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Abstract:

Workers who are displaced from their job experience a well-documented scarring effect: a large and persis-
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essarily move into unemployment, as they may find a job immediately upon being displaced. Furthermore,
they do not fall off the ladder completely if they find a new job immediately. I show that this framework
enables the model to explain the relatively larger earnings losses at the bottom of the earnings distribution.
These larger losses are primarily driven by the incidence of the job-to-job transitions upon displacement and
the heterogeneity in separation rates in subsequent jobs, amplified by larger accumulation of human capital
loss among workers at the bottom of the earnings distribution.
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1 Introduction

On average, workers who lose their job experience a large and persistent earnings loss. The size

and persistence of this average earnings loss has been well documented in the literature (see e.g.

Jacobson et al., 1993). Naturally, by focusing on the average earnings losses, one ignores the fact

that these earnings losses exhibit a substantial amount of heterogeneity: some workers may never

find a new job again, whereas other workers may in fact experience an increase in earnings after

their displacement. Some of this heterogeneity may be driven by factors that may not be known at

the time of the layoff (such as the probability of finding a job vacancy that provides a high quality

match for the displaced worker). However, some of the factors driving this heterogeneity may

reflect factors that also affected the worker’s previous earnings (such as the worker’s education

level). As a result, one might therefore expect earnings losses after displacement to differ by the

worker’s earnings history.

In this paper, I study how the long-run effects of job displacement on earnings differ by

the affected workers’ pre-displacement earnings. These pre-displacement earnings can be thought

of as summarizing a set of worker characteristics, but may itself be a dimension of interest as well.

After all, differences in earnings losses by pre-displacement earnings could be informative if we

are interested in whether job loss tends to increase or decrease income inequality. Furthermore,

since existing models that are able to account for average earnings losses will also have tracked the

worker’s previous earnings, one could think of this as a test for the extent to which these existing

models are able to capture heterogeneity in the earnings losses.

Using detailed administrative data from Germany, I show that earnings losses (relative

to pre-displacement earnings) are larger for workers with lower pre-displacement earnings. This

result can be obtained from plotting the raw data, and remains intact when estimating the earn-

ings losses using an event study framework (estimated using the imputation-based method from

Borusyak et al., 2023). This is in line with existing evidence from Guvenen et al. (2017), who

come to a similar conclusion in the context of the United States, although they focus on full-year

nonemployment instead. Additionally, I show that this gradient in earnings losses is primarily

driven by workers who transition to a new job very shortly after losing their job. As such, losses in

employment are fairly constant over the earnings distribution.

The result that relative earnings losses are higher for workers with low pre-displacement

earnings seemingly contradicts existing models that have been successful in accounting for the av-
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erage earnings loss after displacement. These models (see the next subsection for a brief overview)

generally rely on the idea of a job ladder: over time, workers climb this ladder towards higher pro-

ductivity (and/or wage) jobs, and if the worker is displaced they lose their place on the ladder and

have to start from the bottom again. Following such models, one would expect earnings losses

after displacement to be higher (rather than lower) for workers who have high pre-displacement

earnings, as these workers would be situated at the top of the job ladder. In other words, these job

ladder models would predict the opposite result from the one I document from the data.

In order to reconcile the empirical results with the existing models that can account

for the average earnings loss after displacement, I propose a search model of the labor market

in which workers climb the job ladder, but do not necessarily lose their position on the ladder

if they are displaced. Reflecting the observation that the empirical results were largely driven

by workers who transition quickly to their new job, the model allows for workers to draw jobs

from a productivity distribution that is truncated from the bottom if they meet with a firm in the

same period as the displacement. The extent to which the productivity distribution is truncated is

firm-specific, and can therefore be seen as a third firm (or match) characteristic, along with the

firm’s productivity and stability. While I cannot provide any direct evidence of this in the data, my

interpretation of this truncation is that it is the consequence of workers being able to leverage their

network to quickly obtain a new job. This could either be through intervention of the displacing

firm or through the worker using their personal network. For work empirically investigating this,

see Cingano and Rosolia (2012), Bayer et al. (2008), and Eliason et al. (2022), among others. If the

worker does not meet with another firm immediately upon displacement, they lose their connection

to the firm and can therefore no longer rely on the accompanying network. In such cases, the model

dynamics revert back to those of a standard job ladder model.

I calibrate the model using the German administrative data, and show that the model is

able to match the observed gradient in post-displacement earnings losses over the pre-displacement

earnings distribution. Just like in the data, this result is primarily driven by workers transitioning

immediately into a new job. However, in the model’s current form, this is exclusively driven by a

composition effect, whereas within groups who transition immediately or do not do so, the pattern

of earnings losses do not line up with the observations from the data. Ongoing work on this project

is working to address this.

The rest of this paper is organized as follows: After briefly reviewing the related liter-

ature in the next subsection, Section 2 describes the data and methodology used to generate the
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empirical results. These empirical results are presented in Section 3. Section 4 then presents the

model, after which Section 5 covers the estimation of the model. Section 6 contains the quantitative

analysis of the model. In this Section, I show that the model can indeed recover the heterogene-

ity observed in the data, and discuss the drivers and implications of these observations. Finally,

Section 7 concludes.

1.1 Related Literature
By investigating how earnings losses after job displacement vary by pre-displacement

earnings, this paper contributes to the extensive literature on job displacement. This literature goes

back to the seminal work of Jacobson et al. (1993), who found sizeable and persistent earnings

losses among workers displaced in 1982 in Pennsylvania, a result that has since been replicated in

many other settings around the world.1 While most of this work has focused on earnings, there

also exists a large amount of work looking at other outcomes, such as Lachowska et al. (2020) who

decompose earnings losses into hours and wages, finding a large role in particular for wages in

explaining the earnings losses in the long run.

In recent years, this literature has turned towards investigating heterogeneity in post-

displacement earnings along many dimensions. One of the first examples of this is Guvenen et al.

(2017) who investigate how the earnings consequences of a full-year of nonemployment differ by

the worker’s pre-separation earnings. As mentioned above, their results seem consistent with the

results I obtain from the German data. However, it should be noted that the structure of their data

does not allow them to include workers who transition immediately into a new job following a sep-

aration. The results in Section 3 indicate that these workers are the main driver of the heterogeneity

by recent earnings in the German data, whereas workers who spend time in nonemployment show

a much weaker pattern. In that sense, my results are more in line with Fallick et al. (2021), who

find an important role for duration of joblessness in explaining earnings consequences regardless

of whether or not the worker was displaced, and with Karahan et al. (2022), who find increasing

earnings growth over the lifetime earnings distribution especially for job switchers. Furthermore,

the fact that I find a large role for employment in explaining larger losses at the bottom of the earn-

ings distribution is in line with results from Rose and Shem-Tov (2023), who focuses on low-wage

workers only.

1Examples include Von Wachter et al. (2009) for the United States, and Burda and Mertens (2001) for Germany.
Furthermore, Bertheau et al. (2023) is able to connect some of this work by providing a comparison between a number
of European countries.
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A number of recent papers, Gulyas and Pytka (2020) and Athey et al. (2023), have turned to ma-

chine learning methods to investigate which dimensions of heterogeneity are most important in

explaining earnings losses. Although the methods used by these papers are very different from the

method I use in this paper, it is worth pointing out that while Gulyas and Pytka (2020) finds that

earnings losses are strongly increasing in firm-specific wage components, thus seemingly contra-

dicting my findings in Section 3, Athey et al. (2023) finds that earnings losses are largest in the

bottom parts of the earnings distribution, in line with my findings.

Given the suitability of the German administrative data I use in this paper for estimating

earnings losses after displacement, it is not surprising that this is not the first paper that uses this

data (or closely related data) to estimate heterogeneity in these post-displacement earnings losses

along a number of dimensions. Examples of dimensions investigated in existing work include

gender (Illing et al., 2021), firm characteristics (Schmieder et al., 2023), firm wage premiums and

employer size (Fackler et al., 2021), ex-post recall status (Leenders, 2022), and age at the time of

displacement (Albrecht, 2022).

By proposing a model that reconciles the existing literature with the results found in the

empirical section of this paper, I also contribute to the literature that aims to provide a theoretical

analysis of the long-term earnings consequences experienced by displaced workers. This strand of

the literature is more recent than the aforementioned empirical strand of the literature, with earlier

work (such as Davis and Von Wachter, 2011) mainly stressing the inability of standard job search

models to generate the large and persistent average earnings losses found in the empirical literature.

In recent years, however, a number of models have been proposed that can successfully generate

the size and persistence of the earnings loss. The model I propose in Section 4 builds on the model

in Jarosch (2023), who proposed a framework in which firms differ in separation rates (as well

as productivity), thereby allowing for repeated job losses as observed in the data (see e.g. Stevens

(1997)). Other models that have been able to successfully explain average earnings losses generally

also include some form of human capital depreciation (with Burdett et al. (2020) stressing this

channel in particular) as well as heterogeneous matches in terms of productivity, but stress other

factors instead of the aforementioned heterogeneous separation rates. Examples of such factors

include stochastic match quality (Krolikowski, 2017), life cycle dynamics and endogenous search

effort (Hubmer, 2018), lack of mean reversion among non-displaced workers (Jung and Kuhn,

2019), occupational switching and business cycles (Huckfeldt, 2022), and heterogeneous fixed

worker types (Gregory et al., 2021). By building on the model from Jarosch (2023), I abstract
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from all of these features, although the extension I propose in this paper could also be applied to

many of these models.

2 Data and Empirical Methodology

The empirical results presented in the next section are generated using administrative data from

the German Federal Employment Agency’s (BA) Institute for Employment Research (IAB). In

particular, I use the Linked-Employer-Employee Dataset (LIAB, Ruf et al., 2021b). This dataset

samples establishments2 from the Establishment Panel and matches these establishments to indi-

viduals employed at these establishments (any time between 2002 and 2012). For all these individ-

uals, the complete individual history is available (from the Integrated Employment Biographies,

covering 1975 to 2019). For more information on the construction of this dataset, see Ruf et al.

(2021a).

In the original data, each individual observation corresponds to one spell of employment

or non-employment, marked by a start and end date, whereas observations at the establishment

level are yearly. Using the observed establishment ID of the individual’s main employer, I construct

a yearly (and quarterly) linked employer-employee dataset.3 Further restricting observations to

those aged between 25 and 60 leads to a large dataset, which is used to generate the empirical

results (using the yearly data) and calculate the moment values used in the model estimation (using

the quarterly data).4

Throughout the empirical sections of this paper, I refer to both separation and displace-

ment. These are two different concepts, with displacement following a stricter definition. In the

data, I define a worker as separated in some period t if this worker’s employment spell with their

establishment ends in period t. This means that the worker either no longer works for the same es-

tablishment in period t+1 or returned to the establishment after being away for more than 31 days.

2An establishment is defined as the combination of all locations of a firm in a municipality.
3Generally, the main employer corresponds to the establishment at which the individual was employed on the first

day of the year/quarter. If the individual is non-employed at the start of the year/quarter (or employed at multiple
establishments), the information is used for the establishment from which the individual has the highest earning in that
period.

4Gaps occur in the dataset because not all forms of employment or non-employment are recorded. In particular,
individuals are generally not observed if they are employed for the government, if they are self-employed, or if they
are not receiving any social security benefits during nonemployment. While I can fill these gaps for variables that
can reasonably be interpolated (such as age and location), key information such as earnings will remain missing, thus
leading to these observations being omitted from estimation procedures.
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In doing so, I omit workers who are trainees, casual workers, or partially retired workers. In order

to define displacement, I further focus on workers whose social security notification indicates that

employment at the establishment ended for a reason that could point to displacement.5 Further-

more, I require that the establishment that the worker separates from either closes or experiences

a mass layoff, so that the workers are not necessarily laid off because of their own productivity

(which could bias the empirical results) but rather due establishment-wide conditions.6 I follow

the literature by defining a mass layoff as a decrease in the establishment’s workforce such that the

workforce in the next period is at most 80% of the establishment’s maximum workforce over the

previous five years, and the establishment has a net outflow of at least 20% of its workforce in the

displacement year.7

In order to form a measure of how high a worker’s pre-displacement earnings are, I

construct a recent earnings distribution. In doing so, I largely follow Guvenen et al. (2017). In

general, a worker’s recent earnings in year y refer to their average earnings between years y− 5 to

y − 1. To be more specific, this average is formed over all years with admissible observations in

that period (conditional on having at least 3 admissible observations to average over, one of which

must be from year y− 1), where an observation is admissible if the worker is aged between 25 and

60, and is not self-employed. The recent earnings distribution is then formed by ranking workers

for each combination of year, gender, location, and age group, further restricting the sample to

individuals who are not self-employed either 1, 2, 3, 5, or 10 years ahead.8 In Table 1, I summarize

a number of key variables for the full sample, as well as for two estimation samples, as defined

below.

The empirical results presented in the next section are largely based on either raw data

comparisons or estimations of an event study framework. The event study results are obtained

using the imputation-based estimator proposed in Borusyak et al. (2023). By using this estimator,

rather than a standard two-way fixed effects estimator, I can allow for the effect of displacement
5This way, I exclude apparent separations that are caused by paternity or maternity leave, disease, or seasonal

patterns in employment.
6I use an extension file that clarifies the reason for an establishment leaving the sample. This allows me to avoid

including mergers or partial closures (e.g. closure of one location of the firm only), as it allows me to see whether a
large portion of the workers at the establishment finds employment at a common establishment after the closure. In
doing so, I use the thresholds as proposed in Hethey and Schmieder (2010).

7For establishments with up to 20 employees, I use a threshold of 50% for both these conditions. However, as
explained later in this section, these mass layoffs are generally not used for estimation purposes.

8Here, the two age groups are prime-age (35 to 60) and young (below 35), and the two locations considered are
East and West, corresponding to the locations formerly belonging to East and West Germany (with the exception of
Berlin, which is classified as East in its entirety).
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Baseline Alternative
Full Sample Estimation Sample Estimation Sample

N Mean Std.Dev. N Mean Std.Dev. N Mean Std.Dev.
Age 29.0m 39.23 9.54 8.8m 44.2 7.96 17.1m 40.4 9.37
Gender (female) 29.0m 0.403 0.49 8.8m 0.334 0.47 17.1m 0.361 0.48
Education (university) 28.6m 0.234 0.42 8.8m 0.204 0.40 17.0m 0.246 0.43
Location (East) 27.0m 0.285 0.45 8.8m 0.222 0.42 17.0m 0.246 0.43
Establishment size 26.3m 5,268 13,872 8.8m 9,906 18,235 17.1m 7,520 16,128
Establishment tenure (days) 26.6m 2,432 2,596 8.8m 5,078 2,391 17.1m 3,140 2,667
Yearly earnings (2015 Euros) 27.2m 32,684 20,928 8.8m 44,911 18,419 17.1m 40,504 19,070
Recent Earnings (pctile) 17.0m 50.5 28.9 7.5m 61.3 24.4 12.3m 56.6 27.0
Part-time (indicator) 26.5m 0.193 0.39 8.8m 0.145 0.35 17.1m 0.158 0.36
Separation 26.0m 0.106 0.31 8.8m 0.017 0.13 17.1m 0.042 0.20
Displacement 25.6m 0.015 0.12 8.8m 0.005 0.07 17.1m 0.009 0.09

Table 1: Summary statistics using the yearly full sample and the baseline and alternative estimation
samples. The table shows the estimated mean and standard deviation of a number of key variables.

to differ by the year of displacement. When estimating the average effect of job displacement, one

can think of this as estimating the following equation:

eit = αi + γt +
∑
C 6=0

K∑
k=−1

δCk D
C,k
it + uit (1)

In Equation (1), the subscript i and t refer to the individual and year, respectively. The outcome

variable, eit, will in most cases refer to the individual’s yearly earnings (in year t), but may also

represent a different outcome, such as the fraction of the year spent in employment. The explana-

tory variables include and individual and time fixed effect, αi and γt, as well as an error term uit,

but the main coefficients of interest (δCk ) are embedded within the summation. These coefficients

indicate the effect of the indicator variableDC,k
it , which indicates that the individual iwas displaced

k periods ago in period t (in other words, they were displaced in period t − k), where the year of

displacement equals C (referred to as the cohort). The cohort C = 0 refers to the group who

was never displaced, and this group acts as the control group in the estimation. Furthermore, note

that the treatment effect is allowed to take effect one period before displacement, thus allowing

for anticipation effects. In order to estimate Equation (1), the imputation-based method calls for

first estimating the fixed effects in an estimation where only the never-treated (cohort C = 0) and

not-yet-treated observations (individuals in a cohort C 6= 0, but observed for k < −1) are used.

The resulting estimated fixed effects can then be used to form the counterfactual outcome, and

the difference between this counterfactual outcome and the observed outcome eit is the individual
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treatment effect. These individual treatment effects are then averaged across all observations with

the same combination of C and k to obtain the estimate δ̂Ck .9 Finally, in order to enhance the inter-

pretability of the resulting set of estimates δ̂Ck , I divide them by the average outcome value for the

control group in the corresponding year t, and subsequently take a weighted average over cohorts,

where the weight is determined by the number of observations for a combination (C, k) relative

to the total number of observations for k.10 The resulting weighted average δ̂k can then be plotted

over k to generate an event study graph.

eit = αi + γt +
∑
C 6=0

P∑
p=1

K∑
k=−1

δCk,pD
C,k,p
it + uit (2)

When focusing on how the earnings losses after job displacement differ by pre-displacement earn-

ings, I further divide each cohort C into P quantiles, where each quantile covers an equal-sized

part of the recent earnings distribution. In practice, this implies that the estimated equation in-

cludes an extra sum, as shown in Equation (2) above. Nevertheless, the remainder of the procedure

remains the same, such that the result of the procedure is now an event study graph that includes P

lines rather than just one. As P increases, the resulting graph becomes increasingly hard to read,

which is why I choose to plot the resulting coordinates over p rather than over k, restricting the

number of lines to only reflect a select number of leads k rather than the entire horizon [−1, K].

In Appendix D.1, I further elaborate on how these graphs are constructed, using a simple example

with P = 3 for which the regular event study graph (over time) is still reasonably readable.

When estimating the equations discussed above, I follow the literature by restricting my

sample to individuals working at an establishment with at least 50 employees (to avoid classifying

a job loss as a mass layoff when only a limited amount of workers loses their job) and a pre-

displacement establishment tenure of at least 6 years. In Table 1, the resulting sample is denoted

as the “Baseline Estimation Sample”. However, I show in Appendix D.3 that the results continue

to hold if I only require workers to have at least 1 year of pre-displacement establishment tenure.

In Table 1, the sample that conditions on 1 year of pre-displacement tenure is denoted as the

9In order to obtain the standard errors that are used to construct confidence intervals, I use the difference between
the individual treatment effect and the estimate δ̂Ck .

10An alternative to this method of estimating the relative earnings path is to estimate Equation (1) using log earnings
instead. I decided against this, as the data includes many observations with zero earnings, which I would need to omit
in order to run this alternative estimation.
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“Alternative Estimation Sample”.

3 Empirical Results

In this section, I present the results of the analysis of the German data. In particular, in Subsection

3.1, I describe the incidence of separation, displacement, and job-to-job transitions (upon displace-

ment) over the recent earnings distribution, as well the correlation between the worker’s position

on the recent earnings distribution and the establishment fixed effect estimated for their employ-

ing establishment. Then, in Subsections 3.2 and 3.3, I describe how earnings and employment

consequences of displacement differ over the recent earnings distribution and by whether or not

the worker immediately transitions into a new job. I investigate this both by looking directly at

the raw observations from the data (Subsection 3.2) and by estimating the event study framework

discussed in Section 2 (Subsection 3.3). Finally, in Subsection 3.4, I briefly discuss the findings

and how they compare to predictions of a simple job ladder model.

3.1 The Incidence of Displacement over the Recent Earnings Distribution
Before moving to the analysis of the average earnings and employment loss experienced

by workers situated on different parts of the recent earnings distribution, it is worth highlighting the

extent to which the workers at the top and bottom of this distribution are more or less likely to be

separated and displaced. In Figure 1, I plot the incidence of separation and displacement over the

recent earnings distribution, both for the unrestricted sample and for a restricted sample which only

includes workers with a pre-separation establishment tenure of at least 6 years and a pre-separation

establishment size of at least 50 workers. As can be seen, the separation and displacement rates are

generally declining over the bottom half of the recent earnings distribution, especially so for the

unrestricted sample, and remain rather constant throughout the top half of the distribution. This

observation of higher separation and displacement rates at the bottom of the distribution seemingly

supports the idea of a job ladder with slippery bottom rungs (as proposed in Jarosch, 2023), where

lower quality jobs (which are associated with lower earnings) are also subject to higher separation

risk.

In Figure 2, I show how common it is for displaced workers to transition immediately

(within 30 days) to a new job. In other words, the figure shows the job-to-job transition rate

(or EE rate) conditional on displacement. Notably, this EE rate is sharply increasing in recent

earnings, varying from EE rates of 20% near the bottom to more than 70% near the top of the
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Figure 1: The incidence of separation (left) and displacement (right) over the recent earnings
distribution. The solid line plots the incidence without further restrictions on pre-displacement
tenure and establishment size, whereas the dashed line plots the incidence after imposing these
restrictions.

distribution. Furthermore, the right panel of Figure 2 shows, there is substantial heterogeneity by

establishment tenure. In general, the EE rate is lower for workers with lower establishment tenure,

and furthermore the EE rate for low-tenured workers exhibits a much lower correlation with the

position in the recent earnings distribution than the average EE rate.

Figure 2: The incidence of job-to-job transitions upon job displacement, over the recent earnings
distribution. The black solid line depicts the overall incidence, whereas the other lines separately
plot the incidence for different groups of establishment tenure.

3.2 Raw Displacement Scars over the Recent Earnings Distribution
In this subsection, I analyze the average earnings and employment loss after displace-

ment, by percentile of the recent earnings distribution, by calculating these losses directly from
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the data. In other words, the results in these subsection are not based on an estimation, and can

therefore be thought of as raw effects instead.

Figure 3: The effect of displacement on earnings (left) and employment fraction (right), over the
recent earnings distribution. The numbers underlying the graphs are calculated directly from the
data, and are relative to workers in the control group in the same percentile of the recent earnings
distribution. Each line corresponds to a single period, k years after the initial displacement takes
place.

In Figure 3, I show the average loss of earnings and employment (measured as the frac-

tion of the year spent in an employment spell) for all displaced workers, regardless of whether they

subsequently spent any time in nonemployment and regardless of their pre-displacement tenure or

establishment size.11 These average losses are constructed by calculating the average earnings for

both displaced and non-displaced workers in a certain percentile of the recent earnings distribution,

k years after the treatment year, and subsequently averaging the difference between the displaced

and non-displaced cohort over treatment years. The resulting average losses are then plotted over

the recent earnings distribution, where each line in the figure represents one lead (e.g. the solid

light blue line depicts average losses 1 year after the displacement). As can be seen in Figure 3,

relative earnings losses are lower for workers with higher recent earnings. This is especially visible

in the first few years after displacement. For employment, a similar gradient is visible, but other

than in the first year after displacement (k = 1) the gradient is not as clear as it is for earnings.

Naturally, one might expect that some of the average effect shown in Figure 3 may be
11In Appendix D.2.1, I show how results change when I consider a sample that restricts to individuals with a pre-

displacement establishment tenure of at least 6 years and a pre-displacement establishment size of at least 50 workers,
in line with the sample restrictions used in Subsection 3.3.
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Figure 4: The effect of displacement on earnings over the recent earnings distribution, for workers
who transitioned directly to a new job (right) and workers who did not do so (left). The numbers
underlying the graphs are calculated directly from the data, and are relative to workers in the
control group in the same percentile of the recent earnings distribution. Each line corresponds to
a single period, k years after the initial displacement takes place.

driven by workers with higher recent earnings moving to a new job more quickly, as indicated by

the increasing EE rates in Figure 2. Even if all workers fall off the job ladder upon displacement,

this could partially explain the result, as workers with higher recent earnings would then start re-

climbing the job ladder faster, even if the initial relative loss of earnings is higher. Therefore, it is

worth separating the sample of displaced workers into those making an EE transition and those not

making an EE transition. In Figures 4 and 5, I show the resulting four graphs depicting earnings

and employment losses over the recent earnings distribution. As can be seen by comparing the

two panels of Figure 4, the decreasing relative earnings losses observed in Figure 3 are visible for

some workers who make an immediate transition to a new job from a position as well, though the

gradient is not as stark as in Figure 3 and the positive gradient only holds in the top half of the

recent earnings distribution. For workers who do not make an immediate transition, the pattern (in

the left panel of Figure 4) is more in line with what one would expect in a labour market that is

characterized by a job ladder. Similarly, the pattern of employment losses, shown in Figure 5, is

fairly flat for both groups of displaced workers, especially from k = 2 onwards. In other words,

while the distinction between displaced workers who do or do not make an EE transition can par-

tially explain the average pattern of earnings and employment losses from Figure 3, it does not

seem to provide a complete explanation, especially when it comes to earnings losses experienced

by job-to-job switchers.
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Figure 5: The effect of displacement on employment fraction over the recent earnings distribution,
for workers who transitioned directly to a new job (right) and workers who did not do so (left). The
numbers underlying the graphs are calculated directly from the data, and are relative to workers in
the control group in the same percentile of the recent earnings distribution. Each line corresponds
to a single period, k years after the initial displacement takes place.

Figure 6: Earnings Growth in the years after displacement, over the recent earnings distribution,
and separately for workers who transitioned directly to a new job (right) and workers who did not
do so (left). The numbers underlying the graphs are calculated directly from the data, and are
relative to the worker’s first post-displacement earnings. Each line corresponds to the average
cumulative earnings growth between the first post-displacement earnings and the earnings in year
k after displacement for workers in the corresponding decile of (pre-displacement) recent earnings,
excluding the top and bottom 5% of workers in terms of growth.
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One potential explanation for the observation that relative earnings losses are decreasing

in recent earnings, especially when focusing on only job-to-job transitioners, is that workers who

are able to quickly transition to a new job may be able to leverage their connections at their previous

establishment, and therefore do not completely fall off the job ladder. In this case, one would expect

their subsequent earnings growth to be lower. After all, if they are already high up the ladder, their

subsequent earnings growth conditional on switching jobs again would be lower (due to having

less room to grow) while the probability of receiving an acceptable offer from another job will also

be lower. This seems to be supported by the data, as Figure 6 shows: workers who get displaced

from a higher point in the recent earnings distribution tend to have lower earnings growth in the

subsequent years. This holds for both workers who make an EE transition and workers who do

not, although the effect is stronger for workers who make a direct transition, thus indicating that

such a network effect may dissipate over time rather than directly upon entering nonemployment

(as I will assume in the model in order to keep the size of the model manageable).

A different way to (indirectly) analyze whether the differences in earnings losses are

driven by workers switching to similar jobs (e.g. within their professional network) is to use the so-

called AKM individual and establishment fixed effects. These individual and establishment fixed

effects are estimated for the LIAB dataset by Card et al. (2013) (and later extended to other periods

and an extended sample, see Bellmann et al., 2020), following the estimation strategy originally

introduced in Abowd et al. (1999). Notably, this estimation is done for the entire Employee History

file, from which the LIAB data (used throughout this section) takes a sample, and separately for five

periods: 1985-1992, 1993-1999, 1998-2004, 2003-2010, and 2010-2017. In the analysis below, I

assign to each observation the fixed effect corresponding to the individual and their main employer

for the specific observation year (where in the case of overlapping periods, I take the fixed effect

for which the observation does not fall in the first or final year of the period). In Figure 7, I

show how the average percentile of individual and establishment fixed effect differs over the recent

earnings distribution. As can be seen in the figure, both individual and establishment fixed effects

are generally increasing in recent earnings, and this effect is generally stronger for the individual

fixed effect than for the establishment fixed effect. Furthermore, displaced workers generally tend

to come from lower percentiles of establishment and individual fixed effects than non-displaced

workers with comparable recent earnings.

If it is indeed the case that workers switch to similar-paying establishments after being displaced,
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Figure 7: Average percentile of individual (left) and employing establishment (right) AKM fixed
effect, over the recent earnings distribution.

one would expect that there is not much change in how the average establishment fixed effect

differs over the recent earnings distribution if these are plotted separately for the pre-displacement

and (first) post-displacement establishment. In the left panel of Figure 8, I show that this is indeed

the case. As the right panel of Figure 8 shows, this is especially true for workers who move to a

new job immediately, whereas workers who do not do so tend to move towards the median.

Figure 8: Average percentile of employing establishment AKM fixed effect among displaced work-
ers over the recent earnings distribution, comparing pre-displacement and post-displacement es-
tablishments. The left panel pools all displaced workers, whereas the right panel distinguishes
between workers who move to a new job immediately (make an EE transition) and workers who do
not do so.
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Figure 9: The effect of displacement on earnings (left) and employment fraction (right), using
estimated coefficients from Equation (1). The error bars correspond to 95% pointwise confidence
intervals.

3.3 Regression-Based Displacement Scars by Recent Earnings
The results in the previous subsection were established by directly calculating average

earnings from the data. Naturally, calculating average losses in this manner may lead to biased

estimates if individuals who are displaced are inherently different from non-displaced workers, or

years in which displacement is common coincide with circumstances (such as economic condi-

tions) that lead to different earnings losses. By estimating the earnings losses using the event study

framework discussed in Section 2, I obtain estimates that take into account differences between

individuals that are fixed over time (using individual fixed effects) and differences between periods

that are fixed across individuals (using time fixed effects). In Figure 9, I show the results of esti-

mating Equation (1) using the imputation-based method from Borusyak et al. (2023). In line with

the literature discussed in Section 1.1, the figure shows the estimated earnings losses to be quite

large, with an immediate earnings loss of approximately 20%, and very persistent, with displaced

workers still earning more than 10% less than the control group 10 years after the displacement.

These effects are partially driven by effects on employment, but the estimated effects on employ-

ment fraction are consistently less severe than those for earnings after the first year, thus indicating

that the employment margin cannot explain all of the earnings losses, and there is an important

role for wages as well.

In the remainder of this subsection, I discuss the results of estimation Equation (2), dividing the

recent earnings distribution into P = 10 quantiles. Plotting the results of this estimation in an

event study graph such as Figure 9 results in a figure with 10 lines, which is fairly difficult to inter-
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Figure 10: The effect of displacement on earnings (left) and employment fraction (right) over the
recent earnings distribution. The graphs are prepared using estimated coefficients from Equation
(2), and error bars correspond to 95% pointwise confidence intervals.

pret. Therefore, I transform these event study graphs into graphs that resemble the figures from the

previous subsection, where I plot the estimated earnings loss for a given post-displacement time k

over the recent earnings distribution. For more details on how these graphs are created, please see

Appendix D.1, where I construct a similar graph for the case with P = 3 quantiles.

In Figure 10, I show the results for the sample where all displaced workers are pooled

(analogous to Figure 3). The observed pattern is very similar to that observed in the raw data,

although the gradient of the losses over the recent earnings distribution is larger (especially for low

values of k and at the bottom of the distribution). Similarly, the observed pattern for employment

is similar to that observed in the raw data, with a steeper gradient of employment losses over the

recent earnings distribution near the bottom of the distribution, and less recovery after the third

post-displacement year (k = 3).

In Figures 11 and 12, I show how results are affected by splitting the sample and estimating Equa-

tion (2) separately for workers who make an EE transition upon being displaced versus those who

spend some time in nonemployment.12 As can be observed in the left panel of Figure 11, restrict-

ing the sample to workers who spend some time in nonemployment greatly reduces the gradient

12In both Figures 11 and 12, the estimation results for k = 5 and k = 10 are not omitted for some quantiles of the
recent earnings distribution when restricting to workers who spent some time in nonemployment (the left panel in both
figures). This is because the the number of observations for combinations of cohort C and these values for k became
sufficiently low that the result was no longer reliable enough. As can be seen in Appendix D.3, in which some of the
sample restrictions are relaxed, the general pattern for these omitted values tends to closely follow that of the k = 3
line.
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Figure 11: The effect of displacement on earnings over the recent earnings distribution. The
graphs are prepared using estimated coefficients from Equation (2), and error bars correspond to
95% pointwise confidence intervals. The right panel only considers workers who moved to a new
job immediately, whereas the left panel only considers workers who did not do so.

of the relative earnings loss over the recent earnings distribution. Focusing on workers who make

an EE transition instead, a clear upward slope is visible again across the entire recent earnings

distribution. As a result, a similar conclusion can be drawn as in the previous subsection: while the

incidence of EE switches upon displacement can explain some of the decreasing average relative

earning losses over the recent earnings distribution, the pattern remains visible when we focus on

EE switches only, thus suggesting that another force is needed to fully explain the results from the

pooled sample. As shown in Figure 12, however, this is not necessarily the case for employment,

where focusing on EE switches (or non-EE switches) leads to a gradient close to zero, thus sug-

gesting that most of the gradient in average employment loss can be explained by the incidence of

EE switches upon displacement.

3.4 Discussion
In the above subsections, I have presented results that indicate that relative earnings

losses after displacement tend to be lower for workers higher up the recent earnings distribution,

driven primarily by workers who are able to immediately transition to a new job after being dis-

placed. Notably, this seemingly contradicts the predictions of a model based on a job ladder, which

generally describes the class of models used to successfully generate the average earnings loss af-

ter displacement, such as those briefly discussed in section 1.1. In such models, workers generally

increase their earnings over time by making job-to-job transitions to jobs that are “higher on the
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Figure 12: The effect of displacement on employment fraction over the recent earnings distribution,
relative to the control group of never-displaced workers (across the entire distribution). The graphs
are prepared using estimated coefficients from Equation (2), and error bars correspond to 95%
pointwise confidence intervals. The right panel only considers workers who moved to a new job
immediately, whereas the left panel only considers workers who did not do so.

ladder”, where this ladder could be represented by wages directly or indirectly (e.g. through firm

productivity). Even without the element of human capital depreciation during nonemployment,

these models generate a persistent earnings loss after displacement because workers fall off the

ladder when they are separated, and therefore have to start re-climbing the ladder from the bot-

tom.

I show in Appendix B.1 that in a simple job ladder model such as the one briefly de-

scribed above (and without any additional elements), the relative earnings loss after displacement

is higher for workers higher on the recent earnings distribution. This is because all workers return

to the same starting point (“the bottom of the ladder”), regardless of the job from which they were

separated and regardless of how long they take to find a new job. This contradicts the results from

the previous subsections, thus suggesting the need for reconciliation between this empirical evi-

dence and these models that can explain the average earnings loss after displacement. In the next

section, I propose a model that can achieve this.

4 Model

In this section, I present a model of the labour market, with the aim of explaining the observed

earnings losses over the recent earnings distribution in section 3.
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4.1 Environment
The model is set in discrete time, and the economy is populated by workers and firms, both of

which are heterogeneous in multiple dimensions. Firms are heterogeneous in their productivity y,

separation risk δ, and network strength p, which will be summarized using a vector θ = [y, δ, p].13

Workers differ in their human capital s and type ε, and can be either employed or unemployed. The

type ε is fixed over time (and will be interpreted as the education level in the estimation), whereas

the human capital s can evolve over time.

4.1.1 Firms

Each firm can hire at most one worker (and can therefore also be thought of as an establishment

or a job). If a firm is matched to a worker, production takes place according to the log-linear

production function F (s, y) = es+y, and the firm pays a wage w to the worker, the determination

of which is discussed in subsection 4.1.3. With (match-specific) probability δ, the match faces

a separation shock. If this shock materializes, the worker and firm return to an unmatched and

unemployed status. I assume that firms that are unmatched do not produce anything and also don’t

face any costs, thus setting the current period value of an unmatched firm equal to 0. As the firm is

largely passive in this model, the setup should be thought of as partial and from the viewpoint of

the worker.

4.1.2 Workers

Workers are assumed to be infinitely-lived, and unable to transfer resources between periods. Fur-

ther, their utility function is assumed to be logarithmic, and they discount future utility at a rate

β. As mentioned above, workers differ in their human capital s and fixed type ε. I will interpret

the fixed worker type ε as the worker’s education level when calibrating the model in section 5,

but the way it is implemented in the model does not prevent it from being interpreted as some

other fixed characteristic like in Gregory et al. (2021). The human capital s increases by ∆s(ε)

(with probability ψe) when the worker is employed, and decreases by ∆s(ε) when the worker is

non-employed (with probability ψu).14

13The model resembles Jarosch (2023) in that firms are heterogeneous with respect to their productivity and sep-
aration rate. Compared to that model, I add a third dimension of firm heterogeneity (which I interpret as network
strength), and further allow workers to be heterogeneous according to a fixed type.

14The worker’s human capital cannot go below smin, so technically the probability ψu depends on s: If s = smin,
then ψu = 0. However, in practice smin is set sufficiently low such that workers will only reach smin in very rare
instances (see appendix A).
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Each worker enters the market as unemployed and with human capital sε. An unem-

ployed worker meets a firm with probability λuε , and upon meeting the firm draws its characteristics

from joint distribution Gε(θ), where ε changes the marginal distributions of δ, y, and p (see section

5). The worker then decides whether or not to accept the job. If the worker accepts, she becomes

employed and receives wage w (as discussed in the next subsection). If the worker does not accept,

or does not receive an offer, the worker receives b(s), which can be interpreted as the one-period

value of being unemployed (and is related to the unemployment benefit). This value is set equal to a

fraction of the lowest possible production a worker could produce in a match: b(s) = bF (s, yminε ).

In doing so I proxy a setting in which the unemployment benefit depends on the last earned wage,

without having to track an unemployed worker’s previous job characteristics.15 I do not explicitly

model how the unemployment benefit is financed.

Naturally, an employed worker faces the same job destruction probability as the firm,

and receives the wage w. A match is additionally characterized by x ∈ {0, 1}, which is interpreted

as the worker’s attachment to the firm’s network. When a worker starts to work at a firm, she

will be unattached to its network, x = 0. However, after each period of employment, the worker

gains access to the network with probability ξx. An employed worker meets another firm with

probability λeε, and if she does the offer is drawn from distribution Ĝε(θ). This joint distribution

Ĝε(θ) differs from the distribution used for offers out of unemployment (Gε(θ)), as the worker

can leverage the firm’s network to obtain better offers. In particular, the adjusted distribution

Ĝ is formed by truncating the marginal distribution of productivity y from below, such that the

minimum productivity drawn increased from yminε to ŷminε = (1 − px)yminε + pxỹ, where ỹ is the

productivity of the previous job. Given that p ∈ [0, 1] determines how strong the influence of the

previous job’s productivity is on the productivity (distribution) of the next offer, I interpret p as the

firm’s network strength.

Upon receiving an offer from another, the employed worker can decide to switch to the new firm

or to reject the offer. However, upon deciding to reject the offer, it can be used to re-bargain with

the current employer.

Finally, worker who is hit by a job destruction shock finds a new job in the same period with

probability λugε . This can be thought of as a simplified way of capturing that workers may anticipate

15Note that this setup allows for a scenario where unemployed workers reject some job offers,as in Bagger et al.
(2014), who set b = 1. In particular, the value of unemployment is decreasing in b, so that if b is high enough the value
of unemployment may be higher than the value of accepting a low-value job (e.g. a job where the productivity is close
to yminε ).
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the impending layoff and may therefore search (and find) a new job before the layoff actually

materializes, as pointed out in Simmons (2021). Indeed, a worker receiving an offer in the same

period as receiving a job destruction shock draws their new firm from the adjusted joint distribution

Ĝε(θ) discussed above, thus still using their (former) employer’s network despite the pending

separation.

4.1.3 Wage Setting

The wages in the model are set up through piece-rate contracts, following a procedure similar to

Bagger et al. (2014). In particular, the worker and firm agree on a piece-rate R = er at the time of

bargaining, which implies a wage of w = RF (s, y) = er+s+y. This formula will then determine

the wage until either the match is destroyed (because of separation or because the worker switches

firms) or until the worker receives an offer that triggers re-bargaining. However, note that the wage

itself may still be increasing during that time, as the worker may be accumulating more human

capital s.

At the time of bargaining, the piece rate is determined by taking into consideration the

maximum surplus a worker could extract from the match and the maximum surplus that could

be extracted from the outside option, which can be either unemployment or a different job. The

maximum surplus that can be extracted from a match equals the value function of the worker if

the piece-rate R is set equal to 1 (or r = 0). Going forward, I refer to this value as Wmax. The

piece-rate is set such that the surplus extracted by the worker (W ) equals the maximum surplus

she could extract from her outside option, W oo, plus a constant fraction of the excess maximum

surplus of the pending match. This fraction, which equals κug for workers making a job-to-job

transition upon displacement and κ for everyone else, is interpreted as the bargaining power of the

worker.

Wε(s, s, θ, θ̂, x, x̂) = W oo + κ (Wmax
ε (s, θ, x)−W oo) (3)

Equation (3) explicitly shows that the match value for the worker, W , depends on the value of the

firm characteristics θ, the outside option firm characteristics θ̂, the worker’s attachment to their

match’s network x, their outside option firm attachment x̂ , and the worker’s human capital, both

current (s) and when the worker and firm last bargained (ŝ).16 Note that equation (3) can take three

distinct forms. First, if the worker is coming out of unemployment, the outside option value W oo

16Note that since workers cannot lose human capital during their employment spell, it must be true that ŝ ≥ s.
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equals the value of unemployment, Uε(s) and θ̂ is set to equal u (with some abuse of notation).

Then, denoting by f the firm characteristics of the worker’s new firm, equation (3) can be rewritten

as equation (4).

Wε(s, s, f, u, x) = Uε(s) + κ (Wmax
ε (s, f, x)− Uε(s)) (4)

Wε(s, s, f, θ, 0, x) = Wmax
ε (s, θ, x) + κ (Wmax

ε (s, f, 0)−Wmax
ε (s, θ, x)) (5)

Wε(s, s, θ, f, x, 0) = Wmax
ε (s, f, 0) + κ (Wmax

ε (s, θ, x)−Wmax
ε (s, f, 0)) (6)

If the worker is moving between two jobs, from a firm with characteristics θ (where they had an

attachment x to its network) to a firm with characteristics f (where they will have no attachment,

i.e. x = 0), the outside option W oo equals the maximum surplus that could have been obtained at

her previous job,Wmax
ε (s, θ, x), so that equation (3) can be rewritten as equation (5). Alternatively,

if the worker is using a job offer from a firm with characteristics f to extract more value from

her current employer, the outside option W oo equals the maximum surplus that could have been

obtained from this job offer,Wmax(s, f, 0), and equation (3) can be rewritten as equation (6).

4.2 Timing and Value Functions
The setup of the model can be summarized by dividing every model period into 4 stages. At the

start of the period, in the first stage, the human capital level of the workers is updated. In the

second stage, workers learn of their impending separation. Then, in the third stage, workers may

receive an offer from a firm, where the probability of obtaining such an offer (and the distribution

of offers) depends on the worker’s current state, and information obtained in the first two stages of

the period. Workers choose to accept or reject the offer, and (re-)bargaining takes place. Finally,

at the end of the period, production takes place and wages (and unemployment benefits) are paid

out.

Using the above description, I can write out the value functions of the worker and the

firm. In this section, however, I will only present the worker value functions, since the firm is

largely passive in this model and the firm’s value functions are not needed to solve the model. The

firm’s value functions, as well as the worker flow equations, are deferred to appendix B.2. The

value functions below represent the worker’s value of being in a certain state at the start of the final

(production) stage of a period. First, the value of unemployment U for a worker of type ε with
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human capital s can be written out as follows:

Uε(s) = ln(bε(s)) + βEs′|s,u,ε
{
λuε

∫
f∈Θu

ε (s′)

Wε(s
′, s′, f, u, 0)dGε(f)

+

(
1− λuε

∫
f∈Θu

ε (s′)

dGε(f)

)
Uε(s

′)

}
(7)

In equation (7), the set Θu
ε (s) corresponds to the set of firm characteristics from whom the worker

of type ε with current human capital level s would accept a job offer. Using equation (4), this set

can be specified as Θu
ε (s) = {f ∈ [0, 1]2 × R+ : Wmax

ε (s, f, 0) ≥ Uε(s)}. For the purpose of

solving the model, equation (7) can be rewritten in terms of Wmax, U , and parameters only:

Uε(s) = ln(bε(s)) + βEs′|s,u,ε
{
λuε

∫
f∈Θu

ε (s′)

κ
(
Wmax
ε (s′, f, 0)− Uε(s′)

)
dGε(f) + Uε(s

′)

}
(8)

The value of employment W for a worker of type ε with human capital s, matched with

a firm of type θ, is as specified below:

Wε(s, ŝ, θ, θ̂, x, x̂) = ln(Rε(ŝ, θ, θ̂, x, x̂)F (s, y)) + βEs′,x′|s,x,e,ε
{
δÛε(s

′)

+(1− δ)
[
λeε

(∫
f∈Θ1

ε(s′,θ,x′)

Wε(s
′, s′, f, θ, 0, x′)dĜε(f) +

∫
f∈Θ2

ε(s′,ŝ,θ,θ̂,x′,x̂)

Wε(s
′, s′, θ, f, x′, 0)dĜε(f)

)
+

(
1− λeε

∫
f∈Θ1

ε(s′,θ,x′)∪Θ2
ε(s′,ŝ,θ,θ̂,x′,x̂)

dĜε(f)

)
Wε(s

′, ŝ, θ, θ̂, x′, x̂)

]}
(9)

In equation (9), the set Θ1
ε(s, θ, x) is the set of firm characteristics of the firms from whom the

worker (of type ε and with human capital s and attachment x) would accept an job offer if she

is currently employed at a firm with characteristics θ. Similarly, Θ2
ε(s, ŝ, θ, θ̂, x, x̂) is the set of

firm characteristics of the firms whose offers this worker would use to trigger re-bargaining at her

current match. Using equations (5) and (6), these sets can be specified as Θ1
ε(s, θ, x) = {f ∈

[0, 1]2 × R+ : Wmax
ε (s, f, 0) ≥ Wmax

ε (s, θ, x)} and Θ2
ε(s, ŝ, θ, θ̂, x, x̂) = {f ∈ [0, 1]2 × R+ :

Wmax
ε (s, θ, x) > Wmax

ε (s, f, 0) ≥ Wmax
ε (ŝ, θ̂, x̂)}.17 Finally, the value Û corresponds to the value

of a newly separated worker. This value reflects the possibility of this worker being re-employed

17Note that the two sets Θ1
ε(s, θ, x) and Θ2

ε(s, ŝ, θ, θ̂, x, x̂) do not overlap. Further, together they do not cover all
possible values of f ∈ [0, 1]2 × R+, revealing the third possible result of receiving an outside offer: if the offer is not
good enough for the worker to use to trigger re-bargaining, the worker discards the offer and remains employed under
her previously bargained piece-rate.
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in the same period, and therefore relate to value functions (8) and (9) above as follows:

Ûε(s
′) = λugε

∫
f∈Θu

ε (s′)

Wε(s
′, s′, f, u, 0)dĜε(f) +

(
1− λugε

∫
f∈Θu

ε (s′)

dĜε(f)

)
Uε(s

′) (10)

Using equation (9), the value for Wmax can be deduced for every combination of ε, s

and θ, by setting Rε(ŝ, θ, θ̂) = 1. The resulting expression no longer depends on the bargaining

benchmark, as the outcome of the bargaining (which is the piece-rate) is already known:

Wmax
ε (s, θ, x) = ln(F (s, y)) + βEs′,x′|s,x,e,ε

{
δÛε(s

′)

+(1− δ)
[
λeε

∫
f∈Θ1

ε(s′,θ,x′)

κ
(
Wmax
ε (s′, f, 0)−Wmax

ε (s′, θ, x′)
)
dĜε(f) +Wmax

ε (s′, θ, x′)

]}
(11)

4.3 Equilibrium
In this model economy, an equilibrium consists of value functions Uε(s), Wε(s, ŝ, θ, θ̂, x, x̂),

Jε(s, ŝ, θ, θ̂, x, x̂), and a piece-rate function Rε(ŝ, θ, θ̂, x, x̂), such that, given (unconstrained) dis-

tribution Gε(θ) and parameters, the value functions Wε(s, ŝ, θ, θ̂, x, x̂) and Uε(s) satisfy equations

(4) to (6), the value functions and the piece-rate function satisfy equations (7) to (11) and equation

(B.3), and the distribution of workers across different states evolves according to equations (B.4)

to (B.6).

5 Calibration

For the purpose of the calibration, I set up the distribution of firms Gε(θ) as a combination of

marginal distributions of productivity y, network strength p separation rate δ, and I make paramet-

ric assumptions on these marginal distributions. In particular, I assume that the marginal distribu-

tion of δ is a Beta distribution with parameters ηδ and µδ,ε, reshaped to the [0, 0.25] interval (rather

than [0, 1]). Similarly, the marginal distribution of p follows a Beta distribution, with parameters

ηp and µp,ε, whereas the marginal distribution of y is a Pareto distribution with scale parameter µy,ε
and shape parameter ηy. Following Jarosch (2023), I combine the two marginal distributions of

productivity and separation rates into a bivariate distribution using Frank’s copula with parameter

ρ (thereby allowing for correlation between the two variables). Finally, this bivariate distribution is
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combined with the marginal distribution of p (assuming independence between p on the one hand

and the combination of y and δ on the other hand) to form the (unconstrained) firm distribution

Gε(θ). As alluded to earlier, I will interpret the worker type ε as the education level. In line with

the level of detail available in the data, I therefore allow for two worker types.18

The assumptions laid out above (and in the previous section) result in a total of 29 pa-

rameters that need to be estimated. These parameters are summarized in table 2. Of these 29

parameters, I will set 6 parameters outside of the estimation, and I estimate the remaining 23

parameters using the indirect inference method from Gourieroux et al. (1993). In the next two

subsections, I describe how I set the 6 exogenous parameters, and which moments I use to identify

the remaining 23 parameters. The discussion in these two subsections is summarized in tables 3

and 4, and a more detailed description of the estimation of these moments (both in the data and in

the model simulation) can be found in appendix A.2.

Parameter Meaning
β discount factor
εε distribution of worker types ε
κ worker’s bargaining power
κug worker’s bargaining power when newly unemployed
b unemployment benefit, fraction of minimum production
ψe human capital transition, employment
ψu human capital transition, non-employment
sε starting value of human capital

∆s(ε) human capital transition size
µδ,ε 1st shape parameter, marginal distribution of δ
ηδ 2nd shape parameter, marginal distribution of δ
ηy shape parameter, marginal distribution of y
µy,ε scale parameters, marginal distribution of y
ρ copula parameter
µp,ε 1st shape parameter, marginal distribution of p
ηp 2nd shape parameter, marginal distribution of p
ξx transition probability to job attachment x = 1
λuε meeting probabilities, unemployed workers
λugε meeting probabilities, newly unemployed workers
λeε meeting probabilities, employed workers

Table 2: A summary of all parameters in the model. Note that any notation with a subscript ε
represents two parameters: one for each worker type ε.

18In particular, I distinguish between individuals with and without a university education in the data. In principle,
the data allows for more education types, but the distinction between the different types is not clear enough (especially
with most workers going through apprenticeships in the earlier years of the data) to be informative for the model.
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5.1 Exogenously Set Parameters
Table 3 summarizes the values of the exogenously set parameters. As I interpret ε to cor-

respond to the worker’s education level, which is fixed over time, I exogenously set the distribution

of ε so that the fraction of workers in each education group corresponds to the accompanying frac-

tions found in the data. As such, following the definitions of the education groups as consisting of

individuals with a non-university and university education respectively, I set the fraction of work-

ers with education levels 1 and 2 to equal 0.7739 and 0.2261 respectively.

Parameter(s) Value(s) Source
β 0.98726 5% annual interest rate
s1 0 normalization

∆s(1) 0.1 normalization
ε1 0.7739 fraction of workers with education level 1
ε2 0.2261 fraction of workers with education level 2
ξx 0.25 transition probability to job attachment x = 1

Table 3: A summary of all exogenously set parameters

As one model period corresponds to one quarter, I set the discount rate β = 0.951/4 to

reflect an annual interest rate of 5%, and I set s1 = 0 and ∆s(1) = 0.1 as a normalization, so

that the values of human capital coming out of the simulation can be interpreted as relative to the

human capital of a worker with education level 1 entering the labour market (s1), and step-sizes

in this human capital can be interpreted as relative to the step-size of a worker with low education

(∆s(1)). Finally, I set ξx = 0.25 so that workers become attached to their job after one year on

average.

5.2 Calibration Moments
Using that I interpret ε to correspond to education levels, I next identify 54 moments

that together identify the values of the 23 parameters that I calibrate using the indirect inference

method from Gourieroux et al. (1993). While the parameters are estimated simultaneously, I divide

the parameters into five groups, as the corresponding moments in those groups were chosen with

these parameters in particular.

The first set of moments contains a number of transition rates from employment to non-

employment, used to estimate parameters governing the marginal distribution of δ. To identify the

second shape parameter of the marginal distribution of δ, ηδ (which is common across education
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levels), I use the average separation rate into non-employment for workers with an establishment

tenure of 1-3.5, 3.5-6, 6-9, and 9+ years respectively. To discipline the education-specific first

shape parameter of this distribution, µδ,ε, I use the average job loss rates by education level. Finally,

the subsequent separation rate after re-employment following a displacement aids in identifying

the separation rates for very low tenured workers.

The second set of moments revolves around the distribution of wages in the economy

and its link with the job loss rates from the first set of moments. As there is a direct link between

production and wages in the model, I use these moments to identify the marginal distribution of

firm productivity y, as well as the starting level of human capital for the high education level,

s2. In particular, I use the average educational wage premium for education level 2 (compared to

education level 1), both overall and upon labour market entry (identified as a market tenure between

3 and 5 years). As the model generates these wage differences primarily through differences in

productivity y and human capital s, these moments help to identify initial human capital levels

for education level 2 (s1 is normalized to 0) as well as the education-specific scale parameter

µy,ε of the marginal distribution of y. The median-p25 and p75-p25 ratio of wages (by education

level) are then used to complete the identification of the shape parameter ηy and education-specific

scale parameter µy,ε of the marginal distribution of y. Finally, for the identification of the copula

parameter ρ, I follow Jarosch (2023) in targeting the regression coefficient γ in the estimation

equation (12) below:

Dδ
i,t = αi + γ log(wit) + ui,t (12)

In equation (12), Dδ
i,t is a dummy variable that is only filled if the worker i is employed in period

t (and still observed in period t + 1). For these workers, it acts as an indicator of job separation

between t and t+ 1. The explanatory variables include an individual fixed effect αi and the natural

logarithm of the worker’s wage in period t, wi,t.

The third set of moments provides information regarding job finding probabilities, both

on-the-job and from nonemployment. In particular, the fraction of job-to-job transitions that fol-

lowed a displacement helps to identify the meeting probability for newly unemployed workers

(λugε ). After all, such a direct transition of a worker to a new job will be observed as a job-to-job

transition. The overall quarterly job-to-job transition rate also contributes to identifying this pa-

rameter, while additionally informing the value of the on-the-job meeting rate λeε. As both types
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of meetings and subsequent job-to-job transitions are likely to respond to the network strength of a

firm (p), and this network strength will be increasingly important for higher recent earnings, I es-

timate both of these moments separately not only by education level but also by third of the recent

earnings distribution. Finally, the average job finding rates closely correspond to the job finding

rate of unemployed workers, λuε , and since the network strength does no longer play a role here

in the model, these moments are only estimated by education level (and not by third of the recent

earnings distribution).

The next set of moments focuses on wage growth within and between job spells, thereby

helping to identify human capital transition rates and stepsizes, among others. The first moment

in this set is the net replacement rate in unemployment, which closely relates to the parameter

b included in the expression for the instantaneous value of non-employment b(s).19 The average

yearly wage growth (by education level), conditional on full-year full-time employment (in both

years), helps to identify the human capital stepsize for highly educated invididuals, ∆s(2), and the

transition rate of human capital while on the job, ψe. To aid in the identification of the human

capital transition rates during unemployment (ψu), I use the average difference between pre- and

post-layoff wages, conditional on education level and non-employment duration (up to 0.5, 0.5 to

1, or 1 to 2 years). As laid out in appendix A.2, this moment closely resembles a difference-in-

difference estimation. Finally, I use the average wage of a new worker (hired out of unemployment)

relative to the average wage to identify the bargaining power κ.

The final set of moments was chosen with the distribution of network strength in mind.

In other words, this final set aids in the identification of parameters ηp, µp,1, µp,2, and κug. As the

value of p determines how much earnings are potentially gained or lost upon making a job-to-job

transition, the set of moments includes a number of differences between wages obtained prior to

and after making a job-to-job switch. These are estimated on average (by education level), as well

as by education level and third of the recent earnings distribution. Furthermore, estimating these

moments for all job-to-job transitions as well as specifically for job-to-job transitions that coincide

with a displacement helps to identify the differential bargaining power of the worker making such

a transition upon displacement κug.
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Description of Moment(s) Data Model Parameters
Average rate of job loss, tenure 1-3.5y 0.033 0.015 ηδ = 1.80
Average rate of job loss, tenure 3.5-6y 0.016 0.014 µδ,1 = 19.7
Average rate of job loss, tenure 6-9y 0.011 0.012 µδ,2 = 34.9
Average rate of job loss, tenure>9y 0.005 0.009

Average rate of job loss, by education 0.025 0.013
0.022 0.009

Subsequent separation, displacement 0.085 0.020

p75-p25 ratio of wages 1.787 1.678 ηy = 7.92
1.691 1.572 µy,1 = 0.005

median-p25 ratio of wages 1.353 1.384 µy,2 = 0.57
1.365 1.319 s2 = −0.36

Educational wage premium (all) 1.393 1.403 ρ = −21.6
Educational wage premium (entry) 1.422 1.397

Coefficient γ̂ in equation (12) −0.03 0.04

Job-to-job transition rate, edu 1 0.054 0.016 λe1 = 0.020
(by third of the recent earnings distribution) 0.021 0.015 λe2 = 0.007

0.014 0.012 λug1 = 0.518
Job-to-job transition rate, edu 2 0.066 0.008 λug2 = 0.353

(by third of the recent earnings distribution) 0.036 0.007 λu1 = 0.088
0.024 0.006 λu2 = 0.091

Displacement among job-to-job transitions, edu 1 0.501 0.469
(by third of the recent earnings distribution) 0.449 0.457

0.430 0.457
Displacement among job-to-job transitions, edu 2 0.491 0.489

(by third of the recent earnings distribution) 0.480 0.483
0.470 0.482

Average job finding rate 0.24 0.088
0.253 0.091

Replacement rate 0.6 0.609 b = 0.576
Wage of newly hired worker 0.711 0.744 κ = 0.913

Yearly wage growth 0.021 0.002 ∆s(2) = 0.093
0.025 0.002 ψe = 0.005

Pre- to post-layoff wage, duration<0.5y −0.050 −0.034 ψu = 0.315
0.016 −0.047

Pre- to post-layoff wage, duration 0.5-1y −0.091 −0.085
−0.057 −0.094

Pre- to post-layoff wage, duration 1-2y −0.110 −0.159
−0.126 −0.157

Pre- to post-EE wage, edu 1 1.055 1.051 ηp = 10.6
Pre- to post-EE wage, edu 1 1.084 1.068 µp,1 = 2.31

(by third of the recent earnings distribution) 1.026 1.056 µp,2 = 4.74
1.007 0.016 κug = 0.906

Pre- to post-EE wage, edu 2 1.060 1.074
Pre- to post-EE wage, edu 2 1.142 1.107

(by third of the recent earnings distribution) 1.086 1.109
1.024 1.054

Pre- to post-EE wage, edu 1 & displaced 1.047 1.023
Pre- to post-EE wage, edu 1 & displaced 1.072 1.052

(by third of the recent earnings distribution) 1.018 1.030
1.001 0.969

Pre- to post-EE wage, edu 2 & displaced 1.058 1.039
Pre- to post-EE wage, edu 2 & displaced 1.134 1.083

(by third of the recent earnings distribution) 1.083 1.081
1.022 1.012

Table 4: A summary of calibration moments, their values in the data and in the calibrated model,
and corresponding parameter values. 31



5.3 Calibration Results and Model Fit
The moments described above add up to a total of 54 moments used to identify 23

parameters. Further details of the procedure used to estimate these moments can be found in

Appendix A.2.20 In Table 4, I summarize the results of the estimation. The model does a decent job

in matching the estimated moment values from the data, although it can be observed to generally

underestimate job finding and separation rates throughout the economy.

Comparing at the parameter estimates in Table 4 with closely related models such as

those calibrated in Jarosch (2023), it can be seen that the estimated parameter values in Table 4

are quite low when it comes to transition rates. For example, the estimated quarterly job finding

rates of λu1 = 0.088 and λu2 = 0.091 are only slightly higher than the monthly job finding rate of

0.061 estimated in Jarosch (2023). The on-the-job meeting probability λeε is also generally very

low compared to values estimated in other work, although the model does a decent job matching

the average job-to-job finding rates in the data (while largely missing the gradient over the earnings

distribution), thus indicating that the estimated model makes up for the low value of λeε by allowing

immediate transitions after displacement (λugε > 0). The estimated value of the human capital

appreciation rate ψe = 0.005 is quite low compared to related models, although the depreciation

rate ψu = 0.315 takes a fairly reasonable (or even slightly high) value. Finally, while an estimated

value of κ = 0.913 may seem quite high, such a high value for the bargaining weight is not

uncommon in models like the one proposed in this paper. The high value of κ is likely to be a

consequence of calibration exercise targeting wage dispersion in the data, which will be determined

in part by the weight of the outside option in the bargaining process, which in turn is determined

by κ.

Moving to differences between the two education levels, it can be noted that workers

with a low education level are generally more likely to obtain a job offer from employment (λe1 >

λe2 and λug1 > λug2 ), but slightly less likely to receive an offer from unemployment (λu1 < λu2).

Similarly, it is worth noting that a highly educated worker starts with a lower level of human capital

than a worker with a low education level (s2 = −0.36 < 0), and makes slightly smaller steps every

time their human capital level changes (∆s(2) = 0.093 < 0.1). As a result, the educational wage

19The net replacement rate was taken directly from OECD (2020) rather than derived from the IAB data used in
section 3.

20In addition, the results from the right panel of Figure 3 can be targeted directly. In Appendix C, I discuss how the
results discussed below alter if I directly target the results from Figure 3, in addition to targeting the 54 aforementioned
moments
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premium is primarily driven by differences in the marginal productivity distribution (µy,2 > µy,1)

rather than by differences in human capital levels.

Figure 13: The marginal distributions of productivity (left) and separation risk (right) faced by
workers with a high education level. The figures plot the observed distribution in the simula-
tion sample (solid, red) as well as the underlying distribution from which workers draw in reality
(dashed, blue).

When it comes to the firm distributions the workers draw from upon receiving an offer,

these are best illustrated in a diagram. Figure 13 visualizes the marginal distributions of firms’

productivity and separation rates for the high education group. The left panel illustrates that the

estimated distribution is quite extreme, with almost all of the mass being concentrated near the

minimum value of µy,2 = 0.57. While workers can climb up the ladder, the concentration of

the distribution ensures that this is a rare event, as can be seen from the fact that the estimated

distribution from the simulation sample being almost identical to the underlying distribution. As

a result of this extremely heavy right skewness, most of the heterogeneity described by the wage

dispersion moments in Table 4 is driven by differences in human capital levels (and bargaining,

to a limited extent), rather than productivity. The distribution of separation rates, illustrated in

the right panel of Figure 13, is much less extreme. Here, a clear difference is visible between

the true underlying distribution and the distribution estimated from the sample, with the sample-

based distribution having more mass among the low ranges of the separation rates. The marginal

distribution of network strength p also looks much more reasonable, as illustrated in Figure 14, with

a reasonable spread across possible values. Nevertheless, given that the productivity distribution is

so strongly right-skewed, these network effects are not likely to have a large effect on outcomes, as

the pre-displacement productivities will generally be bunched close together and close to the lower
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bound µy.

Figure 14: The marginal distribution of the network strength variable p faced by workers with a
high education level. The figure plots the observed distribution of p in the simulation sample (solid,
red) as well as the underlying distribution from which workers draw in reality (dashed, blue).

6 Simulation Results

In this section, I present results obtained using simulated data from the estimated model, using the

parameters that were obtained in the previous section. In particular, I start in Subsection 6.1 by

assessing how the model performs in matching the observations from the data (in Section 3). In

Subsection 6.2, I then decompose these results to investigate what the main driving channels are

behind these results, after which ongoing work illustrates the importance of these findings through

a number of counterfactual experiments.

6.1 Displacement Scars over the Recent Earnings Distribution
Before plotting the model-generated earnings losses over the recent earnings distribu-

tion, Figure 15 provides an indication of the model’s ability to match average earnings and employ-

ment losses after job displacement. It can be seen that when it comes to earnings and employment

losses, the model largely overshoots employment in the short run and the long run, although the

pattern of recovery is roughly in line with those seen in the data in terms of the relative magnitude

of recovery, especially for earnings. The fact that losses in earnings and employment are overstated

in the model is likely a result of the low job finding rate in combination with high human capital

depreciation rates and a relatively narrow productivity distribution.

34



Figure 15: The effect of displacement on earnings (left) and employment (fraction of the year spent
in an employment spell, right), relative to the control group, using model simulation data (solid)
and using the data (dashed, corresponding to Figure 9).

Figure 16: The effect of displacement on earnings over the recent earnings distribution, using
data (left, corresponding to Figure 10) or model simulations (right). The numbers underlying the
graphs are calculated using estimated coefficients from Equation (2), and error bars correspond
to 95% pointwise confidence intervals. Each line corresponds to a single period, k years after the
initial displacement takes place.

In the right panel of figure 16, I show how earnings losses after job displacement differ

by recent earnings in the estimated model. Compared to the corresponding figure from the data

(the left panel of Figure 10, which is repeated in the left panel of Figure 16), it can be seen that

the model is able to generate the upward sloping pattern over the recent earnings distribution, as

well as the slope of these lines, but only for earnings losses in the medium to long run (k ≥ 3).

Examining the magnitude of the earnings losses, it can furthermore be observed that the model
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overshoots of the average earnings losses (as seen in Figure 15) primarily because it does so for

workers in the bottom half of the earnings distribution.

Figure 17: The effect of displacement on employment fraction over the recent earnings distribu-
tion, using data (left, corresponding to Figure 10) or model simulations (right). The numbers
underlying the graphs are calculated using estimated coefficients from Equation (2), and error
bars correspond to 95% pointwise confidence intervals. Each line corresponds to a single period,
k years after the initial displacement takes place.

In Figure 17, I show similar results, but using employment rather than earnings. The

pattern for employment is fairly similar to the pattern for earnings in the model, thus indicating

that employment is the main driver of earnings losses in the model. Comparing the model with the

data, the model once again successfully reproduces an upward slope for medium to long run losses

(k ≥ 3). Similarly, the model overshoots average employment losses (as observed in Figure 15)

primarily because it overshoots the employment losses experienced by workers in the bottom half

of the recent earnings distribution.

In Figure 18, I decompose the earnings losses over the recent earnings distribution (as

observed in the right panel of Figure 16) into figures specific to workers who spend some time in

unemployment (left panel) and workers who move to a new job immediately (right panel). In line

with observations made in the data (Figure 11), the earnings losses continue to decrease in recent

earnings among workers spending some time in unemployment (although the losses are estimated

quite imprecisely). For workers making an immediate transition, the earnings losses are increas-

ing over time for workers in the bottom of the earnings distribution. As a result, the model only

matches the pattern over recent earnings for these workers in the long run (k ≥ 5).
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Figure 18: The effect of displacement on earnings over the recent earnings distribution. The graphs
are prepared using estimated coefficients from Equation (2), estimated using model-simulated data,
and error bars correspond to 95% pointwise confidence intervals. The right panel only considers
workers who moved to a new job immediately, whereas the left panel only considers workers who
did not do so. Each line corresponds to a single period, k years after the initial displacement takes
place.

The upward slope observed in figure 16 is much stronger than in either panel of figure

18, indicating that the model puts a larger weight on differences in composition (within each per-

centile) between workers who do and do not make an immediately transition. In other words, the

model points to EE status as an important explanation for the upward slope in figure 16. However,

as can be seen in Figure 19, the fraction of displaced workers making an immediate transition to a

new job is generally constant in recent earnings. Similarly, the right panel of Figure 19 shows that

the average value of p is constant across most of the recent earnings distribution, thus indicating

that the model does not generate a lot of variation in the distribution of network strength over the

recent earnings distribution. Therefore, it is likely that the upward slope in the right panel of 16 is

driven by other sources of heterogeneity in earnings, such as human capital.

6.2 Decomposition Results
In the previous subsection, I have shown that the model is able to match the empirical

observation of decreasing relative earnings losses in recent earnings. In this subsection, I use model

counterfactuals to decompose this result into the different model factors that could potentially drive

this. In order to achieve a clean decomposition, I do so using direct model counterfactuals: Instead

of estimating Equation 2 on the simulation data (as I did in the previous subsection), I directly

estimate the individual effect of a displacement by comparing the worker’s baseline simulation (in
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Figure 19: The incidence of job-to-job transitions upon job displacement in the model simulation
(left) and average value of network strength (right), over the recent earnings distribution.

which they were displaced) to a simulation in which their first displacement does not take place.

Furthermore, as removing model factors may affect the worker’s position in the earnings distribu-

tion, I assign the resulting effect to the percentile of the recent earnings distribution to which the

worker belonged in the baseline simulation of the complete model. Finally, instead of focusing

on earnings or employment losses at a particular time (e.g. k = 3 years after displacement), I

choose to decompose the combined present value of all first 10 years after displacement, using the

model’s discount factor β to discount all earnings losses back to the time of displacement. The

resulting present value of the relative earnings losses is still decreasing in recent earnings, and is

represented by the black line in Figure 20. Similarly, I separately calculate this present value of

relative earnings losses for workers transitioning immediately to a new job and workers moving

into unemployment. The resulting average losses are depicted as the black lines in Figure 21.

In Figure 20, I how the pattern of earnings losses across the recent earnings distribution can be

decomposed into 10 factors present in the model. Figure 21 repeats this exercise separately for

workers who do or do not immediately transition to a new job. In order to generate these results,

the indicated factors are turned off in the model, in the order in which they are listed in the legend

of the figure. As such, the first factor is shut down is that of the truncation of the offer distribu-

tion upon making a job-to-job transition (“Truncation”). I shut down this channel by replacing the

distribution of p with a degenerate distribution at p = 0, such that all offers (on the job and from

unemployment) are drawn from the same distribution (Ĝε(f) = Gε(f)). Figure 20 shows that

doing so does not substantially affect average earnings losses, and in fact only slightly increases
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Figure 20: Decomposition of the effect of displacement on earnings over the recent earnings
distribution into 10 distinct factors present in the model. The depicted earnings losses represent

the cumulative value of the first 10 years of earnings losses, discounted back to the time of
displacement.

earnings losses for workers in the highest decile of recent earnings. As expected, Figure 21 shows

that this impact is primarily coming from workers making an immediate transition upon displace-

ment. This is also the only group for which the impact of removing the differential bargaining

power for workers making an immediate transition is visible. This exercise, implemented by set-

ting κug = κ is the second step of the decomposition, and it is denoted as “EE Bargaining” in the

figures.

The next three factors in the decomposition concern three dimensions of worker or firm

heterogeneity. First of all, the third decomposition factor (“Human Capital”) represents the impact

of heterogeneity in human capital, and is generated by removing all changes in human capital (by

setting ψe = 0 and ψu = 0). Figure 20 shows that this third factor is a major determinant of the

variation in earnings losses over the recent earnings distribution. In particular, removing all hetero-

geneity in human capital removes alleviates much more of the earnings losses in the bottom of the

distribution than in the top. This effect is largely muted when focusing on the subgroup of work-

ers who move into unemployment, whereas focusing on workers who find a new job immediately

produces an opposite result. As such, one can think of the human capital as primarily amplifying

the patterns over the earnings distribution driven by other factors. One such factor is the firm het-

erogeneity in separation rates (“Het Separation”), which is turned off by replacing the marginal

(Beta) distribution of separation rates with a degenerate distribution with all mass concentrated at

the average value of the baseline distribution. Figure 20 shows that this exercise further reduces
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the slope of earnings losses across the recent earnings distribution. Furthermore, Figure 21 shows

that this impact is not specific to the subgroup of workers moving into unemployment or moving

directly to a new job. As such, I conclude that heterogeneity in (subsequent) separation rates is one

of the driving forces behind the decreasing earnings losses in recent earnings. The final remaining

element of firm heterogeneity is the distribution of productivities. Similar to the previous factor,

the impact of this factor (“Het Productivity”) is calculated by setting the productivity of all jobs

equal to the mean of the baseline marginal (Pareto) distribution. In Figure 20 I show that doing so

further reduces the negative gradient of earnings losses over recent earnings losses, but only very

mildly so. Therefore, I conclude that the job ladder itself does not contribute to this slope in a

major way.

Figure 21: Decomposition of the effect of displacement on earnings over the recent earnings
distribution into 10 distinct factors present in the model. The right panel only considers workers
who moved to a new job immediately, whereas the left panel only considers workers who did not

do so. The depicted earnings losses represent the cumulative value of the first 10 years of
earnings losses, discounted back to the time of displacement.

Switching focus to the different ways in which workers can move between jobs and employment

states, the sixth factor of the decomposition (“EE Upon Displacement”) removes the possibility

of directly moving to a new job upon being displaced, by setting λugε = 0. Similarly the seventh

factor (“EE Transitions”) removes all other job-to-job transitions by setting λeε = 0. Since the esti-

mated value of λeε was quite low, and the resulting job-to-job transitions are at least one period into

the future at the time of displacement, it is not surprising that this seventh factor has a very lim-

ited impact. However, Figure 20 shows that immediate job-to-job transitions upon displacement

have a large and positive impact on average earnings losses. Furthermore, this impact is slightly
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increasing in recent earnings, thus indicating that the incidence of such transitions contributes to

explaining the positive gradient observed in the data (and the baseline model). In the decomposi-

tion specific to workers making a job-to-job transition (the right panel of Figure 21), the pattern

goes in the opposite direction, although it should be noted that removing immediate job-to-job

transitions effectively removes this group from the simulation, such that this factor operates as a

combination of all remaining factors for this group.

The eighth step of the decomposition (“Search Frictions”) shuts down all remaining

uncertainty in job finding rates, and does so by setting λu = 1. In other words, it ensures that

all displaced workers receive a job offer in their first period of unemployment, which they will

accept since there is no more heterogeneity in jobs at this point of the decomposition. Figure 20

shows that shutting down the variation in length of unemployment spells in this way accounts for

a large fraction of remaining earnings losses. This impact is furthermore slightly decreasing over

the recent earnings distribution, thus suggesting that variation in unemployment duration may also

contribute to the observed gradient in earnings losses over this distribution. In the ninth step of

the decomposition (“Education”) I shut down the final dimension of heterogeneity by assigning

the parameter values of workers with a low education level to all workers. As the differences

between the two education groups are not large anymore at this point of the decomposition, this

only has a minor impact on estimated losses. After shutting down this ninth factor, all remaining

earnings losses are labeled as “Others”. These earnings losses are primarily driven by workers

occasionally going through one period of unemployment, before moving back to an employer and

immediately receiving the same wage as before. These remaining earnings losses are constant over

the recent earnings distribution, thus indicating that all preceding factors have completely removed

the observed gradient in earnings losses over recent earnings.

7 Conclusion

In this paper, I study how the earnings and employment losses experienced by displaced workers

differ by these workers’ pre-displacement earnings. Using detailed administrative data from Ger-

many, I find that relative earnings losses tend to be lower for workers with higher recent earnings

(defined as the average earnings over the 5 years prior to displacement). This pattern is largely

driven by workers who make an immediate transition to a new job upon being displaced. The frac-

tion of displaced workers who make such a direct transition is increasing in recent earnings, and

41



workers who make such a transition generally experience lower earnings losses. Furthermore, even

within the category of workers who make a direct transition, relative earnings losses are decreasing

in recent earnings, while for workers who spend some time in unemployment the opposite pattern

holds.

I argue that existing models that have been able to replicate the average earnings loss

after job displacement are inconsistent with these observations. In particular, these models gen-

erally predict that relative earnings losses are increasing with recent earnings, largely driven by

the worker falling off the job ladder. In order to reconcile my observations with these models, I

develop a model of the labour market in which I allow workers to make a job-to-job transition upon

being displaced, while allowing workers who make a job-to-job transition to draw offers from an

improved distribution. In particular, the marginal productivity distribution from which they draw

their job offer is truncated from below, where the truncation point is determined by the job char-

acteristics of their previous job. I interpret this feature as a network effect, where workers are able

to leverage their employer’s network as long as they are still connected to this employer. Once the

worker loses their connection to the employer (i.e. moves into unemployment), they can no longer

leverage these connections, and are thus subject to the regular forces of the job ladder.

I estimate the model using moments generated from the German administrative data,

and show that the model in its current form is able to replicate the observation that relative earn-

ings losses after displacement are decreasing in recent earnings. In the model simulation, this is

primarily driven by the incidence of job-to-job transitions upon displacement and heterogeneity

in subsequent separation rates, magnified by human capital depreciation during periods of unem-

ployment. However, in the current version of the model the incidence of job-to-job transitions is

constant over the recent earnings distribution. This contradicts the observations from the data, and

ongoing work in this project is therefore working to address this.

Based on the results of this paper, one can think of various avenues for future research,

and I will highlight a few of those possibilities here. First of all, it will be worth further investigat-

ing the sources of the differences between workers who spend some limited time in unemployment

and those who directly transition to a new job upon being displaced. The channel that operates in

the model is interpreted as network strength, but the data is not suitable to provide any evidence

of this beyond the use of proxies such as individual and establishment fixed effects or wage and

earnings growth experienced after re-employment. Future work could address this, for example by

using large scale survey data that provides some information on a worker’s (professional or infor-
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mal) network while also allowing for a replication of the observations provided in this paper.

When it comes to the model, there are also are a number of ways in which one might

imagine expanding the analysis presented in this paper. First of all, in the current setup of the

model, the effect of the job’s network disappears immediately upon losing a connection to the

firm. In reality, however, one might imagine that it takes time for a worker to lose their connec-

tions. Alternatively, one could think of modeling the activation of the network in a similar way

as one models human capital (although that raises the question of how to identify corresponding

parameters alongside the human capital accumulation channel), where the job characteristic used

in the current setup simply represents the ceiling of the corresponding state variable. Finally, one

might imagine that the value of the network depends on the economic conditions at the time of

displacement. If the worker is displaced in a boom, it may be much easier to find a suitable job

through their network than in a recession, where other firms may also be contracting. Incorporating

an element into the model that changes over the business cycle may allow future work to take into

account such considerations as well.
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A Numerical Methods

A.1 Derivation of the wage
To derive the wage (or rather the piece-rate), I use value function W (omitting the ε):

W (s, ŝ, θ, θ̂, x, x̂) = ln(R(ŝ, θ, θ̂, x, x̂)F (s, y)) + βEs′,x′|s,x,e
{
δÛ(s′)

+(1− δ)

[
λe

(∫
f∈Θ1(s′,θ,x′)

W (s′, s′, f, θ, 0, x′)dĜ(f) +

∫
f∈Θ2(s′,ŝ,θ,θ̂,x′,x̂)

W (s′, s′, θ, f, x′, 0)dĜ(f)

)

+

(
1− λe

∫
f∈Θ1(s′,θ,x′)∪Θ2(s′,ŝ,θ,θ̂,x′,x̂)

dĜ(f)

)
W (s′, ŝ, θ, θ̂, x′, x̂)

]}
(A.1)

Further, note that given a known value for Wmax and U (for every s and θ), the value Û can be directly

calculated using equation (10). Further, note that:

f ∈ Θ1(s′, θ, x) ⇐⇒ Wmax(s′, f, 0) ≥Wmax(s′, θ, x)

f ∈ Θ2(s′, ŝ, θ, θ̂, x, x̂) ⇐⇒ Wmax(s′, θ, x) > Wmax(s′, f, 0) ≥Wmax(ŝ, θ̂, x̂)

W (s, s, f, θ, 0, x) = Wmax(s, θ, x) + κ (Wmax(s, f, 0)−Wmax(s, θ, x))

Since I know the value of Wmax, U , and f for a given combination of s and θ, this implies that the only

unknowns in the value function are W (s, ŝ, θ, θ̂, x, x̂), R(ŝ, θ, θ̂, x, x̂), and W (s′, ŝ, θ, θ̂, x, x̂).

As these are all using the same value for ŝ, θ, θ̂, and x̂, this equation can be greatly simplified,

by defining the following constants (where the subscript denotes current human capital level s, i.e. the first

variable in the value function, and the superscript denotes current job attachment x):

Cx
′

s′ = β(1− δ)λe
(∫

f∈Θ1(s′,θ,x′)
W (s′, s′, f, θ, 0, x′)dĜ(f) +

∫
f∈Θ2(s′,ŝ,θ,θ̂,x′,x̂)

W (s′, s′, θ, f, x′, 0)dĜ(f)

)
+ βδÛ(s′)

ax
′
s′ = β(1− δ)

(
1− λe

∫
f∈Θ1(s′,θ,x′)∪Θ2(s′,ŝ,θ,θ̂,x′,x̂)

dĜ(f)

)

We can use this notation to rewrite the value function W as follows:

W (s, ŝ, θ, θ̂, x, x̂) = ln(R(ŝ, θ, θ̂, x, x̂)F (s, y)) + Es′,x′|s,x,e
{
Cx

′
s′ + ax

′
s′W (s′, ŝ, θ, θ̂, x′, x̂)

}
The expression above can be simplified further by using the simple structure of the expectations
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operator. If the match is formed (as denoted by the subscript e), there are only two options for the future level

of s, s′: With probability ψe, s′ = s + 1 (i.e. the previous level plus 1 stepsize, which may not necessarily

be the next grid point) and with probability 1 − ψe, s′ = s. The one exception to this is that if the worker

is at the maximum value of s, in which case ψe = 0.21 Similarly, the future value of x′ is always equal to

1 if x = 1, whereas x = 1 with probability ξx and x′ = 0 otherwise if x = 0. Below, I rewrite the value

function using this structure. In what follows, I use ψ = ψe and ξx = ξ (for ease of notation):

W (s, ŝ, θ, θ̂, x, x̂) = ln(R(ŝ, θ, θ̂, x, x̂)F (s, y))

+ ψ(1− ξ)
{
Cxs+1 + axs+1W (s+ 1, ŝ, θ, θ̂, x, x̂)

}
+ (1− ψ)(1− ξ)

{
Cxs + axsW (s, ŝ, θ, θ̂, x, x̂)

}
+ ψξ

{
C1
s+1 + a1

s+1W (s+ 1, ŝ, θ, θ̂, 1, x̂)
}

+ (1− ψ)ξ
{
C1
s + a1

sW (s, ŝ, θ, θ̂, 1, x̂)
}

(A.2)

In what follows, I will drop the elements ŝ, θ̂, θ, and x̂. In the case of x = 1, this equation then be-

comes:

W 1
s = ln(Rf(s, y)) + ψ

{
C1
s+1 + a1

s+1W
1
s+1

}
+ (1− ψ)

{
C1
s + a1

sW
1
s

}
W 1
s

[
1− (1− ψ)a1

s

]
= r + ln(f(s, y)) + ψ

{
C1
s+1 + a1

s+1W
1
s+1

}
+ (1− ψ)C1

s

This is a system of equations for each value of ŝ on the grid. Since s ≥ ŝ, there are (with slight abuse of

notation) Ns − ŝ + 1 equations, one for each s ≥ ŝ, and Ns − ŝ + 2 unknowns, one for each value W 1
s

and the piecerate R. However, one additional equation can be added, which does not add any unknowns:

W 1
ŝ = Wmax(ŝ, θ̂, x̂) + κ

(
Wmax(ŝ, θ, 1)−Wmax(ŝ, θ̂, x̂)

)
The resulting system of equations has Ns − ŝ+ 2 equations and Ns − ŝ+ 2 unknowns and can

thus be solved. In order to do so, I set up matrix A and vector B, such that the system is represented as

Az = B, where z is a vector containing the unknowns. These matrices will be Ns − ŝ+ 2 by Ns − ŝ+ 2,

but take an easily generalizeable form. For example, for ŝ = N − 2, the vectors and matrices will look as

follows (denoting Fs = F (s, y) and r = ln(R)):

Az =


1− a1

N 0 0 −1

−ψa1
N 1− (1− ψ)a1

N−1 0 −1

0 −ψa1
N−1 1− (1− ψ)a1

N−2 −1

0 0 1 0

 ·


W 1
N

W 1
N−1

W 1
N−2

r


21Note that technically there is no maximum value of s, but I do solve the model on a limited number of grid points

for s. Later in this section, I briefly comment on how I reconcile this.
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B =


C1
N + ln(FN )

ψC1
N + (1− ψ)C1

N−1 + ln(FN−1)

ψC1
N−1 + (1− ψ)C1

N−2 + ln(FN−2)

Wmax(ŝ, θ̂, 1) + κ
(
Wmax(ŝ, θ, 1)−Wmax(ŝ, θ̂, x̂)

)


Unfortunately, there is one small complication: the method above is based on the assumption that

there is a maximum level of human capital. However, given that workers in the model are infinitely-lived,

workers could in principle accumulate an infinite amount of human capital if I would run the simulation for

an infinite number of periods. Furthermore, as the workers can infinitely accumulate human capital, there

are an infinite number of possible values for s and ŝ.

I get around this issue by using an approximation. In particular, I solve the model (and therefore

also the wage) only for a limited number of human capital grid-points, and interpolate and extrapolate the

solution for all other grid-points. These grid-points for the solution are heavily concentrated near the lowest

possible level, as every worker starts at this low level, and therefore many workers will pass through these

grid-points. As mentioned in the previous subsection, I select the maximum grid-point by calculating the

grid-point that is achieved only by the top 0.1% of the workers after 30 years.

Of course, solving the model on a limited grid also has consequences for some of the equations

discussed above (and explicitly so where I explicitly use the structure of the expectations operator). In

practice, I therefore use a slightly adjusted formulation of the matrix A and vector B above. In the matrix

A, there are two changes. First in every row except for the first and last row of matrices A and B, I replace

ψ by ψ ∆s
(N)−(N−1) (for the second row, and similarly for other rows using other values of N ), where ∆s is

the actual jump in human capital upon ψ materializing, and N and N − 1 are the values of s on the Nth

and (N-1)st grid-point. This reflects the interpolation between grid points. For the top row, the extrapolation

implies that the top left element ofA becomes 1−(1+ ψ̄)a1
N , where ψ̄ = ψ ∆s

(N)−(N−1) . The second element

of the first row becomes ψ̄aN−1. Finally, the top row of vector B becomes (1 + ψ̄)CN − ψ̄C1
N−1 + ln(FN ).

To be explicit, this means that the vectors and matrices will look as follows in practice:

A =


1−

(
1 + ψ ∆s

(N)−(N−1)

)
a1
N ψ ∆s

(N)−(N−1)a
1
N−1 0 −1

−ψ ∆s
(N)−(N−1)a

1
N 1−

(
1− ψ ∆s

(N)−(N−1)

)
a1
N−1 0 −1

0 −ψ ∆s
(N−1)−(N−2)a

1
N−1 1−

(
1− ψ ∆s

(N−1)−(N−2)

)
a1
N−2 −1

0 0 1 0
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B =



(
1 + ψ ∆s

(N)−(N−1)

)
C1
N − ψ

∆s
(N)−(N−1)C

1
N−1 + ln(FN )

ψ ∆s
(N)−(N−1)C

1
N +

(
1− ψ ∆s

(N)−(N−1)

)
C1
N−1 + ln(FN−1)

ψ ∆s
(N−1)−(N−2)C

1
N−1 +

(
1− ψ ∆s

(N−1)−(N−2)

)
C1
N−2 + ln(FN−2)

Wmax(ŝ, θ̂, 1) + κ
(
Wmax(ŝ, θ, 1)−Wmax(ŝ, θ̂, x̂)

)


Note that z is still the same as specified above, but using only the value functionW on the grid points (along

with the piece-rate). The matrix equation Az = B is then solved for z, using LU decomposition, which will

yield the piece-rate R = er for this particular value of ŝ, θ, θ̂, and x̂. Solving this system of equations for

every combination of ŝ (on the grid), θ, θ̂ (including u), and x̂ will complete the solution for the attached

worker (x = 1). Once this solution is complete, I can then go back to equation (A.2) for the case of x = 0,

where all values on the last line are now known. As such, the same procedure can then be used to complete

the solution, replacing all instances of ψ with ψ(1 − ξ), and adding the last line of equation (A.2) to the

constant term in matrix B.

A.2 Calibration Method
In this section, I will describe in more detail the moments used for estimating the model (see section 5)

are estimated. When estimating these moments in the data, I restrict the data such that I only consider

workers with a market tenure of at least 3 years, to avoid biased estimates due to traineeships. I impose

the same restriction in the model simulation, noting that this is done purely in order to preserve consistency

between the two estimation methods, as the concerns driving this restriction do not exist in the data. With

the exception of the yearly wage growth, all moments discussed below are estimated using the quarterly data

set.

A.2.1 Transition Rates

As argued in section 5.2, the transition rates of workers between employment and unemployment and be-

tween employment at different establishments (overall or conditional on impending displacement) were

chosen primarily to aid in the identification of the job offer rates, λeε, λ
u
ε , and λugε , and the marginal distri-

bution of δ. The estimation of these moments described below.

In order to estimate the job loss rate, I use a variable which is only filled if the worker is currently

employed and still observed in the next period (quarter). Conditional on fulfilling this condition, the variable

then acts as an indicator of whether the worker is unemployed in the next quarter. The job loss rates by job

tenure are then calculated by taking a simple average over all workers with an establishment tenure of 1

to 3.5 years (i.e. more than exactly 1 year, less than exactly 3.5 years), 3.5 to 6 years, 6 to 9 years, and

more than 9 years. Similarly, taking a simple average over all workers with a low and high education level
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yields the education-specific unconditional rates of job loss. Finally, I take the average over all workers

who returned from nonemployment within the last 4 quarters to find the rates of subsequent separation for

displaced.

In order to estimate the job-to-job transition rates, I create a similar variable (filled under the

same conditions). In this case, the variables acts as an indicator of whether the worker is employed at a

different establishment in the next quarter. In the data, this can be tracked using the establishment id num-

ber. In the model, the firm productivity y can be used for this. After all, since the marginal distribution of y

has a continuous support, the probability that two different establishments in the model have the exact same

productivity is negligible (even if the productivity distribution is very concentrated in a small interval), and

productivity is assumed to be constant throughout the employment relationship. In order to construct the

moment, I take the average by education group and recent earnings percentile group. Similarly, I calculate

the job-to-job transition rate upon displacement (by education group and recent earnings group) by follow-

ing the same procedure, but conditioning the filling of the variable of interest on the worker experiencing a

displacement event in the (current) quarter. Note that the recent earnings distribution in the model is formed

using the same method as in the data: I construct recent earnings using all observations over the preceding 5

years, whenever available, and condition on at there being at least 3 years observed, including the year pre-

ceding displacement (which coincides with the aforementioned condition on market tenure). The resulting

recent earnings percentile is then determined by ranking workers within age group only (since there is no

meaningful notion of year, gender, or location in the model).

In order to estimate the average job finding rate, a similar procedure is followed. However, for

this moment the indicator variable is only filled for currently nonemployed workers who are still observed

in the next quarter, and the variable indicates whether these workers are employed in the next quarter. To

compute the moment value, the average is taken by education group.

A.2.2 p75-p25 and median-p25 Ratios of Wages

In order to estimate the p75-p25 and median-p25 ratios of wages (by education group) in the data, I restrict

the sample to full-time workers only, along with the aforementioned restriction on market tenure. Further-

more, I restrict the observations to those who are (full-time) employed for the entire quarter. In the data,

I can then directly summarize the wage by education group, which will yield the 25th percentile, median,

and 75th percentile wage. Once these are retrieved, the p75-p25 and median-p25 ratio can be calculated

directly.

In the model, I estimate the moments by isolating all wages of employed workers (since the

model does not allow for part-time or part-period work). The 25th percentile, median, and 75th percentile
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wage can then be calculated directly by sorting the resulting vector of wages and taking out the middle ob-

servation and the observation at the 25th and 75th percentile, after which the ratios of interest follow.

A.2.3 Replacement Rate, and Average Wage of New Hires

In order to calculate the replacement rate in the model, I calculate the average wage and the average un-

employment benefit in the simulation, which follows in a straightforward way from simply restricting the

sample to employed or unemployed workers. Denoting the resulting average wage by w̄ and the average

unemployment benefit by b̄, the replacement rate then equals b̄/w̄. As mentioned in section 5, the data

counterpart is taken directly from OECD (2020).

The average wage calculated in order to calculate the replacement rate is also used when calcu-

lating the average (relative) wage of new hires. Denoting the average wage of new hires by w̄N , this moment

equals w̄N/w̄. In order to calculate w̄N , I restrict the sample to workers with an establishment tenure of

more than a quarter, and less than a year, who are (full-time) employed for the entire quarter, and were

unemployed before starting at their current establishment. Calculating the data counterpart of the average

wage w̄ uses the data equivalent of the procedure outlined above for the replacement rate, again restricting

the sample to full-time workers who are employed for the entire quarter. Note that when I estimate this mo-

ment, I omit the top and bottom 5% of observations when calculating w̄N and w̄. This is to avoid excessive

influence by some of the outliers I see in the data.

A.2.4 Average Educational Wage Premium, Overall and Upon Entry

In order to estimate the educational wage premium, I restrict the sample (in the data and in the model

simulation) to employed workers of a given education group. In order to estimate the educational wage

premium, I estimate the average wage within each of these samples (again omitting the top and bottom 5%).

Denoting this average by w̄ε, the educational wage premium then equals w̄2/w̄1. In order to estimate this

educational wage premium upon entry, I follow the same procedure, further restricting the sample to workers

with a market tenure of 3 to 5 years (i.e. more than exactly 3 years, and less than exactly 6 years).

A.2.5 Average Yearly Wage Growth

In order to estimate the average yearly wage growth, I restrict the sample in the yearly dataset to workers

with a market tenure of at least 3 years who were full-time employed for the entire year as well as the entire

next year. For each worker-year combination for which this holds, I then calculate the yearly wage growth

as wt+1/wt − 1, after which the average yearly wage growth is a simple average over workers of the same

education group (omitting the top and bottom 5%).
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A.2.6 Pre- to Post-layoff Wage Differentials

As mentioned in section 5, the calculation of the average pre- to post-layoff wage differential closely re-

sembles a difference-in-differences estimation procedure. I first identify all individuals who were working

full-time at the job from which they were laid off (this is true by definition in the model). The resulting

sample is split into 16 subsamples, by education group and unemployment duration in quarters (ranging

from 1 quarter to 8 quarters). For all workers in the sample, the pre-layoff wage is then equal to the wage

in the quarter before the layoff, provided that the worker worked full-time at this same establishment for

this entire previous quarter. Further restricting the sample to workers whose next job after re-employment

is also full-time, the post-layoff wage is equal to the average wage in the first four full quarters after starting

this job (conditional on being full-time employed for that entire quarter). The resulting wage differential

is the difference between this pre- and post layoff wage, and naturally restricts to workers who worked

full-time for the entire quarter prior to displacement as well as at least one of the four quarters following

re-employment. The same procedure is then followed for a control group of non-displaced workers (looking

forward the same amount of time as for the corresponding treatment group), after which the moment of

interest is the average of the differences in these differences across duration quarters that fall within each

group of interest (1 quarter to 0.5 year, 0.5 to 1 year, and 1 to 2 years). Thus, the moment is essentially an

average of coefficients of difference-in-difference estimations, where a separate estimation is done for each

education level and quarter of nonemployment duration.

A.2.7 Correlation between Wages and Separation

The moment estimated to aid in the identification of the copula parameter ρ is n is the regression coefficient

γ̂ in equation (A.3):

Dδ
i,t = αi + γ log(wit) + ui,t (A.3)

In the data, this equation can in principle be estimated using a standard fixed effects estimation. However,

this is quite computationally intensive to do in each iteration of the calibration. Therefore, I use the fact

that the individual fixed effect is constant over time to greatly simplify the estimation, while not discarding

an excessive number of observations. In particular, I calculate the average log wage for each individual,

restricting the calculation in the data to wages in full-quarter full-time employment. Similarly, I calculate

the average value of the separation indicator (created earlier to calculate the average rate of job loss) over

all the periods for which it is filled. Then, I rewrite the equation by subtracting the average from both
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sides:

Dδ
i,t − D̄δ

i,t = αi − ᾱi + γ log(wit)− γlog(wit) + ui,t − ūi,t (A.4)(
Dδ − D̄δ

)
i,t

= γ
(

log(w)− log(w)
)
it

+ ui,t (A.5)

As can be seen in equation (A.5), all elements on both sides of the equation now depend on both i and t, thus

allowing for simple OLS estimation both in the simulation and in the data, yielding coefficient γ̂.

A.2.8 Average Post-Displacement Earnings Losses by Recent Earnings

In addition to the baseline moments discussed above, one can in principle also directly target the results

from the empirical section of the paper. While the estimation of the regression-based results would likely be

too computationally intensive to feasibly estimate in each iteration of the estimation, the raw comparisons

from section 3.2 are much less intensive to calculate. Indeed, in generating the estimation results presented

in sections 5 and 6, I additionally target the raw average earnings losses over the recent earnings distribution

displayed in the right panel of figure 3. In particular, I target the observed earnings losses 1 and 5 years

after displacement takes place (corresponding to the k = 1 and k = 5 lines in the figure), arguing that these

provide reasonable proxies for the immediate / short-run losses and the persistence of these losses.

In order to estimate the model equivalent of these two lines, I calculate the average (yearly) earn-

ings within each percentile group, 1 and 5 years after displacement, and I do so separately for displaced

workers and non-displaced workers (who act as the control group). The corresponding moment value then

equals the relative earnings loss of the displaced worker compared to the control worker, measured as the

extent to which the displaced worker’s average earnings is lower either 1 or 5 years after displacement. In

order to avoid results being influenced by the dynamics at the very bottom and top of the earnings distri-

bution, I omit workers in the top and bottom 12 percentiles of the recent earnings distribution, generally

grouping all other percentiles in groups of four. Doing this for k = 1 and k = 5 therefore results in 38

additional moments incorporated into the estimation.

B Model Appendix

B.1 A simple job ladder model
As discussed in section 3.4, a simple job ladder model is not able to generate decreasing relative

earnings losses in pre-displacement earnings. In this section, I illustrate this by simulating a job ladder

model in the style of Burdett and Mortensen (1998) with four types of firms. In particular, I use the model
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estimation from Bowlus and Neumann (2006), and show its implications for the cost of job loss over the

recent earnings distribution.

In the model, described in some detail in Bowlus et al. (2001) and estimated in Bowlus and

Neumann (2006), workers are homogeneous, but firms differ in their productivity. In particular, four firm

types are distinguished, and the productivity of a firm of type j is denoted by Pj . The distribution of firms

across these four types is represented by γj , which denoted the probability that a firm is of type j or lower,

and firms are sorted such that a lower type firm has a lower productivity. Workers are characterized by

their reservation wage R, and receive a job offer with probability λ0 when unemployed and with probability

λ1 if employed. If a worker is employed, their match is destroyed with probability δ, the size of which is

important especially in relation to the job finding rates, defining k0 = λ0/δ and k1 = λ1/δ. As shown in

Bowlus et al. (2001) and Mortensen (1988), the equilibrium distribution of wages in this model is piecewise,

F (w) = φj(w), with the highest wage in each segment, wH,j , also being the lowest wage in the next

segment, wL,j+1, and with wL,1 = R. In particular:

φj(w) =
1 + k1

k1

[
1− 1 + k1(1− γj−1)

1 + k1

(
Pj − w
Pj − wL,j

)0.5
]

for wL,j < w ≤ wH,j (B.1)

wH,j = Pj − (Pj + wL,j)

(
1 + k1(1− γj)

1 + k1(1− γj−1)

)2

(B.2)

For this simulation, I use the estimated parameters from Bowlus and Neumann (2006), which they obtained

using data from the NLSY, restricting to fulltime work only. These parameters (and corresponding kink

points of the equilibrium wage distribution) are summarized in Table B.1.

Parameter R λ0 λ1 δ γ1 γ2 γ3
Value 115.97 0.0284 0.0077 0.0047 0.524 0.807 0.927

Parameter P1 P2 P3 P4 wH,1 wH,2 wH,3 wH,4
Value 296.4 404.64 600.45 2342.97 214.58 300.95 384.77 781.99

Table B.1: Parameter values used for the simulation of the simple job ladder, obtained from Bowlus
and Neumann (2006).

Figure B.1 shows how earnings losses (left panel) and employment losses (right panel) differ over the recent

earnings distribution in the model simulation. The figured is obtained directly from the simulated data, and

can thus be thought of as the model equivalent of Figure 3 in the main text. The right panel of Figure B.1

shows that employment losses do not depend on the worker’s position in the recent earnings distribution.

This is not quite the case in the data (where losses are decreasing in recent earnings in the short run), but

given the simple setup of the model one can nevertheless argue that the model simulation does a reasonable
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job of capturing the data here. However, when it comes to earnings, the pattern implied by the model

is opposite to the pattern observed in the data. Indeed, the left panel of Figure B.1 shows the relative

earnings loss to be increasing in recent earnings, whereas the left panel of Figure 3 revealed these losses

to be decreasing in recent earnings in the data. As such, it can be concluded that a simple job ladder

cannot generate the patterns I observe in the data. As the majority of models that have been successful in

regenerating the average earnings loss after displacement rely on a job ladder of some form, this suggests

that these models will likely imply a similar counterfactual pattern of earnings losses over the recent earnings

distribution, thus illustrating the need for a model such as the one I propose in section 4.

Figure B.1: The effect of displacement on earnings (left) and employment (right) over the recent
earnings distribution, using simulations of the simple job ladder model. The numbers underlying
the graphs are calculated directly from the (simulation) data, and are relative to workers in the
control group in the same percentile of the recent earnings distribution. Each line corresponds to
a single period, k years after the initial displacement takes place.

B.2 Further Value Functions and Worker Flows
The model presented in section 4 is a partial model in the sense that the firm side of the economy is com-

pletely passive. As a result, the model can be solved using value functions from the worker side only.

However, the value function for a producing firm can still be defined. In the model described in section

4, the value function J for a firm of type θ, employing a worker of type ε with human capital s, is as

follows:

Jε(s, ŝ, θ, θ̂) =
(

1−Rε(ŝ, θ, θ̂)
)
f(s, y) + βEs′|s,ε

{
(1− δ)

[
λeε

∫
f∈Θ2

ε(s′,ŝ,θ,θ̂)
Jε(s

′, s′, θ, f)dĜε(f)

+

(
1− λeε

∫
f∈Θ1

ε(s′,θ)∪Θ2
ε(s′,ŝ,θ,θ̂)

dĜε(f)

)
Jε(s

′, ŝ, θ, θ̂)

]}
(B.3)
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Note that the value of an unmatched firm is V = 0, and therefore the scenario of the job being destroyed

(either due to the worker making a job-to-job switch or due to the job being hit with the job destruction

shock) is not explicitly included in equation (B.3).

The description of the model in the main text (section 4) can also be used to construct a number

of worker flow equations. In what follows, denote by dε(s, ŝ, θ, θ̂) the density of employed workers of type ε

with current human capital s, negotiation benchmark human capital ŝ, matched to a firm with characteristics

θ ∈ [0, 1]2×R+, and benchmark characteristics θ̂ ∈ [0, 1]2×R+, and denote by dε(s, ŝ, θ, u) the equivalent

if this worker used unemployment as the outside option at the time of bargaining. For simplicity, this does

not consider the worker’s access to their firm’s network x, although this does affect their probability of

accepting a job-to-job transition offer Θ1
ε or using it in bargaining with their current employer Θ2

ε . Further,

let uε(s) be the density of unemployed workers of type ε with human capital s. First, define the following

densities, defined after human capital accumulation (or depreciation) takes place:

d̄ε(s, ŝ, θ, ·) = (1− ψe)dε(s, ŝ, θ, ·) + ψedε(s−∆s(ε), ŝ, θ, ·)

ūε(s) = (1− ψu)uε(s) + ψuuε(s+ ∆s(ε))

In what follows, I denote by δ̂ the separation rate corresponding to a firm with characteristics θ̂. Similarly,

the function ĝε(θ|f) refers to the probability (density) of drawing a firm with characteristics θ when drawing

from a truncated distribution informed by firm characteristics f . The flow equations can then be expressed

as follows:22

d′ε(s, ŝ, θ, θ̂) = (1− δ)

(
1− λeε

∫
f∈Θ1

ε(s,θ,x)∪Θ2
ε(s′,ŝ,θ,θ̂,x)

dĜε(f)

)
d̄ε(s, ŝ, θ, θ̂)

+ 1s=ŝλ
e
ε

[∫∫
(1− δ̂)ĝε(θ|θ̂)

(
1θ∈Θ1

ε(s,θ̂,x)d̄ε(s, s̃, θ̂, y)

)
ds̃dy

]
+λeε

[∫∫
(1− δ)ĝε(θ̂|θ)

(
1θ̂∈Θ2

ε(s,s̃,θ,y,x)d̄ε(s, s̃, θ, y)

)
ds̃dy

]}
(B.4)

d′ε(s, ŝ, θ, u) = (1− δ)

(
1− λeε

∫
f∈Θ1

ε(s,θ,x)∪Θ2
ε(s′,ŝ,θ,u,x)

dĜε(f)

)
d̄ε(s, ŝ, θ, u)

+ 1s=ŝ1θ∈Θu
ε (s)

(
gε(θ)λ

u
ε ūε(s) + λugε

∫∫∫
ĝε(θ|f)δd̄ε(s, s̃, f, f̂)ds̃dfdf̂

)
(B.5)

22Note that when I integrate over y in equation (B.4), I include all possible values for θ̂, including u, in this
integration. The same holds for the integration over f̂ in equations (B.5) and (B.6).
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u′ε(s) =

(
1− λuε

∫
f∈Θu

ε (s)
dGε(f)

)
ūε(s)

+

∫
δ

(
1− λugε

∫
f∈Θu

ε (s)
dĜε(f)

)∫∫
d̄ε(s, ŝ, θ, f̂)df̂dŝdθ (B.6)

C Additional Simulation Results
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D Data Appendix

D.1 Construction of the Regression-Based Graphs over the Recent Earnings
Distribution

In this section, I provide a more detailed description of how the figures depicting earnings and

employment losses in Section 3.3 of the main text are created from the corresponding event study graphs.

While the figures in the main text use estimations of Equation (2) with P = 10 quantiles, the example I use

in this section uses only P = 3, for expositional reasons. However, the method explained here extends to the

case of P = 10 (or the case of employment rather than earnings) in a straightforward way. Additionally, I

leave out confidence intervals (which are available upon request) from the figure. These confidence intervals

are transferred to the figure over the earnings distribution in the same way as the point estimates, on which

the explanation below focuses.

Figure D.1: Construction of a graph depicting earnings losses over the recent earnings distribution
(right) from an event study graph (left). This figure shows the construction of the line for k = 1,
where the points and levels on the left panel correspond to those on the right panel.

In Figure D.1, I focus on the construction of the line for k = 1, that is, the line that describes how the

relative earnings loss 1 year after displacement differs over the recent earnings distribution. In the left panel,

the full event study estimation is depicted. In the event study plot, I have highlighted the estimates for 1

year post-displacement for each of the quantiles. In the right panel, each of these estimates corresponds to

the point with the same color. For example, in the left panel it can be seen that workers displaced from the

highest quantile of the recent earnings distribution earn approximately 9-10% less than the control group

(the black data point). In the right panel, this point is plotted at the value for recent earnings percentile

corresponding to the mid-point of the quantile (approximately 83, since the quantile covers percentiles 67
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to 100). Doing this for each of the three data points in the left panel and connecting the three data points in

the right panel reveals the line for k = 1.

Figure D.2: Construction of a graph depicting earnings losses over the recent earnings distribution
(right) from an event study graph (left). This figure shows the construction of the line for k = 3,
where the points and levels on the left panel correspond to those on the right panel.

In Figure D.2, I repeat this procedure, but focus instead on the relative earnings loss 3 years after displace-

ment (k = 3), which is used to generate the dashed purple line in the right panel. Notably, the line is

decreasing between the first and second quantile, reflecting that in the left panel the red dashed line (cor-

responding to the second quantile) is now clearly below the blue line (corresponding to the third quantile).

Finally, the right panel of Figure D.3 shows the full figure showing the relative earnings losses over the

recent earnings distribution, alongside the event study graph (in the left panel), where the vertical lines in-

dicate the periods that were translated into the right panel using the method described above.

D.2 Additional Results from the raw data
D.2.1 Raw Displacement Scars from a restricted sample

As mentioned in Section 3.2 of the main text, the analysis based on raw averages did not impose any restric-

tions on pre-displacement tenure or establishment size, as is common in the empirical literature examining

earnings losses after displacement. In figures D.4, D.5, and D.6, I show how the results are affected by

imposing such restrictions.

As can be seen by comparing Figure D.4 with it’s equivalent from the main text (Figure 3), imposing re-

strictions on pre-displacement tenure and establishment does not substantially change the results, although
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Figure D.3: Construction of a graph depicting earnings losses over the recent earnings distribution
(right) from an event study graph (left). This figure shows the final resulting graphs side by side,
where vertical dashed lines in the left panel correspond to the periods for which the lines in the
right panel were created.

Figure D.4: The effect of displacement on earnings (left) and employment fraction (right), over the
recent earnings distribution, using a sample restricted to workers with 6 years of pre-displacement
tenure. The numbers underlying the graphs are calculated directly from the data, and are relative
to workers in the control group in the same percentile of the recent earnings distribution. Each
line corresponds to a single period, k years after the initial displacement takes place.

62



the positive gradient is not as clear after the first few post-displacement years. Similarly, splitting out the

displaced workers into those who do and do not immediately transition into a new job (as done in Figure

D.5 for earnings and Figure D.6 for employment), gives similar but weaker results compared to the main

text (Figures 4 and 5).

D.3 Additional Regression-based results
D.3.1 Additional Regression-based results

In this subsection, I present a number of exercises that test the robustness of the result from Figure 10

to splitting the sample in a number of different ways. In particular, I show that the observed decreasing

earnings and employment losses over the recent earnings distribution hold across a number of dimensions of

interest. These dimensions are generally not present in the model proposed in Section 4 (with the exception

of education), as the results from the data suggest that these dimensions do not necessarily help explain the

result from Figure 10.

In Figure D.7, I show how the pattern of earnings losses over the recent earnings distribution differs by the

worker’s education level. Comparing the two panels of Figure D.7 to the left panel of Figure 10, it can be

seen that the result does not seem to be heavily dependent on workers’ education levels. Indeed, both the

magnitude of the losses and it’s pattern over the recent earnings distribution are very similar between the two

education levels, although it can be seen that the standard errors are generally higher for the high education

level (primarily due to a lower number of observations, especially near the bottom of the distribution). A

similar conclusion can be drawn for the pattern of employment losses (the corresponding graphs are available

upon request).

In Figure D.8, I show the result of estimating earnings losses separately by the worker’s gender, which was

one of the worker characteristics taken into account when generating the recent earnings distribution. In

general, it can be seen in Figure D.8 that the pattern of relative earnings losses does not seem to depend on

gender. An exception to this statement arises for female workers in the bottom third of the recent earnings

distribution, where earnings losses are not decreasing in recent earnings in the short run (k = 1 and k = 3).

A similar observation can be made when focusing on employment losses instead (the corresponding graphs

are available upon request).

In order to estimate the results depicted in Figure D.9, I relax the criteria for being considered “treated”. In

particular, rather than requiring the worker to be displaced, I include all workers who are separated, thus no

longer requiring the establishment to be shut down or going through a mass layoff. Notably, this implies
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Figure D.5: The effect of displacement on earnings over the recent earnings distribution, for work-
ers who transitioned directly to a new job (right) and workers who did not do so (left), and using a
sample restricted to workers with 6 years of pre-displacement tenure. The numbers underlying the
graphs are calculated directly from the data, and are relative to workers in the control group in
the same percentile of the recent earnings distribution. Each line corresponds to a single period,
k years after the initial displacement takes place.

Figure D.6: The effect of displacement on employment fraction over the recent earnings distribu-
tion, for workers who transitioned directly to a new job (right) and workers who did not do so
(left), and using a sample restricted to workers with 6 years of pre-displacement tenure. The num-
bers underlying the graphs are calculated directly from the data, and are relative to workers in the
control group in the same percentile of the recent earnings distribution. Each line corresponds to
a single period, k years after the initial displacement takes place.
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Figure D.7: The effect of displacement on earnings over the recent earnings distribution, estimated
separately for workers with non-university (left) and university (right) education. The graphs
are prepared using estimated coefficients from Equation (2), and error bars correspond to 95%
pointwise confidence intervals.

Figure D.8: The effect of displacement on earnings over the recent earnings distribution, estimated
separately for male (left) and female (right) workers. The graphs are prepared using estimated
coefficients from Equation (2), and error bars correspond to 95% pointwise confidence intervals.
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Figure D.9: The effect of separation on earnings (left) and employment fraction (right) over the
recent earnings distribution. The graphs are prepared using estimated coefficients from Equation
(2), and error bars correspond to 95% pointwise confidence intervals.

that the resulting group of treated individuals may include workers who finished a temporary assignment or

who quit their job. Nevertheless, it can be seen by comparing Figures D.9 and 10 that this does not lead to

a substantial change in the magnitude of earnings or employment losses, with the exception of the short run

(k = 1) losses, which are slightly larger under this alternative definition of the treatment. Similarly, using

all separations rather than only displacements does not change the patterns of the earnings and employment

losses over the recent earnings distribution.

Figure D.10: The effect of displacement on fulltime earnings (left) and fulltime employment frac-
tion (right) over the recent earnings distribution. The graphs are prepared using estimated coeffi-
cients from Equation (2), and error bars correspond to 95% pointwise confidence intervals.

Finally, Figure D.10 shows how results change when further restricting the observations to only include

fulltime employment (and their corresponding earnings). Doing so slightly increases the employment losses
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in the short run (k = 1), but does not seem to affect earnings losses or any of the other employment losses,

or their patterns over the earnings distribution.

D.3.2 Regression-based results from a larger sample

The estimation-based results from Section 3.3 were based on a restricted sample, and in particular used the

commonly used requirement of 6 years of pre-displacement establishment tenure. In this subsection, I show

how the estimation-based results are affected by relaxing this requirement, and imposing a requirement of 1

year of pre-displacement establishment tenure instead.

Figure D.11: The effect of displacement on earnings (left) and employment fraction (right) over
the recent earnings distribution, and using a sample restricted to workers with 1 year of pre-
displacement tenure. The graphs are prepared using estimated coefficients from Equation (2), and
error bars correspond to 95% pointwise confidence intervals.

First, comparing Figure D.11, which uses the sample that pools workers who do and do not make an imme-

diate transition to a new job, to it’s main text equivalent (Figure 10) reveals that relaxing sample restrictions

seems to weaken the results for the first year after displacement. After all, the decrease in earnings losses

moving from the bottom towards the top of the recent earnings distribution is weaker in Figure D.11 than it

was in Figure 10 for k = 1. For all other years, results in the left panel of Figure D.11 are similar to those in

Figure 10, but shifted up by approximately 0.2, thus implying that average earnings losses decrease by about

20 percentage points when enlarging the sample to additionally include workers with a pre-displacement

tenure between 1 and 6 years, so that workers above the median now experience an earnings gain on average

from period k = 3 onwards. Similarly, employment losses are completely recovered by year k = 3, thus

leading the corresponding estimates to be around 0 for k ≥ 3.
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Figure D.12: The effect of displacement on earnings over the recent earnings distribution, and
using a sample restricted to workers with 1 year of pre-displacement tenure. The graphs are pre-
pared using estimated coefficients from Equation (2), and error bars correspond to 95% pointwise
confidence intervals. The right panel only considers workers who moved to a new job immediately,
whereas the left panel only considers workers who did not do so.

It is worth noting that restricting the sample to workers who do or do not spend some time in nonemploy-

ment, as done in Figure D.12, reveals the (parallel) decrease in average earnings losses discussed above to be

driven primarily by workers who transitioned to a new job immediately. Similarly, Figure D.13 shows that

most of the recovery in terms of employment is driven by workers who spend some time in nonemployment

(although an increase is also visible among workers making an EE transition at the bottom of the recent

earnings distribution). Overall, however, it remains true that while the incidence of EE switches can explain

part of the upward slope visible in the left panel Figure 10 (and Figure D.11), it is not by itself a sufficient

explanation, as the pattern remains visible when splitting the sample by EE status (especially so for workers

making an EE transition).

D.3.3 Regression-based results from an alternative estimation method

The main estimation-based results in Section 3.3, as well as the robustness exercises in the previous sub-

sections, were obtained by using the imputation-based method from Borusyak et al. (2023). However, a

number of other methods have been proposed to estimate Equations (1) and (2). In this subsection, I show

that I obtain similar results when using the interaction-weighted method from Sun and Abraham (2021).

Figure D.14 repeats the estimation from Figure 10 in the main text using the interaction-weighted method.

Comparing the two figures reveals results that are very similar, with one minor difference between the in-

creasing earnings losses in recent earnings at the very bottom of the recent earnings distribution in Figure

68



Figure D.13: The effect of displacement on employment fraction over the recent earnings distribu-
tion, and using a sample restricted to workers with 1 year of pre-displacement tenure. The graphs
are prepared using estimated coefficients from Equation (2), and error bars correspond to 95%
pointwise confidence intervals. The right panel only considers workers who moved to a new job
immediately, whereas the left panel only considers workers who did not do so.

Figure D.14: The effect of displacement on earnings (left) and employment fraction (right) over
the recent earnings distribution, relative to the control group of never-displaced workers (across
the entire distribution). The graphs are prepared using estimated coefficients from Equation (2),
estimated using the interaction-weighted method from Sun and Abraham (2021), and error bars
correspond to 95% pointwise confidence intervals.
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D.14 which was not visible in the main text.

Figure D.15: The effect of displacement on earnings over the recent earnings distribution, relative
to the control group of never-displaced workers (across the entire distribution). The graphs are
prepared using estimated coefficients from equation (2), estimated using the interaction-weighted
method from Sun and Abraham (2021), and error bars correspond to 95% pointwise confidence
intervals. The right panel only considers workers who moved to a new job immediately, whereas
the left panel only considers workers who did not do so.

Figures D.15 and D.16 display the results from repeating the estimation depicted in figures 11 and 11 of the

main text using the interaction-weighted method instead. In contrast to the results that pool all displaced

workers, discussed above, the separate estimations by EE status reveal some sizeable difference in the es-

timates between the two methods. This is especially true for the earnings losses, which are show much

more recovery for non-EE-switchers and much less recovery for EE-switchers when estimated using the

interaction-weighted method. For employment, the main differences arise between the left panels of Figure

D.16 and 12, where the short-run (k = 1) losses are estimated to be much larger across the distribution.

Nevertheless, it can be seen that the general patterns of both earnings losses (Figure D.15) and employment

losses (Figure D.16) is similar to the pattern observed in the main text.
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Figure D.16: The effect of displacement on employment fraction over the recent earnings distribu-
tion, relative to the control group of never-displaced workers (across the entire distribution). The
graphs are prepared using estimated coefficients from equation (2), estimated using the interaction-
weighted method from Sun and Abraham (2021), and error bars correspond to 95% pointwise con-
fidence intervals. The right panel only considers workers who moved to a new job immediately,
whereas the left panel only considers workers who did not do so.
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