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1 Introduction

Job displacement causes large, persistent, and countercyclical earnings losses, a pattern

well documented over time and across countries. Yet we know less about how these losses

evolve over a worker’s career. A common view, supported by recent evidence, is that the

consequences of displacement become more severe with age.1 This view is intuitive: older

workers earn more, have accumulated more specific human capital that displacement ren-

ders obsolete, and face weaker reemployment prospects as they approach retirement. How-

ever, existing studies typically measure losses at a single point in time, such as one or five

years after displacement, rather than cumulatively over time. They also differ in whether

losses are expressed in absolute or relative terms. These measurement choices make it

difficult to compare the full costs of displacement across ages.

In this paper, we characterize the profile of displacement costs over the working life.

We measure earnings losses in cumulative present-value terms, aggregating losses over

the years following displacement. In addition, because earnings rise substantially over

the career, absolute losses partly reflect differences in pre-displacement earnings and may

provide a misleading basis for comparison across ages. We therefore scale cumulative losses

by pre-displacement earnings. This relative measure is more informative for comparing

costs across workers of different ages: young workers typically have lower earnings, less

wealth, and tighter liquidity constraints, so a given dollar loss is likely to be harder to

smooth and impose a larger welfare cost.

We find that displacement costs are strikingly U-shaped over the life cycle. Both young

and older workers experience larger losses than those in mid-career. For workers aged

21–25, job displacement reduces earnings by an amount equivalent to 1.63 years of pre-

displacement earnings, roughly 85 percent more than the 0.89 years lost by workers aged

31–35. Losses then rise again later in the career, reaching 1.36 years of pre-displacement

earnings among workers aged 51 and older. These findings identify young workers as an-

other group particularly vulnerable to job displacement, despite receiving comparatively

little attention in the literature.
1Salvanes, Willage, and Willén (2024) write that “adverse labor market impacts generally increase with age.”

Gulyas and Pytka (2025) identify age as one of the strongest predictors of earnings losses, and Leenders and
Wallenius (2025) likewise find that losses rise with age. Earlier work points to the same conclusion (Michelacci
and Ruffo 2015; Jung and Kuhn 2019).
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To establish these findings, we use matched employer–employee administrative data on

a representative sample of French workers aged 18–62 between 2001 and 2021. We focus on

displacement during mass layoffs, using an event study to compare displaced workers with

non-displaced workers matched on pre-displacement characteristics, including age, educa-

tion, earnings, occupation, sector, contract type, tenure, and employer size. The richness

of the data allows us to follow workers over long horizons and examine the contributions of

hours worked, hourly wages, labor market transitions, and firm-related factors.

The U-shaped cost of job loss is robust across a wide range of job characteristics, includ-

ing sector (manufacturing versus services), occupation (low- versus high-skilled), working

time (full- versus part-time), and contract type (permanent versus temporary). It emerges

both in normal times and during recessions and persists under alternative age groupings,

time horizons, loss measures, and design choices, including pre- and post-displacement

tenure requirements, firm-size thresholds, and mass-layoff definitions. Pre-displacement

characteristics explain only a small share of the age profile of earnings losses. Taken

together, these results indicate that the U-shape reflects genuine variation in the conse-

quences of job displacement over the life cycle rather than variation in worker composition.2

What drives the high cost of job loss for both young and older workers? We find that

the underlying mechanisms differ by age. We first decompose earnings losses into changes

in hours worked and hourly wages. For younger workers, nearly all of the decline stems

from reduced hours, while hourly wages remain largely unchanged. For older workers, by

contrast, wage declines play a larger role, accounting for about 23–30 percent of the total

effect. The large losses among young workers therefore primarily reflect difficulty securing

stable employment rather than wage penalties.

We then examine several labor market outcomes: employment, permanent-contract em-

ployment, the number of jobs held, occupational changes, and labor force exit. Three years

after displacement, young workers are about as likely to be employed as their mid-career

peers, but are less likely to hold permanent jobs and more likely to have moved across

multiple employers and occupations, pointing to persistent employment instability. Older

workers, by contrast, remain out of work longer, earn lower wages upon reemployment, and

are more likely to exit the labor force altogether. To investigate the source of their wage

2Job-finding rates and separation rates decline with age in many labor markets beyond France (Créchet,
Lalé, and Tarasonis 2025). As we discuss below, because these dynamics underpin the U-shaped profile of
earnings losses, similar patterns may arise in other countries.
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losses, we estimate employer wage premia using an AKM framework. A substantial share

of older workers’ hourly wage decline reflects moves to lower-paying employers after dis-

placement. Overall, the evidence points to distinct mechanisms over the life cycle: young

workers experience persistent employment instability, whereas older workers face greater

barriers to reemployment and move to lower-paying firms. These age-specific channels help

explain the U-shaped profile of displacement costs.

Can modern theories of the labor market account for the non-monotonic cost of job loss?

Our answer is yes, provided they capture the observed transition dynamics—most notably

the high separation rate early in the career. We write down a simple life-cycle search-

and-matching model featuring human capital accumulation and obsolescence. The model

generates earnings losses that first decline and then rise with age. The intuition is as

follows. Early in their career, workers hold unstable, low-paying jobs but experience rapid

human capital growth. Job loss at this stage is particularly costly because it interrupts

steep skill acquisition, often trapping workers in a sequence of unstable positions. Older

workers, in contrast, command stable, high-paying jobs. Displacement at this age entails

a large income drop and limited reemployment opportunities. Middle-aged workers fall in

between: they have already accumulated most of their human capital and wage growth

while still enjoying relatively strong job prospects, so they fare better after displacement.

We calibrate the model to French administrative data by matching key labor market

moments—wages, job-finding rates, and separation rates—across different ages. The model

naturally produces a U-shaped pattern of earnings losses over the life cycle. In particular,

workers around age 25 experience earnings losses equivalent to up to 1.55 years of earnings,

those aged 30–40 lose about 0.9 years of earnings, and those around age 50 lose roughly 1.2

years of earnings. These magnitudes broadly align with the data for all age groups. To our

knowledge, this study is the first to generate a non-monotonic profile of post-displacement

earnings over the life cycle.

We perform a decomposition exercise to identify the main drivers of earnings losses.

For young workers, two forces dominate: job instability early in the career and lack of skill

accumulation during unemployment. Entering the labor market with little human capital,

young workers face a high risk of layoff. Unemployment spells reduce earnings by delaying

skill acquisition, keeping workers in low-paying, high-turnover jobs for longer periods. For

older workers, the story differs. As they age, a growing share of accumulated knowledge

becomes obsolete and cannot be redeployed in new jobs. In addition, employers’ expected
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profits from opening vacancies decline as workers approach retirement. These forces jointly

reduce older workers’ job-finding probabilities and post-displacement wages, raising the

cost of displacement. In sum, our theoretical analysis confirms that the sources of earnings

losses vary across the life cycle; no single explanation accounts for all ages.

Our findings have useful policy implications. Because the underlying mechanisms dif-

fer over the life cycle, effective policy responses may also need to be age-specific. We use

the model to compare two classes of welfare-equivalent policies: those designed to stimu-

late job creation (e.g. targeted search guidance for young workers or hiring subsidies) and

those aimed at reducing job destruction (e.g. firing taxes or taxes on temporary contracts).

Job creation policies are more effective at reducing earnings losses among young displaced

workers, whereas separation-reducing measures better lower overall unemployment. These

results highlight a tradeoff for policymakers between supporting the relatively small num-

ber of unemployed workers and protecting the broader workforce against job loss. Given

the relative feasibility of the two approaches, policies that promote rapid reemployment

appear particularly well suited to mitigate the long-lasting scars of displacement among

young workers.

This paper contributes to the empirical literature on the costs of job displacement (Ja-

cobson, LaLonde, and Sullivan 1993; Couch and Placzek 2010; Lachowska, Mas, and Wood-

bury 2020; Schmieder, von Wachter, and Heining 2023) by providing a systematic analysis

of how displacement costs evolve over the life cycle. Recent work identifies age as an im-

portant determinant of these losses (Salvanes, Willage, and Willén 2024; Gulyas and Pytka

2025; Leenders and Wallenius 2025). We make two empirical contributions. First, we doc-

ument a U-shaped profile, with both young and older workers incurring larger cumulative

losses than mid-career workers. Second, we exploit the richness of our administrative data

to uncover distinct mechanisms across age groups. Young workers’ losses reflect persistent

employment instability, whereas prolonged nonemployment and wage penalties account for

the high costs among older workers.

We also contribute to the theoretical literature on the sources of earnings losses. Exist-

ing models either abstract from age (Krolikowski 2017; Burdett, Carrillo-Tudela, and Coles

2020; Huckfeldt 2022; Jarosch 2023; Audoly, De Pace, and Fella 2024) or focus mainly on

explaining why displacement costs increase with age (Michelacci and Ruffo 2015; Cozzi

and Fella 2016; Jung and Kuhn 2019).3 We show that a life-cycle model can reproduce

3Jung and Kuhn (2019) study life-cycle displacement costs in a model calibrated to estimates from Couch and
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the U-shape through forces that operate at different career stages. Early in life, limited

human capital and foregone accumulation during nonemployment generate persistent job

instability. Later in life, human capital obsolescence and proximity to retirement reduce

reemployment prospects and lead to wage losses.

The paper proceeds as follows. Section 2 describes the data and methodology. Section 3

reports the empirical findings. Section 4 investigates the underlying mechanisms. Section 5

presents the model and its calibration. Section 6 provides the quantitative results. Section 7

concludes.

2 Data and Method

2.1 Data

We use administrative data provided by the French National Institute of Statistics and

Economic Studies. Our primary source is the Déclaration Annuelle des Données Sociales

(DADS), a matched employer–employee panel dataset that covers a representative 8 percent

sample of all wage earners in France. DADS contains rich information on each employment

spell, including contract type, occupation, hours worked, duration, compensation, sector,

and firm characteristics at the establishment level, as well as demographic variables such

as age and gender.4 A key advantage of the dataset is that it records hours worked and occu-

pation, which allows us to better understand the sources of displacement-induced earnings

losses. For approximately one-third of workers, we also observe educational attainment. We

distinguish three categories—high school or less, technical degrees, and college degrees—

and classify workers in the latter two as skilled. Our sample spans the two decades from

2001 to 2021. We are thus able to track the employment histories of a large number of

workers over an extended period.

We complement this with FH-DADS, a file that links DADS records to administrative

registers from Pôle Emploi, the French public employment service. FH-DADS provides

information on unemployment spells, which we use to measure labor market flows such as

Placzek (2010). They emphasize average costs rather than age-specific mechanisms. We instead estimate losses
directly from administrative data, document a U-shaped age profile, and identify its underlying mechanisms.

4An exhaustive matched employer–employee dataset, used by Babet, Godechot, and Palladino (2026), is also
available but is unsuitable for displacement analysis because workers absent for at least one year receive new
identifiers and cannot be tracked reliably over time.
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transitions into and out of employment.

2.2 Labor Market Features in France

We provide some brief background on the French labor market to help interpret our data. It

is characterized by a dual structure (Cahuc and Palladino 2024): permanent contracts offer

strong job protection and severance pay, whereas temporary contracts are shorter and more

flexible, accounting for about 15% of employment. While individual dismissals often occur

by mutual agreement (Carry and Schoefer 2024), we focus on collective dismissals. There

is no mechanical last-in-first-out rule governing which workers are dismissed. Employers

must pay severance to dismissed workers on permanent contracts. Statutory severance is

proportional to tenure and rises more steeply after ten years of service. These payments

explain why workers’ hourly wages spike at the time of dismissal.

Displaced workers may receive unemployment benefits based on prior earnings, with one

day worked providing one day of benefits. The maximum duration is 24 months below age

50 and 36 months at age 50 or older. France also has a mandatory pay-as-you-go, defined-

benefit pension system, with benefits based on a worker’s 25 highest-earning years. Before

the 2023 reform, the legal retirement age is 62, although earlier retirement is possible

under certain conditions. This relatively low retirement age contributes to France’s lower

employment rate among workers aged 55–64 (Hairault, Sopraseuth, and Langot 2010).

2.3 Job Displacement in Mass Layoffs

We follow standard practice in the literature by studying job displacement due to mass lay-

offs. Mass layoffs typically arise from firm- or industry-level shocks—such as plant closures,

large-scale downsizing, or macroeconomic downturns—rather than from individual factors

like performance or health. Thus, they help mitigate concerns about the endogeneity of

separation and provide a credible setting for estimating the causal effects of job loss.5

We adopt the usual definition of a mass layoff as a sharp decline in employment of at

least 30 percent at a given establishment. Our analysis restricts to firms with at least

30 employees in the year preceding the layoff. We also impose a tenure requirement: all

workers must have been employed at the firm for at least one year before the layoff, and

5Most studies identify displacement through mass layoffs. Recent alternatives use the stated reason for
separation (Flaaen, Shapiro, and Sorkin 2019; Brandily, Hémet, and Malgouyres 2022; Birinci, Park, and See
2023) or seniority rules such as last-in-first-out (Cederlöf 2024).
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non-displaced workers must remain with the firm for at least two years following it. We

perform a series of robustness checks to ensure that our results do not depend on these

assumptions.

Treated and Control Workers.—Using data from 2004 to 2011, we identify male workers

aged 21 to 55 who satisfy the eligibility criteria above. Let d denote the year of displacement.

Treated workers lose their job in year d as part of a mass layoff. Control workers are not

displaced between d− 1 and d and remain continuously employed with their main employer

through d+ 2. We track all workers over a 14-year window, from d− 3 to d+ 10, yielding a

sample period of 2001–2021.

We construct the control group using a standard matching procedure (Bertheau et al.

2023; Schmieder, von Wachter, and Heining 2023). We partition workers into cells defined

by age group (21–25, 26–30, 31–35, 36–40, 41–45, 46–50, 51–55), educational attainment

(high school or less, technical degrees, and college degrees), and contract type (permanent

or temporary). Within each cell, we estimate a probit model of displacement using earnings

in d−2 and d−3, tenure, and establishment size as predictors. We then match each displaced

worker to the nearest control worker based on the estimated propensity score.

Table 1 reports descriptive statistics for our displaced workers and their matched con-

trols by age group. Within each age bracket, the two groups are well balanced. They work

similar annual hours, earn comparable wages, and display nearly identical tenure, full-time

employment rates, contract types, sectoral composition, and skill distribution.

Differences across age groups are more substantial, but largely reflect life-cycle patterns.

Relative to older workers, younger workers earn lower wages, are less likely to hold full-time

permanent jobs, and are less represented in manufacturing. These characteristics evolve

naturally over the career, as illustrated in the table. In the next section, we show that the

age profile of job-loss costs is not primarily driven by sorting into sectors and low-skilled

occupations.

2.4 Event Study

We conduct a standard event study to estimate the dynamic effects of job displacement.

Let yit denote the outcome of interest for worker i in year t, and let di denote the worker’s

displacement year. We estimate

yit =

10∑
k=−3

βk × 1{t = di + k} × displacedi +

10∑
k=−3

γk × 1{t = di + k}+ αi + λt + εit, (1)
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Table 1: Summary Statistics

Age Hours Annual Job Permanent Manu- Skilled Number
worked earnings tenure contract facturing workers of workers

21–25 Treated 1,662 18,665 1.6 0.71 0.28 0.50 3,516Control 1,668 18,684 1.6 0.71 0.34 0.50

26–30 Treated 1,761 25,622 2.5 0.86 0.30 0.61 9,702Control 1,780 25,527 2.5 0.86 0.35 0.61

31–35 Treated 1,795 29,790 3.5 0.89 0.35 0.57 11,734Control 1,815 29,644 3.5 0.89 0.35 0.57

36–40 Treated 1,806 32,566 4.4 0.89 0.42 0.50 12,310Control 1,820 32,264 4.5 0.89 0.38 0.50

41–45 Treated 1,818 34,628 5.2 0.88 0.46 0.37 12,336Control 1,831 34,886 5.2 0.88 0.38 0.37

46–50 Treated 1,817 35,385 6.0 0.84 0.50 0.30 11,534Control 1,829 35,451 5.9 0.84 0.39 0.30

51–55 Treated 1,813 35,815 6.6 0.84 0.53 0.24 9,786Control 1,826 35,800 6.5 0.84 0.39 0.24
Notes: Average pre-displacement characteristics of displaced (treated) and non-displaced (control) workers in
the matched sample, by age group. Hours worked, job tenure, contract type, manufacturing employment, and
education are measured one year prior to displacement. Annual earnings are measured two years prior and
expressed in 2010 euros. Permanent contract, manufacturing, and skilled workers are reported as shares.

where displacedi indicates whether worker i belongs to the treated group and 1{t = di + k}

is an event-time indicator. The specification includes event-time fixed effects γk, worker

fixed effects αi, and calendar-year fixed effects λt. The coefficients of interest βk measure

the causal effect of job loss at event time k.

2.5 Measuring Cumulative Relative Losses

Cumulative Losses.—Measuring earnings losses at a particular point in time may pro-

vide an incomplete picture when post-displacement earnings paths differ across ages. We

therefore summarize the entire path of losses using their present discounted value.

Relative Losses.—Comparing losses in monetary terms across workers of different ages

may also be misleading. Because earnings generally rise over the life cycle, absolute losses

may increase mechanically with age even if displacement reduces earnings by the same pro-

portion at every age. Many studies therefore express displacement losses in relative terms,

either as a multiple of pre-displacement earnings or as a percentage of counterfactual earn-

ings absent displacement (Davis and von Wachter 2011; Jung and Kuhn 2019; Lachowska,

Mas, and Woodbury 2020; Huckfeldt 2022; Jarosch 2023).

This normalization has an economic rationale. Younger workers typically have lower

earnings, fewer accumulated assets, and tighter borrowing constraints than older workers,
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making it more difficult to smooth consumption following an adverse income shock. A given

monetary loss may therefore impose a larger welfare cost early in the career than later in

life. Appendix A formalizes this intuition in a simple two-period model. When earnings

increase over the life cycle and young workers cannot borrow against future income, a given

absolute earnings loss generates a larger welfare loss when incurred early in life.6

Following this approach, we define the cost of job loss as the present discounted value of

displaced workers’ earnings shortfall, expressed as a multiple of pre-displacement annual

earnings. Formally,

cost =
7∑

k=0

(1 + r)−k · |βk|
/

earnings−2, (2)

where r is the annual discount rate, set to 0.05, βk is the estimated loss in year k, and

earnings−2 denotes average earnings two years prior to displacement.

We adopt a seven-year horizon for all age groups to ensure comparability. This window

is long enough to capture the scarring effects of displacement, yet short enough to limit

confounding from retirement, as we track displacements up to age 55 while the statutory

retirement age in France during our sample is 62.

For robustness, we also consider five- and ten-year horizons, as well as an alternative

measure that scales losses by the present discounted value of counterfactual earnings ab-

sent displacement. Formally,

cost = 100×
7∑

k=0

(1 + r)−k · |βk|
/[ 7∑

k=0

(1 + r)−k · (earningsk + |βk|)
]
. (3)

As we show in the next section, our results are robust to these alternative definitions.

3 The Cost of Job Loss by Age

This section presents our empirical findings on how the costs of job loss vary over the life

cycle.

3.1 The U-Shape

We begin with our central result. Figure 1 plots the present value of cumulative earnings

losses following mass layoffs by age at displacement, expressed relative to pre-displacement

6This is consistent with the standard welfare approach in macroeconomics, which measures welfare in
consumption-equivalent units, that is, as proportional changes in consumption rather than as absolute mone-
tary losses (Lucas 1987).
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Figure 1: The U-Shaped Cost of Job Loss

Notes: Present value of earnings losses following displacement, expressed as a multiple of pre-displacement
annual earnings. Present values are computed according to equation (2) over a seven-year horizon using a 5
percent annual discount rate. Age brackets refer to age at the time of displacement.

annual earnings.

Earnings losses follow a clear U-shape. Workers displaced in their twenties experience

steep declines, while those displaced in their thirties incur the smallest losses. Losses then

rise again for workers in their forties and fifties. At ages 21–25, cumulative losses equal

1.63 years of pre-displacement earnings, 84 percent more than the 0.89 years lost by mid-

career workers aged 31–35. Losses among workers displaced at ages 26–30 are also 10

percent larger than among those aged 31–35. At ages 51–55, losses reach 1.36 years of

pre-displacement earnings. Appendix Table A1 reports standard errors for these estimates

and confirms that the differences across age groups are statistically significant.

Figure 2 plots the earnings paths underlying Figure 1; Appendix Figure A1 reports earn-

ings relative to their pre-displacement level. Treated and control workers follow similar

trajectories before displacement in every age group. Earnings fall sharply after displace-

ment, with substantial heterogeneity across ages. We estimate that workers aged 21–25
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lose €31,000 in present value, compared with €25,000 and €27,000 among workers aged

26–30 and 31–35, despite having lower pre-displacement earnings. From age 31 onward,

absolute losses rise steadily with age, reaching €49,000 among workers aged 51–55.

Scaling cumulative losses by pre-displacement earnings makes the U-shape even more

pronounced. Because earnings rise substantially over the career, a given euro loss repre-

sents a larger share of prior earnings for younger workers. Their already large absolute

losses therefore translate into particularly large relative losses.

To our knowledge, this study is the first to document a U-shaped relationship between

age and cumulative losses following displacement. While the large losses faced by older

workers are well established, our findings reveal substantial and persistent losses among

workers displaced early in their careers, a group that has received less attention in the

literature.

3.2 The Robust U-Shape

The U-shaped pattern of earnings losses is robust. It appears across workers with different

job characteristics, in recessions and normal times, under alternative age bins, horizons,

and loss measures, and when we vary key features of the empirical design.

Job Characteristics.—Figure 3 reproduces the age profile of cumulative losses for workers

in manufacturing, high-skilled occupations, full-time jobs, and temporary contracts.

Along all dimensions, earnings losses are larger for younger and older workers than

for their mid-career peers, and the age profiles largely overlap despite some differences

in magnitude. Manufacturing workers experience slightly larger losses than the baseline.

Among young workers, losses in high-skilled occupations are very similar to the baseline,

suggesting that the high cost of early-career displacement is not driven by their greater con-

centration in low-skilled jobs. Among mid- and late-career workers, losses in high-skilled

occupations fall below the baseline, consistent with larger losses among low-skilled workers

and with prior evidence (Guvenen et al. 2017). Full-time and part-time workers experience

similar losses, whereas temporary workers incur larger losses than those on permanent

contracts.

Recessions.—The U-shaped pattern holds both in normal times and during recessions.

Our sample period includes the 2008–2009 financial crisis, which we classify as a reces-

sion. Appendix Figure A2 plots losses for workers displaced during these years. The U-
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Figure 3: The U-Shaped Cost Across Job Characteristics

Notes: Present value of earnings losses following displacement, expressed as a multiple of pre-displacement
annual earnings. Present values are computed over a seven-year horizon using a 5 percent annual discount
rate. The baseline corresponds to the full sample of workers.

shape shifts upward for all but the oldest age group, indicating larger losses in recessions

(Schmieder, von Wachter, and Heining 2023). The left side of the U-shape also becomes

more pronounced: losses for workers in the youngest age group rise from 1.6 to 1.9 years of

pre-displacement earnings.

Age Bins.—Our findings are not driven solely by workers at the bottom of the age range.

We consider five broader age bins: 21–27, 28–34, 35–41, 42–48, and 49–55. Appendix Fig-

ure A3 confirms that earnings losses retain a U-shaped profile, with workers in the youngest

group losing approximately 45 percent more than those in mid-career. Similar results ob-

tain using four age groups: 21–30, 31–40, 41–50, and 51–55.

Horizon.—The seven-year horizon used in our baseline may appear arbitrary. Appendix

Figure A4 documents the same U-shaped pattern over five- and ten-year horizons. Losses

are naturally larger over the ten-year horizon, although estimates for the oldest age group,
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Table 2: Job Displacement Losses under Alternative Metrics
Absolute loss Relative loss Relative loss

Age group in euros pre-displacement earnings counterfactual earnings
21–25 30,768 1.63 18.0%
26–30 25,280 0.98 12.1%
31–35 26,636 0.89 11.7%
36–40 30,772 0.94 12.7%
41–45 34,733 0.99 13.9%
46–50 38,383 1.07 15.4%
51–55 49,396 1.36 22.0%

Notes: All measures are based on the present value of earnings losses over seven years. Column 3
expresses losses as a multiple of pre-displacement annual earnings, our baseline metric. Column 4
expresses losses as a percentage of the present discounted value of counterfactual earnings.

51–55, are harder to interpret because the ten-year horizon extends into retirement ages.

Metric.—Using pre-displacement annual earnings as the denominator could overstate rel-

ative losses for workers with low baseline earnings. We therefore express losses relative to

the present value of counterfactual earnings absent displacement, as is common in the

structural labor literature. Table 2 shows that the U-shape persists under this metric; Ap-

pendix Figure A5 plots the results over five-, seven-, and ten-year horizons.

We next examine whether the U-shape reflects specific features of the empirical design.

Post-Displacement Requirement.—Our baseline requires control workers to remain with

their employer through d+2, as in Davis and von Wachter (2011). A natural concern is that

this requirement selects unusually stable young workers and thereby inflates estimated

losses for this age group. We address this concern by varying the stability requirement

across the range used in the literature. Appendix Figure A6 reports results when controls

are required only to be present at displacement, d + 0, as in Schmieder, von Wachter, and

Heining (2023), and under the stricter requirement that they remain with their employer

through d + 5, as in Lachowska, Mas, and Woodbury (2020). Losses are larger under the

d + 5 requirement, but the U-shape remains under both alternatives: younger and older

workers continue to experience substantially larger losses than workers in mid-career.

Pre-Displacement Requirement.—We also require workers to have been employed for at

least one year before displacement. Another concern is that this relatively weak criterion

may retain workers with unstable employment histories who move in and out of tempo-

rary jobs. We therefore raise the pre-displacement tenure requirement to three years. The
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results are very similar, and the U-shape remains pronounced (Figure A7).7

Firm Size.—A separate concern is selection based on firm size. Our baseline restricts

the sample to establishments with 30 or more employees rather than imposing the 50-

employee threshold commonly used in the literature. This choice is particularly relevant

for young workers because starting a career at a larger firm improves subsequent labor

market prospects (Arellano-Bover 2024). A higher threshold could therefore select young

workers employed at especially advantageous firms and inflate their estimated losses. Rais-

ing the threshold to 50 employees, however, has little effect on the results, and the U-shaped

profile remains (Figure A7).

Mass Layoff Definition.—Finally, we tighten the mass-layoff definition by requiring an

employment decline of at least 80 percent, rather than the 30 percent threshold used in our

baseline. This restriction captures establishment closures and near-closures, substantially

limiting the scope for selective separations within affected establishments. Losses fall for all

age groups, shifting the U-shape downward but preserving its overall pattern (Figure A7).

Together, these checks show that the U-shaped age profile is not an artifact of sample

selection, sample composition, measurement, or empirical design. It is a robust feature of

the data.

3.3 External Validity

There is reason to expect that the U-shaped pattern extends beyond France. Davis and von

Wachter (2011, Table 2) report cumulative relative losses for US workers that appear to

follow a U-shaped profile, although the authors do not comment on this finding. Salvanes,

Willage, and Willén (2024, Figure 2) report larger point-in-time losses among Norwegian

workers aged 20–24 than among slightly older workers. While differences in loss measures

prevent a direct comparison, this evidence suggests that the pattern we document may be

a broader life-cycle feature rather than one specific to the French setting.

More generally, the labor-market dynamics underlying our results are not unique to

France. Many countries exhibit high unemployment among young workers, driven in part

7The link between pre-displacement tenure and the cost of job loss is theoretically ambiguous. On the one
hand, longer tenure implies greater firm-specific human capital and higher wages, suggesting larger losses
upon displacement. On the other hand, workers with shorter tenure may experience longer unemployment
spells and be more likely to transition into unstable, low-quality jobs, which can also amplify losses.
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by initially high separation rates that decline with age (Créchet, Lalé, and Tarasonis 2025).

Labor-market duality is also widespread. Recent evidence for the United States distin-

guishes a primary sector, in which workers are almost continuously employed, from a sec-

ondary sector characterized by seasonal and cyclical employment fluctuations and a much

greater risk of unemployment (Ahn, Hobijn, and Şahin 2023). As we show next, these tran-

sition dynamics play a central role in the large losses experienced by young workers.

4 Understanding the Mechanisms

The U-shaped profile of earnings losses naturally raises the question of why displacement

is particularly costly at the beginning and end of workers’ careers. This section investigates

the underlying mechanisms.

4.1 Decomposing Earnings Losses

We begin by decomposing total earnings into hours worked and hourly wages to understand

the sources of earnings declines. Taking logarithms gives

log(total earnings)it = log(hours worked)it + log(hourly wage)it.

Figure 4 presents the average decomposition over the seven-year horizon, by age group.

Figure A8 reports the full event-time dynamics, while Figures A9 and A10 show the raw

paths of hours worked and hourly wages.

Reductions in hours worked account for the bulk of earnings losses across all age groups,

in line with recent work (Brandily, Hémet, and Malgouyres 2022; Bertheau et al. 2023).8

This pattern is especially pronounced for workers aged 21–25, for whom hourly wages ac-

count for only 8 percent of the earnings loss. The wage share generally increases with

age, reaching approximately 30 percent for workers aged 41–45 and 23 percent for those

aged 51–55. Because the decomposition is conditional on employment, the hours compo-

nent captures reductions in hours among employed workers rather than earnings losses

due to non-employment, which we examine next.

8Appendix Figure A12 reports the effects on earnings, hours worked, and hourly wages, pooling all age
groups. Consistent with Brandily, Hémet, and Malgouyres (2022), reductions in hours worked account for
most of the aggregate earnings losses following displacement.
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Figure 4: Decomposing Earnings Losses

Notes: Decomposition of earnings losses into changes in hours worked and hourly wages. We estimate equation
(1) separately using log earnings and log hours worked as dependent variables. The share attributable to hours
worked (dark gray) is the average estimated coefficient ratio, βhours

k /βearnings
k , over the seven post-displacement

years. The remaining share is attributed to changes in hourly wages (light gray).

4.2 Uncovering Age-Dependent Causes

Having established the relative contributions of hours and wages, we study the labor market

dynamics driving these age-specific patterns. Figure 5 reports four outcomes three years

after displacement for our seven age groups: the probabilities of being employed, holding

a permanent contract, and exiting the labor force, along with the number of jobs held. Ap-

pendix Figure A11 presents four additional outcomes: job duration, hours worked per day

of employment, and changes in occupation and region.

Relative to displaced mid-career workers aged 31–40, young displaced workers aged

21–25 are about as likely to be employed but are less likely to hold a permanent position

and more likely to cycle through multiple jobs. They also experience shorter job durations,

work fewer hours per employed day, and are more likely to switch occupations (Figure A11).

This pattern is consistent with job loss generating further labor market instability (Jarosch
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Figure 5: Different Ages, Different Mechanisms

Notes: Labor market outcomes three years after displacement. All values are normalized relative to the control
group within the same age bin. All panels show probabilities, except Panel D, which displays absolute values.
For example, workers displaced at ages 21–25 are 22% less likely to be employed in a permanent contract three
years after displacement than non-displaced workers of the same age.

2023). Their labor-force exit rate is not substantially higher than that of mid-career work-

ers, suggesting that these dynamics are not driven by young workers returning to education.

By contrast, older displaced workers aged 51–55 are much less likely to be reemployed.

They experience little job turnover but face a substantially higher risk of leaving the labor
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force altogether, possibly through early retirement. Conditional on employment, they work

fewer hours per day. They also show little tendency to change occupation or region.

In sum, the evidence points to two distinct mechanisms underlying the U-shaped cost

of job loss. Younger workers suffer mainly from persistent instability and job churning,

whereas older workers face barriers to reemployment and elevated labor-force exit rates.9

Both channels generate sustained earnings losses after displacement.

4.3 The Role of Firms

We examine whether firms contribute to the age profile of earnings losses through pre-

displacement sorting or post-displacement changes in employer wage premia.10 Appendix B

describes the methods and reports the full results.

Pre-Displacement Sorting.—Because younger workers are employed at firms with differ-

ent characteristics than mid-career workers (Table 1), their larger losses may partly reflect

worker–firm sorting. An Oaxaca–Blinder decomposition of earnings losses shows that pre-

displacement employer characteristics explain only about one-fifth of the excess loss among

workers aged 21–25 relative to those aged 31–35 (Table A2). Sorting therefore accounts for

only a limited share of young workers’ larger losses.

Post-Displacement Downgrading.—We also use an AKM model (Abowd, Kramarz, and

Margolis 1999) to assess whether displaced workers move to firms offering lower wage pre-

mia. The decomposition is less informative for workers younger than 30, whose hourly

wage losses are small. From age 31 onward, declines in employer wage premia account for

a relatively stable share of hourly wage losses—approximately one-half across age groups.

Employer downgrading is therefore an important source of persistent wage losses but con-

tributes little to their age profile.

Overall, firm-related mechanisms account for an important share of wage losses but

little of the age profile of total earnings losses.

9For older workers, barriers to reemployment may reflect both labor-demand factors, such as firms’ reluc-
tance to hire older workers, and labor-supply factors, such as lower search effort, more generous unemployment
benefits late in the career, or larger savings buffers.

10A growing literature documents the role of firms in the consequences of job displacement. See, for instance,
Lachowska, Mas, and Woodbury (2020), Fackler, Mueller, and Stegmaier (2021), Bertheau et al. (2023), Helm,
Kuegler, and Schoenberg (2023), and Gulyas and Pytka (2025).
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5 A Life-Cycle Model

We present a life-cycle model of the labor market capable of reproducing the U-shaped cost

of job loss. The framework is intentionally parsimonious, focusing on the minimum set

of ingredients needed to match the data: search and matching frictions, human capital

accumulation, and human capital obsolescence.

5.1 Environment

Time is discrete and infinite. The economy consists of workers and firms. Workers live

for T periods, supply one unit of labor each period, and derive utility from income. They

differ along three dimensions: age t, human capital h, and employment status (employed or

unemployed).

Human capital evolves endogenously, following Ljungqvist and Sargent (1998). While

employed, workers accumulate skills through learning by doing. If they lose their job, their

human capital may become obsolete and non-transferable across firms. This setup captures

both general and firm-specific components of human capital. We assume that the probabil-

ity of obsolescence is increasing and convex in age. Because workers remain employed most

of their career, wages rise with age on average, consistent with empirical evidence.

On the production side, a continuum of firms post vacancies. Technology exhibits con-

stant returns to scale, so one unit of human capital produces one unit of output. Wages

are proportional to human capital: each worker earns αh, where α ∈ (0, 1) is an exogenous

piece rate.

The labor market is frictional. Unemployed workers and firms meet through a standard

matching function M(u, v), where u denotes unemployment and v vacancies. Following

Menzio, Telyukova, and Visschers (2016), the market is segmented: there is one submarket

for each (t, h) pair. An unemployed worker of type (t, h) searches only in that submarket,

and employed workers cannot search on the job. Let θt(h) = vt(h)/ut(h) denote tightness in

submarket (t, h). The job-finding rate for workers is p(θt(h)) = M(ut(h),vt(h))
ut(h)

, and the vacancy

filling rate for firms is q(θt(h)) = M(ut(h),vt(h))
vt(h)

. Free entry holds in each submarket.

Timing.—Each period unfolds as follows. Production occurs. A separation shock may

dissolve the match. If the match survives, the worker may experience a positive human

capital shock. If the match ends, the worker becomes unemployed and may face a one-time

obsolescence shock that reduces their human capital.
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Value Functions.—Let h′ denote the next-period value of h. Workers discount the future

at rate β ∈ (0, 1). The value of an employed worker of age t and human capital h is

Wt(h) = αh+ β · E
{
[1− δ(h)]Wt+1(h

′) + δ(h)Ut+1(h
′)
}
, (4)

where δ(h) is the separation rate and Ut(h) the value of unemployment. We assume δ(h)

decreases in h to capture the fact that job stability rises with both age and earnings. This

assumption is key: it implies that job loss reduces not only current income but also subse-

quent job security. The value of an unemployed worker is

Ut(h) = β {p(θt+1(h))Wt+1(h) + [1− p(θt+1(h))]Ut+1(h)} . (5)

Unemployment yields no intrinsic utility, neither benefits nor leisure value. This assump-

tion reflects the empirical setup, where out-of-work individuals are assigned zero earn-

ings.11

For firms, the value of a filled job in submarket (t, h) reads

Jt(h) = (1− α)h+ β[1− δ(h)] · E
{
Jt+1(h

′)
}
, (6)

while the value of a vacancy is

Vt(h) = −κ(h) + q(θt(h))Jt(h), (7)

where κ(h) is the vacancy-posting cost. Free entry implies Vt(h) = 0 or

q(θt(h))Jt(h) = κ(h). (8)

Together, equations (6) and (8) determine the equilibrium job-finding rate, independent of

workers’ decisions.

Equilibrium.—Given the law of motion for shocks, an equilibrium for each (t, h) consists

of worker value functions (4)–(5), firm value functions (6) and free-entry conditions (8),

and the human capital process. Existence and uniqueness follow from standard arguments

(Menzio and Shi 2011).

5.2 Calibration

We calibrate the model to French data at quarterly frequency. Our primary goal is to test

whether the model can reproduce the left side of the U-shape. We therefore target labor mar-

ket transitions and displacement costs among mid- and late-career workers, while leaving

11Allowing for unemployment utility would not change results, as wages, separation, and job-finding rates do
not depend on it.
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Table 3: Calibration
Parameter Value Target/source Model Data
Number of periods T 168 42-year career, age 20 to 62
Discount factor β 0.988 5% annual interest rate
Piece rate α 0.5 Equally split surplus
Matching elasticity γ 0.65 Chaumont and Shi (2022)
Matching efficiency µ 0.575 Job-finding rate at 25 0.40 0.40
Vacancy cost κ0 1.05 Job-finding rate at 50 0.36 0.36
Early human capital increment ∆0 0.261 Mean wage at 30 1.95 1.95
Late human capital increment ∆1 0.10 Mean wage at 40 2.48 2.48
Maximum human capital h̄ 3.044 Mean wage at 50 2.77 2.74
Separation rate level δ0 0.103 Separation rate at 25 0.035 0.035
Separation rate curvature δ1 0.73 Separation rate at 50 0.014 0.012
Obsolescence risk level ε0 0.32 Cost of job loss at 51–55 1.369 1.361
Obsolescence risk curvature ε1 2.7 Cost ratio 41–45 to 51–55 0.722 0.724

Notes: Calibrated parameters and their corresponding empirical targets. All flows are measured quar-
terly. Model-implied values are averages over 100,000 simulated worker histories, starting with workers
unemployed and endowed with the lowest level of human capital. Costs of job loss are expressed in present
value, as described in Section 5.2.

the costs borne by young workers untargeted. Table 3 summarizes parameter values and

their corresponding targets.

Workers enter the labor force at age 20 unemployed, remain active for 42 years (T =

168 quarters), and retire at 62. The quarterly discount factor β = 0.988 corresponds to

an annual interest rate of 5 percent. Output is split evenly between workers and firms,

implying a piece rate α = 0.5.

The matching function is such that the job-finding probability takes the form

p(θt(h)) = µ[1 + θt(h)
−γ ]−1/γ , (9)

with matching efficiency µ and elasticity γ. We adopt γ = 0.65 from Chaumont and Shi

(2022), and set µ = 0.58 to match the empirical job-finding rate at age 25. To capture the

sharp decline in job-finding rates near retirement, we let vacancy posting costs rise with

worker human capital, κ(h) = κ0h, and calibrate κ0 = 1.05 to reproduce the job-finding rate

observed at age 50.

Human capital evolves on a grid [h, h̄], with h = 1. For employed workers,

h′ =


h+∆ with probability 1/8,

h with probability 7/8.
(10)

Hence, human capital increases by one increment ∆ every two years of employment, on

average. To capture the concave life-cycle profile of wages, we allow the growth increment
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to vary with age: ∆ = ∆0 early in the career and ∆ = ∆1 later on. The parameters ∆0 and

∆1 are calibrated to 0.26 and 0.10 to match mean wages at ages 30 and 40, respectively,

while h is set at 3.04 to match the career wage ceiling. Upon displacement, human capital

may depreciate according to

h′ =


h with probability et,

h with probability 1− et.

(11)

If obsolescence strikes, human capital falls to h; otherwise it is preserved. The obsolescence

probability follows

et = ε0(t
ε1 − 1)T−ε1 , (12)

which implies e1 = 0 and limT→∞ eT = ε0. That is, young workers are unaffected, and older

workers hold more specific, non-transferable human capital. We set ε0 = 0.32 and ε1 = 2.7

to match both the level and curvature of displacement costs at older ages.12

Finally, separation rates decline with human capital

δ(h) = δ0 exp(−δ1 · h/h), (13)

with δ0 and δ1 calibrated to 0.10 and 0.74 to replicate observed separation rates at ages 25

and 50.

Measuring Cumulative Relative Losses.—To maintain consistency with the empirical anal-

ysis, we express present-value earnings losses as a multiple of pre-displacement annual

earnings, as defined in equation (2). We also consider the alternative metric that scales

losses by the present value of counterfactual earnings, obtaining similar results. Mirror-

ing the empirical analysis, we compute present values over a seven-year horizon. Workers

enter the treatment and control groups if they have at least one year of tenure at the time

of displacement. Control workers must remain with the same firm for at least two more

years.

We simulate employment histories, select tenure-eligible workers, and group them by

age–human capital pair (t, h). For each (t, h), we compute the difference between the present

value of earnings for non-displaced and displaced individuals, and divide this difference by

annual earnings two years prior to displacement. We then average these losses across h for

each age t.

12This calibration corresponds to an obsolescence risk of 0.32 at the very end of the career and 0.18 at age 55.
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Figure 6: Model Fit

Notes: Average labor market moments over the life cycle. The wage is normalized to 1 at age 20. The job-finding
and separation rates are expressed at a quarterly frequency.

5.3 Model Fit

Figure 6 compares the model’s predictions with the data for three key labor market moments

over the life cycle: wage, job-finding rate, and separation rate.13

The model closely matches the data across all dimensions. Wages increase steeply early

in the career and nearly triple between ages 20 and 60. In parallel, employment stability

improves: the quarterly job-finding rate declines from about 41% to 25% and the separation

rate falls from 4% to 1%. The model captures both the steep wage growth and the gradual

reduction in labor market frictions observed with age.

6 Quantitative Results

We first show that the calibrated model reproduces the observed age profile of earnings

losses. We then analyze the channels underlying the nonlinear pattern of losses over the life

cycle. Finally, we assess whether policy interventions can mitigate the cost of displacement.
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Figure 7: The Cost of Job Loss, Model vs Data

Notes: Present value of earnings losses following displacement, expressed as a multiple of pre-displacement
annual earnings. Present values are computed over a seven-year horizon using a 5 percent annual discount
rate. Data values are the same as reported in Figure 1.

6.1 The U-Shaped Cost of Job Loss

Figure 7 compares model-implied earnings losses to those observed in the data. The solid

blue line shows cumulative losses by age, expressed as a multiple of pre-displacement earn-

ings. Red circles plot the corresponding estimates from our data for workers aged 21–25,

26–30, 31–35, 36–40, 41–45, 46–50, and 51–55, as reported in Figure 1.

Earnings losses follow a clear U-shaped pattern over the life cycle. They are particularly

large early in the career, amounting to 1.49 years of pre-displacement earnings. They then

decline with age, reaching a minimum of about 0.90 years around age 35, before rising

sharply. By their mid-fifties, workers lose approximately 1.52 years of pre-displacement

13Overall, our empirical moments align well with those in existing work (Hairault, Langot, and Sopraseuth
2019; Le Barbanchon, Rathelot, and Roulet 2021). Differences in levels with Créchet, Lalé, and Tarasonis
(2025) likely arise because we use administrative data, whereas they rely on labor force surveys; see Hairault,
Le Barbanchon, and Sopraseuth (2015) for a discussion.
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earnings.

The model successfully reproduces the U-shaped pattern observed in the data. Although

it slightly understates losses for the youngest workers, it captures both the qualitative shape

and the overall magnitudes. Its ability to generate large losses early in the career is espe-

cially notable because the calibration is not designed to match earnings losses at those

ages. As far as we know, this is the first quantitative model to reproduce a non-monotonic

life-cycle profile.

6.2 Inspecting the Mechanisms

Why are earnings losses U-shaped in age? To isolate the drivers, we sequentially switch off

key elements of the model. Figure 8 displays the results.

Panel A holds human capital constant at the lowest level h across all workers. In this sce-

nario, losses remain flat between ages 20 and 45. Workers have similar wages, job-finding

probabilities, and separation rates—all of which depend on h—so they face comparable dis-

placement costs. Losses rise after age 45, however, because older displaced workers have

a harder time regaining employment. As they approach retirement, the expected duration

of matches shortens, reducing their attractiveness to firms and lowering job creation for

this group. Thus, a standard life-cycle model without human capital accumulation partly

explains high late-career losses but cannot account for the elevated costs experienced by the

young.

Panel B fixes the job separation rate at its mean across all ages. This flattens the left

side of the U-shape, lowering losses for young workers. Early in their career, workers start

with low human capital and gradually build skills through learning by doing, which reduces

their risk of separation. By removing the age gradient in separations, we eliminate early-

career instability, revealing it as a driver of the high cost faced by young workers.

Panel C fixes the job-finding rate at its average. This has little effect on the overall shape,

except that younger workers fare slightly worse while older workers fare somewhat better.

Because reemployment frictions mainly affect older workers, age differences in job-finding

rates do not explain the disproportionately high losses borne by the young.14

14To be clear, differences in job-finding rates over the career do not drive the left side of the U-shape, as
these rates remain relatively flat during the first 30 years of a worker’s career. However, the absolute level of
job-finding rates is critical for determining the magnitude of losses at all ages. The next subsection provides
further detail on this distinction.
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Figure 8: Isolating the Channels

Notes: Present value of earnings losses, expressed as a multiple of pre-displacement annual earnings. Present
values are computed over a seven-year horizon using a 5 percent annual discount rate. Panel A holds human
capital fixed at its minimum level h = 1. Panels B and C fix, respectively, the separation rate and the job-
finding rate to their mean values across all ages. Panel D abstracts from obsolescence risk. The gray dashed
line reproduces losses from the baseline model.

Panel D turns off skill obsolescence. Losses now decline monotonically with age until

around 50, then rise modestly, demonstrating that skill obsolescence is a major driver of

late-career losses. Two channels are at work. First, as workers age, a growing share of

their human capital becomes firm- or job-specific and thus non-transferable, forcing dis-

placed workers to accept lower wages in new positions. Second, obsolete skills combined

with proximity to retirement make them less appealing to employers, lowering their job-

finding rates. Together, wage cuts and limited reemployment opportunities explain the
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Figure 9: Welfare-Equivalent Policy Interventions

Notes: Model-implied present-value earnings losses (left panel) and unemployment rates (right panel) under
two welfare-equivalent policy experiments. The job-finding rate policy raises the job-finding rate by 12 percent
through higher matching efficiency µ. The job-separation policy lowers separations by 20 percent through a
reduction in separation parameter δ0. The gray dashed line shows the no-policy baseline.

high earnings losses observed among older cohorts.

To summarize, the high cost of job loss early in the career reflects heightened job insta-

bility. In contrast, late in the career, losses are driven by poor reemployment prospects and

wage penalties due to the obsolescence of skills. Ultimately, the U-shaped profile of dis-

placement costs emerges from the age-dependent interaction of human capital dynamics

with labor market transitions.

6.3 Policy Experiments

Young workers bear disproportionately large costs when displaced, posing the question:

can policy help cushion these early-career losses? We use our model to evaluate two broad

categories of targeted interventions—those that stimulate job creation and those that limit

job destruction.15

15We focus on young workers, for whom the high cost of job loss is the paper’s main novel finding.
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The first category aims to raise job-finding rates through measures like better-funded

public employment services, job-search workshops, targeted guidance for youth, or hiring

and commuting subsidies. The second category seeks to reduce separation rates, for in-

stance through firing taxes or taxes on temporary contracts. Both types of policies have

been implemented to varying degrees in France.16

We simulate two illustrative interventions targeting workers aged 20–29: (i) a 12 per-

cent increase in the job-finding rate via higher matching efficiency µ, and (ii) a 20 percent

reduction in the separation rate via lower parameter δ0 (while holding job finding constant).

These magnitudes are chosen so that each policy generates the same aggregate welfare gain

of 1 percent relative to baseline, where welfare is defined as the expected lifetime utility of

a worker entering the labor market at age 20 with no job and the lowest level of human

capital h. Figure 9 reports the resulting earnings losses and unemployment rates. Since

we abstract from fiscal costs, these estimates should be viewed as illustrative of potential

effects rather than precise cost-benefit calculations.

Both policies reduce post-displacement earnings losses and unemployment rates among

young workers. The job-finding policy performs better at mitigating earnings losses, while

the separation-reducing policy is more effective at lowering unemployment. This illustrates

a fundamental trade-off between the two interventions. Boosting job creation primarily

benefits displaced workers, who value rapid reemployment. In contrast, reducing layoffs

protects all workers from displacement but delivers smaller gains for those already unem-

ployed. Since the two policies are welfare-equivalent by construction, neither dominates in

overall desirability.

In terms of feasibility, however, the job-finding intervention appears more realistic.

Achieving a 12 percent increase in the job-finding rate may be attainable through enhanced

employment services or targeted job-search support. By contrast, reducing separations by

20 percent would likely require deep institutional reforms—such as stricter firing regula-

tions or major changes to contract law—that are difficult to implement in France’s already

tightly regulated labor market.

Several caveats apply. We treat job finding and separations as independent, whereas

in reality the two margins are jointly determined; restricting layoffs may discourage job

creation in the first place. Moreover, not all separations are inefficient: job mobility can

promote reallocation toward better matches (Gervais et al. 2016) or more productive firms

16See Schoefer (2025) for a recent discussion of various policy interventions in Europe.

30



(Brandily, Hémet, and Malgouyres 2022), a mechanism our framework does not capture.

These points suggest that the welfare gains from reducing separations may be overstated

relative to those from policies that accelerate reemployment.

A broader lesson emerges. Reducing the cost of job loss for young workers is possible in

theory. Policies that foster swift reemployment appear more plausible and less distortive

than those that restrict mobility.

6.4 Discussion

Our model generates a non-monotonic cost of job loss over the life cycle. We deliberately

keep the framework parsimonious in order to single out the core economic forces at play.

The literature has developed substantially richer models to study displacement costs. One

may ask whether these more elaborate frameworks are also capable of generating the U-

shaped pattern.

The central mechanism is a declining separation rate as human capital accumulates.

Job loss slows this accumulation and raises future employment instability. This “slippery

job ladder” mechanism is closely related to that in Jarosch (2023), who models jobs that

differ in productivity and security. While his model does not feature age explicitly, extending

it along this dimension could plausibly generate a U-shape as well.

By contrast, models with stable or exogenous separation rates are likely to have difficulty

reproducing the U-shape. These frameworks typically impose a specific tenure either at the

match level (Cozzi and Fella 2016; Audoly, De Pace, and Fella 2024) or at the occupation

level while allowing workers to switch endogenously across occupations (Huckfeldt 2022).

In such environments, losing a job early in the career is unlikely to be particularly costly.

Similarly, theories of backloaded wages can generate declining separation rates, but

not through layoffs. In these models, wages increase with tenure to discourage quits (Bur-

dett, Carrillo-Tudela, and Coles 2020). While such theories predict large losses late in the

career—when workers forgo accumulated rents—it is less clear how they could account for

sizable losses early in the career.

Finally, theories of unobserved worker heterogeneity offer a potential alternative expla-

nation for early-career losses. Employers may interpret an initial layoff as a negative signal

of worker quality and respond by discriminating against displaced workers. However, this

channel appears limited in the French context, where job-finding rates among young dis-

placed workers remain high relative to their peers.
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Our model could be extended in several directions. First, introducing firm-side hetero-

geneity together with on-the-job search would generate firm effects on earnings and further

endogenize separations by distinguishing quits from layoffs, as in Jung and Kuhn (2019).

Second, while we abstract from the distinction between general and specific human capi-

tal by modeling large shocks in the spirit of Ljungqvist and Sargent (1998) and Huckfeldt

(2022), we could introduce such a distinction, following Audoly, De Pace, and Fella (2024).

Finally, incorporating consumption and savings would enable a richer welfare and policy

analysis of age-specific labor market interventions.

7 Conclusion

This paper characterizes the life-cycle profile of earnings losses after job displacement. Us-

ing French administrative data and mass-layoff event studies, we document a new empirical

fact: the cost of job loss is U-shaped in age. Workers displaced in their twenties and fifties

suffer larger cumulative earnings losses than those displaced in mid-career.

Our rich administrative data allow us to uncover distinct age-specific mechanisms be-

hind this U-shape. Among young workers, earnings losses arise primarily from persistent

employment instability, reflected in fewer hours, lower rates of permanent employment, and

more frequent employer and occupation changes. Older workers face a different set of chal-

lenges. They experience longer nonemployment spells, more frequent exits from the labor

force, and lower wages upon reemployment, partly because they move to lower-paying firms.

Workers in their thirties and early forties, by contrast, have accumulated experience while

remaining relatively employable, which limits their displacement losses. Thus, different

mechanisms operate at different stages of the life cycle.

We develop a simple life-cycle search model that captures these mechanisms. Its key in-

gredients are on-the-job human capital accumulation and off-the-job depreciation through

skill obsolescence. Calibrated to French administrative data, the model successfully repro-

duces the U-shaped profile of earnings losses. A decomposition shows that both separation

rates—especially for young workers—and job-finding rates at all ages jointly determine the

magnitude of displacement costs.

Because job-finding and separation rates decline steadily with age in many countries,

the underlying mechanism is likely relevant beyond France. Extending this analysis to

cross-country administrative data using a harmonized research design would therefore be
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a natural next step. More broadly, life-cycle evidence can help discriminate between com-

peting theories of job-loss costs by highlighting the age-specific channels through which

displacement operates. Focusing on young workers is especially timely in the context of

technology-driven reallocations, such as those induced by artificial intelligence. We leave

these promising avenues for future work.
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Brandily, Paul, Camille Hémet, and Clément Malgouyres. 2022. “Understanding the Reallocation of
Displaced Workers to Firms.” IZA Discussion Paper No. 15105.

Burdett, Kenneth, Carlos Carrillo-Tudela, and Melvyn Coles. 2020. “The Cost of Job Loss.” The

Review of Economic Studies 87.4, 1757–1798.

Cahuc, Pierre and Marco G. Palladino. 2024. “Employment Protection Legislation and Job Reallo-
cation across Sectors, Firms and Workers.” Handbook on Labour Markets in Transition, 212–223.

Carry, Pauline and Benjamin Schoefer. 2024. “Conflict in Dismissals.” NBER Working Paper 33245.
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Online Appendix

A Welfare Cost of Earnings Losses

This section uses a simple two-period model to show why absolute earnings losses are not

equally costly at different points in the life cycle. The key distinction is consumption smooth-

ing: with perfect smoothing, only the present value of a loss matters; with limited smooth-

ing, the same absolute loss is more costly when it occurs early in life, when income and

consumption are lower.

A.1 Setup

Consider an individual who lives for two periods and has utility

U = u(c1) + βu(c2), (14)

where u′ > 0 and u′′ < 0. Income is lower in the first period

y1 < y2. (15)

The lifetime budget constraint is

c1 +
c2

1 + r
= y1 +

y2
1 + r

. (16)

Setting β = 1 and r = 0 eliminates discounting and simplifies the budget constraint to

c1 + c2 = y1 + y2 without affecting the qualitative results.

A.2 Unconstrained Borrowing

Suppose first that the individual has unrestricted access to credit markets.

Proposition 1. With unrestricted borrowing, the welfare cost of a given income loss is the

same whether the loss occurs in period 1 or in period 2.

Proof. The individual solves

max
c1,c2

u(c1) + u(c2) subject to c1 + c2 = y1 + y2. (17)

The first-order condition implies

u′(c1) = u′(c2), (18)
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and therefore

c1 = c2 ≡ c. (19)

Now consider an income loss L. Regardless of whether the loss occurs in period 1 or period

2, lifetime resources fall by L. Hence post-shock consumption is

c′1 = c′2 = c− L

2
. (20)

Because the post-shock allocation is identical in both cases, the welfare cost is identical. ■

Intuitively, the individual borrows when young and repays when old in order to smooth

consumption. Therefore, the timing of a given present-value income loss does not matter:

only its size matters.

A.3 Constrained Borrowing

Now suppose that the individual cannot borrow:

c1 ≤ y1. (21)

Proposition 2. With constrained borrowing, the welfare cost of a given income loss is larger

when the loss occurs early in life.

Proof. Since y1 < y2, the individual would like to borrow in period 1 to smooth consumption.

The unconstrained allocation is

c∗ =
y1 + y2

2
. (22)

Because y1 < y2, we have c∗ > y1. Hence the borrowing constraint binds, and consumption

equals income

c1 = y1, c2 = y2. (23)

Consider a loss L > 0, small enough that consumption remains positive. If the loss occurs

in period 1, the welfare loss is

∆1(L) = u(y1)− u(y1 − L). (24)

If the same loss occurs in period 2, the welfare loss is

∆2(L) = u(y2)− u(y2 − L). (25)
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Since u′′ < 0, marginal utility is decreasing. Therefore, for a given loss L, the utility loss

u(c)− u(c− L) is larger when c is lower. Since y1 < y2, it follows that

∆1(L) > ∆2(L). (26)

The same income loss generates a larger welfare cost when it occurs early in life. ■

Intuitively, the individual cannot smooth shocks across periods. Under concave util-

ity, marginal utility is higher when consumption is lower. A given absolute income loss is

therefore more costly when it hits the low-income period than when it hits the high-income

period.

These propositions illustrate why absolute earnings losses can be misleading when com-

paring workers at different ages. When consumption smoothing is limited, the welfare cost

of a given absolute loss depends on the level of income at which the loss occurs. Express-

ing losses relative to pre-displacement earnings is therefore closer to the welfare-relevant

object than comparing absolute euro losses, especially when comparing workers displaced

early versus late in their careers.

B The Role of Firms: Methods and Results

This section provides methodological details and results complementing Section 4.3.

B.1 Employer Fixed Effects

Sample for AKM Estimation.—Following Lachowska, Mas, and Woodbury (2020), we es-

timate separate AKM models for annual earnings, annual hours worked, and hourly wages

and adopt several of their sample restrictions. Specifically, we exclude workers with annual

earnings below 1,000 euros, hourly wages below 4 euros, or annual hours worked below

400 or above 4,800. We also exclude displaced workers and their matched controls from

the estimation sample. Including them could create a mechanical relationship between the

estimated employer effects and subsequent displacement losses, thereby overstating the

contribution of employer-specific wage premia.

AKM Estimation.—For each outcome, we estimate

log yijt = αi + ψj(i,t) + θt + uijt, (27)
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where yijt denotes annual earnings, annual hours, or hourly wage of worker i employed by

firm j in year t.17. In each specification, αi captures permanent worker heterogeneity, ψj

the employer fixed effect, θt year fixed effects, and uijt an idiosyncratic error term.

Employer fixed effects are identified from workers who move across firms and capture

persistent differences in firms’ compensation or work-hour policies after controlling for per-

manent worker heterogeneity. Once estimated, we assign the corresponding employer fixed

effect to each worker–year observation in the analysis sample and use it as the dependent

variable in the event-study specification. This allows us to quantify how much of the post-

displacement losses in earnings, hours, and hourly wages reflect transitions to employers

with less favorable employer effects.

B.2 Oaxaca–Blinder Decomposition

We use an Oaxaca–Blinder decomposition to assess whether observable pre-displacement

characteristics account for differences in earnings losses across age groups.18 We compare

each age group awith workers aged 31–35, the reference group r, who experience the small-

est earnings losses. For each age group, we estimate

δi = X ′
iβa + εi, (28)

where δi is the individual earnings loss between two years before displacement (d− 2) and

three years after displacement (d+3), andXi is a vector of pre-displacement characteristics.

The average loss differential between group a and the reference group is decomposed as

∆a =
∑
x∈X

(E[xi,a]− [xi,r])β
a
x︸ ︷︷ ︸

Explained

+
∑
x∈X

E[xi,r] (β
a
x − βrx)︸ ︷︷ ︸

Unexplained

. (29)

The first term captures differences in observable characteristics, evaluated using the coef-

ficients for group a. The second captures the remaining difference after fixing observables

at the reference group’s means.

Our preferred specification includes employer characteristics measured immediately be-

fore displacement: establishment size, an indicator for manufacturing, and the employer

AKM fixed effect, described above.

17Comparable AKM models of hourly wages have recently been estimated for a large set of countries, including
France; see Palladino et al. (2025).

18Bertheau et al. (2023) and Figueiredo, Marie, and Markiewicz (2026) use a similar methodology to compare
displacement effects across countries and contract types, respectively.
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We assess this possibility using an Oaxaca–Blinder decomposition of the relative earn-

ings loss three years after displacement, comparing each age group with workers aged 31–

35, who experience the smallest losses. Table A2 reports the results; Appendix B provides

methodological details.

B.3 Match Effects

Employer fixed effects capture persistent differences in compensation policies across firms

but abstract from the possibility that some workers are particularly well matched to spe-

cific employers. Such worker–firm match effects may arise because workers are intrin-

sically more productive at certain firms or because employment relationships generate

match-specific rents. Following Lachowska, Mas, and Woodbury (2020), we estimate time-

invariant worker–firm match effects separately for annual earnings, annual hours worked,

and hourly wages.

The estimation proceeds in two steps. First, we remove year effects from each outcome

and compute the average residual outcome for each worker–firm match observed in the data.

Denoting this average by log Y ij , we then estimate

log Y ij = wi + fj + µij , (30)

where wi is a worker fixed effect, fj is an employer fixed effect, and µij is a time-invariant

worker–firm match effect. Intuitively, the average outcome of a worker–firm match is de-

composed into a worker component, a firm component, and a residual specific to that match.

By construction, the estimated match effect is the residual from equation (30)

µ̂ij = log Y ij − ŵi − f̂j . (31)

The estimated match effect therefore captures the component of earnings, hours, or hourly

wages that is specific to the worker–firm relationship after accounting for permanent worker

and employer heterogeneity. Positive values indicate matches that perform better than pre-

dicted by the worker and employer effects alone, whereas negative values indicate relatively

poor matches.

Unlike the AKM estimation, displaced workers and their matched comparison workers

are retained in the estimation sample, following Lachowska, Mas, and Woodbury (2020).

This is necessary because worker fixed effects for displaced workers must be estimated in

order to recover their worker–firm match effects.19

19See also Raposo, Portugal, and Carneiro (2021) for other applications of match effects.
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Finally, we assign the estimated match effects to each worker-year observation and use

them as the dependent variable in our event-study specification. Comparing the evolution

of employer fixed effects and match effects allows us to distinguish whether age differences

in post-displacement losses arise because workers move to employers with lower employer-

specific premia or because they lose valuable worker–firm matches.

C Additional Results

Table A1: Earnings Following Job Displacement
d− 2 d+ 1 d+ 5

Age group Mean earnings Estimate (SE) Estimate (SE)
21–25 18,821 −6,265 (347) −3,666 (474)
26–30 25,834 −5,791 (240) −3,270 (356)
31–35 29,993 −6,331 (233) −3,366 (349)
36–40 32,784 −6,810 (251) −4,765 (345)
41–45 35,269 −7,725 (269) −4,874 (350)
46–50 35,899 −7,518 (269) −5,858 (368)
51–55 36,305 −9,389 (305) −8,458 (468)

Notes: Regression estimates of the effect of job displacement on annual earnings at d+ 1 and d+ 5,
where d denotes the relative year of displacement. The column labeled d − 2 reports mean annual
earnings two years prior displacement. Standard errors (SE) are reported in parentheses.

Table A2: Decomposing Age Gaps in Earnings Losses
Age group Overall gap Explained share Unexplained share

21–25 −0.059 0.20 0.80
26–30 0.011 0.09 0.91
36–40 −0.007 0.57 0.43
41–45 −0.024 0.13 0.87
46–50 −0.012 0.33 0.67
51–55 −0.018 0.56 0.44

Notes: Oaxaca–Blinder decompositions comparing each age group with workers aged 31–35. The overall gap
is the difference in individual-level earnings losses three years after displacement. The explained share is the
share of this gap attributable to differences in pre-displacement employer characteristics: establishment size,
manufacturing status, and employer AKM fixed effects. The remainder is the unexplained share.
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Table A3: Hourly Wage Losses and Changes in Employer Wage Premia
Hourly wage Employer fixed effect

Age group Estimate (SE) Estimate (SE) Employer share
21–25 −0.014 (0.011) 0.007 (0.006) –
26–30 −0.007 (0.006) 0.014 (0.003) –
31–35 −0.022 (0.005) −0.010 (0.003) 0.47
36–40 −0.036 (0.005) −0.024 (0.003) 0.67
41–45 −0.044 (0.004) −0.026 (0.003) 0.61
46–50 −0.045 (0.005) −0.024 (0.003) 0.54
51–55 −0.042 (0.006) −0.020 (0.004) 0.47

Notes: Average estimated effects of job displacement on log hourly wages and AKM employer fixed effects,
averaged over post-displacement years 1–7. The last column reports the decline in the employer fixed effect
as a share of the hourly wage loss. Shares are not reported when hourly wage estimates are not statistically
significant.

Table A4: Hourly Wage Losses Explained by AKM Firm and Match Effects
Age group Hourly wage Firm FE Match effect AKM share Match effect share
21–25 −0.013 0.010 0.089 – –

(0.010) (0.005) (0.006)
26–30 −0.006 0.013 0.046 – –

(0.005) (0.003) (0.003)
31–35 −0.025 −0.012 0.012 0.46 −0.49

(0.005) (0.003) (0.003)
36–40 −0.039 −0.024 −0.006 0.62 0.16

(0.004) (0.003) (0.003)
41–45 −0.044 −0.024 −0.033 0.54 0.74

(0.004) (0.003) (0.003)
46–50 −0.047 −0.024 −0.048 0.51 1.01

(0.004) (0.003) (0.003)
51–55 −0.038 −0.017 −0.050 0.45 1.32

(0.006) (0.003) (0.003)
Notes: Estimated displacement effects on log hourly wages, the AKM firm fixed effect, and the worker–firm
match effect for hourly wages. Standard errors are reported in parentheses and are recovered from 95 percent
confidence intervals. The AKM and match shares are computed as the ratio of the corresponding estimated
effect to the estimated displacement effect on log hourly wages, in percent. Shares are not reported when
the absolute value of the hourly wage effect is below .02 log points. Estimates are measured 3 years after
displacement.
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Figure A1: The Effect of Job Loss on Earnings

Notes: Estimated displacement effects on annual earnings, expressed in 2010 euros.
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Figure A2: Losses In Recessions

Notes: Present value of earnings losses following displacement, expressed as a multiple of pre-displacement
annual earnings. Present values are computed over a seven-year horizon using a 5 percent annual discount
rate. Recession years correspond to 2008 and 2009.
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Figure A3: Earnings Losses for Broader Age Groups

Notes: Present value of earnings losses following displacement, expressed as a multiple of pre-displacement
annual earnings. Present values are computed over a seven-year horizon using a 5 percent annual discount
rate.
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Figure A4: Losses Over Different Horizons

Notes: Present value of earnings losses following displacement, expressed as a multiple of pre-displacement
annual earnings. Present values are computed over three different horizons using a 5 percent annual discount
rate. The gray circled line represents the baseline estimate (seven-year horizon).
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Figure A5: Losses as a Percentage of Present-Value Counterfactual Earnings

Notes: Present value of earnings losses following displacement, expressed as a percentage of the present value
of earnings absent displacement. Present values are computed over three different horizons using a 5 percent
annual discount rate.
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Figure A6: Losses Across Different Control Groups

Notes: Present value of earnings losses following displacement, expressed as a multiple of pre-displacement
annual earnings. Present values are computed over a seven-year horizon using a 5 percent annual discount
rate. Each line corresponds to a different post-displacement tenure requirement for control workers. The gray
circled line shows the baseline requirement of two years.
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Figure A7: Losses for Different Model Assumptions

Notes: Present value of earnings losses following displacement, expressed as a multiple of pre-displacement
annual earnings. Present values are computed over a seven-year horizon using a 5 percent annual discount
rate. Each line shows a different specification. 3-year tenure requires at least three years of pre-displacement
employment; 50+ employees restricts the sample to establishments with at least 50 employees; and 80% decline
defines a mass layoff as an employment decline of at least 80 percent.
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Figure A11: Four Labor Market Outcomes

Notes: Four labor market outcomes three years after displacement. All values are normalized relative to the
control group within the same age bin. Job duration is measured in days. Occupation change and region change
are probabilities.
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Figure A12: Effect of Job Loss on Earnings, Hours, and Hourly Wages for All Workers

Notes: Estimated effects of job loss on earnings, hours worked, and hourly wages, pooling workers across all
ages. The first row reports levels; the second reports percentage changes. Event time on the horizontal axis is
measured in years relative to displacement, d = 0 (vertical line). Earnings and hourly wages are in 2010 euros.
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