARN eventsalso reduce support for the candidates or parties in power at the time of theannouncement. We examine this possibility using two accountability outcomes: theincumbent candidate’s vote share and the pre-election vote share of the office-holder’sparty. Unlike the candidate outcome, the office-holder-party outcome remains defined inopen-seat elections because it follows the party controlling the office before the election.For presidential, Senate, and House elections, we identify incumbent candidates andtheir parties using Federal Election Commission candidate records. For gubernatorialelections, we use a manually assembled set of candidate and incumbent records. We linkthese records to the election calendar, which identifies each election by office and yearand, where relevant, Senate class or House district. Exact election identifiers provide theprimary link, but, when necessary, we use state-district-year links for House races andstate-year links for gubernatorial elections.2Once an incumbent candidate is identified, we map the candidate’s party to thecorresponding Democratic or Republican vote total in the county returns. We restrict thisoutcome to Democratic and Republican incumbents because some election files combineindependent and minor-party candidates into a single ‘‘other-candidate’’ category andtherefore do not allow us to isolate the votes received by an individual nonmajor-partyincumbent. We assign the pre-election office-holder party separately. For presidentialelections, we use the sitting president’s party. For Senate and gubernatorial elections, weuse the party that won the previous election for the same Senate class or gubernatorialoffice. For these two offices, when the previous election falls outside the period covered

2We use state-year links for gubernatorial elections only when the contest is unique, and the assignmentis unambiguous.
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by our returns data, we use the party of the major-party incumbent as the pre-electionoffice-holder party when an incumbent can be identified.House elections require additional restrictions because the county returns aggregatevotes across all House contests represented within a county. We construct the Houseaccountability outcomes only when every regular House contest in the state-year has aresolved Democratic or Republican incumbent, and all incumbents belong to the sameparty. This condition excludes state-years with an open seat, an unresolved ornon-major-party incumbent, or incumbents from both parties. When the condition issatisfied, votes for the common incumbent party can be identified unambiguously in theaggregate county returns; otherwise, both House accountability outcomes remainundefined. Under this construction, the incumbent-candidate and pre-electionoffice-holder-party outcomes coincide for House elections.Table A3 reports the support of our incumbent-candidate and office-holder-party data.We observe incumbent candidates in 50.0 percent of presidential observations, 58.1percent of gubernatorial observations, 86.5 percent of Senate observations, and 14.4percent of House observations. The office-holder party is observed for all presidentialobservations and for 94.1 and 96.8 percent of gubernatorial and Senate observations,respectively. For the House, only 14.4 percent of observations include information on theoffice-holder party because of the aggregation restrictions described above.We estimate the accountability effects using the same chronological matchedevent-study specification as for the main outcomes, restricting each regression tocounty-office-election observations for which the relevant accountability outcome isavailable. Figure A8 reports the resulting paths for the incumbent-candidate andpre-election office-holder-party vote shares.The post-WARN incumbent-candidate estimates are negative at all four post-WARNperiods, ranging from -0.28 to -0.11 percentage points. In a specification that replaces thehorizon-specific post-WARN interactions with a single post-WARN interaction, theincumbent-candidate share falls by 0.18 percentage points, with a standard error of 0.16.The estimates, therefore, point to some decline in incumbent-candidate support, but theyare imprecise. The office-holder-party results are weaker: both the horizon-specificestimates and the estimate pooling all post-WARN periods are close to zero andstatistically insignificant.3Taken together, the accountability results provide suggestive evidence that incumbentcandidates may lose support after a sizable WARN event, but no evidence of a broaderresponse against the party controlling the office.
C.1.4 Residualized WARN exposureThe main text asks whether WARN events contain electorally relevant informationbeyond that summarized by standard labor-market indicators. We examine this byreconstructing treatment from the portion of WARN exposure unexplained by observedpre-event economic conditions. If the electoral response is driven by the component ofWARN exposure predictable from these conditions, it should weaken when treatment isinstead defined from residual exposure.

3The target-office specification leads to similar conclusions: the pooled post-WARN incumbent-candidateestimate is -0.25 percentage points, with a standard error of 0.17, while the office-holder-party estimate isvirtually zero.
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We begin with the three-month WARN exposure measure defined in Equation (2). Atthe county-month level, we regress this measure on the levels, 12-month changes, andannualized five-year changes in log labor force, the employment-to-population ratio, theunemployment rate, per capita income, manufacturing, goods-producing, andprivate-employment shares, average weekly wages, average establishment size, and logpopulation. The regression also includes state, calendar-year, and month-of-year fixedeffects. Monthly predictors are measured through the month immediately preceding thethree-month WARN window, while annual predictors use the latest completedpre-window year.Residualized WARN exposure equals observed exposure minus the full fitted valuefrom this regression, including the fixed effects. The included variables explain 1.2percent of the variation in WARN exposure. Standard labor-market conditions thereforepredict little of the variation in WARN exposure; the exercise removes the componentthey do predict.We reconstruct the matched design using residualized exposure in place of observedexposure. A county-month qualifies when residual exposure is at or above the 85thpercentile among positive residuals, a cutoff of 0.22 percentage points of the labor force,and implies at least 50 affected-worker equivalents.4 Residual exposure defines the firstqualifying month, clean-treatment histories, control eligibility, and the prior-exposurevariables used in matching. All other matching and estimation choices follow the baselinedesign. Treatment therefore represents WARN exposure that is unusually high relative toobserved local labor-market conditions. Because the residualized design can beconstructed only where all first-stage predictors are observed, we also report anactual-WARN design rebuilt on exactly the same county-month support. For this series,we recompute the 85th-percentile cutoff among positive observed exposure on thatsupport, retain the baseline floor, and reconstruct treatment timing, clean histories,control eligibility, prior-exposure matching variables, and matches. This comparisonholds first-stage support fixed and shows that the partisan paths remain close to the fullbaseline, so the support restriction does not account for the residualized-WARN results.The residualized procedure produces 1,604 match-ready events, of which 1,389, or86.6 percent, obtain at least one acceptable control. Matched events receive 3.36 controlson average, and 98.1 percent are matched in the exact state-year-month cell. Althoughthe continuous observed and residualized measures are highly correlated, reconstructingtreatment produces related but distinct samples: 800 of the 1,604 residualized events, or49.9 percent, also qualify as baseline WARN treatments in the same month. Of theremaining 50.1 percent, around 10 percent qualify in the same county and election-yearwindow but in a different month, around 50 percent occur in baseline-treated countiesbut in different election windows, and the remaining approximately 40 percent occur incounties not treated under the baseline definition.Figure A9 compares the full baseline, the actual-WARN design rebuilt on the samesample used to build the residualized measure, and the residualized-WARN event-studypaths, while Row 2 of Table 2 reports the pooled Pre and Post estimates. Pooling the four

4This count equals residual exposure, measured in percentage points, multiplied by the county labor forceand divided by 100. It allows us to retain the baseline absolute-size floor but is not an observed workercount.
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post-event indexes, residualized WARN events increase the Democratic-Republicanvote-rate margin by 0.73 percentage points, reduce Republican votes per CVAP by 0.45points, increase Democratic votes per CVAP by 0.28 points, leave other-candidate votingclose to zero, and reduce turnout by 0.17 points. The corresponding baseline estimatesare 0.50, -0.32, 0.18, approximately zero, and -0.14 percentage points. The pooledRepublican pre-WARN estimate is small and marginally significant, but the index-specificestimates do not increase as treatment approaches; the remaining pre-WARN estimatesare statistically insignificant.The similar post-event paths show that the electoral response survives after removingthe component of WARN exposure predicted by standard labor-market indicators. WARNevents therefore contain information relevant to subsequent electoral outcomes that thesemeasures do not summarize. Residualization does not isolate a pure announcement effect,however, because residual exposure may also contain omitted local shocks, measurementerror, or subsequently realized job destruction that the included conditions fail to predict.Appendix C.1.5 examines the last possibility.
C.1.5 WARN events and realized job destructionBecause WARN notices generally precede covered layoffs, the electoral response mayreflect the announcement itself, the job destruction that follows, or both. The precedingresidualized-exposure exercise shows that standard pre-event labor-market conditions donot account for the response, but it cannot distinguish between these channels. Wetherefore use county-level firm job-destruction rates (JDR) from the Quarterly WorkforceIndicators, described in Appendix A.3, to examine whether WARN events are followed byrealized job destruction and whether that destruction, rather than the announcementitself, accounts for the partisan response.The JDR measures jobs lost at contracting private-sector firms as a share of averagecounty employment. For each treated county and its matched controls, we define thepre-WARN JDR as the county’s average during the two complete quarters ending beforethe qualifying WARN window begins and the subsequent JDR as its average during theWARN-trigger quarter and the following quarter. Their difference defines the change inthe JDR. Controls use the same calendar quarters as their matched treated county. Werequire the following quarter to end before the first post-WARN election, a restrictionsatisfied by 84.3 percent of the baseline matched comparisons. Requiring complete QWIdata for every county in a matched comparison leaves 1,255 comparisons, for which weretain the original controls and weights.Because the trigger quarter may include months before the WARN trigger, we alsomeasure subsequent job destruction using the first two complete quarters after thatquarter. This stricter definition provides clearer temporal separation between the WARNevent and measured destruction but reduces the sample to 955 comparisons.Panel A of Table A12 shows that WARN events are followed by substantial realized jobdestruction. Under the primary definition, treated counties experience a0.84-percentage-point larger increase in the JDR than their matched controls, with astandard error of 0.07. The corresponding complete-quarter estimate is 0.69 percentagepoints, also with a standard error of 0.07.We next reestimate the baseline specification on each QWI sample, first withoutcontrolling for the JDR and then allowing the electoral path to vary with the change in
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the JDR. All other elements of the specification remain unchanged. Figure A10 comparesthe primary same-sample baseline and JDR-adjusted event-study paths, while Panel B ofTable A12 reports the pooled estimates. On the primary sample, the post-WARN estimatesfor the Democratic-Republican vote-rate margin, Republican votes per CVAP, andDemocratic votes per CVAP are 0.53, -0.32, and 0.21 percentage points. Accounting forthe change in the JDR moves them to 0.46, -0.28, and 0.18 points, respectively. Thus,each partisan estimate declines by approximately 12 percent but remains statisticallysignificant. Other-candidate voting remains close to zero, and all pooled pre-WARNestimates remain statistically insignificant. The stricter complete-quarter estimatesreported in Panel B yield the same conclusion.Panel C of Table A12 reports how the association between changes in the JDR andelectoral outcomes differs between the pooled Post and Pre periods. Under the primarydefinition, the association of a 1-percentage-point larger increase in the JDR is 0.05percentage points more negative in the Post period than in the Pre period for Republicanvoting and turnout, with no discernible shift for Democratic voting. The corresponding0.06-point Post-minus-Pre increase in the association with the Democratic-Republicanmargin is imprecisely estimated. Under the stricter definition, the party-specific shifts arestatistically insignificant, whereas the turnout shift remains similar and statisticallysignificant at -0.06 percentage points. We therefore view lower turnout as the onlyconsistent Post-minus-Pre shift associated with realized job destruction; its partisanimplications are less clear.Overall, WARN events are followed by substantial realized countywide job destruction,but measured destruction accounts for little of the subsequent partisan response. Becausethe JDR is measured after treatment and covers all private-sector firms in the county, theexercise does not directly identify a causal announcement effect. Nevertheless, the limitedattenuation leaves a substantial partisan response beyond observed job destruction,consistent with an announcement component of the WARN effects.
C.2 Timing, industry heterogeneity, and geographic scope

C.2.1 Treatment-to-election timingThe chronological design orders elections according to when they occur around aWARN event, but the interval between the event and the first post-WARN election variesacross counties. To examine this dimension, we divide the matched sample into twogroups. We set τC = 0 when the first post-WARN election occurs in the treatment electionyear, so the event occurs 1-12 months before that election. We set τC = 1 when the firstpost-WARN election occurs in the following election year, placing the event 13-24 monthsbefore it. In both cases, the relevant election is the first subsequent presidential,gubernatorial, House, or Senate election in the state’s chronological election calendar.This division leaves the event-time index unchanged: within either group, hC = 1 remainsthe first election after treatment, hC = 2 the next election, and so forth.Figure A11 reports the event-study paths separately for the two groups, while Panel Bof Table 2 reports the corresponding pooled Pre and Post estimates. The paths follow thesame broad pattern, although the declines in Republican votes per CVAP and turnout aresomewhat larger when the WARN event occurs closer to the next election. In the pooledPost specifications, the Democratic-Republican vote-rate margin rises by 0.530 percentagepoints for τC = 0 and 0.446 points for τC = 1. Republican votes per CVAP fall by 0.336
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percentage points for τC = 0, compared with 0.277 points for τC = 1. Democratic votesper CVAP rise by 0.194 and 0.169 percentage points in the two groups, and turnout fallsby 0.145 and 0.104 percentage points, respectively. Other-candidate votes per CVAPremain close to zero in both groups.These differences should be interpreted cautiously because dividing the sample bytreatment-to-election timing reduces support, especially at later horizons. The turnoutspecifications contain 902 and 605 treated comparisons at hC = 1 for τC = 0 and τC = 1,respectively; by hC = 4, support falls to 569 and 458 comparisons. The later-horizonestimates are therefore less precise, and the differences between the two paths do notidentify a sharp timing threshold. Overall, the timing estimates point in the samedirection across both groups. The declines in Republican votes per CVAP and turnout aresomewhat larger when WARN events occur closer to the next election, but the morerobust conclusion is that the response is qualitatively similar whether the event occurswithin one year or one to two years before the election.
C.2.2 Nonmanufacturing resultsThis exercise asks whether the electoral response to sizable WARN events is confinedto manufacturing-related announcements. We classify notices as manufacturing ornonmanufacturing using state-reported industry codes when available and manual orAI-assisted assignments based on the employer and notice information otherwise. Manualverification of more than 300 notices shows agreement above 94 percent between thehuman and AI classifications. More than 99 percent of notices can be classified asmanufacturing or nonmanufacturing. Nonmanufacturing accounts for about 70 percent ofboth classified notices and affected workers.We reconstruct treatment and the matched comparisons using nonmanufacturingnotices, rather than simply restricting the baseline matched sample. Specifically, wereplace total WARN workers in Equation (2) with workers covered by nonmanufacturingnotices and recompute the 85th-percentile cutoff among positive three-monthnonmanufacturing exposure windows. This cutoff equals 0.39 percent of the county laborforce, compared with 0.63 percent in the all-sector design. Control eligibility is likewisebased on nonmanufacturing exposure: a control must have complete coverage and noqualifying nonmanufacturing event in the treatment window, the four precedingelection-year windows, or the observed portion of the four subsequent election-yearwindows. All other dimensions of the matched empirical design remain unchanged fromthe main analysis.Of 1,448 match-ready nonmanufacturing WARN treatment events, 1,246 (86 percent)can be matched to at least one control. Conditional on matching, events receive about 3.5controls on average, and covariate balance is strong: standardized differences for allmatching variables are 0.08 or less. We then estimate the same chronological event-studyspecification as in the main analysis.Figure A12 shows little evidence of differential pre-event trends. Pooling h = 1, . . . , 4,the post-WARN estimates are -0.25 percentage points for Republican votes per CVAP,0.23 points for Democratic votes per CVAP, and -0.02 points for turnout, with the lastestimate statistically insignificant. The corresponding baseline estimates are -0.32, 0.18,and -0.14, respectively. The party-specific response is therefore close to the baselinepattern, but the aggregate turnout effect is more attenuated because the increase in
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Democratic votes offsets more of the decline in Republican votes.Because manufacturing and nonmanufacturing layoffs may occur in the same countyand period, we examine whether the sector-specific treatment could still capturemanufacturing WARN activity. The overlap is limited. Among county-months with anonmanufacturing notice, 82.2 percent contain no manufacturing notice, and thecorrelation between manufacturing and nonmanufacturing WARN-exposure rates, eachmeasured relative to county labor force, is only 0.007. Among matchednonmanufacturing treatment events, just 10.4 percent contain a manufacturing notice inthe same three-month treatment window; this share falls to 7.9 percent after excluding2020 notices, and the median number of manufacturing workers in that window is zero.These patterns indicate that the nonmanufacturing treatment is not simply a proxy formanufacturing WARN activity.Taken together, the exercise extends the main result beyond the manufacturingdecline and trade-exposure settings emphasized in the related literature. Mass-layoffannouncements outside manufacturing generate a shift in party-specific vote rates similarto that in the full sample, although the net turnout effect is more attenuated.
C.2.3 Geographic scope and spilloversOur geographic-scope exercise tests for electoral spillovers from WARN events intoneighboring counties. We do so by comparing the baseline design, which allows countiesin the same local labor market to serve as controls, with a specification that excludesthem from the potential control set. Because the main matched design can select controlsfrom the treated county’s local labor market, spillovers to those counties could attenuatethe estimated treated-control differences. We implement the alternative specification as adonut design that excludes all potential controls in the treated county’sstate-by-commuting-zone unit.After imposing this restriction, we repeat the baseline matching procedure. Thetreatment definition, matching cells, covariates, calipers, maximum number of controls,and inverse-distance weighting rule remain unchanged. We then estimate the samechronological specification as in the main design. The geographic restriction leaves 1,490treated events with at least one acceptable control, compared with 1,508 in the baselinedesign, and provides the same average of 3.46 controls per matched event as the baseline.Figure A13 compares the baseline and donut event-study paths, while Panel D of Table2 reports the pooled Pre and Post estimates. The two sets of estimates are similarthroughout the event window. In the donut design, the pooled post-WARN effects are0.489 percentage points for the Democratic-Republican margin, -0.302 points forRepublican voting, 0.187 points for Democratic voting, and -0.119 points for turnout,compared with 0.501, -0.318, 0.182, and -0.136 in the baseline design. Other-candidatevoting remains close to zero in both designs.Excluding nearby controls, therefore, does not materially change the vote-rate pattern.The exercise provides no evidence of electoral spillovers from WARN events intoneighboring counties, consistent with a geographically localized political response toWARN shocks.
C.3 Pre-existing local deterioration and residualized WARN exposureThe central identification concern is that WARN events may occur in counties alreadyon worsening economic or political trajectories, causing treated and matched-control
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outcomes to diverge even without the announcement. We address this concern in twoways. First, we reweight or rematch counties using longer pre-WARN economic,demographic, and sectoral histories. Second, we summarize pre-event conditions in aforecasted-deterioration score and allow counties with different predicted trajectories tofollow different event-time paths.
C.3.1 Observable controls and long-run trajectoriesWe first vary the time-varying county controls while leaving the matched sample,weights, and fixed effects unchanged. The no-control specification omits these controls.The baseline specification, the main one used throughout the paper, includesunemployment, labor-force size, per capita income, and cumulative COVID cases per1,000 residents. The richer specification additionally controls for the manufacturingemployment share, log average weekly wages, and log population density. Comparingthese specifications is useful because our goal is to understand the effects of a WARNshock net of labor-market conditions or other confounders. Therefore, large differences inestimates across specifications would suggest that the treatment is merely acting as aproxy for broader deterioration.Figure A14 reports the resulting event-study paths. The pre-WARN estimates aresimilar across the three specifications. The party-specific movements are almost identicalacross specifications: Republican votes per CVAP fall similarly under all three control sets,while Democratic votes per CVAP rise. The turnout decline is slightly larger withoutcontrols and slightly more attenuated with the richer controls, particularly at laterelection indexes. The choice of controls, therefore, has little effect on our estimates andstrengthens our interpretation that our estimated effects are not merely a proxy for thebroader deterioration in labor-market conditions.These specifications may still miss slower-moving differences between treated andcontrol counties. We therefore construct longer pre-WARN histories using three-yearchanges in unemployment, labor force, per capita income, manufacturing andgoods-producing employment shares, wages, establishment size, population, voting-agepopulation, and CVAP. We also use five-year changes in unemployment, labor force, andthe manufacturing and goods-producing employment shares.We incorporate these histories in two ways. The trajectory-reweighted specificationretains the original matched controls but downweights controls whose longer-runhistories are less similar to that of the treated county. More specifically, we standardizethe additional measures, calculate the distance between each treated county and itsselected controls across the available trajectories, and then renormalize the adjustedcontrol weights within each matched comparison. The trajectory-rematched specificationinstead adds the longer histories with adequate common support to the original matchingdistance and rebuilds the control group and its weights. Reweighting, therefore, askswhether residual differences among the original controls matter, while rematching askswhether accounting for longer-run decline from the outset selects a different comparisongroup.Figure A15 compares the preferred estimates with the trajectory-reweighted andtrajectory-rematched paths. Reweighting produces estimates that are nearlyindistinguishable from the preferred specification. Rematching changes some pointestimates and yields wider confidence intervals, but it preserves the main pattern: the
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pre-WARN estimates remain centered near zero, while Republican votes per CVAP fall,Democratic votes per CVAP rise, and turnout falls after the event. Observable differencesin longer-run economic, demographic, and sectoral trajectories therefore do not accountfor the post-WARN response.
C.3.2 Forecast scoreThe trajectory exercises above assess individual dimensions of pre-WARN decline, buttreated counties may still differ from controls in their combined conditions. Wesummarize this possibility with a forecasted-deterioration score constructed solely frompre-WARN observations.The score combines the unemployment rate in the year before treatment with changesfrom three years before treatment to the year before treatment in unemployment, laborforce, per capita income, manufacturing and goods-producing employment shares,population, and CVAP. We standardize each measure and orient it so that higher or risingunemployment, slower labor-force and income growth, declining manufacturing andgoods-producing employment shares, and slower population or CVAP growth increase thescore. Each available component receives equal weight, and we standardize the resultingindex, so one unit represents one standard deviation. A higher score, therefore, identifiescounties that appeared more likely to deteriorate before treatment. The score is anequal-weighted summary of pre-WARN conditions rather than a prediction estimatedfrom post-WARN outcomes.Treated counties have a somewhat higher average forecast score than their matchedcontrols, approximately 0.07 compared with -0.04, for a standardized difference of 0.11.5To examine whether this residual difference accounts for the results, we re-estimate themain specification, retaining the baseline matched sample, weights, controls, and fixedeffects, and add interactions between the forecast score and each election index. Thisallows counties with different pre-WARN scores to follow different event-time paths evenin the absence of treatment.Figure A16 compares the preferred and forecast-adjusted event-study paths, whileRow 11 of Table 2 reports the pooled Pre and Post estimates. The two paths are nearlyindistinguishable. Allowing counties with different observable risks of deterioration tofollow different event-time paths, therefore, does not attenuate the turnout orparty-specific vote-rate responses.Finally, although its primary purpose is to test whether WARN events containinformation beyond standard labor-market indicators, the residualized-exposure exercisein Appendix C.1.4 also bears on this identification concern. Its similar estimates show thatthe electoral response persists after removing the component of WARN exposurepredicted by observed pre-event conditions, reinforcing the evidence above thatobservable pre-existing deterioration does not account for the main results.
C.4 Additional robustness of party-specific vote-rate and turnout resultsThis section provides additional details for the robustness exercises reported in Panel Fof Table 2. We test whether the results are sensitive to the exposure-aggregation period,the treatment percentile threshold, the minimum-worker floor, the empirical specificationand matched design, and the exclusion of the 2020 treatment cohort.

5The matched-control mean uses the baseline inverse-distance weights.
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C.4.1 Alternative treatment definitionsThe baseline treatment definition depends on the threshold used to identify a sizableWARN event, the period over which nearby notices are aggregated, and the minimumnumber of affected workers. We first replace the baseline 85th-percentile threshold withthe 80th or 90th percentile. We then replace the baseline three-month exposure windowwith a one- or six-month window. Finally, we vary the absolute-size requirement fortreatment, replacing the baseline 50-worker floor with floors of 25 or 75 affected workers.Each change can alter not only which county-months are treated, but also which countiessatisfy the clean-window restriction and are eligible controls. We therefore reconstructtreatment and control eligibility and repeat the matching procedure for each specification.Everything else in the design follows the baseline matched design, including the use of anempirical specification identical to that shown in the main text.Figure A17 shows that the dynamic paths remain similar across these definitions.Across the six alternatives, the pooled post-WARN estimates range from 0.41 to 0.60percentage points for the Democratic-Republican vote-rate margin, from -0.37 to -0.26points for Republican votes per CVAP, from 0.15 to 0.25 points for Democratic votes perCVAP, remain close to zero for other-candidate votes per CVAP, and range from -0.13 to-0.08 points for turnout. Thus, moderate changes in the percentile cutoff,minimum-worker floor, or exposure window used to define sizable WARN events do notmaterially alter the results.
C.4.2 Varying the number of control countiesThe baseline design retains up to four acceptable control counties for each treatedevent. We use four weighted controls because this number provides the loweststandardized differences between treatment and control observations across matchingvariables. Emphasizing the closest matches improves comparability, but it may make theestimated counterfactual sensitive to a small set of selected counties. To assess this, werepeat the matching procedure while retaining up to ten controls, using the sameeligibility restrictions, calipers, distance measure, and inverse-distance weighting rule.This broadens the control set without admitting counties that fail the baselinematch-quality restrictions. We then estimate the effects using an empirical specificationidentical to that in the main text.Figure A18 shows that allowing additional control counties in each matchedcomparison leaves the dynamic patterns largely unchanged. The pooled post-WARNestimates are -0.28 percentage points for Republican votes per CVAP, 0.18 points forDemocratic votes per CVAP, and -0.10 points for turnout, compared with -0.32, 0.18, and-0.14 in the baseline. Thus, the main pattern does not depend on a counterfactualconstructed from only the four closest control counties.
C.4.3 Varying the estimator: alternative fixed effects and weightingWe examine two additional specification choices. First, we replace the baselineevent-index and state-by-office-by-year fixed effects withcomparison-by-election-index-by-office fixed effects. These fixed effects absorb shocksshared by the treated county and its controls within each matched comparison, office, andelection index, so the effects are identified entirely from within-comparisontreated-control differences. This guards against comparison-specific election shocks that
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are not absorbed by the baseline state-by-office-by-year fixed effects. For example, aregional campaign or media-market mobilization may raise turnout in the countiesbelonging to one matched comparison but not in other counties in the same state andyear. The baseline specification may not fully absorb this common movement, whereasthe comparison-specific fixed effect does. This makes the specification more demandingbecause it discards variation across matched comparisons and relies only on thetreated-control contrast within each comparison.Second, we weight matched comparisons by the natural logarithm of the treatedcounty’s CVAP at the last pre-WARN election. The baseline assigns the same total weightto every treated event, regardless of the size of its electorate. This exercise tests whetherthe results are concentrated in smaller counties or change when events affecting largerelectorates receive greater influence. Because these robustness exercises focus on changesto the empirical specification, the matched comparison groups remain the same as in themain design.Figure A19 reports the estimates of the more granular fixed-effect specification andthe specification using weights based on the log of citizen-voting-age population. Bothproduce estimates close to the baseline. The comparison-index specification yields pooledpost-WARN effects of -0.31, 0.17, and -0.14 percentage points for Republican votes perCVAP, Democratic votes per CVAP, and turnout, respectively; the correspondinglog-CVAP-weighted estimates are -0.33, 0.18, and -0.15. The results of the fixed effectsexercise show that the estimates do not rely on pooling election-time shocks acrossmatched comparisons. The log-CVAP-weighted estimates show that the vote-rate resultsare not driven by smaller counties alone.
C.4.4 Excluding 2020 WARN eventsWARN activity increased sharply during the COVID-19 pandemic, and the 2020election occurred under unusually disrupted economic and electoral conditions.Consequently, the full-sample estimates could be disproportionately influenced by anunusually large treatment cohort whose WARN events coincide with pandemic-specificeconomic and electoral shocks, despite the inclusion of COVID controls andstate-by-office-by-year fixed effects. We therefore exclude matched comparisons whosetreatment election year is 2020 and re-estimate the baseline specification for theremaining comparisons. This restriction removes the 2020 treatment cohort rather thanall election outcomes observed in 2020. We do not repeat the matching procedurebecause the purpose of the exercise is to isolate the influence of this cohort while holdingthe counterfactuals for all remaining treated events fixed. We instead remove thecorresponding comparison groups and retain the original matches for all other cohorts.Everything else follows the baseline design.Figure A20 shows that excluding this cohort of treatments leaves the main patternsintact. The pooled post-WARN estimates are -0.32 percentage points for Republican votesper CVAP, 0.18 points for Democratic votes per CVAP, and -0.11 points for turnout. Thevirtually unchanged Republican and Democratic estimates show that the partisanparticipation response is not a feature of the exceptional 2020 cohort; the modestattenuation of aggregate turnout does not alter that conclusion.
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C.4.5 Functional form and fitted-value boundsThe party-specific vote rates and turnout are bounded between zero and 100, whereasEquation (3) is linear.6 We first assess whether this functional form produces inadmissiblepredictions using fitted values from the baseline event study, including the absorbed fixedeffects. Negative predictions account for 0.1 percent of Republican-vote-rate observations(min=-12.2), 0.9 percent of Democratic-vote-rate observations (min=-9.8), and 7.8percent of other-candidate-vote-rate observations (min=-2.4); no turnout prediction isnegative (min=2.4), and no fitted value exceeds 100. Out-of-range predictions aretherefore very rare for the Republican and Democratic outcomes and absent for turnout.The predicted-value examination limits concerns about inadmissible predictions butdoes not address the constant percentage-point effect across outcome levels imposed bythe linear specification. Therefore, we reestimate the baseline chronological specificationafter replacing each included outcome V/CV AP with its log-odds transformation
ln[V/(CV AP − V )], keeping everything else in the design unchanged.7 This allows theimplied percentage-point effect to vary with the fitted outcome level and shrink near thebounds. We report weighted average derivatives on the original percentage-point scale.Because the transformation is undefined at the boundaries, we restrict the samples byoutcome (0 < V < CV AP ). This restriction excludes 0.6, 3.9, and less than 0.1 percent ofthe observations for Republican vote rates, Democratic vote rates, and turnout,respectively, without eliminating any treated stack from the baseline estimation sample.8Figure A19 reports the corresponding estimates for the three transformed outcomes;Panel A contains no log-odds series because the signed margin is not transformed. Pooling(hC = 1, . . . , 4), the average marginal effects are -0.23 percentage points for Republicanvotes per CVAP (p=0.03), 0.14 points for Democratic votes per CVAP (p=0.06), and-0.07 points for turnout (p=0.46). The corresponding linear estimates are -0.32, 0.18, and-0.14 percentage points. All pooled pre-WARN estimates from the transformedspecification are close to zero and statistically insignificant. Thus, the log-oddsspecification preserves the opposite-signed party responses and a slightly closer to zeronegative turnout estimate.

6The Democratic-Republican vote-rate margin is instead bounded between -100 and 100, and all of itsfitted values lie within that interval.7Because the Democratic-Republican margin is signed, it does not admit the same ordinary log-oddstransformation.8We do not apply the transformation to other-candidate voting because 14.3 percent of thoseobservations equal zero and the resulting interior restriction would materially change the sample.
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D Mechanisms and downstream policy outcomes

D.1 Population size, migration, and demographic compositionThe county-level vote-rate responses could partly reflect changes in the size orcomposition of the resident population rather than changes in voting behavior amongcontinuing residents. Migration may also reduce turnout by creating voter-registrationfrictions. We assess these possibilities by adding controls for migration and demographiccomposition.Using SEER and Census population estimates, we construct the shares of the countypopulation age 65 or older, ages 25 to 54, and nonwhite or Hispanic, together with theratio of CVAP to voting-age population. Using IRS migration data, we construct net andgross migration rates, where gross migration is the sum of inflows and outflows, eachrelative to the previous year’s population. We attach these annual measures by countyand election year and add all six jointly to the baseline regression without reconstructingtreatment or matching. The weights, remaining controls, fixed effects, and clustering areunchanged. Because these annual measures are unavailable for some county-years, theadjusted specification uses a smaller sample. Re-estimating the baseline specification onthis common sample yields an event-study pattern very similar to that of the baseline.Figure A21 shows that the demographic- and migration-adjusted event-study pathsremain close to the baseline, although the Republican-vote and turnout declines areslightly attenuated. Pooling the four post-event indexes, the Democratic-Republicanvote-rate margin rises by 0.46 percentage points, Republican votes per CVAP fall by 0.27points, Democratic votes per CVAP rise by 0.19 points, other-candidate votes per CVAPchange by 0.01 points, and turnout falls by 0.08 points. The pooled pre-event estimatesare close to zero for all five outcomes.
D.2 CES evidence on turnout composition vs. vote switchingTo distinguish changes in turnout composition from vote switching, we use thecumulative Cooperative Election Study (CES) for 2006-2024. Although the CES is fieldedannually, we use its even-year election surveys because they report respondents’ county,party identification and leaning, pre-election vote intention, reported vote choice, andvalidated turnout. We attach each respondent-office-year observation to thecorresponding county, office, and election year in the matched chronological design.Respondents inherit the treatment status and chronological election index of thecounty-office-year observation to which they are attached. We estimate respondent-levelversions of the baseline event-study specification with the same county controls and fixedeffects. All matched CES specifications also include age, age squared, and sex as commonmain effects. Within each matched comparison-county-office-year cell, we normalize theCES survey weights to sum to one and multiply them by the matched-comparison weight.This preserves the weight assigned to each county-office-year observation while retainingthe relative CES weights across respondents. Standard errors are two-way clustered bycounty and matched comparison group. Across specifications, we retain between 1,335and 1,499 of the 1,508 matched WARN events.9

9The switching samples are smaller than the turnout samples because they require a Democratic orRepublican pre-election vote intention, self-reported turnout, and an observed response for the relevantoffice. The expanded observation counts exceed the number of distinct respondents because a respondent
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We first measure switching relative to respondents’ stated pre-election intentions.Among respondents who intend to vote Republican for the relevant office and later reportvoting in the election, the outcome equals one if they report a Democratic vote for thatoffice and zero if they report a Republican or other-candidate vote or explicitly report notvoting in that race. We construct the corresponding outcome symmetrically forrespondents who intend to vote Democratic. These outcomes measure departures fromstated intentions, not changes in long-run party identification. Panels A and B of FigureA22 show no systematic increase in either form of switching after a WARN event. Poolingthe four post-event indexes, Republican-to-Democratic switching changes by -0.22percentage points, with a standard error of 0.41 points, while Democratic-to-Republicanswitching changes by -0.34 points, with a standard error of 0.55 points. The pooledpre-event estimates are also small and statistically insignificant.Table A13 expands this accounting to all realized outcomes conditional onrespondents’ office-specific pre-election intentions. Panel A shows that 86.8 percent ofDemocratic intenders vote Democratic and 90.7 percent of Republican intenders voteRepublican; only 2.9 and 1.7 percent, respectively, vote for the opposing major party.Panel B shows no statistically significant Post change in any outcome among major-partyintenders. These coefficients need not match the pooled Post coefficients in Panels A andB of Figure A22 because the switching regressions are conditioned on respondents whoreport voting in the election, whereas the table retains the full sample of classifiedintenders, including reported nonvoters, and assigns reported nonvoters to theneither-major-party outcome. For Republican intenders, the point estimates imply a1.05-percentage-point decline in Republican voting and a 1.36-point increase inneither-major-party voting, but both are statistically insignificant and smaller inmagnitude than the corresponding Pre estimates in Panel C. The other-party-intentionestimates are larger but less precise and accompanied by sizable Pre differences. Overall,the expanded accounting provides no clear evidence of a systematic post-WARNreallocation conditional on intention. Neither-major-party voting combines nonvoting,other-party voting, and office undervoting, and stated intention need not precede WARNexposure; the estimates therefore do not identify causal transitions from a predeterminedstate.We next examine the composition of turnout among respondents who identify with orlean toward a major party. We use the specification described above, but interact thetreatment coefficients with an indicator for Republican identification or leaning.10 Thereported coefficient is therefore the Republican-minus-Democratic difference in thevalidated-turnout response. Panel C of Figure A22 shows a negative difference at eachpost-event index. Pooling these indexes, the Republican turnout response is 4.15percentage points lower than the Democratic response, with a standard error of 2.32points. The corresponding pooled pre-event difference is close to zero and statisticallyinsignificant. We then restrict the sample to respondents who said before the election thatthey definitely or probably intended to vote or planned to vote early. Panel D shows asimilar pattern: the pooled Republican-minus-Democratic difference is -5.11 percentagepoints, with a standard error of 2.94 points, while the pooled pre-event difference

may enter more than one matched comparison or contribute more than one office outcome.10We also allow the county controls and fixed effects to differ across the two groups.
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remains small and statistically insignificant. This result suggests that the turnout gap isnot explained solely by weaker stated pre-election turnout intentions among Republicanleaners and is slightly more pronounced among respondents who expressed an intentionto vote before the election.As an additional robustness exercise, we examine Democratic vote choice amongmajor-party voters using a different specification. The outcome equals one for aDemocratic vote and zero for a Republican vote. Rather than using the matchedevent-study design, this exercise relates vote choice to an indicator for a qualifying WARNevent in the respondent’s county during the election-year window. Therepeated-cross-section specifications include state-by-year and office-by-year fixed effects,and then sequentially add respondents’ demographics, party identification, andpre-election vote intention. The CES also contains two multi-wave panels that followrespondents across the 2010, 2012, and 2014 elections and across the 2020, 2022, and2024 elections. We pool the two panels and estimate a final specification with respondentand office-by-year fixed effects. All specifications use CES survey weights and clusterstandard errors by county.Table A14 reports the results. Panel A uses all observations available for eachspecification. A WARN event is initially associated with a 2.9-percentage-point increase inthe probability of a Democratic vote and a 2.3-point increase after adding demographiccontrols. The estimate falls to 0.3 points after controlling for party identification and to0.2 points after adding pre-election vote intention; neither estimate is statisticallysignificant. Because party identification captures the partisan mix of voters, thisattenuation indicates that the positive association is accounted for by differences inpartisan composition rather than vote-choice changes within partisan types. Therespondent-fixed-effect estimate is -0.6 points and is also statistically insignificant. PanelB re-estimates the first four specifications on a common sample with nonmissing values forall variables, keeping the same sample across all columns, and yields very similar results.Taken together, the absence of systematic switching in both the binary and thefull-transition estimates, the lower post-WARN validated-turnout response amongRepublican than Democratic leaners both overall and among respondents who intended tovote, and the broader vote-choice results are consistent with a change in turnoutcomposition rather than with voters switching between parties.
D.3 Presidential campaign visitsPresidential campaigns may respond to local layoff announcements by shiftingcandidate travel toward affected counties. If Democratic campaigns devote moreattention than Republican campaigns, differential campaign attention could contribute tothe Democratic vote offset. We use candidate visits, one observable but narrow form ofcampaign activity, to examine this possibility.The Campaign Visits Database (CVD) covers appearances by presidential andvice-presidential candidates in the five presidential elections from 2008 through 2024.We construct two county-presidential-year outcomes: an indicator for any Democraticvisit minus an indicator for any Republican visit, and the number of Democratic visitsminus the number of Republican visits. The visit-count outcome measures distinctcampaign stops, so joint appearances by candidates from the same party at the sameevent are counted once. Visits are rare: among 15,710 county-presidential-year
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observations over the period covered by the CVD, 390 include a Democratic visit, and 541include a Republican visit. Because visits occur only in presidential election years, weapply the presidential target-office matched design described in Section 2.4. Panel C ofTable 3 shows no meaningful relative increase in Democratic visits after a WARN event.The pooled Post estimate is 0.34 percentage points for the any-visit outcome, with astandard error of 0.86, and 0.007 visits for the visit-count outcome, with a standard errorof 0.012. The pooled Pre estimates are also close to zero.The conclusion is also unchanged in a separate county-presidential-year specificationthat defines exposure using qualifying WARN events before September of the electionyear, a window that gives campaigns more time to respond before Election Day. Theexercise, therefore, weakens a candidate-travel explanation for the Democratic offset butdoes not rule out differential advertising, field offices, local surrogates, media attention,or other campaign responses.
D.4 Local transfer paymentsWe use annual county transfer payments from the Bureau of Economic Analysisthrough 2022, the latest year for which program-level data are available. The datameasure transfers received by individuals and institutions located in the county, notspending chosen by the county government. We group the underlying programsaccording to how they are likely to respond to local economic distress. Shock-responsivesafety-net transfers include unemployment insurance, SNAP, the Earned Income TaxCredit, and other income-maintenance and public-assistance benefits. Active andadministratively mediated support includes education and training assistance and othergovernment transfers to individuals. Slow-moving categorical entitlements include SocialSecurity, retirement and disability, Medicare, Supplemental Security Income, andveterans’ benefits. The final category, private and community transfers, combines currenttransfers received by nonprofit institutions and transfers to individuals from businesses.For each category, we sum the component programs, convert the total to real 2022dollars per capita, and use the natural logarithm of one plus that amount.Because transfer payments are annual, we reorganize the matched design aroundcalendar years rather than elections. We begin with each treated event and its matchedcontrols and retain one observation per county within the comparison, so the same eventis not repeated merely because several electoral offices appear in the chronological design.We define k = 0 as the calendar year containing the first qualifying WARN month.Because the event can occur at any point during that year, k = 0 is a transition year thatmay contain both pre- and post-WARN months. The preceding calendar year, k = −1, isthe last complete pre-WARN year and serves as the omitted period; k = −3 and k = −2provide earlier pre-event observations, while k = 1, 2, 3 are complete post-WARN years.We estimate a no-controls specification and a baseline specification that, parallelingEquation (3), adds annual measures of unemployment, labor force, per capita income,and COVID cases. The no-controls specification captures the full change in paymentsfollowing a WARN event, including any portion attributable to broader contemporaneousdeterioration. Comparing it with the baseline specification shows how much of thatresponse remains after accounting for measured local economic conditions and istherefore more specific to a WARN event. Both retain the original inverse-distancematching weights and include county-by-comparison, relative-year, and
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state-by-calendar-year fixed effects, with standard errors two-way clustered by countyand matched comparison group. Thus, both compare the change in payments from
k = −1 in treated counties with the corresponding change in their matched controls, netof common state-year shocks, while the baseline additionally conditions on observedannual economic conditions. Across specifications, the analysis retains at least 1,445 ofthe 1,508 matched events, or about 96 percent.Figure A23 shows that shock-responsive safety-net payments rise in the WARN yearand remain elevated through k = 3. In the baseline specification, pooling k = 0, 1, 2, 3yields an increase of approximately 0.5 percent (Table 3, Panel D, Column 1). Theno-controls estimates are larger, indicating that part of the total increase is associatedwith broader deterioration in local economic conditions. The remaining positive baselineresponse, however, shows that the measured economic conditions do not fully account forthe increase in shock-responsive transfers. Active and administratively mediated support,as well as slow-moving categorical entitlements, shows little systematic response. Privateand community transfers rise more modestly, by 0.3 percent (Table 3, Panel D, Column 4).The pre-WARN estimates are close to zero across all four categories. Among publicprograms, the concentration of the response in the shock-responsive safety net, togetherwith the absence of a response in the more administratively mediated and potentiallydiscretionary category, is suggestive of automatic stabilizers rather than transferallocations responding to post-WARN electoral changes.This category pattern is suggestive, but it does not directly test whether the electoralresponse accounts for later changes in transfer payments. We therefore ask more directlywhether the transfer responses are associated with the electoral changes that followWARN events. For each county, matched comparison, and transfer year, we identify themost recent regular post-WARN election completed before January 1 of that year.Restricting attention to elections completed before the transfer year ensures that theelectoral outcome precedes all payments measured during that year.11 For the selectedoffice, we measure the cumulative changes in turnout and Democratic two-party voteshare, defined as Democratic votes divided by the sum of Democratic and Republicanvotes, relative to the last pre-WARN election of the same office. Before calculating thesechanges, we remove the corresponding state-by-office-by-election-year averages, so themeasures capture county-specific electoral movements rather than statewide changes in aparticular race. The most recent changes remain in place until a newer election becomesavailable. Before any post-WARN election, both changes are set to zero, and a separateindicator records whether such an election has occurred. This distinguishes years beforean electoral response can be observed from post-election years in which the measuredchange happens to equal zero.The voting-adjusted specification adds these two electoral changes and thepost-election indicator to the baseline regression. To ensure that the comparison reflectsonly the addition of the electoral measures rather than a change in the sample, were-estimate the baseline specification using the same observations as the voting-adjustedspecification. The voting-adjustment gap is this common-sample baseline coefficientminus the voting-adjusted coefficient at each relative year. If the observed electoral

11When several offices are contested on the same date, we select one using a fixed presidential,gubernatorial, Senate, and House ordering.
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changes accounted for a positive transfer response, adding them would attenuate theWARN coefficient and produce a positive gap. Instead, the baseline and voting-adjustedpaths are nearly identical, and the estimated gaps remain close to zero at every relativeyear and for every transfer category.The concentration of the response in shock-responsive programs, together with thenegligible voting-adjustment gaps, is consistent with transfer payments rising primarilybecause existing programs respond to greater local economic need rather than becauseelectoral changes lead to increased economic support. While the results favor anautomatic-stabilizer interpretation, they do not rule out political effects operating throughother policies, administrative decisions, changes in representation, or over longer timehorizons.
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Table A1: WARN notice coverage by state

Affected Avg. Affected AvailableState Coverage Notices Workers Workers per Notice County Info (%)AK Feb 2006--Jun 2025 73 9,800 134.2 86.3AL Feb 1998--Dec 2025 1,009 179,233 177.6 97.8AZ Apr 2010--Dec 2025 639 101,373 158.6 93.7CA Nov 2005--Dec 2025 23,556 2,226,650 94.5 99.6CO Jan 2006--Dec 2025 1,126 133,405 118.5 54.1CT Jan 1998--Nov 2025 1,228 123,996 101.0 97.1FL Jan 1998--Dec 2025 4,911 647,255 131.8 97.2HI Jan 2019--Oct 2021 259 40,358 155.8 92.3IA Jul 2005--Dec 2025 1,032 79,652 77.2 99.7ID Jan 2009--Oct 2025 182 21,699 119.2 96.2IL Jan 1999--Dec 2025 3,561 535,142 150.3 99.6IN Jan 1997--Dec 2025 1,977 284,545 143.9 97.4KS Aug 1998--Oct 2025 840 122,456 145.8 97.4KY Oct 1998--Dec 2025 1,095 144,125 131.6 89.6LA Jan 2007--Dec 2025 593 81,241 137.0 96.0MD Jan 2000--Dec 2025 1,673 187,379 112.0 85.7MI Jan 1990--Dec 2025 2,915 452,255 155.1 99.2MN Jun 2000--Nov 2025 773 99,832 129.1 97.8MO Jan 2000--Dec 2025 1,406 200,705 142.7 96.7MS Jul 2010--Dec 2025 296 48,629 164.3 96.6NC May 1996--Dec 2025 3,050 419,387 137.5 99.4ND Jul 2015--Oct 2025 53 5,331 100.6 75.5NJ Jan 2004--Dec 2025 2,196 327,468 149.1 94.9NM Jan 2016--Sep 2025 117 15,792 135.0 98.3NV Jul 2012--Dec 2019 522 174,643 334.6 97.3NY Sep 2001--Dec 2025 7,141 769,750 107.8 99.6OH Jun 1996--Dec 2025 3,375 500,701 148.4 98.9OK Nov 1999--Jan 2025 507 76,522 150.9 87.6OR Jan 2005--Dec 2025 788 82,280 104.4 95.2PA Jan 2001--Dec 2025 3,139 428,194 136.4 99.5RI Jan 2009--Sep 2025 122 15,438 126.5 90.2SC Jun 2008--Dec 2013 650 32,993 50.8 98.6TN Jan 2011--Dec 2025 1,139 123,702 108.6 99.2TX Jan 1999--Dec 2025 6,766 682,864 100.9 100.0UT Jan 2009--Dec 2025 274 35,520 129.6 95.3VA Jul 1994--Dec 2025 2,231 316,528 141.9 86.4WA Jan 2004--Dec 2025 1,414 211,360 149.5 86.6WI Jan 1996--Dec 2025 2,843 268,405 94.4 99.6WV Mar 2011--Aug 2025 281 45,445 161.7 98.6
Note: Each row describes the WARN records available for one state. Coverage reports the first and lastmonths for which the assembled administrative records are available. Notices is the number ofestablishment-level WARN notices; Affected Workers sums the workers reported in those notices; and Avg.Affected Workers per Notice is their ratio. Available County Info reports the percentage of notices withsufficient geographic information to assign the affected worksite to a county. The table contains 85,752notices from 39 states. Coverage varies across states because historical administrative records are notuniformly available. See Appendix A.1 for further details.



36Table A2: Election sample by year and office
Presidential Senate Gubernatorial HouseYear Elec. States Counties CVAP Elec. States Counties CVAP Elec. States Counties CVAP Elec. States Counties CVAP1996 1 50 3,112 184.6m 32 32 2,288 97.1m 11 11 566 23.3m 434 49 3,111 184.2m1997 -- -- -- -- -- -- -- -- 2 2 156 10.5m -- -- -- --1998 -- -- -- -- 33 33 2,056 136.4m 35 35 2,147 146.8m 434 49 3,111 188.0m1999 -- -- -- -- -- -- -- -- 2 2 202 5.0m -- -- -- --2000 1 50 3,113 193.0m 33 33 1,879 144.0m 11 11 566 24.3m 434 49 3,111 192.5m2001 -- -- -- -- -- -- -- -- 2 2 155 10.8m -- -- -- --2002 -- -- -- -- 32 32 2,287 103.2m 35 35 2,148 154.3m 434 49 3,111 197.1m2003 -- -- -- -- -- -- -- -- 2 2 202 5.1m -- -- -- --2004 1 50 3,112 201.6m 33 33 2,057 146.5m 11 11 566 25.4m 434 49 3,111 201.1m2005 -- -- -- -- -- -- -- -- 2 2 155 11.2m -- -- -- --2006 -- -- -- -- 33 33 1,878 154.0m 35 35 2,148 161.2m 434 49 3,111 205.6m2007 -- -- -- -- -- -- -- -- 2 2 202 5.3m -- -- -- --2008 1 50 3,112 210.3m 32 32 2,287 109.8m 11 11 566 26.8m 434 49 3,111 209.8m2009 -- -- -- -- -- -- -- -- 2 2 155 11.3m -- -- -- --2010 -- -- -- -- 33 33 2,058 152.6m 35 35 2,149 164.1m 434 49 3,112 209.3m2011 -- -- -- -- -- -- -- -- 2 2 202 5.4m -- -- -- --2012 1 50 3,113 214.6m 33 33 1,878 160.2m 11 11 566 27.4m 434 49 3,112 214.2m2013 -- -- -- -- -- -- -- -- 2 2 154 11.8m -- -- -- --2014 -- -- -- -- 32 32 2,287 114.5m 35 35 2,149 171.9m 434 49 3,111 219.1m2015 -- -- -- -- -- -- -- -- 2 2 202 5.5m -- -- -- --2016 1 50 3,112 224.1m 33 33 2,057 162.9m 11 11 566 28.5m 434 49 3,110 223.6m2017 -- -- -- -- -- -- -- -- 2 2 154 12.2m -- -- -- --2018 -- -- -- -- 33 33 1,877 170.7m 35 35 2,148 179.1m 434 49 3,110 227.9m2019 -- -- -- -- -- -- -- -- 2 2 202 5.6m -- -- -- --2020 1 50 3,112 232.9m 32 32 2,287 121.4m 11 11 566 29.7m 434 49 3,111 232.4m2021 -- -- -- -- -- -- -- -- 2 2 154 12.6m -- -- -- --2022 -- -- -- -- 33 33 2,059 172.5m 35 35 2,150 186.6m 434 49 3,112 237.1m2023 -- -- -- -- -- -- -- -- 2 2 202 5.6m -- -- -- --2024 1 50 3,113 240.3m 33 33 1,878 179.8m 11 11 566 30.7m 434 49 3,112 239.8m

Note: Each row is an election year. Within each office group, Elec. counts regular election events, States counts represented states including the District ofColumbia, Counties counts represented counties in the county-office-year outcome panel, and CVAP reports total citizen voting-age population in millions.CVAP is summed once per county-year-office cell, so a county is not counted twice when a state holds two Senate contests in the same year. Presidential,Senate, and gubernatorial counts are distinct election events; House counts are district contests in state-years represented in the usable county panel. Thesample retains elections held from November 1 through November 8, excludes special and recall elections, and requires usable county returns andpositive CVAP. Of 7,436 calendar events from 1996 through 2024, 35 are excluded by the date or special/recall restrictions and another 32 lack usablecounty-level outcome or CVAP support, leaving 7,369 election events. Dashes denote no election in the year-office cell. See Appendix A.2 for furtherdetails.
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Table A3: Candidate and office-holder identifier support by office

Office Years Obs. Incumbent Incumbent-candidate Pre-electioncandidate party identified office-holderin election (as % of prev. column) party identifiedPresidential 1996--2024 24,817 12,408 (50.0%) 12,408 (100.0%) 24,817 (100.0%)Governor 1996--2024 22,005 12,787 (58.1%) 12,787 (100.0%) 20,702 (94.1%)House 1996--2024 46,415 6,677 (14.4%) 6,677 (100.0%) 6,677 (14.4%)Senate 1996--2024 31,006 26,818 (86.5%) 26,818 (100.0%) 30,011 (96.8%)
Note: The table reports identifier availability in the county-office-year election panel. Obs. is the number ofcounty-office-year observations for the indicated office. Incumbent Candidate in Election reports the numberand share for which a major-party incumbent candidate can be identified. Incumbent Candidate PartyIdentified reports party availability conditional on identifying such a candidate. Pre-election Office-HolderParty Identified reports whether the party holding the office before the election can be assigned, whether ornot the office holder is running. House identifiers are retained only when the county-level return can belinked to an unambiguous major-party assignment. See Appendix A.2 for further details.
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Table A4: Support and concentration of the matched comparisons

Panel A. Control availability through the matching stages Control counties per treated episode, mean (median)Matching cell Episodes Share (%) Before calipers After WARN-history After all SelectedExact state-year-month 1,462 96.9 62.4 (52) 47.6 (40) 17.6 (13) 3.53 (4)Fallback state-year 46 3.1 51.0 (44) 21.1 (8) 1.6 (1) 1.22 (1)All matched episodes 1,508 100.0 62.1 (52) 46.8 (39) 17.1 (13) 3.46 (4)
Panel B. Concentration of inverse-distance weightsMatching cell Largest control weight Effective controls Largest weight above 0.50Median 90th pct. Mean Share (%)Exact state-year-month 0.277 0.564 3.51 16.4Fallback state-year 1.000 1.000 1.19 100.0All matched episodes 0.278 1.000 3.43 19.0
Note: Panel A reports the number and share of matched treated events by matching cell and the number ofdistinct potential control counties remaining at each stage. Entries in the control-count columns are means,with medians in parentheses. The fallback state--year cell is used only when no control in the exactstate--year--month cell survives all calipers. Selected is the number of controls retained after keeping up tothe four nearest acceptable counties. Panel B describes concentration in the final inverse-distance weights.The effective number of controls is 1/∑j w

2
sj , which equals one when a comparison is effectively based onone control and four when four controls receive equal weight. Weights assigned to repeated records for thesame actual control county are combined before calculating Panel B. The table covers all 1,508 matchedtreated events: 1,462 exact-cell matches and 46 fallback matches. See Appendix B.3.2 for further details.



39
Table A5: Characteristics of matched and unmatched treated episodesVariable Matched episodes Unmatched episodes Std. difference(N = 1, 508) (N = 195)Treatment year 2014.0 2015.6 -0.252Affected workers 431 2,958 -0.383WARN exposure (% of labor force) 1.811 1.700 0.050Prior turnout 49.254 50.107 -0.069Prior Republican share 0.592 0.497 0.587Second-lag Republican share 0.571 0.495 0.467Change in prior Republican share 0.021 0.002 0.164Log labor force 9.786 11.009 -0.877Pre-event unemployment rate 5.666 6.426 -0.248Change in unemployment rate 0.508 1.798 -0.320Prior WARN exposure 0.005 0.025 -1.093Prior WARN history 0.004 0.022 -1.073

Note: The table compares treated events that enter the chronological matched sample with treated eventsoutside common support. Entries are unweighted means across treated events. WARN exposure sums, overthe three-month window, each month’s affected-worker count divided by that month’s county labor forceand multiplied by 100. Standardized differences are signed and equal the matched mean minus theunmatched mean divided by the pooled standard deviation. The table covers all 1,703 match-ready treatedevents: 1,508 matched and 195 unmatched. Of the unmatched events, 61 lose all potential controls at theWARN-history calipers and 134 at the remaining political and labor-market calipers. See Appendix B.3.2 forfurther details.
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Table A6: Chronological support by office and election index

Office hC = −3 −2 −1 0 1 2 3 4Presidential 786 609 772 585 810 570 693 526Gubernatorial 595 706 642 735 604 665 555 401House 1,311 1,396 1,355 1,361 1,396 1,259 1,186 930Senate 883 845 964 925 865 893 802 600
Note: Entries are distinct matched treated events with usable Republican votes per CVAP, Democratic votesper CVAP, other votes per CVAP, turnout, and preferred county controls for the indicated office andchronological election index. The chronological index orders included election dates in the sequencecounties face them; offices contested on the same date share an index but remain separate county-officeoutcomes. The same WARN event may therefore appear under more than one office at a shared electiondate and under more than one election index over time, so the cells are not mutually exclusive. Theunderlying matched sample contains 1,508 treated events. See Appendix B.4 for further details.
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Table A7: Office-specific support by election index

Office ho = −2 −1 0 1 2 3Presidential 1,306 1,443 1,443 1,443 1,246 819Gubernatorial 1,138 1,300 1,341 1,341 997 692House 1,443 1,444 1,444 1,443 1,339 1,241Senate 1,308 1,399 1,399 1,399 1,277 889
Note: The four office-specific designs are matched separately. Entries are distinct treated comparisons withusable Republican votes per CVAP, Democratic votes per CVAP, other votes per CVAP, turnout, andpreferred county controls at the indicated office-specific election index. Every included comparison has ausable same-office baseline election at ho = 0. The same universe of qualifying WARN events is eligible foreach design, but the realized samples differ when the required election history or outcome is unavailable.Differences across columns show how support changes as earlier or later contests for the same office falloutside the sample period. See Appendix B.4 for further details.
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Table A8: Pooled pre- and post-WARN effects under alternative event-time orderings

Democratic-Republican votes/CVAP Republican votes/CVAP Democratic votes/CVAP Other votes/CVAP Turnout
Event-time ordering Pre Post Pre Post Pre Post Pre Post Pre Post
Chronological 0.041(0.133) 0.501***(0.169) -0.032(0.079) -0.318***(0.105) 0.010(0.080) 0.182**(0.088) 0.001(0.028) 0.000(0.025) -0.021(0.083) -0.136(0.093)
Target-office 0.010(0.121) 0.446***(0.152) -0.012(0.067) -0.314***(0.094) -0.002(0.072) 0.132*(0.080) -0.011(0.022) -0.005(0.021) -0.026(0.066) -0.188**(0.083)
Note: The table reports separately estimated pooled Pre and Post coefficients from the preferredspecification under two event-time orderings. The Democratic-Republican outcome is Democratic votesminus Republican votes, divided by CVAP. In the chronological design, Pre combines hC = −3,−2,−1, Postcombines hC = 1, 2, 3, 4, and hC = 0 is omitted. In the target-office design, Pre combines hO = −2,−1, Postcombines hO = 1, 2, 3, and hO = 0 is omitted. The chronological ordering follows the sequence of includedelection dates, while the target-office ordering compares treated and control outcomes within the sameoffice before pooling across offices. Both designs use matched treated-control comparisons, inverse-distanceweights, preferred county controls, county-by-comparison and event-index fixed effects, andstate-by-office-by-year fixed effects. The chronological regressions use 122,698 stack-expandedcounty-office-election observations; the target-office regressions use 138,499. All outcomes are measured inpercentage points. Standard errors in parentheses are two-way clustered by county and matchedcomparison group. ∗, ∗∗, and ∗ ∗ ∗ denote significance at the 10, 5, and 1 percent levels. See Appendix C.1.1for further details.
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Table A9: County-level Democratic two-party-lead estimates

Period All matchedevents
Previously closecontest, ±10rematched

Previously closecontest, ±10pruned Previously closecontest, ±5

Previously closecontest and county,
±10

Previously closecontest and county,
±5(1) (2) (3) (4) (5) (6)

Panel A. Chronological design

Pre -0.234(0.633) -0.054(0.967) -0.083(0.965) 0.289(1.344) -0.573(3.296) 4.657(8.317)
Post 0.800(0.686) 1.067(1.103) 1.066(1.105) 2.285(1.471) 1.275(3.593) 0.540(5.364)
Panel B. Target-office design

Pre -0.008(0.561) -1.106(0.993) -1.003(1.003) -0.275(1.258) -2.656(3.389) -0.589(7.501)
Post 0.716(0.603) 0.076(0.945) 0.179(0.945) 0.216(1.217) -0.914(3.385) -1.506(6.762)

Note: The outcome equals one when Democratic votes exceed Republican votes within the county and zerowhen Republican votes exceed Democratic votes; exact ties and results without positive votes for bothparties are excluded. It measures the county two-party lead, not the winner of the electoral jurisdiction.Column (1) retains the paper’s matched sample. Columns (2) and (4)--(6) reconstruct the matches afterrequiring the preceding electoral-jurisdiction margin to lie within the stated bandwidth; columns (5) and(6) also require the preceding county margin to lie within that bandwidth. Column (3) instead applies the10-point contest screen to the existing matches and renormalizes the retained control weights.Chronological Pre pools hC = −3,−2,−1 and Post pools hC = 1, 2, 3, 4; target-office Pre pools hO = −2,−1and Post pools hO = 1, 2, 3; h = 0 is omitted. Across columns (1)--(6), the chronological regressions contain113,729, 42,143, 41,915, 24,427, 6,754, and 1,689 observations; the target-office regressions contain129,380, 41,245, 39,916, 21,125, 8,059, and 1,525. All specifications retain the baseline controls, fixedeffects, weights, and two-way clustering by county and matched comparison group. Estimates arepercentage points; standard errors are in parentheses. ∗, ∗∗, and ∗ ∗ ∗ denote significance at the 10, 5, and 1percent levels. See Appendix C.1.2.1 for further details.
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Table A10: WARN events and US House election outcomes
Outcome No controls Four controls
Panel A. District outcomes

Democratic victory -1.488(2.689) 0.149(2.539)
Democratic--Republican district margin -1.946*(1.085) -1.799(1.127)
Panel B. Gains and retention

Democratic gain -2.722(1.959) -1.701(1.718)
Democratic retention -2.155(13.196) -5.778(14.266)

Note: Democratic victory equals one when the Democratic candidate wins the US House district and zerowhen the Republican candidate wins; the district margin is 100(D −R)/(D +R). Democratic gain andretention refer to districts previously held by Republicans and Democrats, respectively. The first columnomits the four contemporaneous county controls, while the second includes them. Treated districts requirea qualifying event in an unambiguously assigned county; control districts additionally require completeWARN coverage and no qualifying exposure in any intersecting county. Eligible districts are then rematchedusing the paper’s matching rule. For the no-control/four-control specifications, observations are2,264/2,178 for victory, 1,550/1,496 for the margin, 1,486/1,438 for gains, and 116/110 for retention. Allspecifications use the matched weights and absorb matched district-unit, election-index, andstate-by-election-year fixed effects. Standard errors in parentheses are two-way clustered by matchedcomparison group and by congressional district within an apportionment period. Estimates are percentagepoints for the binary outcomes and district-margin points for the margin. ∗, ∗∗, and ∗ ∗ ∗ denote significanceat the 10, 5, and 1 percent levels. See Appendix C.1.2.2 for further details.
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Table A11: Statewide WARN exposure and election outcomes

Panel A. Same-office intervals Panel B. Chronological intervals

Specification Democraticvictory Democratic--Republicanmargin Democraticvictory Democratic--Republicanmargin
Affected workers per 1,000

No lagged margin 0.857(1.315) -0.246(0.695) 0.558(0.749) -0.022(0.392)
Lagged margin 0.485(1.600) -0.332(0.678) 0.528(0.815) -0.058(0.346)
Annualized notices per 100,000

No lagged margin -0.881(1.248) -0.733(0.830) -0.676(1.050) -0.372(0.498)
Lagged margin -1.653(1.471) -0.793(0.800) -0.895(0.986) -0.394(0.408)
IHS affected workers per 1,000

No lagged margin 4.149(6.108) -0.425(2.935) 3.251(4.136) 0.908(1.767)
Lagged margin 3.260(6.677) -0.092(2.836) 3.816(4.267) 1.311(1.682)

Panel C. Same-office estimates by officeDemocratic victory Democratic--Republican margin
Gubernatorial -0.989(2.198) 0.368(1.192)
Presidential 0.670(1.261) -0.526**(0.235)
US Senate 3.905(3.095) -1.699(1.640)

Note: Democratic victory equals one when the formally listed Democratic candidate wins the endingelection and zero otherwise; the margin is 100(D −R)/(D +R). Same-office intervals join consecutiveregular elections in the same presidential, gubernatorial, or Senate-class series; chronological intervals joinconsecutive distinct regular election dates within a state, regardless of office. The primary exposure isannualized WARN-affected workers per 1,000 members of the average state labor force; the alternatives useannualized notices per 100,000 labor-force participants or the inverse hyperbolic sine of the primary rateand use the corresponding primary-model samples. Lagged-margin specifications allow the coefficient onthe preceding same-office margin to differ by office. Panel C reports this specification separately by office;no chronological counterpart is estimated. For the no-lag/lag specifications, observations forvictory/margin are 490/482 and 482/475 in Panel A, and 578/570 and 560/550 in Panel B. Panel Ccontains 146/146 observations for gubernatorial elections, 165/165 for presidential elections, and 171/164for US Senate elections. Pooled models absorb office-series and office-by-ending-election-year fixed effects.Standard errors in parentheses are clustered by state. Victory estimates are percentage points; marginestimates are margin points. ∗, ∗∗, and ∗ ∗ ∗ denote significance at the 10, 5, and 1 percent levels. SeeAppendix C.1.2.3 for further details.
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Table A12: WARN events, realized job destruction, and electoral outcomes

Panel A. WARN events and realized job destructionDefinition Treated mean Control mean Difference Comparisons Counties
Primary definition 0.520 -0.316 0.836***(0.075) 1,255 1,944
Complete-quarter definition 0.490 -0.202 0.692***(0.072) 955 1,696
Panel B. Pooled electoral estimatesSpecification D-R votes/CVAP Rep./CVAP Dem./CVAP Other/CVAP Turnout

Primary definition
Same-sample baseline: Pre 0.114(0.141) -0.078(0.086) 0.036(0.083) 0.004(0.031) -0.037(0.088)
Same-sample baseline: Post 0.528***(0.180) -0.321***(0.114) 0.207**(0.093) -0.003(0.027) -0.117(0.100)
JDR-adjusted: Pre 0.103(0.143) -0.082(0.087) 0.020(0.086) 0.011(0.031) -0.051(0.090)
JDR-adjusted: Post 0.464**(0.184) -0.282**(0.115) 0.182*(0.094) 0.006(0.027) -0.094(0.100)Complete-quarter definition
Same-sample baseline: Pre 0.090(0.162) -0.066(0.097) 0.023(0.094) 0.013(0.036) -0.030(0.098)
Same-sample baseline: Post 0.521***(0.202) -0.273**(0.120) 0.248**(0.108) 0.011(0.032) -0.015(0.105)
JDR-adjusted: Pre 0.086(0.167) -0.071(0.100) 0.015(0.097) 0.008(0.037) -0.049(0.100)
JDR-adjusted: Post 0.520**(0.209) -0.259**(0.123) 0.261**(0.112) 0.003(0.033) 0.005(0.105)

Panel C. Association between job destruction and electoral outcomesDefinition D-R votes/CVAP Rep./CVAP Dem./CVAP Other/CVAP Turnout
Primary definition 0.065*(0.038) -0.054**(0.023) 0.011(0.021) -0.003(0.006) -0.046**(0.020)
Complete-quarter definition -0.004(0.049) -0.028(0.029) -0.032(0.027) 0.004(0.007) -0.056**(0.026)

Note: JDR is firm job destruction as a percentage of average county employment. The primary definition compares the twocomplete quarters ending before the qualifying WARN window with the WARN-trigger quarter and the following quarter. Thecomplete-quarter definition instead uses the first two complete quarters after the trigger quarter. Panel A reports matched-weighted treated and control means and the within-comparison difference in the change in JDR. Panel B reports pooled Pre andPost WARN coefficients from the baseline specification on each QWI-compatible sample and from the corresponding specificationthat allows the electoral path to vary with the change in JDR. Pre combines hC = −3,−2,−1, Post combines hC = 1, 2, 3, 4,and hC = 0 is omitted. Panel C reports the Post-minus-Pre change in the association between JDR and each electoral outcome.Electoral outcomes and JDR are measured in percentage points. Panels B and C use the QWI-compatible electoral regressionsamples, containing 1,252 and 953 matched comparisons under the primary and complete-quarter definitions, respectively,after the baseline outcome-data and fixed-effect restrictions; within each definition, the baseline and JDR-adjusted estimatesuse identical observations and the original matched weights. Standard errors in parentheses are two-way clustered by countyand matched comparison group. ∗, ∗∗, and ∗ ∗ ∗ denote significance at the 10, 5, and 1 percent levels. Because JDR is measuredafter treatment and covers all private-sector firms in the county, the adjusted estimates are conditional comparisons ratherthan a causal decomposition. See Appendix C.1.5 for further details.
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Table A13: CES pre-election intention and realized voting behavior

Panel A. Transition counts and weighted row sharesPre-election intention Democratic vote Republican vote Neither major-party voteDemocratic intention: unique count 164,566 4,154 18,174Weighted row share (%) 86.8 2.9 10.4Republican intention: unique count 3,557 176,769 15,786Weighted row share (%) 1.7 90.7 7.6Other-party intention: unique count 2,829 3,627 7,897Weighted row share (%) 20.7 33.3 46.0
Panel B. Pooled Post effectsPre-election intention Democratic vote Republican vote Neither major-party voteDemocratic intention -0.592 -0.281 0.873(1.240) (0.491) (1.143)Republican intention -0.301 -1.055 1.356(0.374) (0.976) (0.918)Other-party intention -7.387* -1.358 8.746*(4.056) (5.022) (5.055)
Panel C. Pooled Pre effectsPre-election intention Democratic vote Republican vote Neither major-party voteDemocratic intention 0.273 -0.313 0.040(1.290) (0.521) (1.194)Republican intention 0.283 -2.137** 1.855*(0.387) (0.997) (0.958)Other-party intention -9.645** 2.255 7.390(4.377) (5.366) (5.242)

Note: Panel A cross-tabulates office-specific pre-election intention and realized voting behavior within thesame election in the matched chronological CES sample. Counts are unique respondent--office--yearobservations after de-duplicating the stack-expanded sample; the table contains 397,359 such observationsand 768,912 stack-expanded rows. Weighted row shares combine the original matched-comparison weightswith CES survey weights normalized within each stack--county--office--election-year cell and sum to 100within intention. The sample requires a classified Democratic, Republican, or unambiguous other-partyintention and an internally consistent realized outcome; within each intention group, the three outcomes useidentical observations. Neither-major-party vote comprises reported nonvoters, unambiguous other-partyvoters, and explicit office undervoters. Panels B and C report pooled Post and Pre coefficients, respectively,from separate linear probability models for the realized-outcome indicator shown in each column, estimatedwithin the intention group shown in each row. Post combines hC = 1, 2, 3, 4, Pre combines hC = −3,−2,−1,and hC = 0 is omitted. Regressions include the baseline county controls and respondent age, age squared,and sex; absorb county-by-comparison, election-index, and state-by-office-by-year fixed effects; and use thesame weights as Panel A. Because same-election intentions need not precede WARN exposure at positive hC ,Panel B decomposes realized behavior conditional on reported intention and is not interpreted as a causaleffect on transitions from a predetermined intention. Panels B and C entries are percentage points. Standarderrors in parentheses are two-way clustered by county and matched comparison group. ∗, ∗∗, and ∗ ∗ ∗denote significance at the 10, 5, and 1 percent levels. See Appendix D.2 for further details.
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Table A14: CES vote choice among voters

Panel A. Complete Sample Base + demographics + party ID + intent Panel FE
WARN exposure 0.029*** (0.009) 0.023*** (0.008) 0.003 (0.004) 0.002 (0.002) -0.006 (0.010)Observations 806,785 686,715 683,817 557,783 58,297
Panel B. Common Sample Base + demographics + party ID + intent
WARN exposure 0.028*** (0.011) 0.018** (0.008) 0.004 (0.004) 0.002 (0.002)Observations 557,783 557,783 557,783 557,783
Note: The dependent variable equals one for a Democratic vote and zero for a Republican vote amongmajor-party voters. WARN exposure is an indicator for a qualifying event in the respondent’s county duringthe election-year window. Panel A uses all observations available to each specification. Therepeated-cross-section columns include state-by-year and office-by-year fixed effects and then sequentiallyadd respondent demographics, party identification, and pre-election vote intention. The final column poolsthe 2010--2014 and 2020--2024 CES panels and includes respondent and office-by-year fixed effects. Therepeated-cross-section specifications use between 557,783 and 806,785 observations; therespondent-fixed-effect specification uses 58,297. Panel B re-estimates the first four specifications on thecommon sample with nonmissing information for all included variables, holding the sample fixed at557,783 observations in every column. All specifications use CES survey weights, and standard errors inparentheses are clustered by county. ∗, ∗∗, and ∗ ∗ ∗ denote significance at the 10, 5, and 1 percent levels.See Appendix D.2 for further details.
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Fig. A1: Qualifying WARN event and election-year window
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Note: The figure illustrates the treatment definition and the assignment of a qualifying county-month to anelection-year window. Three-month WARN exposure sums exposure in the qualifying month and the twopreceding months. A county-month qualifies when this complete rolling window is at or above the global85th percentile among positive windows and contains at least 50 affected workers. The first qualifyingmonth dates the event. The four preceding election-year windows must be fully observed and contain noother qualifying event, after which a county may be treated again following four clean windows. Thedisplayed treatment month is illustrative; a qualifying event may occur in any month from Novemberthrough the following October. The four darker bars on the left each represent an entire precedingelection-year window, whereas the twelve bars on the right represent individual months in the treatmentelection-year. See Appendix B.1 for further details.
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Fig. A2: Three-month WARN exposure around matched treatment events
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Note: The figure plots average three-month WARN exposure for treated counties and their matched controlsfrom 48 months before through 48 months after the first qualifying treatment month. Exposure sums, overthe three-month window, each month’s affected-worker count divided by that month’s county labor forceand multiplied by 100. Month 0 is the first qualifying month, and the horizontal reference line marks thepreferred 0.63-percent treatment threshold. Matched-control exposure is first averaged within each treatedevent using the inverse-distance control weights, after which treated events receive equal weight.Depending on distance from treatment and data availability, monthly support ranges from 1,312 to 1,508 ofthe 1,508 matched events. See Appendix B.2 for further details.
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Fig. A3: Matched treated WARN events by calendar year
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Note: The bars report the number of matched treated WARN events by the calendar year of the firstqualifying treatment month. The figure covers all 1,508 events in the preferred chronological matchedsample. The first matched events occur in 2000, once the design can establish the required four-year cleanpre-event history, and the sample extends through 2024. See Appendix B.3.1 for further details.
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Fig. A4: Chronological and office-specific election ordering
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Note: Panel A illustrates the chronological election index, which orders included election dates in thesequence a county faces them. The final included date before the WARN event is hC = 0, and the first dateafterward is hC = 1. When several offices are contested on the same date, they share the samechronological index and each office contributes a separate county-office outcome; the design does not selectone office’s turnout measure. Panel B illustrates the office-specific index using Senate elections. Onlycontests for the relevant office advance that office’s index, while intervening contests for other offices leaveit unchanged. The diagrams are illustrative and do not represent a particular comparison or sample count.See Appendix B.4 for further details.
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Fig. A5: Pooled target-office design
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Note: The figure illustrates the target-office event-time design. Presidential, gubernatorial, House, andSenate comparisons are ordered separately around the last pre-WARN election of the same office, hO = 0.The four office-specific designs are matched separately. At each office-specific index, the pooledtarget-office estimate combines the available comparisons across offices. The diagram is illustrative anddoes not represent a particular comparison or sample count. See Appendix C.1.1 for further details.
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Fig. A6: Target-office effects on turnout and party-specific vote rates
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Panel C. Democratic votes/CVAP
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Note: Panels A-D report preferred event-study estimates under the pooled target-office design forDemocratic-Republican votes per CVAP, Republican votes per CVAP, Democratic votes per CVAP, andturnout, respectively. The office-specific index sets hO = 0 to the last election of the same office before theWARN event and hO = 1 to the first election of that office afterward. The omitted index is hO = 0, plottedat zero without a confidence interval. The estimates pool separately matched presidential, gubernatorial,House, and Senate comparisons and use 138,499 stack-expanded county-office-election observations. Alloutcomes are measured in percentage points. The specification includes preferred county controls,county-by-comparison and event-index fixed effects, state-by-office-by-year fixed effects, andinverse-distance weights. Dashed gray lines show 95 percent confidence intervals based on standard errorstwo-way clustered by county and matched comparison group. The text in each panel reports the pooledPost coefficient over hO = 1, 2, 3 and its standard error. See Appendix C.1.1 for further details.



55

Fig. A7: Democratic county two-party-lead event-study estimates
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Panel A. Chronological design
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Panel B. Target-office design

Note: The figure reports unrestricted event-study estimates for the Democratic county two-party-leadindicator. The indicator equals one when Democratic votes exceed Republican votes within the county andzero when Republican votes exceed Democratic votes; exact ties are excluded, and the indicator is definedonly when both Democratic and Republican votes are positive. It is a local two-party-lead measure, not thewinner of the electoral jurisdiction. Panels A and B report the chronological and target-office designs,respectively. The chronological estimates cover hC = −3, . . . , 4, while the target-office estimates cover
hO = −2, . . . , 3. In each panel, h = 0 is omitted and plotted at zero. The regressions use 113,729 and129,380 stack-expanded county-office-election observations, respectively, and retain the paper’s baselinecounty controls, fixed effects, matched-comparison weights, and two-way clustering by county and matchedcomparison group. Dashed gray lines show 95 percent confidence intervals. The text in each panel reportsthe separately estimated pooled Post coefficient over hC = 1, 2, 3, 4 in Panel A and hO = 1, 2, 3 in Panel Band its standard error. See Appendix C.1.2.1 for further details.
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Fig. A8: Effects of WARN events on electoral accountability
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Note: The figure reports chronological event-study estimates for two accountability outcomes. Panel A usesthe vote share received by a major-party incumbent candidate when such a candidate is running. Panel Buses the vote share received by the party holding the office before the election, whether or not the officeholder is running. Both shares use all candidate votes in the denominator. The incumbent-candidateregression uses 53,659 stack-expanded county-office-election observations, and the office-holder-partyregression uses 78,091. The omitted index is hC = 0, plotted at zero without a confidence interval.Estimates use the preferred matched design, county controls, fixed effects, and inverse-distance weights.Dashed gray lines show 95 percent confidence intervals based on standard errors two-way clustered bycounty and matched comparison group. The text in both panels reports the pooled Post coefficient over
hC = 1, 2, 3, 4 and its standard error. See Appendix C.1.3 for further details.
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Fig. A9: Observed vs. residualized WARN exposure
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Note: The figure compares the full baseline actual-WARN design, an actual-WARN design rebuilt on theexact county-month support of the residual-exposure first stage, and the residualized-WARN design.Residualized exposure is observed three-month exposure minus the fitted value from a county-monthregression on pre-event levels, 12-month changes, and annualized five-year trajectories in broadlabor-market measures, together with state, year, and month fixed effects. A residualized county-monthqualifies at the 85th percentile among positive residuals, a cutoff of 0.224 percentage points of county laborforce, and must imply at least 50 affected-worker equivalents. For the common-support actual-WARN series,the 85th percentile is recomputed among positive observed exposure on that support, a cutoff of 0.481percentage points, and a qualifying county-month must contain at least 50 observed affected workers. Eachrestricted-support design uses its own exposure measure to reconstruct treatment timing, clean histories,control eligibility, prior-exposure matching variables, and matches. The baseline, common-supportactual-WARN, and residualized-WARN regressions use 122,698, 96,574, and 113,331 stack-expandedcounty-office-election observations and contain 1,508, 1,182, and 1,389 matched events, respectively.Panels A-D report Democratic-Republican votes per CVAP, Republican votes per CVAP, Democratic votesper CVAP, and turnout, respectively, all in percentage points. The omitted index is hC = 0, plotted at zero.Vertical bars show 95 percent confidence intervals based on standard errors two-way clustered by countyand matched comparison group. See Appendix C.1.4 for further details.
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Fig. A10: Electoral effects of WARN events with and without adjustment for realized jobdestruction
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Note: The figure compares chronological event-study estimates from the same-sample baseline andJDR-adjusted specifications on the primary QWI-compatible sample. The change in the county firmjob-destruction rate (JDR) is its average during the WARN-trigger quarter and the following quarter minusits average during the two complete quarters ending before the qualifying WARN window begins. Thefollowing quarter must end before the first post-WARN election. Panels A-D report theDemocratic-Republican vote-rate margin, Republican votes per CVAP, Democratic votes per CVAP, andturnout, respectively, in percentage points. Both specifications use the same 102,884 stack-expandedobservations in 1,252 matched comparisons and retain the baseline controls, fixed effects, matched weights,and clustering. The omitted index is hC = 0, plotted at zero. Vertical bars show 95 percent confidenceintervals based on standard errors two-way clustered by county and matched comparison group. BecauseJDR is measured after treatment and covers all private-sector firms in the county, the adjusted estimates areconditional comparisons rather than a causal decomposition. See Appendix C.1.5 for further details.
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Fig. A11: Effects by treatment-to-election timing
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Note: The figure reports chronological event-study estimates separately by the distance from the firstqualifying WARN month to the next included election. The τ = 0 group contains events occurring 1-12months before that election, while the τ = 1 group contains events occurring 13-24 months beforehand.Panels A-D report Democratic-Republican votes per CVAP, Republican votes per CVAP, Democratic votesper CVAP, and turnout, respectively, all in percentage points. The τ = 0 regressions use 71,508stack-expanded county-office-election observations and the τ = 1 regressions use 51,190. The omittedchronological index is hC = 0, plotted at zero. Estimates retain the preferred controls, fixed effects, andmatched-comparison weights. Standard errors are two-way clustered by county and matched comparisongroup. Vertical bars show 95 percent confidence intervals. See Appendix C.2.1 for further details.
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Fig. A12: Effects of nonmanufacturing WARN events
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Note: The figure reports chronological event-study estimates after reconstructing treatment, controleligibility, and the matched comparisons using nonmanufacturing WARN notices. A county-month qualifieswhen three-month nonmanufacturing exposure is at or above the 85th percentile among positive windows,a cutoff of 0.39 percent of county labor force, and covers at least 50 workers. Of 1,448 match-ready events,1,246 obtain at least one acceptable control. The regressions use 101,160 stack-expandedcounty-office-election observations for every displayed outcome. Panels A-D report Democratic-Republicanvotes per CVAP, Republican votes per CVAP, Democratic votes per CVAP, and turnout, respectively, all inpercentage points. The omitted index is hC = 0, plotted at zero without a confidence interval. Estimatesotherwise retain the preferred chronological specification. Dashed gray lines show 95 percent confidenceintervals based on standard errors two-way clustered by county and matched comparison group. The text ineach panel reports the pooled Post coefficient over hC = 1, 2, 3, 4 and its standard error. See Appendix C.2.2for further details.
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Fig. A13: Geographic scope: excluding nearby controls
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Note: The figure compares the preferred chronological estimates with a donut design that excludes everypotential control in the treated county’s state-by-commuting-zone unit before repeating the matchingprocedure. The preferred design matches 1,508 treated events and uses 122,698 stack-expandedcounty-office-election observations. The donut design matches 1,490 events and uses 120,460 observations.Panels A-D report Democratic-Republican votes per CVAP, Republican votes per CVAP, Democratic votes perCVAP, and turnout, respectively, all in percentage points. The omitted index is hC = 0, plotted at zero. Bothspecifications use the same treatment definition, matching variables, calipers, preferred county controls,fixed effects, weighting rule, and use standard errors two-way clustered by county and matched comparisongroup. Vertical bars show 95 percent confidence intervals. See Appendix C.2.3 for further details.
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Fig. A14: Sensitivity to alternative county control sets
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Note: The figure compares chronological event-study paths under three county-control sets. No controlsomits time-varying county controls. Preferred includes the unemployment rate, labor-force size, per capitaincome, and cumulative COVID cases per 1,000 residents. Richer controls additionally includemanufacturing employment share, log average weekly wages, and log population density. The matchedsample, inverse-distance weights, and fixed effects are otherwise held fixed. Panels A-D reportDemocratic-Republican votes per CVAP, Republican votes per CVAP, Democratic votes per CVAP, andturnout, respectively, all in percentage points. The no-controls, preferred-controls, and richer-controlsspecifications use 125,113, 122,698, and 122,265 stack-expanded county-office-election observations,respectively. The omitted chronological index is hC = 0, plotted at zero. Vertical bars show 95 percentconfidence intervals based on standard errors two-way clustered by county and matched comparison group.See Appendix C.3.1 for further details.
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Fig. A15: Long-run trajectory adjustments
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Note: The figure compares the preferred chronological estimates with two adjustments for longerpre-WARN economic, demographic, and sectoral trajectories. Reweighted retains the preferred matchedcontrols but modifies their weights according to distance in the longer-run trajectory variables andrenormalizes the control weights within each comparison. Rematched rebuilds the treated-controlcomparisons using those additional histories. Panels A-D report Democratic-Republican votes per CVAP,Republican votes per CVAP, Democratic votes per CVAP, and turnout, respectively, all in percentage points.Preferred and Reweighted each use 122,698 stack-expanded county-office-election observations; Rematcheduses 137,660. The omitted index is hC = 0, plotted at zero. Vertical bars show 95 percent confidenceintervals based on standard errors two-way clustered by county and matched comparison group. SeeAppendix C.3.1 for further details.
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Fig. A16: Adjustment for forecasted local deterioration
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Note: The figure compares the preferred chronological specification with a forecast-adjusted specification.The forecast score is an equal-weight index of predetermined local deterioration measures, standardizedand oriented so that higher values indicate worse predicted conditions. The adjusted specification interactsthis score with every chronological election index while retaining the preferred matched sample, weights,county controls, and fixed effects. Panels A-D report Democratic-Republican votes per CVAP, Republicanvotes per CVAP, Democratic votes per CVAP, and turnout, respectively, all in percentage points. Bothdisplayed specifications use 122,698 stack-expanded county-office-election observations. The omitted indexis hC = 0, plotted at zero. Vertical bars show 95 percent confidence intervals based on standard errorstwo-way clustered by county and matched comparison group. See Appendix C.3.2 for further details.
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Fig. A17: Alternative treatment definitions
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Note: The figure compares the preferred chronological design with alternatives that change one componentof the treatment definition: the percentile cutoff for positive WARN exposure (80th or 90th rather than85th), the minimum-worker floor (25 or 75 rather than 50), or the exposure window (one or six monthsrather than three). Each exercise retains the other baseline choices and reconstructs treatment, cleanhistories, control eligibility, and the matched comparisons. Panels A-D report Democratic-Republican votesper CVAP, Republican votes per CVAP, Democratic votes per CVAP, and turnout, respectively, all inpercentage points. The omitted index is hC = 0, plotted at zero. The preferred, 80th-percentile,90th-percentile, 25-worker-floor, 75-worker-floor, one-month-window, and six-month-window designs use122,698, 138,863, 97,889, 123,134, 118,802, 143,898, and 106,299 stack-expanded county-office-electionobservations, respectively. Vertical bars show 95 percent confidence intervals based on standard errorstwo-way clustered by county and matched comparison group. See Appendix C.4.1 for further details.
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Fig. A18: Varying the number of matched controls
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Note: The figure compares the preferred design, which retains up to four controls per treated event, with anotherwise identical specification that retains up to ten. Panels A-D report Democratic-Republican votes perCVAP, Republican votes per CVAP, Democratic votes per CVAP, and turnout, respectively, all in percentagepoints. The preferred regressions use 122,698 stack-expanded county-office-election observations, while theup-to-ten-control regressions use 228,052 due to the expanded control set. The larger count reflects theadditional control rows retained within matched comparisons. The omitted index is hC = 0, plotted at zero.Both designs use inverse-distance weights normalized within comparison and the same preferred controlsand fixed effects. Vertical bars show 95 percent confidence intervals based on standard errors two-wayclustered by county and matched comparison group. See Appendix C.4.2 for further details.
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Fig. A19: Alternative fixed effects, weighting, and log-odds transformation
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Note: The figure compares the preferred chronological specification with alternatives that vary fixed effects,weighting, or functional form. Comparison-index FE replaces the baseline event-index andstate-by-office-by-year fixed effects with comparison-by-election-index-by-office fixed effects, restrictingidentifying variation to treated-control differences within each matched comparison, office, and electionindex. The ln(CVAP)-weighted specification scales each comparison by the treated county’s log CVAP atthe last pre-WARN election. The log-odds specification replaces each included outcome V/CV AP with
ln[V/(CV AP − V )], restricts the sample by outcome to 0 < V < CV AP , and reports weighted averagederivatives on the original percentage-point scale. The log-odds series is reported in Panels B-D forRepublican voting, Democratic voting, and turnout; the signed Democratic-Republican margin in Panel Ahas no corresponding ordinary log-odds transformation. Panels A-D report Democratic-Republican votes perCVAP, Republican votes per CVAP, Democratic votes per CVAP, and turnout, respectively, all in percentagepoints. The regressions use between 117,918 and 122,698 stack-expanded county-office-electionobservations across specifications. The omitted index is hC = 0, plotted at zero. Vertical bars show 95percent confidence intervals based on standard errors two-way clustered by county and matchedcomparison group; those for the log-odds estimates are computed by the delta method. SeeAppendices C.4.3 and C.4.5 for further details.
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Fig. A20: Excluding treatment election-year 2020
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Note: The figure compares the preferred chronological estimates with a specification that removes treatedevents assigned to the November 2019-October 2020 treatment election-year window. Panels A-D reportDemocratic-Republican votes per CVAP, Republican votes per CVAP, Democratic votes per CVAP, andturnout, respectively, all in percentage points. The restricted specification retains 1,248 matched treatedevents. The preferred regressions use 122,698 stack-expanded county-office-election observations, and therestricted regressions use 102,375. The omitted index is hC = 0, plotted at zero. Both specifications retainthe preferred controls, fixed effects, and inverse-distance weights. Standard errors are two-way clustered bycounty and matched comparison group. Vertical bars show 95 percent confidence intervals. SeeAppendix C.4.4 for further details.
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Fig. A21: Controlling for demographic composition and migration
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Note: The figure compares the preferred chronological specification with a specification that additionallycontrols for age composition, the nonwhite or Hispanic population share, theCVAP-to-voting-age-population ratio, and net and gross migration. Panels A-D reportDemocratic-Republican votes per CVAP, Republican votes per CVAP, Democratic votes per CVAP, andturnout, respectively, all in percentage points. The preferred regressions use 122,698 stack-expandedcounty-office-election observations, while the demographic-and-migration specification uses 114,969because the additional variables are not available for every observation. Both specifications retain thepreferred matched comparisons, inverse-distance weights, remaining county controls, and fixed effects. Theomitted index is hC = 0, plotted at zero. Vertical bars show 95 percent confidence intervals based onstandard errors two-way clustered by county and matched comparison group. See Appendix D.1 for furtherdetails.
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Fig. A22: CES evidence on vote switching and turnout composition
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Note: The figure reports respondent-level chronological event-study estimates using the cumulative CES for2006-2024. Panels A and B measure switching relative to office-specific pre-election intentions amongrespondents who later report voting in the election. The outcome equals one for a vote for the opposingmajor party and zero for a same-party vote, an other-candidate vote, or an explicit decision not to vote inthat office; respondents with an unavailable office choice are excluded. Panels C and D report theRepublican-minus-Democratic difference in validated-turnout responses among major-party identifiers andleaners, first overall and then among respondents who expressed an affirmative pre-election intention tovote. County controls and fixed effects in the turnout-gap regressions are allowed to differ by partisangroup. All four regressions include respondent age, age squared, and sex as common main effects. The fourregressions use 368,146, 314,945, 1,049,470, and 721,123 stack-expanded observations at therespondent-office-comparison level, respectively. A respondent may enter more than one matchedcomparison or contribute more than one office outcome. Within each stack-county-office-year cell, CESsurvey weights are normalized to sum to one and multiplied by the matched-comparison weight. Theomitted index is hC = 0, plotted at zero. Vertical bars show 95 percent confidence intervals based onstandard errors two-way clustered by county and matched comparison group. The text in each panel reportsthe pooled Post coefficient over hC = 1, 2, 3, 4 and its standard error. See Appendix D.2 for further details.
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Fig. A23: Transfer payments after WARN events and voting adjustment
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Note: The figure reports annual event-study estimates for four groups of county transfer payments: shock-responsive safety-nettransfers, active and administratively mediated support, slow-moving categorical entitlements, and private and community transfers.Each outcome is the natural logarithm of one plus real 2022-dollar payments per capita. The calendar year containing the firstqualifying WARN month is k = 0, a transition year that may contain both pre- and post-WARN months. The final complete pre-WARNyear, k = −1, is omitted; k = −3,−2 are earlier pre-event years and k = 1, 2, 3 are complete post-event years. No controls omitsannual county controls. Baseline adds unemployment, labor force, per capita income, and COVID cases. Voting-adjusted additionallycontrols for the most recent completed post-WARN election’s county-specific changes in turnout and Democratic two-party vote share,together with an indicator for whether such an election has occurred. Voting-adj. gap is the common-sample baseline coefficient minusthe voting-adjusted coefficient, with its standard error accounting for covariance between the estimates. The no-controls and baselineregressions use 41,651 comparison-specific county-year observations; the voting-adjusted estimates and gaps use a common sample of41,649 observations. That common sample spans 1,445 matched treated events, 1,985 counties, and transfer years 1997-2022. Allspecifications retain the original inverse-distance weights and include county-by-comparison, relative-year, and state-by-calendar-yearfixed effects. Vertical bars show 95 percent confidence intervals based on standard errors two-way clustered by county and matchedcomparison group. See Appendix D.4 for further details.
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