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Abstract

We study the impact of job displacement on an important non-wage attribute of

subsequent jobs: the commuting cost between home and work. Using geo-referenced

employee-employer data in Germany, we show that displaced workers take up new jobs

that require longer commuting by 23.1 percent (3.38 kilometers). The effect declines

over time as workers change to jobs closer to their homes. Estimating an on-the-job

search model with heterogeneous firms and commuting distances, we find a German

worker incurs commuting costs of 20.2 euros per day. Thus, longer commuting exacer-

bates the total cost of job displacement by one-fifth of the wage losses.
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1 Introduction

Job displacement has profound consequences on individual workers. Since Jacobson, LaLonde,

and Sullivan (1993), an extensive literature has documented the large earnings and wage

losses facing displaced workers. However, less is known about the non-wage impacts of job

displacement, especially how it affects the non-wage amenities in subsequent jobs. Contrary

to the theory of compensating wage differentials (Rosen, 1974; Roback, 1982), recent studies

find that low-paying jobs also provide worse amenities (Sockin, 2022; Maestas et al., 2023;

Lagos, 2024), in which case the wage losses could have understated the total cost facing

displaced workers. For policymakers, accounting for the non-wage effects is also important

to quantify the welfare costs of job displacement.

To fill this gap in the literature, this paper examines the impact of job displacement

on an important non-wage job attribute: the commuting cost between home and work.1

Using geo-referenced employee-employer data in Germany in 2000–2017, we first estimate

the effect of job displacement on workers’ commuting distances. After displacement, workers

commute longer distances to subsequent jobs by 23.1 percent (3.38 kilometers); over the next

10 years, the effect gradually declines as workers switch to jobs closer to their homes. Then to

convert the effect into monetary terms, we build a job search model and structurally estimate

workers’ willingness to pay (WTP) for shorter commuting. On average, workers’ commuting

costs amount to 20.2 euros per day, and the rising commuting costs after displacement are

equivalent to 20 percent of the wage losses. Therefore, the rising commuting costs amplify

the total cost of job displacement above and beyond lost earnings.

Our study makes three contributions. First, we use geo-coordinates of workers’ residences

and workplaces to precisely measure their door-to-door commuting distances. We show that

the long-run recovery in commuting distances is driven by workers’ switching from distant

to nearby jobs rather than relocating their homes (Huttunen, Møen, and Salvanes, 2018).

Also, we can consistently estimate the effect of job displacement without measurement er-

rors or selection bias in regional-level data (Meekes and Hassink, 2019; Illing, Schmieder,

and Trenkle, 2024). Second, we establish the joint effects of job displacement on wages and

commuting distances, providing evidence against compensating wage differentials, i.e., the

wage differentials across jobs do not fully compensate for differences in commuting costs or

identify workers’ WTP for less commuting. Therefore, our third contribution is to quantify

1In the 2010s, the average daily commuting time exceeded 40 minutes in most member states of the
European Union; the United States and the United Kingdom saw even longer daily commuting times of
50–60 minutes (Burd, Burrows, and McKenzie, 2021; Giménez-Nadal, Molina, and Velilla, 2022). The
monetary-equivalent value of commuting time is estimated to be 0.9 to 2.5 times the opportunity cost of
foregone wages (Small, Winston, and Yan, 2005).
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the WTP using a structural job search model with heterogeneous wages and commuting dis-

tances across jobs. Despite potentially endogenous location choice and unobserved non-wage

amenities, we obtain a WTP comparable with existing studies (Le Barbanchon, Rathelot,

and Roulet, 2021). Since commuting distances are idiosyncratic across workers at the same

firm, our method complements existing structural papers (e.g., Sorkin 2018) that estimate

the value of firm-specific amenities using worker-flow data. By combining both reduced-

form and structural estimates, we conclude that the monetary cost of commuting is large

and meaningfully contributes to the total cost of job loss.

To identify the causal effect of job displacement on workers’ commuting distances, we

exploit workers who involuntarily lose their jobs in establishment-level mass layoffs (Jacob-

son, LaLonde, and Sullivan, 1993). These workers are compared against a matched group

of non-displaced workers with similar pre-layoff characteristics. Analogous to the “scarring

effect” on wages, we find a large and persistent increase in workers’ commuting distances

after displacement. In the first year, workers who find a new job commute longer distances to

the job by 23.1 percent (3.38 kilometers one-way, relative to the pre-layoff average distance

of 14.61 kilometers). Over the next 10 years, the effect gradually declines as workers switch

to jobs closer to their homes. By contrast, we find no evidence that workers recover from

job displacement by relocating homes closer to their employers.2

Our estimates are robust to including part-time workers, excluding multi-location firms,

selection into reemployment, spillover effects of large layoffs, and alternative measures of

commuting time. We also demonstrate the value of granular commuting data by compar-

ing our estimates with distances aggregated at the district and municipality levels.3 We

show that measuring commuting at regional levels causes up to 60 percent overestimation

bias because two-thirds of German workers commute within districts and one-third within

municipalities. The results highlight the importance of geo-referenced location data.

In the second step, we develop an on-the-job search model (Burdett and Mortensen,

1998) to rationalize our empirical findings and estimate the monetary cost of commuting.

The model features heterogeneous firm productivity, non-wage amenities, and commuting

distances, which establishes a preferential ladder of jobs ranked by the job match surplus.

Higher-surplus jobs enjoy greater productivity, wages, amenities, and short commuting dis-

tances than lower-surplus jobs. On-the-job search allows workers to move from low-surplus

2Internal migration is not prevalent in Germany. According to Esipova, Pugliese, and Ray (2013), the
share of individuals who moved across municipalities is five percent. In comparison, this share exceeds 20
percent in the U.S.

3Districts and municipalities are the third and fourth levels of the European Union’s territorial units for
statistics (NUTS). In 2017, Germany was divided into 401 administrative districts and 11,014 municipalities;
the average size of a district is 890 square kilometers, and the average size of a municipality is 32 square
kilometers.
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to high-surplus jobs, which explains the long-term recovery in wages and commuting dis-

tances of displaced workers. By contrast, job displacement pushes workers down the job

ladder, resulting in short-run wage losses and longer commuting.

The model also illustrates how to recover the WTP of less commuting in the presence of

job search friction. In a competitive labor market, workers are indifferent across jobs and any

difference in non-wage job values must be compensated for and priced by wage differentials.

With the job ladder, however, high-surplus jobs may offer both higher wages and better

non-wage amenities than low-surplus jobs. Comparing two such jobs, one could mistakenly

conclude that workers are willing to pay to commute longer. To identify the WTP for less

commuting, it is therefore important to compare jobs between which workers are indifferent,

which is empirically difficult because the surplus of jobs is unobserved.

To address this challenge, we notice that workers’ reservation wages increase in com-

muting distance, and the slope of the reservation wage curve indicates the marginal WTP

for less commuting, i.e., how workers trade off wages and commuting distances at a given

surplus level. A steeper reservation wage curve truncates more job offers below it and causes

a larger discrepancy between potential and realized job matches. As such, we would identify

the WTP by comparing the model-predicted distribution of job offers with the observed

distribution of realized job matches. In practice, we also account for the endogenous deter-

mination of commuting distances and confounding non-wage amenities, which turn out to

have limited impacts on the estimated WTP.

Using the simulated method of moments, we estimate that each kilometer of commuting

is worth 1.4 euros. Accordingly, an average worker incurs a commuting cost of 20.2 euros

per day (20 percent of her daily wage), which is one magnitude larger than what is implied

by compensating differentials (assuming equalized utility across jobs). Women have higher

marginal WTP for commuting whereas they commute shorter distances than men. While

the estimates are based on all full-time workers in Germany, we obtain similar WTP among

displaced workers and our model reproduces the effects of job displacement on wages vis-

á-vis commuting distances. Finally, the marginal WTP is roughly constant in distance,

which alleviates the concerns of model misspecification due to non-linearity or discrepancies

between commuting distance and commuting time.

Combining the event study estimates with the estimated WTP, we further evaluate the

increase in commuting costs after job displacement in monetary terms. On average, the

greater commuting cost of displaced workers equals 20.6 percent of their wage losses in the

short run and 18.4 percent in the long run. Instead of compensating for the wage losses,

the extra commuting cost significantly adds to the total cost of job loss and dampens the

subsequent recovery of real wages, net of commuting costs.
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1.1 Related Literature

Our paper contributes to several strands of literature. First of all, a large literature has

examined the earnings losses due to job displacement (e.g., Jacobson, LaLonde, and Sullivan,

1993; Burdett, Carrillo-Tudela, and Coles, 2020; Schmieder, von Wachter, and Heining,

2023). Related to our work, Meekes and Hassink (2019, 2022) and Illing, Schmieder, and

Trenkle (2024) investigate how job displacement impacts cross-regional commuting, while

Fackler and Rippe (2017) and Huttunen, Møen, and Salvanes (2018) study the migration

behavior of displaced workers. Our work differs in two important ways. First, we exploit geo-

coordinate data to distinguish commuting from migration and show that job change, rather

than home relocation, explains the long-term recovery from job displacement. We also show

that regional commuting data leads to biased estimates of the displacement effects. Second,

we estimate not only the increase in commuting distances but also its monetary cost using

a structural model, in a setting where job search friction undermines reduced-form WTP

estimates based on compensating wage differentials.

We also contribute to the literature that estimates the cost of commuting. Using reduced-

form strategies, Mulalic, Van Ommeren, and Pilegaard (2014) and Dauth and Haller (2020)

find small wage elasticities with respect to commuting distances ranging from 0.009 to 0.015.

By contrast, Le Barbanchon, Rathelot, and Roulet (2021) and Van Ommeren and Fosgerau

(2009) exploit structural and survey methods and estimate an elasticity between 0.12 and

0.15. The transportation literature also finds varying values of commuting time, ranging

from one to 2.5 times the wage rate (e.g., Small, Winston, and Yan, 2005). More recent

studies quantify the value of other non-wage job amenities, which are found to amplify

rather than mitigate the wage inequality across jobs (Sorkin, 2018; Taber and Vejlin, 2020;

Sockin, 2022; Lagos, 2024). Our paper complements this literature by developing a structural

job search model to identify workers’ WTP for less commuting, accounting for job search

friction, endogenous location choices, and confounding non-wage amenities. We further show

that longer commutes exacerbate the cost of job displacement beyond the wage losses.

Finally, our study belongs to the burgeoning literature applying geo-referenced data in

spatial and labor market research. Granular geo-data enables investigation of novel topics

such as migration and commuting (Dauth and Haller, 2020; Jost, 2024), intra-city structure

(Heblich, Redding, and Sturm, 2020), and real estate markets (Chu et al., 2021). Combining

the geo-referenced data with route planning algorithms, we measure workers’ commuting

distances precisely and avoid a large estimation bias using aggregated data.

The rest of the paper proceeds as follows. Section 2 discusses the data and causal iden-

tification. Section 3 reports the estimated effects of job displacement. Sections 4–5 develop

a job search model and quantify the monetary cost of commuting. Section 6 concludes.
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2 Data and Empirical Methods

Our study exploits two administrative data sets provided by the Institute for Employment

Research in Germany: the Integrated Employment Biographies (IEB) and the Establishment

History Panel (BHP). The IEB data covers a representative sample of German workers

subject to social security contributions. It contains each individual’s age, gender, educational

attainment, employment history by job spells, the average daily wage and occupation in each

job spell, and the receipt of unemployment benefits. We also identify workers’ residences

and workplaces by labor market regions (equivalent to U.S. commuting zones, Glitz, 2012),

districts, and municipalities. Meanwhile, the BHP provides information on all establishments

with at least one registered employee in Germany, including the industry classification and

employment on June 30 each year. Appendix A describes other data used in the analysis.

We merge the employee-employer data with the supplement IEB-GEO data (Ostermann

et al., 2022) containing the geo-coordinates of each worker’s residence and workplace. The

geo-data is converted from residential addresses for both employed and unemployed workers

and registration addresses for all establishments. Over 90 percent of German firms have a

single establishment (Gumpert, Steimer, and Antoni, 2022) and their locations are unam-

biguously identified.4 Hereafter, we refer to “firms” and “establishments” interchangeably.

Combining the geo-coordinate data with route planning algorithms (OpenStreetMap.org,

Huber and Rust, 2016; Dauth and Haller, 2020; Jost, 2024), we calculate the door-to-door

driving distances and drive time for all employed workers. We argue that the driving distance

is a plausible measure of the commuting distance, as 68 percent of German workers drive

to work.5 Driving distances are also highly correlated with distances via other means of

transportation, such as bikes or public transit, so they are robust to how workers actually

commute. Moreover, the door-to-door distances outperform traditional measures such as

straight-line distances or distances between living and working regions: the former tend to

underestimate the actual commuting distance, and the latter do not capture commuters

within regions. In Section 3.2, we illustrate that ignoring within-regional commuters may

substantially bias the estimated effect of job displacement.

By contrast, the driving time might underestimate the true commuting time if workers

commute on foot, by bike, or by public transit.6 Following the transportation literature, we

4Multi-establishment firms must register at least one of their establishments per municipality and indus-
try. Hence, the registered address may not be the actual workplace if a firm has several establishments in
a municipality in the same industry (Ostermann et al., 2022). Appendix B reports robustness checks where
we exclude 15 percent of workers who are vulnerable to this problem.

5See www.destatis.de/DE/Themen/Arbeit/Arbeitsmarkt/Erwerbstaetigkeit/im-Fokus-Pendler.html.
6The route planning algorithm estimates commuting time based on typical road and congestion condi-

tions, but it may not capture workers’ idiosyncratic choices of departure time given time-varying congestion
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address this problem using two alternative measures of commuting time. First, we take the

average walking, cycling, and driving time for each trip weighted by the share of commuters

using each mode of transportation. Following Scheiner (2010), we allow the shares to vary

with distance, i.e., we allow workers to walk or ride more often for shorter trips. In Appendix

A, Table A1 lists the weights of walking, cycling, and driving by distance segments. Second,

we predict commuting time from commuting distances, assuming a constant elasticity of

speed with respect to distances of 0.4 (Van Ommeren and Dargay, 2006), plus five minutes

for departing and parking. Both measures are able to match the average commuting time in

Germany of 23.5 minutes one-way (Giménez-Nadal, Molina, and Velilla, 2022).

Figure A1 plots the distributions of driving distances and the three measures of commut-

ing time. Most workers commute below 40 kilometers or 60 minutes one-way. Comparing

panels (a)–(b), the distribution of driving time is slightly more dispersed than driving dis-

tances because the former already accounts for variations in driving speed. However, panels

(c)–(d) show greater dispersion in the alternative measures, further reflecting changes in the

mode of transportation. Particularly, short trips are assigned slower speeds and thus take

longer times. In subsequent analysis, we focus on driving distances as the baseline outcomes

but our estimates are robust to all three measures of commuting time.

Our sample spans from 2000 to 2017, during which the geo-coordinate data is available.

We include workers of both genders between 20 and 54 years old but exclude those with a

maximum commuting distance above 100 kilometers as they are unlikely to commute every

day (Dauth and Haller, 2020). Following Dauth and Eppelsheimer (2020), we transform

IEB’s employment spells into a worker-year panel. In each year, we observe workers’ total

earnings, the number of days in full-time, part-time, and mini jobs7, and the “main” employer

on June 30. If a worker has multiple employers on June 30, we choose the one with the highest

daily wage as the main employer. For the main employer, we calculate the commuting

distance and commuting time. In addition, we impute missing education variables and top-

coded wages due to social security thresholds (Card, Heining, and Kline, 2013).

2.1 Mass Layoffs and Displaced Workers

To identify the causal effects, we consider mass layoffs as the source of job displacement

(Jacobson, LaLonde, and Sullivan, 1993; Davis and von Wachter, 2011; Schmieder, von

Wachter, and Heining, 2023; Illing, Schmieder, and Trenkle, 2024). Following the literature,

we define mass layoffs in calendar year τ if an establishment (i) has at least 50 employees in

levels. To our knowledge, there is no data with self-reported commuting time or modes of transit at the
individual level that can be merged with administrative employee-employer data.

7Mini jobs are a form of marginal employment in Germany with monthly income below 450 euros.
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year τ , (ii) reduces the number of employees by at least 30 percent from year τ to year τ +1,

and (iii) the number of employees in year τ is below 130 percent of that in year τ−1. We also

distinguish mass layoffs from firm reorganizations and outsourcing, in which case more than

30 percent of the displaced workers move to another single establishment (Hethey-Maier and

Schmieder, 2013; Goldschmidt and Schmieder, 2017). In Appendix B, we alternatively use

establishment closure for identification and obtain similar results.

Figure 1 shows the number and average size of mass layoffs over time and across space.

Except for a hike in 2010, mass layoffs are dispersed over time and hardly correlated with

business cycles. The average establishment has 153.6 workers before the layoff and 59 percent

are laid off. Mass layoffs are not spatially concentrated either. As shown in panels (c)–(d),

most districts have only a few mass layoffs per year. Across all districts, the number of

displaced workers is small relative to the local population. Appendix B further shows that

our estimates are not confounded by unobserved, time-varying labor market conditions or

spillover effects of large layoffs.

We define a worker as being displaced if her main employer undergoes a mass layoff in

year τ and she separates from the employer between year τ and τ + 1 (Simmons, 2024).

We focus on workers who have worked full-time at the displacing firms for at least three

consecutive years before layoffs. This rules out marginal or low-productivity workers who

might self-select into mass layoffs. Additionally, we exclude workers recalled by the displacing

firms. In total, we identify 7,772 workers displaced between 2002 and 2012.8 Focusing on

layoffs up to 2012 enables us to track each worker for at least five years after displacement.

2.2 Matched Non-Displaced Workers and Summary Statistics

Next, we construct a control group of workers who are not displaced but have similar char-

acteristics to the displaced workers. The control group is obtained using coarsened exact

matching (CEM, Iacus, King, and Porro, 2012). For workers displaced in year τ , we first

identify potential matches as those not displaced in year τ and having full-time jobs at the

same firm in the past three years. Following Krolikowski (2018), we allow these workers to

be displaced in later years. Then we match displaced and non-displaced workers within each

year τ by gender, age, education, firm tenure, firm size, industry, and western versus eastern

Germany in year τ . We also match by workers’ log daily wages and log commuting distances

8While we identify mass layoffs using the universe of German establishments over this period, we can only
draw a random sample of workers due to the sensitivity of geo-information. Therefore, the initial number
of workers who work full-time at a mass layoff firm is 16,745. Imposing the tenure restriction and dropping
recalled workers together reduce the sample size to 13,819, among which 7,772 workers survive after CEM.
By contrast, Illing, Schmieder, and Trenkle (2024) begin with the universe of workers over the same time
period and obtain a matched sample with 80,655 displaced workers.
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in year τ − 1. If a worker experiences multiple mass layoffs, only the first is included in the

matching. This procedure yields a matched control group of 65,163 workers.

Table 1 provides summary statistics of displaced and matched non-displaced workers in

the year before displacement. For displaced workers in column (a), one-fourth of them are

female, and the average age before displacement is 40.83 years old. Most displaced workers

have vocational training (74.7 percent) and live in western Germany (87.3 percent). The

average worker has 15.2 years of total work experience and 8.8 years of experience with the

current employer, and earns 100.7 euros per day. Following Abowd, Kramarz, and Margolis

(1999, AKM hereafter), we measure firm- and worker-specific wage premiums using firm and

worker effects estimated from a two-way fixed effects model of wage formation.9 We do not

find that displacing firms systematically pay lower wages.

Regarding the commuting outcomes, the average worker travels 14.64 kilometers or 22.16

minutes one-way, which is similar to the nationwide average (Giménez-Nadal, Molina, and

Velilla, 2022). We also notice that a sizeable share of commutes occurs within administrative

regions. Only 35.3 percent of workers commute across districts and 60.3 percent across

municipalities. Finally, roughly half of the workers are from the manufacturing, trade, and

construction sectors.

Next, Table 1, column (b) shows that non-displaced workers exhibit similar characteristics

to their displaced counterparts. In Table A4, we also confirm that workers in the matched

sample remain comparable with those in the pre-matching sample of full-time workers at

large, in terms of age, working experience, job characteristics, earnings, and commuting

outcomes, albeit the matched sample tends to overweight male and less educated workers.

Therefore, despite the modest sample size, our matching procedure yields a representative

sample of German workers and allows for clean comparison between displaced and non-

displaced workers.

2.3 Event Study

We exploit an event study design (Jacobson, LaLonde, and Sullivan, 1993) to identify the

causal effects of job displacement. Assume the outcome Yit for worker i in year t is given by

Yit =
10∑

k=−4

(
αkI{t=τ(i)+k} + βkI{t=τ(i)+k}MLi

)
+X ′

itγ + ϕi + ψt + ϵit. (1)

9The variables are provided as part of the IAB data and are available for nearly the universe of firms
and workers in Germany. Therefore, it is not specific to our mass layoff sample or our matching procedure.
See Appendix A.1 for detailed discussion of the data.
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In equation (1), MLi indicates that worker i is displaced according to the criteria in Section

2.1. For displaced workers, we define τ(i) as the year of displacement. For workers in the

matched control group, τ(i) is the year of matching. The indicator I{t = τ(i) + k} equals

one if the focal year t is the k-th year after (or −k-th year before) displacement. To examine

pretrends and long-term effects, we set k in the range from −4 to 10 and normalize k−1 = 0

(the last full calendar year before mass layoff). As such, αk captures the outcome of non-

displaced workers k years after displacement relative to the year immediately before (τ(i)−1).

For displaced workers, this is captured by (αk + βk). Therefore, βk represents the partial

effect of job displacement on Yit after k years. In addition, Xit controls for time-varying

worker characteristics, i.e., a cubic polynomial of age. Other time-invariant characteristics,

such as gender and education, are absorbed by the worker fixed effect ϕi. Finally, ψt is the

calendar-year fixed effect, and ϵit is the error term clustered by establishments.

To identify the causal effects, we assume that mass layoff events are uncorrelated with

workers’ characteristics (or the characteristics of firms and local labor markets) relevant to

their labor market outcomes. This assumption is justified as follows. First, mass layoffs occur

at the establishment level and are beyond the control of displaced workers. It is unlikely

that workers with stable full-time jobs should anticipate or select into mass layoffs, especially

as they have been working at the firms for over three years. Second, displacing firms and

workers could be less productive than non-displaced ones. To rule out this concern, we use

CEM to compare displaced and non-displaced workers with similar pre-layoff characteristics

(see Table 1). By including worker fixed effects, we also absorb any difference across workers

and their displacing firms. Net of such differences, the outcomes of displaced and non-

displaced workers evolve in parallel trends before mass layoffs. Third, mass layoffs by small-

to-medium establishments constitute the majority of our sample, and they are unlikely to

have spillover effects on the entire local labor market. We have also ruled out that mass layoffs

are concentrated in particular years or geographic regions. Finally, with a large control group

of non-displaced workers, we can identify dynamic and heterogeneous displacement effects

of job displacement (Borusyak, Jaravel, and Spiess, 2024). Appendix B reports robustness

checks to support our argument.

A remaining concern with the above specification is that displaced workers’ commuting

outcomes are unobserved until they find a new job (see also Jarosch, 2023; Meekes and Has-

sink, 2019, 2022; Bertheau et al., 2023). In our treated group, 12.8 percent of worker-year

observations are missing due to unemployment (especially in the first few years after job dis-

placement) and 4.5 percent are missing due to attrition from IEB’s coverage (e.g., becoming

civil servants, self-employed, retired, or going abroad). In the matched control group, the

share of missing observations is below three percent. If displaced workers are endogenously
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selected for reemployment, the composition of reemployed workers could change over time

and confound the estimated dynamic effects. For example, workers who find a job in the

first year after displacement could be more productive than those who find a job in later

years. Thus, the average productivity of workers would deteriorate over time and we would

understate (overstate) the short-run (long-run) wage losses.

To correct for this bias, we use an alternative specification of equation (1) to estimate

the effect of job displacement by years since reemployment:

Yit =
∑
k<−1

(
αkI{t=τ(i)+k} + βkI{t=τ(i)+k}MLi

)
+
∑
k≥0

(
αkI{t=τ̃(i)+k} + βkI{t=τ̃(i)+k}MLi

)
+X ′

itγ + ϕi + ψt + ϵit.
(2)

In the second line of equation (2), τ̃(i) is the year worker i finds her first job after displace-

ment. Conditional on reemployment, the estimates βk will capture the dynamic effects of

mass layoffs net of the changing sample composition.

Additionally, we estimate the average displacement effect across all post-displacement

years. The estimates are obtained from a standard difference-in-differences (DID) regression:

Yit = αPostit + β (MLi × Postit) +X ′
itγ + ϕi + ψt + ϵit, (3)

where Postit equals one for t > τ(i). Other terms remain the same as equations (1)–(2).

3 The Effects of Job Displacement

This section presents the estimated effects of job displacement. Figure 2, panel (a) plots

estimates of equation (1) using a balanced worker-year panel and the indicator of full-time

employment as the dependent variable. We find mass layoffs significantly impact workers’

employment trajectories. In the first year after displacement, displaced workers are 67.3

percent less likely to be full-time employed than non-displaced workers. Nonetheless, the

employment gap diminishes over time. Table 2, column (a) shows the DID estimates from

equation (3). Averaged across 10 years post-layoff, job displacement reduces workers’ em-

ployment probability by 32.6 percentage points.10

Next, Figure 2, panel (b) illustrates the effect of job displacement on the daily wages of

10Figure A2 and Table A2 show a similar decline in employment across all job types. However. the loss
in full-time employment is partially offset by increased days working in part-time and mini jobs. In the long
run, part-time and mini-job employment declines as workers return to full-time employment. The results
suggest that displaced workers take part-time and mini jobs as stepping stones back to full-time employment.
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subsequent jobs. Conditional on full-time employment, workers’ average daily wage drops

by 22.5 percent in the first year after displacement. This large wage loss persists for another

three years and slowly recovers in the long run. Table 2, column (b) shows that the average

daily wage of displaced workers falls by 20.4 percent over the entire post-displacement period.

Additionally, we find that a significant portion of the wage losses is driven by losses in firm-

specific wage premiums (see Figure A2 and Table A2).

Figure 2, panel (c) reports estimates on commuting distances. Opposite to the employ-

ment and wage effects, workers’ average commuting distance increases by 23.1 percent in the

first year after displacement and gradually declines in subsequent years. Evaluated at the

pre-layoff means in Table 1, the short-term increase equals 14.64 × 0.231 = 3.38 kilometers

one-way. Table 2, column (c) shows that the long-run increase in commuting distance is 18.7

percent or 2.74 kilometers one-way. The above results are quantitatively robust if we directly

estimate the displacement effects on daily wages and commuting distances in level (see Fig-

ure A3 and Table A3). Besides, panel (d) shows that workers’ commuting time (weighted

average of walking, cycling, and driving time) increases significantly after job displacement

and recovers in the long run.11

3.1 Margins of Adjustment

To reduce commuting, workers can either switch to employers closer to their homes or re-

locate their homes closer to employers. Contrary to the U.S. where internal migration is

prevalent, home relocation is much less common in Germany (Esipova, Pugliese, and Ray,

2013). Meekes and Hassink (2019) shows that job displacement due to firm bankruptcy

reduces the likelihood of relocation, and Huttunen, Møen, and Salvanes (2018) argue that

non-economic factors drive home relocation by displaced workers. Accordingly, we provide

three pieces of evidence that the commuting dynamics are driven by job change rather than

home relocation and that commuting is a more effective response to job displacement.

First, we estimate (1) using indicators of job change and relocation as dependent vari-

ables. As shown in Figure 3, panels (a)–(b), job change rates increase significantly in both

the short run and long run after displacement. However, the pre-layoff level and the change of

relocation rates (9.0 and 3.5 percentage points, respectively) are small in absolute magnitude

and the effect hardly persists in the long run. Second, we estimate the commuting effects for

workers who do not relocate over the entire post-displacement period. For these workers, we

observe a long-term decline in commuting distances similar to the baseline estimates (Figure

11In Figure A3 and Table A3, we further show that workers are more likely to commute across districts
and municipalities after displacement. They also work more often in different occupations and industries
from their pre-displacement jobs (Neffke, Nedelkoska, and Wiederhold, 2022).
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3, panel (c)). Third, we show that workers do not relocate systematically towards where they

work. For each displaced worker who relocates but does not change jobs between years t and

t + 1, we compute the distance from her workplace to her residence both before and after

relocation. As shown in Figure 3, panel (d), we do not see the average distance declines or

the distribution shifts to the left after relocation. This is consistent with Huttunen, Møen,

and Salvanes’s (2018) argument that displaced workers relocate for non-economic reasons.

3.2 The Value of Granularity

As mentioned above, a major advantage of our study is the geo-coordinate level commuting

data. For each worker, we can calculate the door-to-door commuting distance between her

residence and workplace along actual routes. Compared with distances measured at regional

levels, our data overcomes two types of errors. First, regional-level data omits commuters

within the same region, leading to a censoring problem. Second, an individual’s commuting

distance rarely coincides with the distance between two regional centers. If workers living

at regional borders are more likely to commute across regions, the distance between two

regional centers will overstate the average commuting distance. In what follows, we quantify

the magnitudes of both errors.

In Figure 4, panel (a) and Table 4, panel A, we compare estimates of equation (1) using

our baseline measure of commuting distances versus alternative measures at the district level.

In the first step, we “omit” within-district commuters by forcing their distances to zero. This

leads to an overestimation of the job displacement effect by 12.7 log points in the first year

after displacement, and the magnitude of the bias is 54.7 percent of the baseline effect. The

long-run effect of job displacement is also overestimated by 32.6 percent. In the second step,

we further assume that commuters from one district to another all take the same route, the

distance of which is calculated using OpenStreetMaps between district centers. We find this

assumption has a relatively smaller impact on the causal estimates. Accounting for both

errors, the effects of job displacement are overestimated by 60 percent in the short run and

by 32.6 percent in the long run.

In Figure 4, panel (b) and Table 4, panel B, we repeat the comparison at the municipality

level. Since a German municipality is smaller than a district, both biases become smaller in

magnitude. In total, the short-run effects are overestimated by up to 29.7 percent and the

long-run effects by 14.4 percent. Hence, we conclude that using regional-level commuting

data overestimates the effect of job displacement, primarily due to omitting commutes within

regions. If anything, measuring commuting at a finer level will mitigate the bias.
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3.3 Robustness

We perform various robustness checks for the displacement effects on daily wages and com-

muting distances. First, we include part-time jobs where wages and commuting distances

are potentially measured with errors. Second, we use establishment closure as an alternative

treatment to address workers’ self selection into displacement. Third, we estimate the alter-

native specification in equation (2) to address workers’ selection into reemployment and the

changing composition of reemployed workers. Fourth, we rule out spillover effects of large

layoffs that negatively impact both displaced and non-displaced workers in the local labor

market (Gathmann, Helm, and Schönberg, 2020). To do so, we run separate analyses (i)

excluding mass layoffs of more than 500 workers, and (ii) adding fixed effects by commuting

zones and years. Fifth, recall that our data does not differentiate multiple workplaces of the

same establishment in the same municipality and industry. To rule out possible measurement

errors in the workplace addresses, we exclude workers in finance, trade, and transportation

industries (Ostermann et al., 2022), where firms are more likely to operate at multiple loca-

tions within a municipality. Finally, we estimate the effects on other measures of commuting

time. We also use the imputation method of Borusyak, Jaravel, and Spiess (2024) to account

for dynamic and heterogeneous treatment effects. As shown in Appendix B, all the results

are robust and similar to the baseline estimates.

3.4 Effect Heterogeneity

The effects of job displacement may vary across workers, firms, and labor markets in sev-

eral ways. First, they could depend on workers’ preferences or demographics. For example,

Figures C1–C2 present separate estimates of equation (1) by gender and age, respectively.

We find that female and older workers suffer from greater wage losses, while their commut-

ing distances increase less than male and younger workers. This is consistent with Illing,

Schmieder, and Trenkle (2024) and Meekes and Hassink (2022) who argue that women face

higher commuting costs than men. Also, the displacement effects may vary with the dif-

ficulty of relocation, e.g., homeowners and married workers are expected to be less mobile

than tenants and singles. While data on home ownership is not available, Figure C3 com-

pares the effects between married versus single workers (see Appendix A.2), showing that the

increase in commuting distance is on average smaller and recovers faster for married workers.

Nevertheless, Tables C1–C3 report that the long-run effects on commuting distances exhibit

no statistical difference across subsamples.

Second, the effects could differ across displacing firms. According to a job ladder model,

job displacement from productive firms is more costly as workers lose more firm-specific wage
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premiums (Fackler and Rippe, 2017). Figure C4 and Table C4 show that workers displaced

from high-wage firms suffer from greater wage losses and larger increases in commuting

distances. Similarly, Figure C5 and Table C5 reveal that displacement from longer-tenure

jobs is more costly as workers accumulate more job-specific wage premiums on such jobs.

In Figure C6 and Table C6, however, we do not find the same difference between high- and

low-wage workers.

Third, the displacement effects may depend on job accessibility in the local labor market.

As shown in Figure C7 and Table C7, urban workers experience a slightly smaller increase

in commuting distances but larger wage losses after displacement. We argue that thicker

labor markets in urban areas explain the smaller commuting effect, while the extra wage

penalty is due to higher firm productivity or better match quality in pre-displacement jobs

(Fackler and Rippe, 2017). Meanwhile, concentrated labor markets may offer fewer outside

options so that displaced workers are less likely to find a job with relatively higher wages

and shorter commuting distances. But in Figure C8 and Table C8, we do not find significant

heterogeneity by labor market concentration (measured by the Herfindahl–Hirschman index

by commuting zones and industries).

Fourth, workers may recover faster from job loss if their industry-specific skills better

match the local demand, e.g., they are displaced from industries that make up a higher

employment share in the local labor market (Macaluso, 2023). Hence, Figure C9 and Table

C9 compare the displacement effects by the employment share of the displacing industry

in the commuting zone. Within each industry, we compare commuting zones below and

above the median employment share. Workers with better skill matches experience smaller

wage losses and lesser commuting increases, whereas the long-term differences are small and

statistically insignificant.

Finally, we examine how the heterogeneous effects of job displacement interact with

workers’ unemployment duration. As mentioned above, less productive workers may take

a longer time to find a new job and their productivity could decay while unemployed. As

such, Figure C10, panel (a) confirms that workers with longer post-layoff unemployment

spells suffer from greater wage losses after they find new jobs (see also Table C10). On the

other hand, panel (b) shows a non-monotonic relationship between unemployment duration

and the displacement effects on commuting. Workers unemployed for less than one year

experience a relatively small increase in commuting. This is likely because they enjoy more

generous unemployment benefits in the first year than in later years12, so they take up new

12In Germany, workers who have been employed for at least one year in the past two years are eligible for
Unemployment Benefit I (Arbeitslosengeld I) with a replacement rate of 60–67 percent. Workers unemployed
for over one year are only eligible for Unemployment Benefit II (Arbeitslosengeld II), which is means-tested
and pays no more than 500 euros per month.
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jobs only if they are close enough. After the first year, however, the commuting effects decline

in unemployment duration. We attribute this pattern to a selection effect: workers with a

stronger distaste for commuting would rather wait or accept lower wages than commute to

a distant job.

3.5 Trade off Wage Losses and Longer Commuting

In Appendix D, we further estimate the correlation between the wage losses and the commut-

ing effects at the worker level. The estimated Pearson correlation coefficient is approximately

0.060, suggesting that greater wage losses are associated with less increase in commuting.

Assuming compensating wage differentials, i.e., variations in wage losses fully capture differ-

ent commuting distances, the estimates imply a wage elasticity with respect to commuting

distances of 0.018. This is close to Mulalic, Van Ommeren, and Pilegaard (2014) who es-

timate an elasticity of 0.014–0.017 using firm relocation as exogenous shocks to workers’

commuting distances.

In contrast, our estimate is one magnitude smaller than Le Barbanchon, Rathelot, and

Roulet (2021) who explicitly account for utility dispersion among realized job matches and

obtain an elasticity of 0.121–0.148. If workers value commuting by the opportunity cost of

commuting time (15 euros per day), the equivalent wage elasticity would be 0.150, which also

exceeds our implied estimate. This is inconsistent with Small, Winston, and Yan’s (2005)

review that workers’ valuation for commuting time is 0.9–2.5 times the opportunity cost.

Therefore, it is unlikely that wage differentials across jobs fully compensate for variations in

commuting costs.

4 A Job Search Model

In the following sections, we develop and estimate a partial-equilibrium, random job search

model to rationalize our causal estimates and quantify the monetary commuting cost. The

model, in the spirit of Burdett and Mortensen (1998), features on-the-job search and three

dimensions of heterogeneity: firm productivity, firm’s provision of non-wage job amenities,

and commuting distances. Readers are referred to Appendix E for proofs.

Consider an infinite-horizon, discrete-time setting with a continuum of firms and workers.

Firms are ex-ante heterogeneous in their productivity y and non-wage amenity a. Both at-

tributes are constant for all workers at the same firm. Meanwhile, the idiosyncratic locations

of firms and workers give rise to heterogeneous commuting distances r. A job is character-

ized by a triple θ = (y, a, r). Firms’ and workers’ locations are taken as given (Esipova,
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Pugliese, and Ray, 2013) or they are determined in a spatial equilibrium where agents have

no incentive to move.

In each period, an unemployed worker receives unemployment benefits z and draws a job

offer with probability λ0. If employed in a job match θ, the worker consumes a flow wage

w(θ, θ̂) and amenity a, incurs commuting cost cr, and receives a job offer with probability

λ1. The flow wage depends on both the current job match θ and the worker’s best outside

option θ̂. The commuting cost is linear in the distance r with c > 0 being the marginal

commuting cost. The distribution of potential job matches (job offers) is exogenously given

by Fθ and we assume Fθ is the same for all unemployed and employed workers. We allow

for correlation between firm attributes and commuting distances to capture possible spatial

sorting by firms and workers.

Given the worker’s outside option θ̂, the value of a job match θ is equal to W (θ, θ̂) for

the worker and J(θ, θ̂) for the firm. The values for an unemployed worker and an unmatched

firm are U and zero, respectively. For unemployed workers, an offer turns into a job match

if the joint surplus

S(θ) ≡ W (θ, θ̂)− U + J(θ, θ̂), (4)

is positive. Note that S is the net value of employment for both firms and workers and does

not depend on θ̂, which only affects how the surplus is split. With slight abuse of notation,

we use u to denote job offers that do not lead to a match, so that S(u) ≤ 0. Finally, all job

matches dissolve exogenously with probability δ.

With on-the-job search, bargaining takes place as sequential auctions (Postel-Vinay and

Robin, 2002). If an unemployed worker receives a job offer θ, she will bargain for an exogenous

share α ∈ [0, 1] of the joint surplus:

W (θ, u)− U = αS(θ). (5)

If the worker with outside option θ̂ is currently in a job match θ1 and receives an offer

θ2, one of the following will happen. If S(θ2) > S(θ1), the worker will move to the new firm

and the new wage is determined by

W (θ2, θ1)− U = S(θ1) + α(S(θ2)− S(θ1)), (6)

so that the worker gains α share of the incremental surplus. If S(θ̂) < S(θ2) < S(θ1), firm

θ1 retains the worker at a higher wage by matching the outside option θ2. The renegotiated

wage satisfies

W (θ1, θ2)− U = S(θ2) + α(S(θ1)− S(θ2)). (7)
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Finally, if S(θ2) ≤ S(θ̂), the worker remains at the current firm at the current wage.

For the sake of convenience, we define M1(θ1) = {θ : S(θ) > S(θ1)} as the set of firms

that successfully poach the worker from θ1, and M2(θ1, θ2) = {θ : S(θ2) < S(θ) ≤ S(θ1)} as

those triggering wage renegotiation at firm θ1 when the worker’s original outside option is

θ2. The corresponding probability measures are p1(θ1) and p2(θ1, θ2), respectively. In later

analysis, we also denote p3(θ2) = p1(θ1) + p2(θ1, θ2).

For unemployed workers, the value function U is given by

U = z + β

{
λ0

∫
M1(u)

W (x, u)dFθ(x) + (1− λ0p1(u))U

}
. (8)

Within the braces, the first term is the expected continuation value of being employed at

some firm x. The second term means that the worker receives no job offer or the job offer

creates zero surplus.

Similarly, the value function of an employed worker at firm θ with outside option θ̂ is

W (θ, θ̂) = w(θ, θ̂) + a− cr + β

{
δU + (1− δ)

[
λ1

∫
M1(θ)

W (x, θ)dFθ(x)

+ λ1

∫
M2(θ,θ̂)

W (θ, x)dFθ(x) + (1− λ1p3(θ̂))W (θ, θ̂)

]}
.

(9)

The four terms in the braces represent the continuation value of separation into unemploy-

ment, moving to a higher-surplus job, renegotiating wages with the incumbent firm, and

staying with the incumbent firm at the current wage, respectively.

Lastly, the value function of the firm is given by

J(θ, θ̂) = y − w(θ, θ̂) + β(1− δ)

{
λ1

∫
M2(θ,θ̂)

J(θ, x)dFθ(x) + (1− λ1p3(θ̂))J(θ, θ̂)

}
. (10)

4.1 Job Match Surplus and the WTP for Commuting

To investigate the relationship between firm-specific values (productivity and non-wage

amenities) and commuting costs, we associate both outcomes with the match surplus. Plug-

ging the wage bargaining rules (5)-(7) and value functions (8)-(10) into (4), we obtain an

expression of the surplus function:

S(θ)

1− β(1− δ)
= y + a− cr − z − αβλ0

∫
M1(u)

S(x)dFθ(x)

+ αβ(1− δ)λ1

∫
M1(θ)

(S(x)− S(θ)) dFθ(x).

(11)
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Proposition 1. S strictly increases in y and a and strictly decreases in r.

By Proposition 1, workers prefer jobs with higher productivity, better amenities, and

lower distances. From the view of revealed preference, S serves as a “utility function”

that rationalizes workers’ mobility patterns: workers voluntarily move from unemployment

to positive-surplus jobs and from low-surplus to high-surplus jobs. Accordingly, Figure 5,

panel (a) plots the daily wages and commuting distances among the first jobs accepted by

displaced workers. Our model predicts that these jobs all have a positive surplus. Indeed,

the minimum wage of accepted jobs increases as commuting distances become longer because

otherwise, these jobs will likely have a negative surplus.

Focusing on workers’ valuation for commuting distances relative to other job attributes,

we define v = y + a as the “total value” of jobs (Sorkin, 2018; Sockin, 2022). All jobs (v, r)

satisfying S(v, r) = 0 define a “reservation value curve” with a slope of c in the v-r space (see

Figure 5, panel (b)). Holding the surplus constant, the parameter c governs workers’ trade-off

between v and commuting distance r. If v is measured in pecuniary terms and r is measured

in kilometers, then c represents workers’ WTP for one kilometer less of commuting. Note

that S depends on commuting distances r which vary across workers within the same firm.

In comparison, v does not vary within firms and represents workers’ common or systematic

preferences over firms.

4.2 Recovery from Job Displacement

Given Proposition 1 and the upward-sloping reservation value curve, we argue that workers

are expected to match with higher-value and more proximate firms over time.

Proposition 2. Let E[v|s] and E[r|s] be the expectation of total job value and commuting

distances conditional on surplus level s, respectively. E[v|s] increases in s and E[r|s] de-
creases in s if (i) Fv and Fr are twice differentiable; (ii) the density functions fv and fr are

log-concave; and (iii) Fθ = FvFr.

We also discuss cases where v and r are not independent. If v and r are negatively

correlated, i.e., more productive firms locate closer to workers, then the results of Proposition

2 still hold, because recovery along the job value dimension directly reduces the expected

commuting distances and vice versa. However, if v and r are positively correlated, higher-

surplus jobs may have higher value but are further away. As opposed to our empirical results,

either E[v|s] may decrease or E[r|s] may increase in s.

Proposition 2 explains the short-run effects of job displacement. After workers lose their

jobs, they are willing to accept any new job with a positive surplus, so that the expected
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surplus of the new jobs would decline relative to their previous jobs. This implies a wage

loss and an increase in commuting distance. Moreover, our model rationalizes the larger

effect of displacement from high-paying firms and longer-tenure jobs. In such cases, workers

have accumulated greater job match surplus by standing higher on the job ladder or staying

employed for a longer time. After losing their jobs, they experience a greater decline in the

surplus, which results in greater losses in both dimensions.

In what follows, we further illustrate how workers recover from job displacement.

Corollary 3. For a worker employed in periods t = 1, 2, · · · , let (vt, rt) denote the matched

firm type in period t. Under the assumptions of Proposition 2, the expectation of vt increases

in t and the expectation of rt decreases in t.

With on-the-job search, employed workers either stay at their current jobs or move to

higher-surplus jobs. Proposition 2 implies that whenever they move, the new job is expected

to deliver a higher surplus, thereby having a higher total value and being more proximate.

When workers’ bargaining power α is large, wages will increase in v so that the expected

wage also increases in s (Jarosch, 2023). Taken together, the model characterizes how workers

recover from job displacement and rationalizes our empirical findings.

4.3 Extensions

To conclude this section, we discuss two extensions to our model. In Appendix E.3, we

introduce endogenous search efforts and directed search, assuming that it is more costly for

workers to search in a larger geographical area. As workers accumulate job match surplus,

the probability of finding an even better job declines, and the marginal payoff from searching

decreases. Therefore, workers optimally reduce the search radius during on-the-job search.

Although we do not observe workers’ search efforts, this offers a complementary explanation

for the recovery of commuting distances after displacement. In Appendix E.4, we introduce

productivity-enhancing human capital h. Workers accumulate human capital while on the

job but lose it while unemployed. Thus, we extend W , U , J , and S to be functions of h.

Incorporating human capital dynamics helps us better capture workers’ wage dynamics and

improve model fitting with the data.

5 The Monetary Cost of Commuting

In this section, we quantify the monetary cost of commuting and the increase in commuting

cost after job loss.
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5.1 Limitations of Reduced-Form Estimates

Identifying workers’ WTP for a specific job attribute can be challenging for three reasons.

First, utility dispersion leads to an omitted variable bias. As shown in Figure 5, the wage

differentials between two jobs may reflect not only different commuting costs but also different

levels of utility (Le Barbanchon, Rathelot, and Roulet, 2021; Lu et al., 2024). Second, wages

and commuting distances could be jointly determined by unobserved economic factors such

as spatial sorting or agglomeration. If productive firms sort into downtown to stay close to

workers, then firm wages would be negatively correlated with commuting distances, and the

observed correlation would underestimate workers’ WTP for less commuting. Third, workers

trade off commuting distances with both wages and non-wage amenities. A burgeoning

literature has documented that high-wage firms may also offer better non-wage amenities

(Lagos, 2024; Sockin, 2022; Maestas et al., 2023). As such, the wage compensation for longer

commuting distances could miss the amenity component and understate the total utility cost

of commuting.

To address the above challenges, we estimate the model in Section 4 using the Simulated

Method of Moments (SMM). The estimation is implemented as follows. For a given vector of

parameters, we first solve the model and simulate workers’ employment trajectories from the

model. Next, we calculate a set of moments from the simulated and actual data. The true

parameters are estimated by jointly matching the moments. To obtain the data moments,

we convert the IEB data in Section 2 into a monthly panel. Workers’ main employers are

defined on the 15th of each month. Notably, the estimation does not rely on job displacement

or mass layoffs, so the identified WTP applies to the entire labor force rather than displaced

workers. The next subsection describes how we identify the model parameters and details of

the estimation are given in Appendix F.1.

5.2 Identification

To begin with, we set the monthly discount factor β = 0.996 corresponding to an annual

factor of 0.95. Other model parameters are identified as follows.

Job search and separation. First of all, we choose offer arrival rates for the unemployed

and employed (λ0 and λ1) to match the empirical job finding (U-E) rate of the unemployed

and the employer-to-employer transition (E-E) rate of the employed, respectively. Since not

all job offers are accepted, the arrival rates could be larger than the empirical transition

rates. The separation (E-U) rate δ directly matches its empirical counterpart.
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Job offer distributions. We parameterize the joint distribution Fθ in several aspects.

Assume y = ȳY where Y follows a univariate beta distribution Beta(ηy1, ηy2) with a support

on the unit interval. Analogously, let r = 100R where R ∼ Beta(ηr1, ηr2). Then we model

the dependence between y and r by assuming that (Y,R) follow a Gaussian copula with

parameter κyr. Since non-wage amenities are unobservable, we take a parsimonious approach

by letting a = κyay where κya governs the correlation between y and a.13 Then we write

v = y + a.

The distributional parameters are identified as follows. For the marginal distributions of

y and r, we identify (ηy1, ηy2, ηr1, ηr2) by matching the actual and simulated 75th-50th and

50th-25th percentile gaps of AKM firm effects and commuting distances, respectively. In

particular, we use the parameters to simulate the distribution of firm types and the wage

bargaining rules to simulate the distribution of wages. Then, we compute firm-specific wage

premiums and compare them with actual AKM firm effects.14 The scale parameter ȳ is

identified by the 99th-1st percentile gap of AKM firm effects.

To identify κyr, one needs information about the correlation between y and r among

potential job offers. Since we only observe realized job matches, we exploit the richer infor-

mation of firms’ and workers’ geo-coordinates to recover the job offer distribution. Specif-

ically, we compute the pair-wise commuting distance between each worker and firm in the

same commuting zone and use the resulting distribution (together with the distribution of

AKM firm effects of all firms) to proximate the job offer distribution. Then, we use the

Pearson correlation coefficient ρyr, averaged across all commuting zones, as the moment to

identify κyr. This requires additional assumptions that workers and firms in a commuting

zone constitute a labor market. In Appendix F.2, we demonstrate that the correlation be-

tween AKM firm effects and pair-wise commuting distances is robust to different definitions

of labor markets.

Finally, we calibrate κya = 0.059 from Lagos (2024). Using worker flow across firms,

Lagos (2024) backs out workers’ valuation for a bunch of firm-specific non-wage benefits. He

13We abstract away the conditional variation of a because this idiosyncratic variance would not confound
the slope of the reservation job value curve (i.e., how v increases in r holding S(v, r) = 0). By contrast, κya

captures the systematic difference in a given different values of y which is important for the compensating
total job value for longer commuting. This assumption also simplifies computation by reducing the dimension
of state spaces.

14In general, the AKM firm effects are different from firm productivity y, but the two quantities coincide
at α = 1. As workers have full bargaining power, they capture the entire job match surplus and firms’ value
equals their outside option J ≡ 0. In this case, the flow wage w increases one-to-one with the flow output y,
and the job search model degenerates into a wage-posting model where firms unilaterally set wages w = y.
In the presence of additive human capital (Appendix E.4), the AKM firm effects estimated from flow wages
represent the firm-specific component of wages and also coincide with y. As discussed later, our calibrated
α is indeed close to one.
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shows that, among a cross-section of firms, non-wage valuation is positively correlated with

wages. Together with other distributional parameters, this implies a Pearson correlation

coefficient between y and a equal to ρya = 0.114, which is in the range of direct estimates of

ρya = 0.009 (Taber and Vejlin, 2020) and ρya = 0.32 (Maestas et al., 2023). In Appendix F.4,

we further show that our estimates are insensitive to the choice of (κyr, κya). If anything,

ignoring the correlation between job attributes yields a lower bound estimate of the WTP.

Commuting cost. Given the job offer distribution Fθ, we identify the WTP for less com-

muting c by comparing Fθ with the observed distribution of realized job matches. With

slight abuse of notation, let w̄(r) denote the expected wage w conditional on distance r

w = w̄(r) + ϵ, E[ϵ|r] = 0. (12)

By Proposition 1, a potential job match is realized if it lies above the worker’s reservation

wage curve. i.e., w > cr+ϑ0 for some cutoff value ϑ0. Among realized job matches, let w̃(r)

be the truncated expectation of w conditional on r

w̃(r) = w̄(r) + E[ϵ|r, ϵ > −w̄(r) + cr + ϑ0]︸ ︷︷ ︸
ξ(r)

. (13)

Since we observe realized job matches, w̃(r) can be computed from the data. As shown

above, w̄(r) can also be identified from Fθ. This allows us to find the truncated residuals

ξ(r). Equivalently, knowing the derivatives w̄′(r) and w̃′(r) allows us to identify ξ′(r). An

important observation is that for r > 0,

∂ξ′

∂c
> 0. (14)

Hence, there exists a unique c that is consistent with the identified ξ′. Notice that once F is

identified, the identification of c only relies on the property of truncated expectation.

Figure F1 illustrates the intuition behind (14). The shaded area indicates the support of

realized job matches, which yield a positive surplus, in the w-r space. These job matches are

truncated by the reservation wage curves (in dark blue). In panel (a), the commuting cost

is high and the realized matches are heavily truncated. Hence, the truncated expectation of

wages (in red) increases fast in distances. In panel (b), the commuting cost is low, so the

truncated expectation of wages increases slowly.

In practice, we estimate c by indirect inference. Using all first jobs of displaced workers,
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we run an OLS regression of log daily wages against commuting distances

w = γ0 + γ1r + ϵ. (15)

Then we re-estimate equation (15) using the simulated data, focusing on the first jobs after

each unemployment spell. We choose c to match the empirical and simulated slope coeffi-

cients γ1. Notice that the indirect inference leverages linear approximation, and does not

require w̄(r) to be truly linear in r. Later, we will also use quadratic approximation to probe

non-linearity in the WTP.

Other parameters. As discussed in Appendix E.4, we introduce human capital dynamics

to fit our model better to the data. Assume that workers possess productivity-enhancing

human capital h, which lies in the unit interval and takes 20 discrete values h1 < · · · < h20. In

each period, hk decreases to min{hk−1, h1} with probability π0 if the worker is unemployed,

and increases to max{hk+1, h20} with probability π1 if employed. Then we generalize the

wage bargaining rules as equations (E.16)–(E.18), the value functions as equations (E.19)–

(E.21), and the surplus function as equation (E.22). Following Jarosch (2023), we calibrate

π0 = 0.260, π1 = 0.133, and workers’ bargaining power α = 0.928.15 Finally, Appendix F.3

describes how we identify the unemployment benefits z = −0.001 using the support of first

jobs accepted by displaced workers. In short, we find that jobs with the lowest wage and

commuting distance fall weakly below the reservation value. For these jobs to be observed

in the data, they must cross the reservation value curve, which in turn determines z.

5.3 Structural Estimates

Table 5 reports SMM estimates of the model parameters. We find the job arrival rates for the

unemployed and employed are λ0 = 0.056 and λ1 = 0.042, respectively. The observed U-E

transition rate is 91.1 percent of the offer arrival rate λ0. In other words, when an unemployed

worker meets a firm, the probability that the firm lies above the worker’s reservation value

curve is 0.911. Similarly, when an employed worker meets a new firm, the firm’s probability

of delivering a greater surplus and inducing an E-E transition is 0.012/0.042 = 0.286.

Regarding Fθ, Figure 6, panels (a)–(c) plot the marginal distributions of firm productiv-

15Our choice of α is larger than those in the rent-sharing literature (e.g., Jäger et al. 2020). However,
it is closely aligned with the model of Card et al. (2018) where firms post wages unilaterally (α = 1) and
firms’ inability to discriminate workers’ idiosyncratic preferences yields the small rent-sharing elasticity in
the above literature. A large α is also supported by Di Addario et al. (2023) who find that workers bear
most of the wage change during job-to-job transition, and that workers’ current employers explain most of
the cross-firm wage variation relative to their previous employers.
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ity y, total values v, and commuting distances r, respectively. The first two distributions are

bell-shaped, whereas the last is right-skewed. As such, workers draw fewer job offers from

distant firms regardless of their willingness to commute, which captures the notion of spatial

friction (Schmutz and Sidibé, 2019). Table 5 shows that the copula parameter ρyr = −0.016

is negative but close to zero. As explained in Appendix F.2, the weak correlation seems

inconsistent with spatial sorting or agglomeration forces that productive firms, on average,

locate closer to workers. However, it could be explained by dispersed productive and resi-

dential amenities. In fact, our results are consistent with Schoefer and Ziv (2024) who also

find weak spatial sorting by firm productivity in Germany.

Table 6, column (a) also reports the estimated WTP. For one kilometer’s increased com-

muting distance, workers require 1.404 percent higher daily wages to compensate for the

utility losses. For a sample-average worker who earns 100.4 euros per day and commutes

14.39 kilometers one-way, the estimate implies a wage elasticity with respect to commuting

distances of 14.39 × 1.398% = 0.201. This is comparable to but larger than Van Ommeren

and Fosgerau (2009) whose estimates are based on a structural model, and Le Barbanchon,

Rathelot, and Roulet (2021) who exploit a similar identification strategy that compares jobs

on and above the reservation wage curves. It is also one magnitude larger than what is

implied by our reduced-form estimates (see Section 3.5) where the match surplus is assumed

equal across all jobs.

Validation. Our structural estimates are validated in several ways. First, our structural

estimates are able to match the effects of job displacement on both wage and commuting

distances. Using parameters in Table 5, we simulate a worker-year panel, match workers who

are exogenously separated or not in each year by their daily wage and commuting distances

in the year before, and estimate equation (3) on the simulated matched data. In Table 7,

columns (a)–(b), we show that the actual and simulated data deliver similar DID estimates

for the long-term average effect of job displacement, and the discrepancies are less than 10

percent of the actual effects.

Second, one might be concerned that the WTP is identified from functional-form restric-

tions, without exogenous variation in the actual commuting distances. Therefore, we exploit

an alternative identification strategy where c is identified by matching the event study es-

timate of the job displacement effects. Specifically, we match changes in log commuting

distances and AKM firm effects from the last year before displacement to the first year of

the new jobs.16 This alternative strategy gives a comparable estimate of ĉ = 1.433. It is

16The data moment is the estimated β̂1 in equation (2). The two event study moments also allow us to
identify z without information on the support of first jobs of displaced workers.
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also worth noting that the original identification strategy relies on the job offer distribution

facing all German workers, whereas the alternative approach exploits information specific

to displaced workers in mass layoffs. Thus, the results suggest that displaced workers share

similar WTP for commuting to representative workers in Germany.

Third, our identification of ρyr relies on additional assumptions regarding the scope of

labor markets and job search, and the identification of ρya relies on the external validity of

prior studies. Appendix F.4 validates that our estimated commuting cost c is insensitive to

measurement errors in ρyr or ρya. Under the generic assumption that firm productivity is

negatively correlated with distances and positively correlated with amenities, the estimate

at (ρyr, ρya) = (0, 0) yields a lower bound of the marginal WTP ĉ = 1.3, which is close to

our baseline results and comparable with existing estimates. In other words, if we ignored

the dependence between firm attributes and commuting distances, we would underestimate

the WTP by less than 10 percent.

Finally, while we assume a constant marginal WTP, we could probe non-linear commuting

costs using a polynomial reservation wage curve and matching higher-order coefficients in

w = γ0 + γ1r + γ2r
2 + ϵ. (16)

It turns out the estimated γ̂2 = −0.004 × 10−2 has a negligible magnitude—below four

percent of the linear coefficient γ1 = 0.096×10−2. That means by increasing the commuting

distance from zero to 100 kilometers, the marginal commuting cost will change by less than

eight percent. One might expect that the marginal cost of commuting increases in distance

or that the marginal cost diminishes as people switch to faster modes of transportation

for longer trips. While either effect could exist, our finding of the constant marginal cost

may result from the increasing and diminishing marginal costs offsetting each other. It also

alleviates the concern that people trade off wages with commuting time, which is non-linearly

increasing in distance (Section 2).

5.4 Welfare Implications

Put into context, our structural estimates imply a large monetary cost of commuting. As

shown in Table 6, for an average worker, the WTP for commuting is 100.4× 1.398% = 1.40

euros per kilometer and 1.40 × 14.39 = 20.20 euros per day. In comparison, the average

commuting time of a German worker is 0.75 hours per day and the average hourly wage

is 20 euros (Giménez-Nadal, Molina, and Velilla, 2022). Thus, the opportunity cost of

commuting time is 15 euros per day or three-quarters of the WTP. This gap is in line with

existing studies (e.g., Small, Winston, and Yan, 2005; Van Ommeren and Fosgerau, 2009)
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and reflects additional disutility of commuting, such as the cost of the vehicle, fuel, or tickets,

and the subjective distaste for long commutes.

Using the structural estimates, we further compare the increase in commuting costs with

the wage losses of displaced workers. Recall that job displacement increases workers’ average

commuting distances by 23.1 percent in the first year after displacement. For an average

worker, this equals 14.39×23.1% = 3.32 additional kilometers or 3.32×1.40 = 4.65 euros per

day. In comparison, the contemporaneous loss in daily wages is 100.4×22.5% = 22.59 euros.

Taken together, the increased commuting cost is equivalent to 20.6 percent of the wage loss

in the short run and 18.4 percent in the long run.17 Hence, the increasing commuting cost

significantly adds to, rather than compensating for, the wage losses of job displacement.18

Gender gap in the cost of commuting. Additionally, we estimate the structural model

separately by gender, targeting gender-specific moments. Table 6, columns (c)–(d) report the

estimated c for men and women, respectively. The elasticity estimates are larger for women

than for men, suggesting that women exhibit greater marginal WTP for shorter commuting

(Le Barbanchon, Rathelot, and Roulet, 2021). However, since an average woman in our

sample earns a lower wage and commutes a shorter distance than an average man, the out-

of-pocket commuting cost exhibits a reverse gender gap. On average, the commuting cost

per day is 23.36 euros for men and 13.90 euros for women.19

Policy counterfactual. Finally, we address a policy-relevant question: Can policymakers

mitigate the cost of job loss by encouraging commuting? Exploiting the opening of new

subway stations, Lu et al. (2024) show that reduced commuting time improves workers’ sat-

isfaction and productivity. Franklin (2018) finds that unemployed youth in Ethiopia benefit

from transportation subsidies by increasing search intensity and landing a job more quickly;

however, receiving transportation subsidies does not increase the wages of the new jobs. To

reconcile this discrepancy, we argue that a lower commuting cost has countervailing effects

on displaced workers. On the one hand, it flattens the reservation value curve, encourages

workers to accept distant job offers, and shortens their unemployment duration. It also raises

wages in the long run as workers accumulate experience and skills. On the other hand, work-

ers become willing to accept lower-wage jobs conditional on the same commuting distance,

17Using estimates in Table 2, we calculate the long-run wage losses as 100.4 × 20.4% = 20.48 euros and
long-run increase in commuting distances as 14.39× 18.7% = 2.69 kilometers or 2.69× 1.40 = 3.77 euros.

18In Appendix F.5, we further compare the increase in commuting costs with earnings losses of displaced
workers accounting for changes in workers’ labor supply.

19For the urban-rural gap, we find an average urban resident faces more productive and proximate job
opportunities, but she does not value commuting more than an average rural worker. As such, the hetero-
geneous displacement effects mainly arise from different job offer distributions rather than different WTP.
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which drives down the average wage of reemployed workers.

To illustrate the countervailing effects, we use the structural job search model to simulate

the effect of remote work, which reduces workers’ marginal commuting costs to zero.20 The

simulated effect of job displacement in this counterfactual scenario is reported in Table 7,

column (c). With remote work, workers no longer value commuting distances in job search

and the average commuting distance remains unchanged before and after job displacement

(Paetzold, 2019). As such, displaced workers benefit from remote work by saving the extra

commuting costs. However, remote work also leads to slightly greater wage losses as they

become willing to accept previously undesired jobs, which lowers the average wages after

displacement.

Analogously, we use the model to evaluate the effects of commuting subsidies, which is

an active labor market policy in Germany and many other European countries. In Germany,

workers can deduct commuting costs as work-related expenses from their taxable income,

and the amount of deduction is 30 cents per kilometer per commuting-day. Assuming a

tax rate of 35%, the subsidies raise workers’ after-tax labor income by roughly 10 cents

per day for each kilometer traveled. Table 7, column (d) reports estimates from another

counterfactual analysis where we remove the subsidies. As opposed to the effect of remote

work, displaced workers would suffer from a greater increase in commuting but smaller wage

losses without the subsidies. This exercise requires additional assumptions that changes

in commuting subsidies do not affect workers’ home location choices or the tax burden of

incumbent workers.

6 Conclusion

In this paper, we investigate the impact of job displacement on workers’ commuting behavior.

Using an event study approach, we estimate the short-run and long-run effects of being

displaced in mass layoffs on commuting distances to subsequent jobs. Symmetric to the

scarring effect of wage losses, workers commute up to 23.1 percent longer distances after

displacement and the effect gradually recovers in the next 10 years. Further analysis reveals

that the recovery is driven by workers’ moving from distant to proximate firms with respect

to their residences.

To quantify the monetary cost of the increased commuting, we build an on-the-job search

model with heterogeneous firm productivity, non-wage amenities, and commuting distance.

20We focus on remote work not only for its prevalence in the post-pedantic labor markets but also because
it allows workers to rank jobs independent of the physical distance, i.e., the job match surplus no longer
depends on commuting distances. As such, we can abstract away workers’ home relocation behavior in
response to remote work.
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With on-the-job search, workers can increase their job match surplus by moving from less

to more productive firms and from distant to proximate firms. This explains the long-run

recovery of wages and commuting after job displacement. Also, workers trade off wages

and non-wage amenities against commuting costs, giving rise to a reservation value curve

increasing in distances. Structurally estimating the model, we find that workers incur an

average commuting cost of 20 euros per day, and increased commuting amplifies the total

cost of job displacement by one-fifth of the wage losses.

A large literature has documented the profound consequences of job displacement on

individual workers. We contribute to the literature by emphasizing the multi-dimensional

cost of job loss. Displaced workers experience not only lower wages and earnings but also

increased commuting costs to subsequent jobs. Future research may examine other outcomes

of displaced workers and quantify their contributions to the total cost of job loss.

For policymakers, our paper sheds light on the value of transportation infrastructure,

working-from-home, and employment assistance programs. Besides cash transfers and skill

training, measures to reduce commuting costs and job search friction would also benefit un-

employed workers, as they face high commuting costs to find new jobs. Using counterfactual

analysis, we explore the countervailing effects of lower commuting costs on post-displacement

jobs. It would also be valuable to study how job search friction impacts the effectiveness of

employment assistance programs.

Finally, our study highlights the importance of granular commuting data for studying

individuals’ responses to job displacement. People’s commuting decisions are also important

in other research areas such as urban development, industrial organization, labor market

monopsony, and social networks. The precise location and commuting data provide new

venues for those research.
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Figures and Tables

Figure 1: Mass Layoff Statistics

(a) Mass layoff events by year
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(c) Mass layoff events per year, by district
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Notes: The sample comprises all establishments in the BHP data that went through a mass layoff event
in 2002–2012. Panel (a) plots the number of mass layoff events by year. Panel (b) plots the average pre-
layoff establishment size and the average number of displaced workers per layoff by year. Panel (c) plots
the number of mass layoff events per year by district. Panel (d) plots the number of displaced workers
per 1,000 residents by district. In panels (c)–(d), district boundaries are based on 2016 data available at
https://ec.europa.eu/eurostat/fr/web/gisco/geodata/reference-data/administrative-units-statistical-units.
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Figure 2: Effects of Job Displacement on Employment, Wage, and Commuting
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Notes: Each plot depicts estimates of βk in equation (1) with dependent variables in subtitles. Samples
comprise a yearly panel of workers with full-time jobs on June 30 (except panel (a) which also includes years
of non-employment). The vertical dashed line indicates the displacement year. The dots represent the point
estimates and the bars represent the 95 percent confidence intervals. All estimates control for a polynomial
of age, worker fixed effects, calendar year fixed effects, and year relative to displacement fixed effects. Robust
standard errors are clustered by establishments.
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Figure 3: Margins of Adjustment
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Notes: Panels (a)–(c) depict estimates of βk in equation (1) with dependent variables in subtitles. Samples
comprise a yearly panel of workers with full-time jobs on June 30 (except column (c) which excludes workers
who ever relocated after displacement). The vertical dashed line indicates the displacement year. The dots
represent the point estimates and the bars represent the 95 percent confidence intervals. All estimates control
for a polynomial of age, worker fixed effects, calendar year fixed effects, and year relative to displacement
fixed effects. Robust standard errors are clustered by establishments. Panel (d) depicts the distribution of
distances between home and work before and after relocation. The sample comprises workers who relocated
but did not change jobs between two consecutive years after displacement.
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Figure 4: The Value of Granular Commuting Data

(a) Commuting distance by district
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(b) Commuting distance by municipality
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Notes: Each plot depicts estimates of βk in equation (1). Samples comprise a yearly panel of workers with
full-time jobs on June 30. Dependent variables: driving distances between geo-coordinates of residence and
workplace (dark blue); zero log distance for commutes within regions (light blue); and commuting distance
between regional centers (orange). Panels (a) and (b) define regions by district and municipality, respectively.
The vertical dashed line indicates the displacement year. The dots represent the point estimates and the
bars represent the 95 percent confidence intervals. All estimates control for a polynomial of age, worker fixed
effects, calendar year fixed effects, and year relative to displacement fixed effects. Robust standard errors
are clustered by establishments.
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Figure 5: Model Implications and Empirical Evidence

(a) First jobs of displaced workers
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Notes: Panel (a) depicts the log daily wages and commuting distances of all first jobs accepted by displaced
workers. Daily wages are trimmed at the first and the 99th percentiles. Panel (b) depicts three isosurplus
curves on the job space v-r. Jobs on the same curve have the same surplus level and jobs with greater total
value v or lower commuting distance r have higher surplus levels.
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Figure 6: Job Offer Distributions

(a) Productivity
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Notes: Panels (a)–(b) plot kernel density estimates of the marginal distributions of firm productivity y and
commuting distance r, respectively, derived from the joint job offer distribution Fθ. We estimate y = 1.498Y
where Y ∼ Beta(2.089, 1.995) and r = 100R where R ∼ Beta(0.731, 2.896).
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Table 1: Pre-Layoff Worker Characteristics

(a) (b)
Displaced workers Matched control workers

Female 0.264 (0.441) 0.256 (0.436)
Age 40.83 (8.207) 40.91 (8.164)
High school or less 0.217 (0.412) 0.212 (0.409)
Vocational training 0.747 (0.435) 0.753 (0.431)
University or above 0.031 (0.174) 0.030 (0.170)
East Germany 0.127 (0.333) 0.126 (0.332)
Working experience 15.20 (7.745) 15.52 (7.759)
Job tenure 8.788 (6.602) 9.036 (6.836)
Firm size 299.9 (478.4) 274.5 (580.2)
Annual earnings (’000) 30.91 (10.28) 32.03 (10.33)
Daily wage 100.7 (36.07) 103.1 (35.92)
AKM firm effects 0.067 (0.230) 0.036 (0.223)
AKM worker effects 4.434 (0.295) 4.495 (0.302)
Commuting distance 14.64 (13.88) 14.58 (13.71)
Commuting time 22.16 (13.20) 22.01 (13.07)
Commute across counties 0.353 (0.478) 0.343 (0.475)
Commute across cities 0.603 (0.489) 0.633 (0.482)
Workers 7,772 65,163

Notes: The table reports the average characteristics of workers displaced in mass layoffs and matched non-
displaced workers in the year before displacement. The sample is obtained using exact matching on gender,
education qualification, industries, and living in eastern Germany, and coarsened matching on age, firm
tenure, firm size, daily wage, and commuting distance in the year before displacement. Standard deviations
are reported in parentheses.
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Table 2: Effects of Job Displacement on Employment, Wage, and Commuting

(a) (b) (c) (d)
Full-time Daily wage Commuting Commuting

employment (log) distance (log) time (log)
ML × Post -0.326*** -0.204*** 0.187*** 0.106***

(0.006) (0.005) (0.020) (0.010)
Observations 841,971 784,192 784,192 784,192
Workers 72,935 72,935 72,935 72,935
R2 0.311 0.879 0.794 0.789

Notes: Each column reports estimates of β in equation (3) with dependent variables in column titles. Samples
comprise a yearly panel of workers with full-time jobs on June 30 (except column (a), which also includes
years of non-employment). All estimates control for a polynomial of age, worker fixed effects, and calendar
year fixed effects. Robust standard errors in parentheses are clustered by establishments. (* p < 0.1; **
p < 0.05; *** p < 0.01)
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Table 3: Margins of Adjustment

(a) (b) (c)
Job change Home relocation Commuting distance (log)

excl. relocated workers
ML × Post 0.277*** 0.035*** 0.202***

(0.004) (0.003) (0.030)
Observations 784,192 784,192 471,635
Workers 72,935 72,935 45,701
R2 0.092 0.065 0.872

Notes: Each column reports estimates of β in equation (3) with dependent variables in column titles. Samples
comprise a yearly panel of workers with full-time jobs on June 30 (except column (c) which excludes workers
who ever relocated during her post-layoff unemployment spell). All estimates control for a polynomial of
age, worker fixed effects, and calendar year fixed effects. Robust standard errors in parentheses are clustered
by establishments. (* p < 0.1; ** p < 0.05; *** p < 0.01)
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Table 4: The Value of Granular Commuting Data

(a) (b) (c)
Baseline commuting Omit commutes Same route

distance (log) within regions across regions
A. Distance by district
ML × Post 0.187*** 0.248*** 0.248***

(0.020) (0.030) (0.034)
Observations 784,192 784,192 784,192
Workers 72,935 72,935 72,935
R2 0.794 0.811 0.816
B. Distance by municipality
ML × Post 0.187*** 0.231*** 0.214***

(0.020) (0.026) (0.026)
Observations 784,192 784,192 784,192
Workers 72,935 72,935 72,935
R2 0.794 0.821 0.821

Notes: Each column reports estimates of β in equation (3). Samples comprise a yearly panel of workers with
full-time jobs on June 30. Dependent variables: Column (a) uses driving distances between geo-coordinates
of an individual’s residence and workplace; Column (b) assigns zero log distance for commutes within regions;
Column (c) further replaces the commuting distances of all commuters between two regions by the commuting
distance between regional centers (assuming commuters take the same route). Panels A and B define regions
by district and municipality, respectively. All estimates control for a polynomial of age, worker fixed effects,
and calendar year fixed effects. Robust standard errors in parentheses are clustered by establishments. (*
p < 0.1; ** p < 0.05; *** p < 0.01)
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Table 5: Simulated Method of Moments: Results

A. External Parameters

Parameter Value Source
α 0.928 Jarosch (2023)
π0 0.260 Jarosch (2023)
π1 0.133 Jarosch (2023)
κya 0.059 Lagos (2024)

B. Estimated Parameters

Parameter Value Moment Model Data
λ0 0.056 U-E rate 0.051 0.051
λ1 0.042 E-E rate 0.012 0.012
δ 0.014 E-U rate 0.014 0.014
ȳ 1.498 w̃99 − w̃1 1.378 1.366
ηy1 2.089 w̃50 − w̃25 0.274 0.260
ηy2 1.995 w̃75 − w̃50 0.223 0.207
ηr1 0.731 r50 − r25 0.050 0.055
ηr2 2.896 r75 − r50 0.100 0.098
κyr -0.016 ρyr -0.018 -0.018

c× 100 1.398 γ1 × 100 0.096 0.096
z -0.001 S((0, 0), h1) 0.000 0.000

Notes: Panel A reports calibrated parameters from the literature. Panel B reports estimates using the
Simulated Method of Moments with corresponding model and data moments.
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Table 6: Willingness to Pay for Less Commuting

(a) (b) (c)
All Male Female

Semi-elasticity (c) ×100 1.398 1.232 1.404
Elasticity 0.201 0.197 0.176
Commuting cost per km (euro) 1.404 1.464 1.106
Commuting cost per day (euro) 20.20 23.36 13.90
Average daily wage (euro) 100.4 118.8 78.8
Average commuting distance (km) 14.39 15.96 12.56

Notes: The upper panel reports SMM estimates of the WTP for less commuting c, the implied wage elasticity
with respect to commuting distances, average commuting cost per kilometer, and average commuting cost
per day. The last three estimates are evaluated at the sample-average commuting distance and daily wage.
Columns (a)–(c) report estimates using data moments of all workers, male workers, and female workers,
respectively.
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Table 7: Actual and Simulated Effects of Job Displacement

(a) (b) (c) (d)
Actual Simulated Counterfactual: Counterfactual:

Remote work Commuting subsidies
A. Daily wage (log)
ML × Post -0.204*** -0.226*** -0.239*** -0.219***

(0.005) (0.015) (0.014) (0.015)
Observations 784,192 703,592 710,753 701,817
Workers 72,935 62,047 62,493 61,940
R2 0.879 0.564 0.556 0.567
B. Commuting distance (log)
ML × Post 0.187*** 0.175*** 0.026 0.227***

(0.020) (0.066) (0.064) (0.064)
Observations 784,192 703,592 710,753 701,817
Workers 72,935 62,047 62,493 61,940
R2 0.794 0.444 0.439 0.442

Notes: Panels A–B report estimates of β in equation (3) with daily wage (log) and commuting distances
(log) as dependent variables, respectively. Samples: Column (a) uses actual data comprising a yearly panel
of workers with full-time jobs on June 30. Column (b) uses simulated data with parameters reported in
Table 5. Column (c) uses simulated data with the marginal WTP c = 0. Column (d) uses simulated data
where c is 10 cents larger than reported in Table 5. Column (a) controls for a polynomial of age, worker fixed
effects, and year fixed effects. Columns (b)–(d) control for worker fixed effects and year fixed effects. Robust
standard errors in parentheses are clustered by establishments. (* p < 0.1; ** p < 0.05; *** p < 0.01)
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A Additional Data Sets, Figures, and Tables

A.1 Firm and Worker Wage Premiums

To measure firm- and worker-specific wage premiums, Abowd, Kramarz, and Margolis (1999)

propose the following two-way fixed effects model:

yit = αi + ψJ(i,t) + x′itβ + rit. (A.1)

On the left-hand side, yit is the real log daily wage of worker i in year t. On the right-hand

side, αi is the fixed effect of worker i and ψJ(i,t) is the fixed effect of firm J(i, t), which

represents worker i’s employer in year t. The vector xit includes year dummies and the full

interaction between workers’ education levels and age polynomials.

Card, Heining, and Kline (2013) estimate equation (A.1) on the universe of full-time

workers in Germany, aged between 20 and 60, and subject to social security contributions

from 1985 to 2021. Their sample comprises workers who have ever moved across employers

(“movers”) and establishments with any worker turnover during the sample period. For

workers who do not move (“stayers”), their worker effects are extrapolated from movers in

the same age, education, and gender cell. The resulting estimates α̂ and ψ̂ are made available

as part of the IEB data.

A.2 Couples

Goldschmidt, Klosterhuber, and Schmieder (2017) identify couples using a de-anonymized

version of the IEB data and we use the resulting identifier (missing or not) to distinguish

single versus married workers. To identify two individuals as couples, Goldschmidt, Kloster-

huber, and Schmieder (2017) impose the following criteria: (i) opposite genders, (ii) age

difference below 15 years old, (iii) sharing a common last name or one’s last name is a part

of the other’s, (iv) living at the same address, (v) no third person living at the same address

but satisfying criteria (i)–(iii).

Given these strict restrictions, Goldschmidt, Klosterhuber, and Schmieder (2017) validate

that roughly 90 percent of identified couples are real couples. However, this method likely

misses real couples who do not live together, who live with another family member (e.g.,

their adult child), or who are not covered by the social security system. By contrast, missing

identification of homosexual couples, couples with a large age difference, or couples with

different last names is rare.
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Figure A1: Distribution of Commuting Distances and Time
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Notes: Panels (a)–(b) plot the distributions of driving distances and driving time, respectively, calculated by
OpenStreetMaps. Panel (c) plots the distribution of the average walking, cycling, and driving time weighted
by the share of workers using each mode of transportation. Panel (d) plots the distribution of commuting
time predicted from commuting distances, assuming a constant speed elasticity with respect to distance of
0.4. The sample comprises a yearly panel of workers with full-time jobs on June 30.
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Figure A2: Effects of Job Displacement on Labor Supply and Earnings

(a) Regular employment
-3

00
-2

00
-1

00
0

10
0

-4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10
Year

(b) Days in full-time jobs

-3
00

-2
00

-1
00

0
10

0

-4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10
Year

(c) Days in part-time jobs

-1
0

0
10

20
30

-4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10
Year

(d) Days in mini jobs

-1
0

0
10

20
30

-4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10
Year

(e) Annual earnings (’000)

-3
0

-2
0

-1
0

0
10

-4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10
Year

(f) AKM firm effects

-.2
-.1

5
-.1

-.0
5

0
.0

5

-4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10
Year

Notes: Each plot depicts estimates of βk in equation (1) with dependent variables in subtitles. The sample
comprises a balanced yearly worker panel (except panel (f) which comprises workers with full-time jobs on
June 30). The vertical dashed line indicates the displacement year. The dots represent the point estimates
and the bars represent the 95 percent confidence intervals. All estimates control for a polynomial of age,
worker fixed effects, calendar year fixed effects, and year relative to displacement fixed effects. Robust
standard errors are clustered by establishments.
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Figure A3: Additional Effects of Job Displacement

(a) Daily wage (euro)
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(d) Commuting across cities
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Notes: Each plot depicts estimates of βk in equation (1) with dependent variables in subtitles. Samples
comprise a yearly panel of workers with full-time jobs on June 30. The vertical dashed line indicates the
displacement year. The dots represent the point estimates and the bars represent the 95 percent confidence
intervals. All estimates control for a polynomial of age, worker fixed effects, calendar year fixed effects, and
year relative to displacement fixed effects. Robust standard errors are clustered by establishments.
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Table A1: Share of Commuters by Modes of Commuting and Distance Segments

Distance (km) Walking (%) Cycling (%) Driving (%)
≤0.2 94 5 1
0.2–0.4 81 11 8
0.4–0.6 64 19 17
0.6–0.8 56 21 23
0.8–1.0 38 19 43
1.0–1.5 25 19 56
1.5–2.0 18 17 65
2.0–3.0 10 14 76
3.0–5.0 4 9 87
5.0–7.0 1 6 93
7.0–10.0 1 4 95
10.0–20.0 0 2 98
>20.0 1 1 98

Notes: The table lists the share of commuters by modes of commuting in 2002. Driving includes public
transit, motorcycles, and private cars. Source: Table 2, Scheiner (2010).
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Table A2: Effects of Job Displacement on Labor Supply and Earnings

(a) (b) (c)
Regular employment Days in full-time jobs Days in part-time jobs

ML × Post -0.294*** -99.61*** 12.55***
(0.005) (1.988) (0.950)

Observations 841,971 841,971 841,971
Workers 72,935 72,935 72,935
R2 0.288 0.356 0.327

(d) (e) (f)
Days in mini-jobs Annual earnings (’000) AKM firm effects

ML × Post 14.15*** -12.39*** -0.122***
(0.674) (0.214) (0.004)

Observations 841,971 841,971 783,727
Workers 72,935 72,935 72,935
R2 0.260 0.743 0.948

Notes: Each column reports estimates of β in equation (3) with dependent variables in column titles. The
sample comprises a yearly panel of workers with or without jobs on June 30 (except column (f) which excludes
workers without full-time jobs on June 30). All estimates control for a polynomial of age, worker fixed effects,
and calendar year fixed effects. Robust standard errors in parentheses are clustered by establishments. (*
p < 0.1; ** p < 0.05; *** p < 0.01)

Table A3: Additional Effects of Job Displacement

(a) (b) (c)
Daily wage Commuting distance Commuting across

counties
ML × Post -17.92*** 3.122*** 0.061***

(0.512) (0.291) (0.009)
Observations 784,192 784,192 784,192
Workers 72,935 72,935 72,935
R2 0.892 0.772 0.820

(d) (e) (f)
Commuting across cities Switching industries Switching occupations

ML × Post 0.044*** 0.218*** 0.178***
(0.008) (0.004) (0.004)

Observations 784,192 784,192 784,192
Workers 72,935 72,935 72,935
R2 0.826 0.084 0.269

Notes: Each column reports estimates of β in equation (3) with dependent variables in column titles. Samples
comprise a yearly panel of workers with full-time jobs on June 30. All estimates control for a polynomial of
age, worker fixed effects, and calendar year fixed effects. Robust standard errors in parentheses are clustered
by establishments. (* p < 0.1; ** p < 0.05; *** p < 0.01)
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Table A4: Summary Statistics of the Pre-Matching Sample

(a)
Pre-Matching Sample

Female 0.356 (0.479)
Age 39.18 (9.343)
High school or less 0.103 (0.304)
Vocational training 0.749 (0.433)
University or above 0.119 (0.323)
East Germany 0.161 (0.367)
Working experience 14.01 (8.473)
Job tenure 7.846 (7.207)
Firm size 674.8 (2,064)
Annual earnings (’000) 33.12 (15.27)
Daily wage 106.5 (55.67)
AKM firm effects 0.088 (0.326)
AKM worker effects 4.431 (0.421)
Commuting distance 15.35 (16.05)
Commuting time 22.70 (15.48)
Commute across districts 0.584 (0.493)
Commute across municipalities 0.354 (0.478)
Observations 36,770,018

Notes: The table reports summary statistics of the pre-matching sample. The sample comprises a random
sample of German workers subject to social security contributions, aged 20 to 54, working full-time, and
commuting within 100 kilometers in 2000–2017. We construct a yearly worker panel by focusing on each
worker’s main employer that pays the highest wage on June 30 each year. Column (a) reports the sample
means and standard deviations in parentheses.
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B Robustness

Figure B1: Including Part-Time Jobs
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Notes: Each plot depicts estimates of βk in equation (1) with dependent variables in subtitles. The sample
comprises a yearly panel of workers with full-time or part-time jobs on June 30. The vertical dashed line
indicates the displacement year. The dots represent the point estimates and the bars represent the 95
percent confidence intervals. All estimates control for a polynomial of age, worker fixed effects, calendar
year fixed effects, and year relative to displacement fixed effects. Robust standard errors are clustered by
establishments.

Figure B2: Displacement due to Establishment Closure
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Notes: Each plot depicts estimates of βk in equation (1) with dependent variables in subtitles. The sample
comprises a yearly panel of workers with full-time jobs on June 30. We focus on job displacement due to
establishment closure. The vertical dashed line indicates the displacement year. The dots represent the point
estimates and the bars represent the 95 percent confidence intervals. All estimates control for a polynomial
of age, worker fixed effects, calendar year fixed effects, and year relative to displacement fixed effects. Robust
standard errors are clustered by establishments.
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Figure B3: Selection into Reemployment
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Notes: Each plot depicts estimates of βk in equation (2) with dependent variables in subtitles. The sample
comprises a yearly panel of workers with full-time jobs on June 30. We estimate the effects of job displacement
by years since the worker is reemployed in a full-time job. The vertical dashed line indicates the displacement
year. The dots represent the point estimates and the bars represent the 95 percent confidence intervals. All
estimates control for a polynomial of age, worker fixed effects, calendar year fixed effects, and year relative
to displacement (for k ≤ 0) and year relative to reemployment (for k > 0) fixed effects. Robust standard
errors are clustered by establishments.

Figure B4: Commuting Zone by Year Fixed Effects
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Notes: Each plot depicts estimates of βk in equation (1) with dependent variables in subtitles. The sample
comprises a yearly panel of workers with full-time jobs on June 30. The vertical dashed line indicates the
displacement year. The dots represent the point estimates and the bars represent the 95 percent confidence
intervals. All estimates control for a polynomial of age, worker fixed effects, calendar year fixed effects, and
year relative to displacement fixed effects. We additionally control for commuting zone by year fixed effects.
Robust standard errors are clustered by establishments.
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Figure B5: Excluding Large Layoffs
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Notes: Each plot depicts estimates of βk in equation (1) with dependent variables in subtitles. The sample
comprises a yearly panel of workers with full-time jobs on June 30. We exclude mass layoffs of more than 500
workers. The vertical dashed line indicates the displacement year. The dots represent the point estimates and
the bars represent the 95 percent confidence intervals. All estimates control for a polynomial of age, worker
fixed effects, calendar year fixed effects, and year relative to displacement fixed effects. Robust standard
errors are clustered by establishments.

Figure B6: Excluding Multi-Location Establishments
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Notes: Each plot depicts estimates of βk in equation (1) with dependent variables in subtitles. The sample
comprises a yearly panel of workers with full-time jobs on June 30. We exclude firms in finance, trade,
and transportation industries. The vertical dashed line indicates the displacement year. The dots represent
the point estimates and the bars represent the 95 percent confidence intervals. All estimates control for a
polynomial of age, worker fixed effects, calendar year fixed effects, and year relative to displacement fixed
effects. Robust standard errors are clustered by establishments.
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Figure B7: Heterogeneous and Dynamic Effects
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Notes: Each plot depicts estimates of βk in equation (1) with dependent variables in subtitles. The sample
comprises a yearly panel of workers with full-time jobs on June 30. We use the imputation method of
Borusyak, Jaravel, and Spiess (2024) to estimate the treatment effects. The vertical dashed line indicates the
displacement year. The dots represent the point estimates and the bars represent the 95 percent confidence
intervals. All estimates control for a polynomial of age, worker fixed effects, calendar year fixed effects, and
year relative to displacement fixed effects. Robust standard errors are clustered by establishments.

Figure B8: Alternative Measures of Commuting Time
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Notes: Panels (a)–(b) depict estimates of equation (1). The sample comprises a yearly panel of workers with
full-time jobs on June 30. Dependent variables in panels (a)–(b) are, respectively, log driving time and log
commuting time predicted from commuting distances, assuming a constant speed elasticity with respect to
the distance of 0.4. The vertical dashed line indicates the displacement year. The dots represent the point
estimates and the bars represent the 95 percent confidence intervals. All estimates control for a polynomial
of age, worker fixed effects, calendar year fixed effects, and year relative to displacement fixed effects. Robust
standard errors clustered by establishments.
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Table B1: Robustness

(a) (b)
Daily wage (log) Commuting distance (log)

A. Including part-time jobs
ML × Post -0.239*** 0.165***

(0.006) (0.019)
Observations 794,348 794,348
Workers 72,935 72,935
R2 0.862 0.786
B. Displacement due to establishment closure
ML × Post -0.190*** 0.149***

(0.005) (0.019)
Observations 4,304,403 4,304,403
Workers 391,722 391,722
R2 0.898 0.817
C. Commuting zone by year fixed effects
ML × Post -0.203*** 0.188***

(0.005) (0.019)
Observations 784,192 784,192
Workers 72,935 72,935
R2 0.882 0.800
D. Excluding large layoffs
ML × Post -0.196*** 0.200***

(0.005) (0.021)
Observations 700,749 700,749
Workers 64,960 64,960
R2 0.875 0.791
E. Excluding multi-location establishments
ML × Post -0.193*** 0.240***

(0.007) (0.027)
Observations 663,810 663,810
Workers 61,715 61,715
R2 0.892 0.817

Notes: Each column reports estimates of β in equation (3) with dependent variables in column titles. The
sample comprises a yearly panel of workers with full-time jobs on June 30 (except panel A, which includes
part-time jobs). All estimates control for a polynomial of age, worker fixed effects, and calendar year fixed
effects. Panel B uses establishment closure as the reason for job displacement; Panel D additionally controls
for commuting zone by year fixed effects; Panel E excludes mass layoffs of more than 500 workers; Panel
F excludes workers displaced from finance, trade, and transportation industries. Robust standard errors in
parentheses are clustered by establishment (* p < 0.1; ** p < 0.05; *** p < 0.01).
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Table B2: Alternative Measures of Commuting Time

(a) (b)
Driving time (log) Commuting time (log)

w/ const. speed elasticity
ML × Post 0.158*** 0.112***

(0.017) (0.012)
Observations 784,192 784,192
Workers 72,935 72,935
R2 0.794 0.794

Notes: Each column reports estimates of β in equation (3) with dependent variables in column titles.
The sample comprises a yearly panel of workers with full-time jobs on June 30. All estimates control for a
polynomial of age, worker fixed effects, and calendar year fixed effects. Robust standard errors in parentheses
are clustered by establishment (* p < 0.1; ** p < 0.05; *** p < 0.01).
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C Effect Heterogeneity

Figure C1: Effect Heterogeneity by Gender
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Notes: Each plot depicts subsample estimates of βk in equation (1) with dependent variables in subtitles.
Dependent variables in columns (a)–(d) are, respectively, real daily wage in euro, commuting distance in km,
log driving time, and log commuting time predicted from commuting distances, assuming a constant speed
elasticity with respect to the distance of 0.4. The sample comprises a yearly panel of workers with full-time
jobs on June 30, split by gender. The vertical dashed line indicates the displacement year. The dots represent
the point estimates and the bars represent the 95 percent confidence intervals. All estimates control for a
polynomial of age, worker fixed effects, calendar year fixed effects, and year relative to displacement fixed
effects. Robust standard errors are clustered by establishments.

Figure C2: Effect Heterogeneity by Age
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Notes: Each plot depicts subsample estimates of βk in equation (1) with dependent variables in subtitles.
The sample comprises a yearly panel of workers with full-time jobs on June 30. Young and older workers
are defined, respectively, by ages below and above the sample median in the year before displacement. The
vertical dashed line indicates the displacement year. The dots represent the point estimates and the bars
represent the 95 percent confidence intervals. All estimates control for a polynomial of age, worker fixed
effects, calendar year fixed effects, and year relative to displacement fixed effects. Robust standard errors
are clustered by establishments.
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Figure C3: Effect Heterogeneity by Marital Status
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Notes: Each plot depicts subsample estimates of βk in equation (1) with dependent variables in subtitles.
The sample comprises a yearly panel of workers with full-time jobs on June 30, split by married versus
single workers (Goldschmidt, Klosterhuber, and Schmieder, 2017). The vertical dashed line indicates the
displacement year. The dots represent the point estimates and the bars represent the 95 percent confidence
intervals. All estimates control for a polynomial of age, worker fixed effects, calendar year fixed effects, and
year relative to displacement fixed effects. Robust standard errors are clustered by establishments.

Figure C4: Effect Heterogeneity by Pre-Layoff AKM Firm Effects
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Notes: Each plot depicts subsample estimates of βk in equation (1) with dependent variables in subtitles. The
sample comprises a yearly panel of workers with full-time jobs on June 30. Firm fixed effects are estimated
from a two-way fixed effects regression of log daily wages (Abowd, Kramarz, and Margolis, 1999) and split
by the sample median in the year before displacement. The vertical dashed line indicates the displacement
year. The dots represent the point estimates and the bars represent the 95 percent confidence intervals. All
estimates control for a polynomial of age, worker fixed effects, calendar year fixed effects, and year relative
to displacement fixed effects. Robust standard errors are clustered by establishments.
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Figure C5: Effect Heterogeneity by Job Tenure

(a) Daily wage (log)
-.3

-.2
-.1

0
.1

-4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10
Year

Short tenure Long tenure

(b) Commuting distance (log)

-.2
0

.2
.4

.6

-4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10
Year

Short tenure Long tenure

Notes: Each plot depicts subsample estimates of βk in equation (1) with dependent variables in subtitles.
The sample comprises a yearly panel of workers with full-time jobs on June 30. Short and long job tenure
is defined as below and above the sample median job tenure in the year before displacement. The vertical
dashed line indicates the displacement year. The dots represent the point estimates and the bars represent the
95 percent confidence intervals. All estimates control for a polynomial of age, worker fixed effects, calendar
year fixed effects, and year relative to displacement fixed effects. Robust standard errors are clustered by
establishments.

Figure C6: Effect Heterogeneity by AKM Worker Effects
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Notes: Each plot depicts subsample estimates of βk in equation (1) with dependent variables in subtitles.
The sample comprises a yearly panel of workers with full-time jobs on June 30. Worker fixed effects are
estimated from a two-way fixed effects regression of log daily wages (Abowd, Kramarz, and Margolis, 1999)
and split by the sample median in the year before displacement. The vertical dashed line indicates the
displacement year. The dots represent the point estimates and the bars represent the 95 percent confidence
intervals. All estimates control for a polynomial of age, worker fixed effects, calendar year fixed effects, and
year relative to displacement fixed effects. Robust standard errors are clustered by establishments.
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Figure C7: Effect Heterogeneity by Urban versus Rural Residence
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Notes: Each plot depicts subsample estimates of βk in equation (1) with dependent variables in subtitles.
The sample comprises a yearly panel of workers with full-time jobs on June 30. Urban versus rural residence
is determined in the year before displacement. The vertical dashed line indicates the displacement year.
The dots represent the point estimates and the bars represent the 95 percent confidence intervals. All
estimates control for a polynomial of age, worker fixed effects, calendar year fixed effects, and year relative
to displacement fixed effects. Robust standard errors are clustered by establishments.

Figure C8: Effect Heterogeneity by Labor Market Concentration
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Notes: Each plot depicts subsample estimates of βk in equation (1) with dependent variables in subtitles.
The sample comprises a yearly panel of workers with full-time jobs on June 30. Labor market concentration
is measured by the Herfindahl–Hirschman index (HHI) within commuting zones and industrial sectors,
and split by the sample median. The dots represent the point estimates and the bars represent the 95
percent confidence intervals. All estimates control for a polynomial of age, worker fixed effects, calendar
year fixed effects, and year relative to displacement fixed effects. Robust standard errors are clustered by
establishments.

A17



Figure C9: Effect Heterogeneity by Pre-Layoff Local Industry Share
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Notes: Each plot depicts subsample estimates of βk in equation (1) with dependent variables in subtitles.
The sample comprises a yearly panel of workers with full-time jobs on June 30. Local industry share is
measured by the employment share of the displacing industry within the focal commuting zone, and split
by industry-specific sample medians. The vertical dashed line indicates the displacement year. The dots
represent the point estimates and the bars represent the 95 percent confidence intervals. All estimates control
for a polynomial of age, worker fixed effects, calendar year fixed effects, and year relative to displacement
fixed effects. Robust standard errors are clustered by establishments.

Figure C10: Effect Heterogeneity by Unemployment Duration
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Notes: Each plot depicts subsample estimates of βk in equation (1) with dependent variables in subtitles.
The sample comprises a yearly panel of workers with full-time jobs on June 30, split by unemployment
duration after mass layoffs. The vertical dashed line indicates the displacement year. The dots represent
the point estimates and the bars represent the 95 percent confidence intervals. All estimates control for a
polynomial of age, worker fixed effects, calendar year fixed effects, and year relative to displacement fixed
effects. Robust standard errors are clustered by establishments.
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Table C1: Effect Heterogeneity by Gender

(a) (b)
Daily wage (log) Commuting distance (log)

ML × Post × Male -0.192*** 0.194***
(0.006) (0.022)

ML × Post × Female -0.251*** 0.162***
(0.011) (0.040)

Difference -0.059*** -0.031
(0.012) (0.046)

Observations 784,192 784,192
Workers 72,935 72,935
R2 0.879 0.794

Notes: Each column reports subsample estimates of βk in equation (1), interacted with the moderator, with
dependent variables in column titles. The sample comprises a yearly panel of workers with full-time jobs on
June 30, split by gender. All estimates control for a polynomial of age, worker fixed effects, and calendar
year fixed effects. Robust standard errors in parentheses are clustered by establishments. (* p < 0.1; **
p < 0.05; *** p < 0.01)

Table C2: Effect Heterogeneity by Age

(a) (b)
Daily wage (log) Commuting distance (log)

ML × Post × Young -0.183*** 0.207***
(0.006) (0.025)

ML × Post × Old -0.241*** 0.155***
(0.008) (0.031)

Difference -0.058*** -0.052
(0.009) (0.038)

Observations 784,192 784,192
Workers 72,935 72,935
R2 0.879 0.794

Notes: Each column reports subsample estimates of βk in equation (1), interacted with the moderator, with
dependent variables in column titles. The sample comprises a yearly panel of workers with full-time jobs on
June 30. Young and older workers are defined, respectively, by ages below and above the sample median in
the year before displacement. All estimates control for a polynomial of age, worker fixed effects, and calendar
year fixed effects. Robust standard errors in parentheses are clustered by establishments. (* p < 0.1; **
p < 0.05; *** p < 0.01)
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Table C3: Effect Heterogeneity by Marital Status

(a) (b)
Daily wage (log) Commuting distance (log)

ML × Post × Single -0.205*** 0.198***
(0.006) (0.021)

ML × Post × Married -0.198*** 0.145***
(0.010) (0.045)

Difference 0.007 -0.052
(0.011) (0.047)

Observations 784,192 784,192
Workers 72,935 72,935
R2 0.879 0.794

Notes: Each column reports subsample estimates of βk in equation (1), interacted with the moderator,
with dependent variables in column titles. The sample comprises a yearly panel of workers with full-time
jobs on June 30, split by married versus single workers (Goldschmidt, Klosterhuber, and Schmieder, 2017).
All estimates control for a polynomial of age, worker fixed effects, and calendar year fixed effects. Robust
standard errors in parentheses are clustered by establishments. (* p < 0.1; ** p < 0.05; *** p < 0.01)

Table C4: Effect Heterogeneity by Pre-Layoff AKM Firm Effects

(a) (b)
Daily wage (log) Commuting distance (log)

ML × Post × Low firm effect -0.176*** 0.160***
(0.007) (0.028)

ML × Post × High firm effect -0.235*** 0.218***
(0.008) (0.027)

Difference -0.058*** 0.058
(0.011) (0.039)

Observations 784,192 784,192
Workers 72,935 72,935
R2 0.880 0.794

Notes: Each column reports subsample estimates of βk in equation (1), interacted with the moderator, with
dependent variables in column titles. The sample comprises a yearly panel of workers with full-time jobs
on June 30. Firm effects are estimated from a two-way fixed effects regression of log daily wages (Abowd,
Kramarz, and Margolis, 1999) and split by the sample median in the year before displacement. All estimates
control for a polynomial of age, worker fixed effects, and calendar year fixed effects. Robust standard errors
in parentheses are clustered by establishments. (* p < 0.1; ** p < 0.05; *** p < 0.01)
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Table C5: Effect Heterogeneity by Pre-Layoff Job Tenure

(a) (b)
Daily wage (log) Commuting distance (log)

ML × Post × Short Tenure -0.181*** 0.124***
(0.006) (0.021)

ML × Post × Long Tenure -0.262*** 0.351***
(0.009) (0.039)

Difference -0.082*** 0.227***
(0.010) (0.043)

Observations 784,192 784,192
Workers 72,935 72,935
R2 0.880 0.795

Notes: Each column reports subsample estimates of βk in equation (1), interacted with the moderator, with
dependent variables in column titles. The sample comprises a yearly panel of workers with full-time jobs on
June 30. Short and long job tenure is defined as below and above the sample median job tenure in the year
before displacement. All estimates control for a polynomial of age, worker fixed effects, and calendar year
fixed effects. Robust standard errors in parentheses are clustered by establishments. (* p < 0.1; ** p < 0.05;
*** p < 0.01)

Table C6: Effect Heterogeneity by AKM Worker Effects

(a) (b)
Daily wage (log) Commuting distance (log)

ML × Post × Low worker effect -0.205*** 0.204***
(0.007) (0.024)

ML × Post × High worker effect -0.198*** 0.164***
(0.008) (0.031)

Difference 0.006 -0.040
(0.010) (0.038)

Observations 784,192 784,192
Workers 72,935 72,935
R2 0.879 0.794

Notes: Each column reports subsample estimates of βk in equation (1), interacted with the moderator, with
dependent variables in column titles. The sample comprises a yearly panel of workers with full-time jobs
on June 30. Worker effects estimated from a two-way fixed effects regression of log daily wages (Abowd,
Kramarz, and Margolis, 1999) and split by the sample median in the year before displacement. All estimates
control for a polynomial of age, worker fixed effects, and calendar year fixed effects. Robust standard errors
in parentheses are clustered by establishments. (* p < 0.1; ** p < 0.05; *** p < 0.01)
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Table C7: Effect Heterogeneity by Urban versus Rural Residence

(a) (b)
Daily wage (log) Commuting distance (log)

ML × Post × Rural -0.185*** 0.192***
(0.008) (0.032)

ML × Post × Urban -0.218*** 0.181***
(0.007) (0.025)

Difference -0.032*** -0.010
(0.010) (0.042)

Observations 784,192 784,192
Workers 72,935 72,935
R2 0.879 0.794

Notes: Each column reports subsample estimates of βk in equation (1), interacted with the moderator, with
dependent variables in column titles. The sample comprises a yearly panel of workers with full-time jobs on
June 30. Urban versus rural residence is determined in the year before displacement. All estimates control
for a polynomial of age, worker fixed effects, and calendar year fixed effects. Robust standard errors in
parentheses are clustered by establishments. (* p < 0.1; ** p < 0.05; *** p < 0.01)

Table C8: Effect Heterogeneity by Labor Market Concentration

(a) (b)
Daily wage (log) Commuting distance (log)

ML × Post × Low HHI -0.194*** 0.192***
(0.007) (0.027)

ML × Post × High HHI -0.214*** 0.183***
(0.009) (0.029)

Difference -0.021* 0.008
(0.011) (0.039)

Observations 784,192 784,192
Workers 72,935 72,935
R2 0.880 0.794

Notes: Each column reports subsample estimates of βk in equation (1), interacted with the moderator, with
dependent variables in column titles. The sample comprises a yearly panel of workers with full-time jobs
on June 30. Labor market concentration is measured by the Herfindahl–Hirschman index (HHI) within
commuting zones and industrial sectors, and split by the sample median. All estimates control for a polyno-
mial of age, worker fixed effects, and calendar year fixed effects. Robust standard errors in parentheses are
clustered by establishments. (* p < 0.1; ** p < 0.05; *** p < 0.01)
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Table C9: Effect Heterogeneity by Pre-Layoff Local Industry Share

(a) (b)
Daily wage (log) Commuting distance (log)

ML × Post × Low share -0.213*** 0.202***
(0.008) (0.028)

ML × Post × High share -0.193*** 0.171***
(0.007) (0.028)

Difference 0.020* -0.031
(0.011) (0.039)

Observations 784,192 784,192
Workers 72,935 72,935
R2 0.879 0.794

Notes: Each column reports subsample estimates of βk in equation (1), interacted with the moderator, with
dependent variables in column titles. The sample comprises a yearly panel of workers with full-time jobs on
June 30. Local industry share is measured by the employment share of the displacing industry within the
focal commuting zone, and split by industry-specific sample medians. All estimates control for a polynomial
of age, worker fixed effects, and calendar year fixed effects. Robust standard errors in parentheses are
clustered by establishments. (* p < 0.1; ** p < 0.05; *** p < 0.01)

Table C10: Effect Heterogeneity by Unemployment Duration

(a) (b)
Daily wage (log) Commuting distance (log)

ML × Post × Unemployed <1 year -0.133*** 0.186***
(0.007) (0.027)

ML × Post × Unemployed 1-2 years -0.221*** 0.240***
(0.008) (0.032)

ML × Post × Unemployed 2-3 years -0.295*** 0.156***
(0.015) (0.052)

ML × Post × Unemployed >3 years -0.348*** 0.033
(0.017) (0.051)

Observations 784,192 784,192
Workers 72,935 72,935
R2 0.898 0.817

Notes: Each column reports subsample estimates of βk in equation (1), interacted with the moderator, with
dependent variables in column titles. The sample comprises a yearly panel of workers with full-time jobs on
June 30. All estimates control for a polynomial of age, worker fixed effects, and calendar year fixed effects.
Robust standard errors in parentheses are clustered by establishments. (* p < 0.1; ** p < 0.05; *** p < 0.01)
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D Trade off Wage Losses and Commuting Costs

To investigate the correlation between wage losses and commuting increases after job dis-

placement, we extend equation (3) by including worker-specific random coefficients

Y1,it = α1,iPostit + β1,i(MLi × Postit) +X ′
itγ + ϕi + ψt + ϵ1,it, (D.1)

Y2,it = α2,iPostit + β2,i(MLi × Postit) +X ′
itγ + ϕi + ψt + ϵ2,it, (D.2)

where Y1 and Y2 represent log daily wages and log commuting distances, respectively. The

coefficients (α1,i, β1,i, α2,i, β2,i) vary across workers. The outcome of interest is the correlation

between (β1,i, β2,i).

As Lachowska et al. (2023) suggest, OLS estimates of equations (D.1)–(D.2) do not yield

consistent estimates of the random coefficients: If estimation errors in β̂1,i and β̂2,i are corre-

lated, the estimated correlation between (β̂1,i, β̂2,i) will be contaminated and inconsistent for

the true correlation. To remove the bias, we take a split-sample approach. First, we regress

both outcomes against X ′
it, ϕi, and ψt in the original equation (3) to partial out these terms.

Second, we divide the sample into G cells g = 1, 2, · · · , G by workers’ labor market regions,

gender, age, and daily wages (below and above the median) before displacement. Imposing

a minimum cell size of 20 displaced workers, we obtain 287 cells in total. Then, we randomly

split each cell into two subsamples, estimating the wage effect β1,g on the first subsample

and the commuting effect β2,g on the second. For both outcomes, we regress the residualized

dependent variables from the first step against Postit and (MLi × Postit). Finally, we cal-

culate the correlation coefficient across cells. Since estimation errors are independent across

subsamples within each cell, this procedure removes correlated estimation errors and gives

a consistent estimator of the correlation of interest. The bias-corrected Pearson correlation

coefficient estimate is 0.060. In comparison, the uncorrected OLS estimate without dividing

the cells is 0.084. If we regress β̂1,g against β̂2,g across cells, the slope coefficient equals 0.018.

Our approach is similar to Athey et al. (2023) who use machine learning to estimate

the heterogeneous effects of job displacement, but differs in two major ways. First, we are

interested in the correlation between the wage and commuting effects whereas Athey et al.

(2023) estimate the distribution of treatment effects on a single outcome. Second, Athey

et al. (2023) find substantial heterogeneity in the earnings effects that is largely driven

by differences in employment. In contrast, we find limited variation in the wage effects

conditional on employment.
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E Model Proofs and Extensions

E.1 Proof for Proposition 1

Define ϑ ≡ y+a−cr. Then there exists S̃ : R → R such that S(θ) = S̃(ϑ) for all θ = (y, a, r).

Following Appendix A.1, Part I of (Jarosch, 2023), S̃(ϑ) strictly increases in ϑ. Hence, S(θ)

strictly increases in both y and a and strictly decreases in r.

E.2 Proof for Proposition 2

By Proposition 1, we can write ϑ = S̃−1(S(ϑ)). Define the set of job matches that generate

surplus s as the following:

Ls = {(v, r)|v − cr = S̃−1(s)}. (E.1)

The expectation of v conditional on s is given by

E[v|s] =
∫
Ls

ydF (v, r|s), (E.2)

where F (v, r|s) is the conditional distribution of (v, r) given Ls. By independence of v and

r, the density function is

f(v, r|s) = fv(v)fr(r)∫
Ls

dF (v, r|s)
=

fv(v)fr

(
v − S̃−1(s)

c

)
∫ ∞

S̃−1(s)

fv(v)fr

(
v − S̃−1(s)

c

) √
2

c
dv

. (E.3)

Plug (E.3) into (E.2),

v̄(s) =

∫ ∞

S̃−1(s)

vfv(v)fr

(
v − S̃−1(s)

c

)
dv

∫ ∞

S̃−1(s)

fv(v)fr

(
v − S̃−1(s)

c

)
dv

≡ V1
V2
. (E.4)

The derivatives of V1 and V2 with respect to s are, respectively,

V ′
1 = −g′(s)

[∫ ∞

S̃−1(s)

vfv(v)

c
f ′
r

(
v − S̃−1(s)

c

)
dv + S̃−1(s)fv(S̃

−1(s))fr(0)

]
, (E.5)
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V ′
2 = −g′(s)

[∫ ∞

S̃−1(s)

fv(v)

c
f ′
r

(
v − S̃−1(s)

c

)
dv + fv(S̃

−1(s))fr(0)

]
. (E.6)

Notice that

V ′
1V2 − V ′

2V1 = g′(s)fv(S̃
−1(s))fr(0)

∫ ∞

S̃−1(s)

(v − S̃−1(s))fv(v)fr

(
v − S̃−1(s)

c

)
dv

+
g′(s)

c

[∫ ∞

S̃−1(s)

vfv(v)fr

(
v − S̃−1(s)

c

)
dv

∫ ∞

S̃−1(s)

fv(v)f
′
r

(
v − S̃−1(s)

c

)
dv

−
∫ ∞

S̃−1(s)

fv(v)fr

(
v − S̃−1(s)

c

)
dv

∫ ∞

S̃−1(s)

vfv(v)f
′
r

(
v − S̃−1(s)

c

)
dv

]
.

(E.7)

The first line on the right-hand-side is non-negative because g is increasing and v = S̃−1(s)+

cr ≥ S̃−1(s). Meanwhile, dividing the second and third lines by

A =
g′(s)

c

(∫ ∞

S̃−1(s)

fv(v)fr

(
v − S̃−1(s)

c

)
dv

)2

> 0, (E.8)

yields, for some B > 0,

V ′
1V2 − V ′

2V1
A

=
B

A
+

∫∞
S̃−1(s)

vfv(v)fr

(
v−S̃−1(s)

c

)
dv∫∞

S̃−1(s)
fv(v)fr

(
v−S̃−1(s)

c

)
dv︸ ︷︷ ︸

E[v|s]

×

∫∞
S̃−1(s)

fv(v)f
′
r

(
v−S̃−1(s)

c

)
dv∫∞

S̃−1(s)
fv(v)fr

(
v−S̃−1(s)

c

)
dv︸ ︷︷ ︸

E
[

f ′r(r)
fr(r)

∣∣∣s]

−

∫∞
S̃−1(s)

vfv(v)f
′
r

(
v−S̃−1(s)

c

)
dv∫∞

S̃−1(s)
fv(v)fr

(
v−S̃−1(s)

c

)
dv

.

︸ ︷︷ ︸
E
[
v
f ′r(r)
fr(r)

∣∣∣s]

(E.9)

Along the curve Ls, v is increasing in r and decreasing in f ′
r(r)/fr(r). Thus,

E

[
v
f ′
r(r)

fr(r)

∣∣∣∣ s]− E

[
f ′
r(r)

fr(r)

∣∣∣∣ s]E [v| s] = Cov

(
v,
f ′
r(r)

fr(r)

∣∣∣∣ s) < 0. (E.10)

Putting everything together, we find

∂E[v|s]
∂s

=
V ′
1V2 − V ′

2V1
V 2
2

> 0. (E.11)

The case of E[r|s] can be proved analogously.
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E.3 Endogenous Search Efforts

Suppose that searching for jobs in a larger geographic area is more costly. While job offers

are drawn from the distribution Fθ, workers only receive those with r < r̄ if they exert an

increasing and convex search cost q(r̄). Following Proposition 2, we assume that Fθ = FvFr.

With the search cost, the value function of unemployed workers becomes

U = max
r̄

{
z − q(r̄) + β

[
λ0

∫ r̄

0

∫ ∞

cr′−S̃−1(0)

W (v′, r′, u, u)dfv(v
′)dFr(r

′)

+

(
1− λ0

∫ r̄

0

∫ ∞

cr′−S̃−1(0)

dfv(v
′)dFr(r

′)

)
U

]}
,

(E.12)

The value function of employed workers is

W (v, r, v̂, r̂) = max
r̄

{
w(v, r, v̂, r̂) + a− cr − q(r̄) + βδU + β(1− δ)

×
[
λ1

∫ r̄

0

∫ ∞

cr′−S̃−1(S(v,r))

W (v′, r′, v, r)dfv(v
′)dFr(r

′)

+ λ1

∫ r̄

0

∫ cr′−S̃−1(S(v,r))

cr′−S̃−1(S(v̂,r̂))

W (v, r, v′, r′)dfv(v
′)dFr(r

′)

+

(
1− λ1

∫ ∞

cr′−S̃−1(S(v̂,r̂))

dfv(v
′)dFr(r

′)

)
W (v, r, v̂, r̂)

]}
.

(E.13)

Solving for the first-order conditions, we find the optimal search radius r̄∗ satisfies

q′(r̄∗) = αβλ0

∫ ∞

cr̄∗−S̃−1(0)

S(v′, r̄∗)dfv(v
′), (E.14)

q′(r̄∗) = β(1− δ)λ1

{
α

∫ ∞

cr̄∗−S̃−1(S(v,r))

(S(v′, r̄∗)− S(v, r)) dfv(v
′)

+ (1− α)

∫ ∞

cr̄∗−S̃−1(S(v,r))

(S(v, r)− S(ŷ, r̂)) dfv(v
′)

+(1− α)

∫ cr̄∗−S̃−1(S(v,r))

cr̄∗−S̃−1(S(v̂,r̂))

(S(v′, r̄∗)− S(ŷ, r̂)) dfv(v
′)

}
,

(E.15)

when the worker is unemployed and employed, respectively.

The left-hand-sides of equations (E.14) and (E.15) represent the marginal cost of search,

and the right-hand-sides represent the present-value marginal payoff from search. In par-

ticular, the first two lines on the right-hand-side of equation (E.15) indicate the increase

in current job surplus and outside options, respectively, when the worker moves to a new
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firm. The third line represents the increase in outside options when she renegotiates wages

with the incumbent firm. For α > 1/2, the right-hand-side of equation (E.15) decreases in

both S(v̂, r̂) and S(v, r). Thus, the optimal search radius decreases along the recovery from

displacement.

E.4 Human Capital Dynamics

Suppose that workers have ex-post heterogeneous human capital h ∈ H. Let h and h′ denote

the human capital in the current and next periods, respectively. For employed workers, h′

follows a conditional distribution H1(h
′|h). For unemployed workers, h′ follows H0(h

′|h).
With human capital dynamics, the wage bargaining rules in equations (5)–(7) become

(for unemployed workers) W (θ, u, h)− U(h) = αS(θ, h). (E.16)

(for job movers) W (θ2, θ1, h)− U(h) = S(θ1, h) + α(S(θ2, h)− S(θ1, h)). (E.17)

(for wage renegotiation) W (θ1, θ2, h)− U(h) = S(θ2, h) + α(S(θ1, h)− S(θ2, h)). (E.18)

The value functions become

U(h) = z + β

∫
H

{
λ0

∫
M1(u,h′)

W (x, u, h′)dFθ(x) + (1− λ0p1(u, h
′))U(h′)

}
dH0(h

′|h).

(E.19)

W (θ, θ̂, h) = w(θ, θ̂, h) + a− cr + β

∫
H

{
δU(h′) + (1− δ)

[
λ1

∫
M1(θ,h′)

W (x, θ, h′)dFθ(x)

+ λ1

∫
M2(θ,θ̂,h′)

W (θ, x, h′)dFθ(x) + (1− λ1p3(θ̂, h
′))W (θ, θ̂, h′)

]}
dH1(h

′|h),

(E.20)

J(θ, θ̂, h) = y + h− w(θ, θ̂, h) + β(1− δ)

∫
H

{
λ1

∫
M2(θ,θ̂,h′)

J(θ, x, h′)dFθ(x)

+(1− λ1p3(θ̂, h
′))J(θ, θ̂, h′)

}
dH1(h

′|h).
(E.21)

Accordingly, the surplus function becomes

S(θ, h) = W (θ, θ̂, h)− U(h) + J(θ, θ̂, h)

= y + a+ h− cr − z + β

(∫
H
U(h′)dH1(h

′|h)−
∫
H
U(h′)dH0(h

′|h)
)

+ β(1− δ)

∫
H
S(θ, h′)dH1(h

′|h)− αβλ0

∫
H

∫
M1(u,h′)

S(x, h′)dFθ(x)dH0(h
′|h)

+αβ(1− δ)λ1

∫
H

∫
M1(θ,h′)

(S(x, h′)− S(θ, h′)) dFθ(x)dH1(h
′|h)
}
.

(E.22)
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F Structural Estimation

F.1 Implementation

To estimate the job search model, we convert the IEB data described in Section 2 into a

monthly panel. As in the yearly panel data, we focus on the years 2000–2017, impose the

age restriction of 20–54 years old, and a maximum commuting distance of 100 kilometers.

From the monthly data, we identify U-E transition if a worker has been unemployed for at

least three months and becomes full-time employed in the subsequent month. Analogously,

E-U transition is defined as a worker who has been employed consecutively for three months

becoming unemployed in the next month. We identify E-E transition if a worker moves

from one employer to another directly or with an unemployment gap of less than three

months. In addition, we drop worker-month observations related to establishment closure,

reorganization, and outsourcing.

To solve the job search model, we approximate the distributions of Y and R by 40

grid points each on the unit interval. For each value of (ηy1, ηy2, ηr1, ηr2, κyr), we first draw

a random vector (U1, U2) from the unit square [0, 1]2. Both U1 and U2 follow a uniform

distribution and their joint distribution is given by a Gaussian copula with dependence

parameter κyr. Then we apply the inverse transformation on (U1, U2) to find (Y,R) with

marginal beta distributions. After obtaining (y, r), we construct a and v for each value

of y. Workers’ human capital is evaluated at 20 grids on the unit interval, and the initial

distribution is set as uniform. In total, we solve for S and U at 1601× 20 states, and W , w,

and J at 1601× 1601× 20 states.

We use the model to simulate a monthly panel of 50,000 workers and 276 months (23

years) to obtain workers’ employment and wage trajectories. We drop the first 60 months

(5 years) to isolate the impact of initial conditions. The remaining panel spans 18 years,

corresponding to the length of our actual data. Then we calculate data moments from

the actual monthly panel and model moments from the simulated panel. Let ϕ ∈ Rk,

M(ϕ) ∈ Rk, and M̂ ∈ Rk denote the vectors of structural parameters, model moments,

and data moments, respectively. We estimate ϕ̂ by minimizing the L2-distance between the

model and data moments:

ϕ̂ = argmin
ϕ

(M(ϕ)− M̂)′(M(ϕ)− M̂). (F.1)

To simulate the effect of job displacement, we collapse the simulated monthly panel into

a yearly panel. Treated workers are those experiencing E-U transitions. Then we construct

a control group of workers without E-U transitions in the same year but with similar wages
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and commuting distances (matched by CEM) in the year before separation.

F.2 Identifying the Copula Parameter

The copula parameter κyr is identified by matching the correlation between y and r among

potential job matches. Given (ηy1, ηy2, ηr1, ηr2, κyr), we simulate one million pairs of (y, r)

and calculate the Pearson correlation coefficient ρyr as the model moment. To construct the

data moment, we approximate the joint distribution of (y, r) using all firms’ AKM effects

and the commuting distances between all worker-firm pairs in the same labor market. We

take the average across all labor markets in our data.

In our preferred specification, we define labor markets by commuting zones constructed

using worker-flow data (Glitz, 2012). This is because workers may switch occupations and

industries. Table F1, Panel A shows the correlation coefficient ρyr = −0.0181, which is

close to zero. The correlation between higher-order polynomials of y and r is also negligible,

suggesting that y and r are not dependent in non-linear ways. Table F1, Panel B shows

similar results for labor markets defined by both geographical regions and industries.

At first glance, the lack of correlation between firm productivity and commuting distances

seems counter-intuitive if workers and firms locate endogenously. For example, if produc-

tive firms and workers sort into downtown whereas unproductive ones sort into peripheral

areas, then both firms’ and workers’ productivity will negatively correlate with commuting

distances. This agglomeration effect implies that the correlation is stronger in urban areas.

However, Table F1, Panels C–D find that the correlation between y and r are similarly neg-

ligible for urban and rural firms. Table F2 further shows that the correlation coefficients

between AKM worker effects and commuting distances are close to zero as well. Hence, the

results suggest limited spatial sorting by either firms or workers.

Nevertheless, the above findings are consistent with Schoefer and Ziv (2024) who find

weak agglomeration in German local labor markets. The absence of dependence can be ra-

tionalized by a quantitative spatial model with location-specific production and residential

amenities (Heblich, Redding, and Sturm, 2020). If the spatial distribution of production

amenities is uncorrelated with residential amenities, this may countervail the agglomera-

tion forces and cause workers and firms to spread over space. As such, the distribution of

commuting distances may depend little on the specific location of firms or workers.

F.3 Identifying Unemployment Benefits

This section discusses an alternative approach to identifying the unemployment benefits z.

Recall in equation (11) that the surplus function decreases in z. In the simpler case with
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homogeneous workers, we can identify z from the position of the reservation wage curve in

the w-r space. As shown in Figure F2, a higher reservation wage curve (the dark blue line)

truncates the support of (w, r) more heavily than a lower reservation wage curve. In panel

(a), the curve passes the origin, so that the truncated job match distribution has a triangular

support. In contrast, the reservation wage curve in panel (b) crosses the v-axis below the

origin, and the truncated distribution has a trapezoidal support.

To illustrate the idea, we distinguish the two scenarios by running a threshold regression

of w against r (Hansen, 2000). The dashed red lines in Figure F2 depict the hypothetical

fitting lines. In panel (b), the threshold is strictly positive corresponding to the shape of

the trapezoidal support. The estimated slope to the left of the threshold represents the

untruncated correlation between w and r, and the slope to the right becomes more positive

due to truncation. In panel (a), however, the distribution is truncated for all r > 0 and there

is no positive threshold.

Using all first jobs of displaced workers, we estimate this threshold model and can-

not reject a threshold at r = 0. Thus, we choose z such that S((v, 0), h1) = 0, so that

S((v, 0), h) < 0 for all r > 0 and h ≥ h1.

F.4 Sensitivity Analysis

We argue that the estimated WTP c decreases in the value of κyr and increases in κya.

On the one hand, if higher-paying firms are closer to workers, the difference in wages and

commuting distances between two arbitrary jobs is less likely explained by compensating

wage differentials and more by different surplus levels. As such, an OLS estimate would

yield a greater downward bias. Given the OLS estimate, this implies a larger WTP to

begin with. On the other hand, if wages are more correlated with non-wage amenities,

workers would compensate for longer commuting distances with greater wages and non-wage

amenities at the same time, so the correlation between wages and distances, as represented

by the OLS estimate, would capture a smaller portion of the WTP. Therefore, the same OLS

estimate identifies greater WTP when higher-paying firms are closer to workers or wages and

non-wage amenities are more correlated.

Based on the above argument, we conduct a sensitivity analysis by estimating c given

different values of (κyr, κya) ∈ [−0.05, 0] × [0, 0.1]. The ranges are chosen to cover the

baseline values κyr = −0.018, κya = 0.059 (see Table 5). At each pair of (κyr, κya), we take

both parameters as given and estimate the remaining model parameters by matching their

respective moments. Within this range of (κyr, κya), our estimated ĉ is bounded between 1.3

and 1.5, a narrow interval around the baseline estimates.
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In addition, we attempt to identify a lower bound of ĉ without knowing the specific

values of (κyr, κya). Consistent with existing studies, we assume that firm productivity is

negatively correlated with commuting distances (due to agglomeration or spatial sorting) and

positively correlated with non-wage amenities (Sockin, 2022; Maestas et al., 2023). Then we

estimate ĉlb = 1.309 ignoring any correlation between job attributes (fixing κyr = κya = 0,

or equivalently ρyr = ρya = 0). Therefore, without making any quantitative assumption on

the dependence structure of the job offer distribution Fθ, we still find a large WTP, which is

quantitatively close to our baseline estimate. It also suggests that most discrepancy between

the structural and OLS estimates of the WTP is caused by job search friction and utility

dispersion across jobs.

F.5 The Importance of Commuting Cost

In Section 5.4, we compare the wage losses and commuting costs focusing on employed

workers. However, displaced workers who have yet to find a job suffer from earnings losses

due to reduced labor supply while they could save commuting costs. Using the change in

employment rates after mass layoffs, we also compute the total change in commuting distance

accounting for both unemployed and reemployed workers.

In the first year after displacement, the probability of holding a full-time job reduces by

67.3 percent among workers in our sample. Thus, the net change in commuting distance will

be (1−0.673)×14.39×0.232−0.673×14.39 = −8.60 kilometers per day. The corresponding

commuting cost saved amounts to 8.60× 1.41× 250 = 3, 031.5 euros per year (assuming 250

working days). This offsets roughly 15 percent of the contemporaneous earnings losses. Using

similar arguments, the net change in commuting distance is −2.88 kilometers per day in the

long run, and the cost saved offsets eight percent of the long-term earnings losses.

Nevertheless, we remain cautious in interpreting the comparison with earnings losses.

While annual earnings capture workers’ labor income from all employers around the year,

we focus on commuting distance to the main employers on June 30, which could have over-

estimated the number of days commuted by the workers to the main employers. Besides, the

comparison ignores the number of days commuting to other types of jobs, not because these

jobs are unobserved but due to the fact that commuting distances to part-time jobs or mini

jobs are likely measured with errors. Put together, the above comparison may understate

the importance of commuting costs relative to the earnings losses.
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Figure F1: Identifying the Commuting Cost

(a) High commuting cost
 

w

r

Reservation wage OLS fitting line

(b) Low commuting cost

 
w

r

Reservation wage OLS fitting line

Notes: Panels (a)–(b) illustrate the effects of high and low commuting costs (slopes of the reservation value
curve) on the distribution of realized job matches, respectively. In each panel, the shaded area represents the
support of realized job matches in the w-r space. The dark blue line represents the reservation wage curve.
The red line represents the OLS fitting line from a regression of w against r using realized job matches.

Figure F2: Identifying Unemployment Benefits

(a) Zero threshold

 
w

r

Reservation wage OLS fitting line

(b) Positive threshold

 
w

r

Reservation wage OLS fitting line

Notes: Panels (a)–(b) plot two scenarios with different values of z which yield different positions of the
reservation wage curves. The dark blue lines represent the reservation wage curves. The shaded areas
represent the support of realized job matches. The dashed red lines represent the fitting lines from threshold
regressions.
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Figure F3: Sensitivity Analysis

Notes: The figure plots the SMM estimate of c at different values of (κyr, κya) ∈ [−0.05, 0]× [0, 0.1]. At each
pair of (κyr, κya), we estimate c and the remaining model parameters by SMM while ignoring the moment
related to ρyr. The estimated c reaches the minimum of 1.309 at (κyr, κya) = (0, 0) and the maximum of
1.460 at (κyr, κya) = (−0.05, 0.1).
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Table F1: Dependence between AKM Firm Effects and Commuting Distances

y y2 y3 y4

A. Commuting zones
r -0.0181 0.0021 -0.0005 -0.0037
r2 -0.0182 0.0034 -0.0016 -0.0024
r3 -0.0167 0.0038 -0.0020 -0.0016
r4 -0.0151 0.0039 -0.0022 -0.0011
B. Commuting zones × industries
r -0.0237 0.0037 -0.0078 0.0045
r2 -0.0237 0.0053 -0.0092 0.0058
r3 -0.0216 0.0060 -0.0094 0.0064
r4 -0.0193 0.0061 -0.0090 0.0063
C. Commuting zones: urban
r -0.0022 -0.0043 0.0051 -0.0069
r2 -0.0026 -0.0031 0.0043 -0.0060
r3 -0.0021 -0.0023 0.0035 -0.0050
r4 -0.0018 -0.0017 0.0028 -0.0040
D. Commuting zones: rural
r -0.0315 0.0156 -0.0148 0.0103
r2 -0.0306 0.0154 -0.0144 0.0099
r3 -0.0280 0.0142 -0.0131 0.0089
r4 -0.0254 0.0130 -0.0118 0.0079

Notes: This table reports Pearson correlation coefficients between polynomials of AKM firm effects y and

polynomials of commuting distance r between displaced workers and firms. Panel A: all potential job matches

in the same commuting zone; Panel B: potential job matches in the same commuting zone and industry;

Panel C: potential job matches in the same commuting zone with urban firms; Panel D: potential job matches

in the same commuting zone with rural firms.
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Table F2: Dependence between AKM Worker Effects and Commuting Distances

yp y2p y3p y4p
A. Commuting zones
r 0.0027 0.0030 0.0033 0.0037
r2 0.0028 0.0031 0.0035 0.0040
r3 0.0027 0.0031 0.0036 0.0041
r4 0.0026 0.0030 0.0034 0.0039
B. Commuting zones × industries
r -0.0038 -0.0038 -0.0038 -0.0036
r2 -0.0034 -0.0032 -0.0028 -0.0024
r3 -0.0031 -0.0027 -0.0022 -0.0016
r4 -0.0029 -0.0024 -0.0018 -0.0011
C. Commuting zones: urban
r 0.0261 0.0269 0.0276 0.0282
r2 0.0280 0.0289 0.0296 0.0302
r3 0.0283 0.0291 0.0297 0.0302
r4 0.0273 0.0280 0.0286 0.0290
D. Commuting zones: rural
r 0.0002 0.0003 0.0004 0.0007
r2 -0.0045 -0.0043 -0.0004 -0.0036
r3 -0.0074 -0.0071 -0.0067 -0.0062
r4 -0.0090 -0.0086 -0.0082 -0.0076

Notes: This table reports Pearson correlation coefficients between polynomials of AKM worker effects ỹ and

polynomials of commuting distance r between displaced workers and firms. Panel A: all potential job matches

in the same commuting zone; Panel B: potential job matches in the same commuting zone and industry;

Panel C: potential job matches in the same commuting zone with urban workers; Panel D: potential job

matches in the same commuting zone with rural workers.
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