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Abstract

To shed light on the differential impact of firm shutdowns across the distribution of workers,
we adopt the wage determination framework of Bonhomme, Lamadon, and Manresa (2019)
to uncover workers’ unobserved types. Worker types relate to workers’ position in the wage
distribution: all else equal, a higher type implies higher wages. We use the universe of social
security records of Italy’s Veneto region, one of the leading Italian regional economies, from
1975 to 2001. Based on this rich matched employer-employee data, we measure wage losses
after firm shutdowns for different worker types using an event-study framework. Aggregate
wage losses directly after a shutdown are 4.5% of the daily wage, which almost halves after
six years. This aggregate trajectory masks stark heterogeneity: top-type workers face initial
losses of 12.4%, which remain persistent even after six years. Conversely, initial losses for
bottom-type workers are 2.6%, which become statistically insignificant after six years. We
identify losses in firm tenure as the main source of wage reductions following the shutdown
of a worker’s firm. Finally, we show that the AKM model (Abowd, Kramarz, and Margolis,
1999), the current workhorse model of wage determination, does not capture this heterogeneity
and can lead to misleading conclusions regarding the sources of wage losses.
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1 Introduction

When firms shut down and lay off their workforce, the consequences can be dire for the individ-
ual worker. The employment prospects after a shutdown vary significantly between individuals:
some workers will be sought after by firms, while others will not. The literature on firm clo-
sures and mass layoffs has been informative about the aggregate consequences of job loss but
has had less to say about who suffers the most and who the least (see, e.g., Bertheau et al.,
2023; Fackler, Mueller, and Stegmaier, 2021; Farber, 2017; Helm, Kiigler, and Schonberg,
2022; Jarosch, 2021; Lachowska, Mas, and Woodbury, 2020; Schmieder, Von Wachter, and
Heining, 2023). Besides observable characteristics, be it an individual’s education or occupa-
tional position, this will hinge in no small part on unobservable factors, such as their ability.
A very capable craftsperson stuck in a failing company will likely be quickly picked up by
another firm. However, an inept manager in the same circumstances may struggle to find a new
placement.

This paper takes a distributional perspective on worker’s wage trajectories after firm shut-
downs. The main objective of the paper is to quantify the extent to which workers suffer
unequally after their layoff. We focus on the differences in the severity and the persistence of
wage losses and unpack the underlying forces that drive them.

However, meeting our objective poses a distinct challenge. We would commit classification
errors if we simply used workers’ positions in the wage distribution at a given point in time as
a reference point, as we may assign a worker to a part of the distribution that she would wusu-
ally not belong to. The solution to this problem comes in the form of the wage determination
framework developed by Bonhomme, Lamadon, and Manresa (2019), henceforth BLM. It is
a dynamic model with two-sided unobserved heterogeneity. Firms are sorted into classes and
workers into types. The firm classes result from k-means clustering based on how similar the
firms’ wage distributions are, and the worker types result from a maximum likelihood estima-
tion of the wage determination model, which accounts for both wages and mobility patterns.
BLM, thus, uncovers worker’s unobserved types, which determine their wages. Accordingly,
we sort workers into a latent wage distribution that would be inaccessible without the use of
BLM. Figure 1 demonstrates how the BLM worker type matters for an individual’s position in
the wage distribution: top worker types sort into the top deciles of the wage distribution, while
bottom types generally sort into the bottom of the wage distribution.

We apply BLM to a long-run administrative social security data set from Italy’s Veneto re-
gion (see, e.g., Card, Devicienti, and Maida, 2014; Bartolucci, Devicienti, and Monzon, 2018).
The panel data covers work histories with detailed information on workers’ wages, employ-

ment spells, and firm identifiers to describe worker mobility between 1975 and 2001. We



Figure 1: Worker Types along the Wage Distribution
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Note: Compiled by authors based on the VWH. The figure shows what share of workers sort into the year-
specific deciles of the wage distribution.

follow Bonhomme, Lamadon, and Manresa (2019) and specify ten different firm classes and
six different worker types. Sorting among workers and firms is considerable: On average, more
than one-fourth of workers in top firms (class 10) are of the highest type (type 6) and more than
a third are of the second highest type (type 5). Bottom-tier firms (class 1) hire less than 2% of
the top workers.

We then analyze the impact of firm shutdowns on wages in an event-study framework.
Based on the estimated worker types, we are able to disaggregate the overall wage losses.
On average, one year post-shutdown, wage losses are 4.5%, which almost halve after six years.
This aggregate effect, however, masks substantial heterogeneity. Investigating losses by worker
type, we find that top types face initial losses of 12.4%, which do not show any sign of recovery
over the following six years. Conversely, initial losses for bottom types are 2.6% and statisti-
cally insignificant six years later.

We also delve into the heterogeneous consequences of job losses for workers’ employment
trajectories. On average, one year post-shutdown, displaced workers are 7.1 percentage points
less likely to be in employment than comparable non-displaced workers. Six years after dis-
placement, the relative employment losses of treated workers decrease to less than 1 percentage
point, implying an almost complete recovery.

Again, there is substantial heterogeneity across worker types. While low-type workers suf-



fer the most substantial losses in the year after the shutdown (more than 11 percentage points),
their recovery is the steepest. High-type workers, instead, face slightly lower initial employ-
ment losses, which are, however, more persistent throughout the following years. Workers in
the middle of the type distribution generally face lower initial losses of about 6-8 percentage
points, and recover fully to pre-shutdown levels of employment.

To investigate the mechanisms underlying the observed wage losses, we decompose them
into the contributions from general labor market experience, firm tenure, firm classes, and
complementarities between workers and firms.

Remarkably, treated workers tend to upgrade in firm class, finding jobs in firms paying
higher wages than than their previous employer. This shields workers from larger wages losses
that they would have otherwise incurred. According to our estimates, the contribution of
firm effects to wage losses is rather modest, ranging from about -20% (upgrading) to 15%,
against the 40% to 80% found in the literature (e.g., Bertheau et al., 2023; Helm, Kiigler, and
Schonberg, 2022).

Instead, we find that for both high- and low-type workers, the loss of firm tenure plays the
dominant role in explaining wage losses. Its contribution ranges from almost 90% to roughly
70% of the aggregated wage loss within the first four years after shutdown and then diminishes
to 41% in the sixth period. This suggests that it is the surplus accumulated over time in a given
worker-firm match that explains most of the observed wage losses rather than the loss of a job
at a particularly well-paying firm.

To reconcile our findings with the literature, we replicate our analysis using the model by
Abowd, Kramarz, and Margolis (1999), henceforth AKM. Exploiting firm-to-firm mobility of
job movers to identify fixed worker and firm wage components, the authors propose a simple
two-way fixed effect linear model. Based on these fixed effects, it is then possible to classify
firms and workers into low and high types, similarly to the BLM wage determination model.
AKM has been extensively employed in inequality research (e.g., Card, Heining, and Kline,
2013; Devicienti, Fanfani, and Maida, 2019; Mueller, Ouimet, and Simintzi, 2017; Song et al.,
2019), and typically serves as the baseline model in the displacement literature (e.g., Bertheau
et al., 2023; Fackler, Mueller, and Stegmaier, 2021; Helm, Kiigler, and Schonberg, 2022; La-
chowska, Mas, and Woodbury, 2020; Schmieder, Von Wachter, and Heining, 2023).

It turns out that AKM paints a fundamentally different picture of wage losses and their
sources. First, wage losses are fairly similar in magnitude across all AKM-based worker fixed
effects groups. Second, and in line with previous literature relying on AKM, firm effects, or
firm premia, are a key driver of observed losses, particularly for low-type workers.

We posit that this discrepancy relates to how the two methodologies identify unobserved

heterogeneity. If firm-to-firm worker mobility is limited, then estimation error in AKM pa-



rameter estimates can be particularly large. This shortcoming of AKM is well-documented in
the literature and leads to an underestimation of assortative matching and an overestimation
of the role of firm premia in variance decompositions (Andrews et al., 2008, 2012; Abowd,
McKinney, and Schmutte, 2019; Kline, Saggio, and Sglvsten, 2020; Di Addario et al., 2023;
Lachowska et al., 2023; Bonhomme et al., 2023). This so-called limited mobility bias is partic-
ularly pronounced when panels are short and there are many small employers. In our data these
concerns are warranted: treated firms are typically small in size and average worker mobility
per firm is limited. Thus, in the presence of limited worker mobility, large firm fixed effects
will be found among workers with small worker fixed effects and vice versa. By contrast, BLM
is by design robust to limited mobility bias as it relies on transitions between clusters of firms
rather than between individual firms.

This, however, has important implications for the estimation of heterogeneity in wage
losses. Our findings suggest that the distribution of AKM fixed effects insufficiently captures
heterogeneous patterns in the impact of firm shutdowns on workers” wages in the region of
Veneto. Moreover, decomposition exercises based on AKM likely overestimate the contribu-
tion of firm effects to wage losses since firms with large fixed effects are falsely associated with
workers that have small fixed effects. Thus, mechanically, the wage losses of low fixed effects
workers will be ascribed in large part to the loss of the disproportionately large firm effects
attributed to them. This is precisely what we find.

Our paper contributes to several strands of labor economics. Although there is an exten-
sive literature on the general association between job displacements and wage losses (Fack-
ler, Mueller, and Stegmaier, 2021; Farber, Hall, and Pencavel, 1993; Farber, Haltiwanger,
and Abraham, 1997; Farber, 2017; Huckfeldt, 2022; Jacobson, Lal.onde, and Sullivan, 1993;
Jarosch, 2021; Lachowska, Mas, and Woodbury, 2020; Topel, 1990) efforts to describe effect
heterogeneity are still scarce (Bertheau et al., 2023; Fackler, Mueller, and Stegmaier, 2021;
Helm, Kiigler, and Schonberg, 2022; Schmieder, Von Wachter, and Heining, 2023). Therefore,
we contribute to the growing understanding of the distributional consequences of job displace-
ments, and to a better description of who is most affected by such events. Our study also
makes a methodological contribution by demonstrating that the choice of the wage determina-
tion model can significantly affect the estimation of wage losses and the understanding of what
causes them.

Policymakers can use our results to target those affected by firm shutdowns more effectively.
Our results on job matching post-layoff point to a large contribution of decreased sorting, which
costs higher types dearly in terms of wages. Since high-type workers lose up to more than 12%
of their wage, may want to consider to provide tailored assistance to help these workers search

for a better match.



The article is structured as follows: Section 2 discusses recent related literature. Section 3
describes the methods applied, and Section 4 describes the data. Section 5 presents the results,

Section 6 details several robustness checks, and Section 7 concludes.

2 Literature Review

There is a long-standing literature analyzing the effect of job displacement on workers’” wages.
Job displacements ‘scar’ workers, that is, wage growth trajectories are often permanently al-
tered for the worse (Farber, Hall, and Pencavel, 1993; Farber, Haltiwanger, and Abraham, 1997,
Farber, 2017; Jacobson, LalLonde, and Sullivan, 1993; Jarosch, 2021; Lachowska, Mas, and
Woodbury, 2020; Topel, 1990). This finding holds internationally, even though the magnitude
of the effect differs (Bertheau et al., 2023; Escudero, 2018; Gathmann, Helm, and Schonberg,
2020; Raposo, Portugal, and Carneiro, 2021).

Several explanations have been put forth. One is based on human capital theory, describ-
ing the devaluation of firm or industry-specific human capital, e.g., by Topel (1990); Jacobson,
Lalonde, and Sullivan (1993), and more recently by Huckfeldt (2022). Another strain of the
literature focuses on matching theory, emphasizing that the dissolution of a favorable worker-
employer match contributes to reduced workers’ wages (Burdett, Carrillo-Tudela, and Coles,
2020; Lachowska, Mas, and Woodbury, 2020; Jarosch, 2021; Raposo, Portugal, and Carneiro,
2021). Recent contributions support this matching-centered perspective, with many studies fo-
cusing on the relevance of firm wage premium effects (Bertheau et al., 2023; Brandily, Hémet,
and Malgouyres, 2022; Fackler, Mueller, and Stegmaier, 2021; Guerrico and Tojerow, 2021;
Helm, Kiigler, and Schonberg, 2022; Schmieder, Von Wachter, and Heining, 2023). Follow-
ing a firm shutdown, displaced workers may lose a favorable match and the associated wage
premium, i.e., they fall down the wage premium ladder.

The BLM framework allows us to simultaneously study mobility effects related to the firm,
like the wage premium ladder, while accounting for the considerable share of wage variation
due to individual heterogeneity, and for the complementarities between the two. BLM and its
advantages over other wage determination models have recently been discussed (Alvarez et al.,
2018; Bagger and Lentz, 2019; Card et al., 2018; Engbom and Moser, 2022). However, only a
few empirical applications exist. Bassier, Dube, and Naidu (2022) use BLM to estimate individ-
ual separation elasticities in the presence of monopsonistic competition. Lamadon, Mogstad,
and Setzler (2022) apply the BLM classification to analyze imperfect competition by estimating
the size of labor market rents realized by firms and workers in the US. Palladino, Roulet, and
Stabile (2021) analyze the gender wage gap in firm pay premia in France. Applying the BLM

framework in the context of an event study is a central contribution of this paper. Specifically, it



allows us to explore heterogeneous dynamics after a firm shutdown, and to identify the drivers

of the observed wage losses.

3 Method

Our empirical strategy proceeds in four steps. First, we estimate firm classes and worker types
using BLM. The worker types are the essential building block for the heterogeneity analysis that
follows. Second, we identify workers subject to a firm shutdown and match treated to control
workers based on a number of worker and firm characteristics as well as the worker types and
firm classes retrieved in the first step. Third, we estimate wage losses of displaced workers
compared to matched non-displaced workers in an event study framework; both in aggregate
and for each worker type separately. Fourth, we use an auxiliary wage determination model to

decompose the observed wage losses into individual contributions of several underlying drivers.

3.1 Recovering Firm Classes and Worker Types

We use the dynamic model proposed by Bonhomme, Lamadon, and Manresa (2019) to cate-
gorize workers and firms into latent types and classes. Unlike the workhorse model in labor
economics developed by Abowd, Kramarz, and Margolis (1999), BLM allows worker mobil-
ity between firms to depend on previous wages realizations conditional on worker and firm
attributes. In addition, wages after a move are allowed to depend on the previous firm’s char-
acteristics. Finally, BLM includes interactions between worker and firm attributes (match ef-
fects), allowing for rich complementarity patterns in wages. Thus, BLM discards three of the
major limiting assumptions of the AKM model: 1) exogenous mobility; 2) the absence of state
dependence; and 3) the non-complementarity of workers and firms.

Given the improved modeling of the wage determination process, the worker types we
recover more credibly reflect unobserved differences across workers. Following Bonhomme,
Lamadon, and Manresa (2019), we specify the model with ten firm classes and six worker types
in our primary analysis.

Defining unobservable firm heterogeneity at the level of firm classes rather than at the indi-
vidual firm level has two main advantages: first, the cluster aggregation allows for the inclusion
of small firms. In the AKM world, this is typically not possible since all firms need to form a
connected set of worker-firm movements. In the BLM framework, such a connected set only
needs to exist at the cluster level. Second, since identification requires worker mobility only at

the level of firm classes, limited mobility bias is considerably less likely to be a concern.!

I'See also Palladino, Roulet, and Stabile (2021) for a detailed discussion.



We estimate the dynamic version of BLM, which requires wage information for five-year
intervals. The model groups workers into two categories: stayers remain in the same firm the
entire time, while movers are in the same firm in years one and two and move to a new firm in
year three, where they remain employed in years four and five.

The estimation proceeds in two steps: first, firms are classified according to their wage
distributions by solving a weighted k-means problem. In particular, firms are grouped into
clusters based on how similar their wage distributions are. This step only includes the wages
of stayers in the sample. Second, we use the firm classes to retrieve parameter vectors of
wage densities and worker-type distributions for stayers and movers in a maximum likelihood
procedure. The wage-setting processes in these functions are defined for stayers and movers

and expressed as means of wages conditional on the respective period, firm classes, and worker

types.

3.2 Matching

Individual workers are considered treated if they were displaced following a firm shutdown. Po-
tential control units are all workers who have never faced a shutdown event. In order to ensure
that workers in the control group do not systematically differ from those in the treated group,
we apply Coarsened Exact Matching (Iacus, King, and Porro, 2012). We match on the fol-
lowing characteristics: worker type, firm class, sex, year, occupational group (manager, white
collar, or blue collar worker), one-digit-industry classification, wage decile, ten-year age and
three-year establishment tenure brackets, as well as firm size category. Our matching procedure
ensures that we compare only workers within the cells created by the matching characteristics.

We match displaced workers to controls between three and four years before the firm shut-
down (at k = —4) since wage losses for displaced workers may already occur prior to the actual
closure of the firm (see also Helm, Kiigler, and Schonberg, 2022; Couch and Placzek, 2010).

Our matching procedure works well as Table 1 in Section 4 illustrates.

3.3 Event Study

Since our empirical strategy combines the BLM framework with an event study design, we need
to ensure that the classification of workers and firms is unaffected by the event itself, i.e., the
firm shutdown. Thus, we estimate worker types and firm classes on five-year-rolling windows.
In this way, we obtain year-specific firm class and worker type classifications, ensuring that for

a displaced worker, and the respective control units, an up-to-date classification at the time of

2 A more detailed discussion is provided in Appendix A.



matching is available.’

We perform the event study analyses using linear regression and control for individual and
year fixed effects as well as a set of dummies for the pre- and post-shock relative periods and
their interactions with the treatment dummy. The reference period is the time of matching
(k = —4). The post-shock interaction dummies measure the average treatment effect on the

treated of a firm shutting down. The regression equations take the form

6 6

Y= ), wPi+ Y &PixTitvituter, (1)
k=—6,k#—4 k=—6,k#—4
where Y} is the outcome of interest for person i in year ¢, e.g., log daily wages. {Pl’; }::_ 6.kt—t
is a set of relative period-dummies running from -6 to 6, but excluding k = —4, the period of

matching®, with a shutdown occurring between period k = —1 and k = 0 such that k = 0 cor-
responds to the first wage observation post displacement if the displaced worker finds a job
directly in the year following the shutdown.> T; is the treatment group dummy, V; is an indi-
vidual fixed effect, 7; is the year dummy, and €;; is an idiosyncratic error. The coefficients of
interest are the 8 ’s.

Identification relies on the common trends assumption. This requires that in the absence of
the shutdown, the wage dynamics for those who were displaced would have been the same as
for the control group.® If this assumption holds, the differences in outcomes between control
and treatment following the shutdown give the causal effect of the shutdown on wages. A
common way to investigate the plausibility of the common trends assumption is to show pre-
trends, that is, outcome differences prior to the shutdown. In our case, it is plausible that there
are relevant anticipation effects and that wages may change in the run-up to the shutdown.
Therefore, it is the pre-trends before matching (k < —4) are informative about the common
trend assumption.

We do not impose any restrictions on the size of firms. Therefore, our approach differs
in this regard from analyses focusing on mass layoffs. The reason for this is twofold: first,
the Veneto region includes many small businesses and firms. Focusing on mass layoffs would
provide an incomplete picture of the wage impact of firm closures. Second, recent findings

suggest that the effects of firm shutdowns highly differ by firm size, highlighting the importance

3We investigate the stability of worker types and firm classes over time in Appendix B.

4We exclude this period to avoid perfect multicollinearity in the dummy set.

3Since we only keep the main spell in a given year, short-lived employment spells occurring between the
shutdown and the following main spell are disregarded. Note as well that the first wage observation for a given
worker may occur well after k = 0 if it takes the worker longer to find a new job.

6See, for example, Sun and Abraham (2021) and Goodman-Bacon (2021) for recent expositions on the topic.



of including smaller firms (Fackler, Mueller, and Stegmaier, 2021).7

34 AKM

To understand how our BLM results compare to the those obtained using the workhorse AKM

model, we estimate the following AKM specification:

Wi = &+ Xy B + X B/ + 6, + v + &, 2)

where w;; are log daily wages, X" and X/ are time-varying worker and firm characteristics,
respectively,, 6; is the worker fixed effect, y; is the firm fixed effect, and €; is an idiosyncratic
error.

Identification of firm and workers effects in AKM is possible within a given connected set
of employers linked by worker mobility (Abowd et al., 2002). Such a connected set contains all
the workers who have ever worked for any of the firms in the group and all the firms at which
any of the workers were ever employed. Within each group, all the parameters in Equation 3.4
can be estimated by OLS and J-1 firm fixed effects, y;, will be identified.

In our implementation of AKM, we include a cubic of worker age and year-fixed effects
as the observed covariates. Further, to mirror the related literature and our implementation of
BLM, we estimate a five-year rolling window AKM.

We then construct worker types and firm classes based on the estimated 6;’s and y;’s,
respectively. In particular, to make the AKM and BLM analyses comparable, we generate ten
quantile groups based on the estimated firm fixed effects, and six quantile groups based on the

estimated worker fixed effects. This gives us the AKM firm classes and worker types.

3.5 Decomposition framework for wage losses

Our analysis also sheds light on the sources of wage losses. To decompose wage losses from
firm shutdowns, we adopt a framework that integrates labor market experience and firm tenure
in addition to firm classes and worker effects. The decomposition is a multi-step procedure that
builds on the estimation of the wage determination model. When we decompose wage losses
after the estimation of BLM, we proceed in three steps. The first step consists of the following

auxiliary regression:

"In Section H.2, we present an additional analysis where we restrict the size of firms to maximize comparability
with the literature on mass layoffs.

10
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where w; is the log daily wage for person i in year 7. ; are the regression coefficients of
the indicator functions Fif. The latter are equal to one when the worker’s BLM firm class is
k and, analogously, o; are the regression coefficients of indicator functions Wl-i. The latter are
equal to one when the worker’s BLM type is [. Accordingly, by interacting these indicators,
we can estimate 7, which measures complementarities between firms and workers.® The
variable experience;, measures a worker’s labor market experience.’ The variable tenure_firm;,
measures the length of the employment spell at the current firm. We estimate separate quadratic
labor market experience and firm tenure functions interacted with the indicator function for
BLM worker types, Wli This gives the experience coefficients, A;; and A;», and the firm tenure
coefficients, A;3 and A4, respectively. Finally, we include individual fixed effects, v;, year fixed
effects, 7;, and the idiosyncratic error €.

The second step consists of predicting several components from this auxiliary regression.
In total, we calculate four components: 1) the experience component, 2) the firm tenure com-
ponent, 3) the firm (class) component, and 4) the complementarities component. We use the
coefficients {; to predict the firm component, the coefficients A;; and A;, to predict the experi-
ence component, the coefficients A;3 and Aj4 coefficients to predict the firm tenure component,
and the coefficients 1y, to predict the complementarities component.

The third step consists of estimating the event study coefficients for wage losses but using
only one of the wage components as the outcome. The ratio of the component-specific event

study coefficient to the event study coefficient on the total wage determines the contribution of

8This is similar in spirit to the AKM-style variance decomposition in Bonhomme, Lamadon, and Manresa
(2019), where complementarities are measured by the interaction of worker types and firm classes. By contrast,
Helm, Kiigler, and Schonberg (2022), who decompose wage losses after mass layoffs in the German manufac-
turing sector in an AKM framework, interpret the regression residual as the match effect. Lachowska, Mas, and
Woodbury (2020) estimate match quality by explicitly decomposing the AKM residual.

9Because of data restrictions, this variable is measured with error for a subset of the workers in the dataset.
Since we we do not observe the date of labor market entry for individuals entering the labor market before 1975
and thus cannot count all spells of employment, we estimate separate experience and firm tenure coefficients for
individuals born before 1962. See Section 4 for a description of the variable.

11



the component to the total wage loss. Note that this ratio can be larger than 1 and can also be
negative.

For the AKM decomposition, the procedure is adapted slightly and involves four steps. The
first step consists of removing the previously estimated AKM firm effect, {J;;, from the log daily

wage wj;:

Wit = Wit — Yt .

The second step then proceeds with these residualized wages, and we estimate

L
Wi = Z A IWii X experience;, + Alzwiﬁ X experienceiz,

=1

+ Y Xi3Wi x tenure_firm;, + AW} x tenure_firm3,

L
=1
Vit T+, @

where Wli are dummy variables equal to one if a worker belongs to one of L worker fixed
effect quantile groups formed by the estimated AKM worker fixed effects. In our case we have
L = 6, as discussed above. Just as with BLM, we use an auxiliary regression to predict the
different components driving the wage loss. However, in the AKM decomposition, firm effects
are already estimated outside of the auxiliary regression, and by virtue of the AKM design,
there are no terms capturing complementarities. Note that complementarities, therefore, will
be contained in the residual.

Steps 3 and 4 are analogous to steps 2 and 3 in the BLM decomposition, although the firm

component of the wage loss is directly measured by the AKM firm fixed effects.

4 Data

Our analysis is based on the Veneto Worker History (VWH) file. This is an administrative,
matched employer-employee panel data set, which follows workers over time and across dif-
ferent employers. It is obtained from the administrative records of the Italian Social Security

System, and it includes the universe of workers employed in the private sector in Veneto'? from

10Veneto is one of the 20 administrative regions in Italy. It represents around 10 percent of the national GDP,
and its economy relies on a well-developed manufacturing sector, has a close-to-natural unemployment rate and
limited out-migration, making it comparable to other well-developed Western economies (Devicienti, Fanfani, and
Maida, 2019).

12



1975 through 2001.'" The dataset provides extensive information on labor market character-
istics and has been utilized by a large number of researchers in labor economics and related
fields (Card, Devicienti, and Maida, 2014; Bartolucci, Devicienti, and Monzon, 2018; Devici-
enti, Fanfani, and Maida, 2019; Serafinelli, 2019; Kline, Saggio, and Sglvsten, 2020; Fanfani,
2022). For each year in the sample, the data includes information on the job spells of each
worker ever employed in Veneto, providing detailed information on the worker’s wages and
income, job spell length, occupation, age, and gender, all alongside basic information on the
employing firm. Importantly, the VWH includes the job spells of those workers who moved
outside the Veneto region throughout their careers as long as they remain employed in the pri-
vate sector. Workers employed in agriculture, public administration, public services (e.g., the

health system and railway transportation), and the self-employed are excluded from the sample.

Employment, Earnings, and Wage Information In the analysis, we rely on the primary job
spell per year between 1982 and 2001 (Card, Devicienti, and Maida, 2014; Devicienti, Fanfani,
and Maida, 2019; Fanfani, 2022).!? In cases where a worker has multiple job spells in the same
year, we select the longest spell in terms of weeks worked. If this criterion is not sufficient,
we prioritize the job spell with the highest earnings. In the VWH, earnings are defined pre-tax,
including all in-cash benefits, but excluding all in-kind ones. For the main analysis, we rely on
(log) daily wages from the main job expressed in 2003 euro prices. Daily wages are constructed
by dividing the earnings by the number of days in a given main job spell within a year. We drop

part-time workers from the analysis.

Residualized Wages The BLM estimation of worker types is based on residualized wages in
order to control for basic observable heterogeneity. To do so, we regress log daily wages on a

gender dummy, a cubic polynomial of age, their interactions, and a set of yearly fixed effects.

Firm Shutdowns Due to the longitudinal design of the dataset, we can trace the employment
trajectories of firms over time. A firm is deemed to have ceased operations when it no longer
appears in social security records, as indicated by the absence of any employment affiliations
(job spells) linked to the employer in question. Note that within the context of the VWH,

the term ’firm’ is a broad concept, referring to any unit functioning as an employer. These

1See Tattara and Valentini (2010) for details.

2Following Devicienti, Fanfani, and Maida (2019), information on earnings is only used from 1982 onwards,
that is, we exclude earnings from years in which the wage indexation system (ScalaMobile) was strongest. See
Leonardi, Pellizzari, and Tabasso (2019) for details. This implies that variables such as tenure and labor market
experience are calculated using the entire sample period, whereas BLM model parameters are estimated beginning
in 1982.
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units may range from single establishments to expansive conglomerates, contingent on how
payroll and social security contributions are administered. Each employer unit is allocated
a distinct identifier, which is subject to change in the event of a change in ownership or if
the employer moves to a new municipality. Therefore, mergers and acquisitions might mask
as firm shutdowns.'> The VWH history archive is, however, complemented with auxiliary
information reconstructing the starting and ending date (if applicable) of any job spell recorded,
independently from mergers and acquisitions, addressing the issue of potential distortions in
firm mortality rates.'* Ultimately, we confine our analysis of shutdowns solely to firms located

in Veneto.!?

Labor Market Experience and Tenure We calculate tenure as the cumulative sum of months
in paid employment registered in the VWH archive. Accordingly, we calculate a worker’s occu-
pational and firm tenure as the cumulative sum of months worked in the same occupation, i.e.,
blue collar worker, white collar worker or manger, and in the same firm, respectively. For these
reasons tenure is left-censored at the year 1975, the earliest year in the dataset. We address this

censoring as described in the previous section.

Working Sample The working sample consists of treated workers, i.e., workers who have
been displaced following the closure of their employing firm, and matched control workers
who have never been affected by a firm shutdown.'® The sample is restricted to male workers
between the ages of 18 to 65 and female workers between the ages of 18 to 60, accounting for
differences in the eligibility criteria for old-age pension.!”

Descriptive statistics for the treatment and control group are provided in Table 1. The

13Such cases are, however, very limited and occur in only 2.3% of the firms in our sample.

14GQuch information has been previously used in Card, Devicienti, and Maida (2014) and in Bartolucci, Devi-
cienti, and Monzo6n (2018) to adjust workers’ tenure in each job, and it is provided in an auxiliary dataset called
spell.dta (see Tattara and Valentini, 2010). Because workers are followed across firms that change their identi-
fication number due to false mortality episodes, we are able to assign a unique firm ID to all the firms involved.
Specifically, the assigned identification number corresponds to the ID of the largest firm among those that are
connected by false mortality cases.

15Since workers” employment histories are tracked even if they leave the Veneto labor market, the VWH dataset
contains information on firms located in all Italian regions. However, the job spells of the entire workforce in these
firms are not matched to the data, and reliable information on firm mortality cannot be assessed.

161n case a worker experiences multiple shutdowns, we only consider the first one.

17Before the 2011 pension reform, the eligibility threshold for old-age pension for private sector workers was
a minimum age of 65 years with at least 20 years of paid social security contributions for men, and women had
to be at least 60 years old with 20 years of social security contribution. Earlier retirement was possible at any age
for workers who had paid social security contributions for at least 35 years (Bertoni and Brunello, 2021). Before
1992, the age cutoff was 60 years for both male and female private sector employees, conditional on 15 years of
paid social security contributions. In Appendix H.3, we show that our results are robust to restricting our sample
to workers between the age of 25 and 55.
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Treated Control A S.E.

Daily Wage 59.479  59.560 -0.081 0.120
Share of Women 0.327 0.327 0.000 0.003
Age 34.800 34.845 -0.046 0.052
Tenure in Months

in same Firm 114.722 114.312 0.410 0.270
in same Occupation 125975 124.796 1.179 0.269

Firm Size (share)

<50 0.731 0.664 0.068 0.003
50-100 0.095 0.140 -0.045 0.002
100-250 0.127 0.147 -0.020 0.002
250-500 0.030 0.032 -0.002 0.001
>500 0.017 0.017 -0.000 0.001

Occupation (share)

Blue Collar 0.831 0.831
Manager 0.003 0.003
White Collar 0.166 0.166
Worker Type (share)

1 0.075 0.075
2 0.188 0.188
3 0.360 0.360
4 0.281 0.281
5 0.074 0.074
6 0.022 0.022

Firm Class (share)

1 0.057 0.057
2 0.135 0.135
3 0.173 0.173
4 0.133 0.133
5 0.150 0.150
6 0.096 0.096
7 0.097 0.097
8 0.101 0.101
9 0.048 0.048
10 0.011 0.011
N of workers 19,846 101,253

N of firms at time of shutdown 8,866 34,481

Notes: Compiled by the authors based on the VWH. The table compares treated and control groups at the time of matching (k = —4). Means
test results are reported in the third and fourth columns, where we include differences and standard errors respectively.

Table 1: Descriptive Statistics
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treatment and control group consists of 19,846 and 101,253 workers, respectively. In total,
8,866 firm shutdowns between 1989 and 1994 are considered.!® The similarity in all covariates

between the two groups demonstrates that our matching procedure works well.

5 Results

This section provides the results of our analyses: first, we start by discussing some descriptive
evidence relating to the BLM estimation. Second, we turn to the event study, providing results
for wages and employment, both aggregated and by type. Moreover, we discuss transitions
between firm classes after firm shutdowns. Third, we decompose the observed wage losses to
identify their main drivers for different worker type aggregations. Fourth, we benchmark our

results using firm classes and worker types retrieved from the AKM model.

5.1 BLM Descriptives: Worker Types and Firm Classes

BLM uncovers a considerable amount of sorting. In Figure 2, we describe the BLM classifica-
tion, where the left panel shows the average of residualized log daily wages of the six worker
types along the ten firm classes, and the right panel shows the proportions of worker types

within firm classes.

8This ensures that we have sufficient years pre- and post-shutdown available to track the wage and employment
trajectories of affected workers.
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Figure 2: Worker Types and Firm Classes
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Note: Compiled by authors based on the VWH. The left panel shows the mean log residual wages of worker
types along firm classes. The right panel displays the proportion of worker types in different firm classes. The
two panels are based on the BLM specification.

The left panel shows that for classes 3 to 9, the worker types are mostly stratified along the
wage distribution. For firm classes 1, 2, and 10, the residualized mean log wages of the worker
types partly overlap. Two points merit attention: First, workers of type 1 mark an exception in
that they manage to overtake worker type 2 to 4 in terms of their wages if they are in firm class
7 to 9 and even earn higher wages than top type workers if they are in the highest firm class.
Second, observe that the slope of wages for workers of type 6 changes notably when moving,
for example, from firm class 5 to 6. These patterns illustrate the relevance of worker-firm
complementarities.

The right panel reveals strong sorting between workers and firms: high-type workers are
employed in high-class firms and vice versa. The workforce of top firms (class 10) consists, on
average, of 27% top workers (type 6) and 36% of the second highest type (type 5). Bottom-tier
firms (class 1) hire less than 2% of top-type workers.

Table 2 in Appendix C describes the BLM worker types along observable characteristics.

While top-type workers tend to work in larger firms and are more likely to be managers or white
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collar workers further down the type distribution, the discrepancy with respect to, for example,
age or tenure is rather small and not systematic. Overall, Figure 2 and Table 2 suggest that the
classification of worker types goes beyond merely reflecting differences in wages and a number
of observable characteristics that are typically deemed important in the wage determination

process.

5.2 Event Study

Aggregate Wage Losses We estimate the aggregate effects of firm shutdowns on wage losses
based on equation (1). We find that job displacement after firm shutdowns leads to significant
wage losses for treated workers compared to the control group. Figure 3 plots six years before
and after the firm shutdown, and shows the average wage difference between the two groups.
Our estimates show a significant wage drop in the period directly after the firm shuts down
(k= 0). We find that displaced workers earn, on average, 4.5% lower wages after the shutdown
of their firm. These losses shrink to 2.5% after six years.

The wage losses are smaller than what most of the recent literature has found, where they
differ both in size and recovery rate. Based on German data, Helm, Kiigler, and Schonberg
(2022) and Gathmann, Helm, and Schonberg (2020) find around 8% to 9% initial losses with
a small recovery. Analyzing US recessions, Huckfeldt (2022) finds losses of around 7% for
workers who do not switch occupations, and considerably larger ones, of 18.1%, for those who
do. Analyzing Italy, Bertheau et al. (2023) estimate initial losses of around 7%. Only two
recent studies, however, are directly comparable with our specification, as they also do not
focus on mass layoffs. Relating firm closures to the business cycle in Germany, Schmieder,
Von Wachter, and Heining (2023) observe wage losses of 9%, which reduce to 6% over the
following periods. Also using German data, Fackler, Mueller, and Stegmaier (2021) find initial
wage losses of around 5.3%, which fall to 2.9% after five years. They specifically include
smaller firms, which makes their estimates highly comparable to our analysis. '

In the years prior to the shutdown, the difference between the treatment and control group
is close to zero. Importantly, this also holds for the periods pre-matching (k = —5, —6), which
confirms the quality and reliability of our matching procedure. Note that for the wage ob-
servation just before the shutdown, the coefficient is slightly larger than zero. Since this is a
pattern that will hold for several of the type-specific event studies, it is useful to explain the
mechanics behind this: workers laid off due to an imminent shutdown may receive severance

payments. Since workers’ wages are simply income divided by days worked in the main job,

9To increase comparability of our results to the literature, we exclude firms that have fewer than 30 or more
than 500 employees in Appendix H.2. The wage losses are close to the primary analysis. However, the recovery
rate is slightly smaller.
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Figure 3: Wage Effects of Job Displacement after Firm Shutdown
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Note: Compiled by authors based on the VWH. The figure displays event study coefficients of log wage losses
after a firm shutdown conditional on employment based on the BLM specification. 95% confidence intervals
are represented by the horizontal whiskers in the figure.

such severance payments can mask as raises in pay in k = —1.

Type-specific Wage Losses Wage losses differ substantially across the six BLM worker
types. Figure 4 depicts the event study estimates for each type. Compared to the aggregate,
type 1 workers face lower initial wage losses of 2.6%, and the difference to the control group is
non-significant four years after the shutdown. Type 2 workers suffer slightly larger initial losses
of 3.4%, but follow a similar recovery trajectory thereafter. The initial wage losses of worker
types 3 and 4 amount to more than 4%, yet they reduce to about 2% after six years. Strikingly,
and by contrast to all other types, the losses of types 5 and 6 show no sign of recovery even after
six years. Type 5 workers face initial losses of 8.3%, which hardly change thereafter. The losses
of type 6 workers initially lie at 12.4% and continue to hover around 10-12% with no sign of
recovery. Finally, for both type 5 and 6 workers initial losses are statistically indistinguishable
from the losses six years after the shutdown.

The heterogeneous effects for different worker types have several implications. Even though
all worker types are negatively affected by a firm shutdown, the magnitude of losses and the
recovery over time are considerably different. As wages increase in worker types, a shutdown

appears to be a transitory shock for low type workers, while high-type workers face a persistent
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Figure 4: Wage Effects of Job Displacement by Type
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Note: Compiled by authors based on the VWH. The panels display event study estimates for each worker type
of the effects of job displacement after a firm shutdown on log-wages, conditional on employment. results
in Figure 4 are based on the BLM classification. 95% confidence intervals are represented by the horizontal
whiskers in the figure.
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drop in their wages.

Worker mobility A reason for the differential impact on wages could be that higher types
fall down the wage premium ladder (Bertheau et al., 2023; Brandily, Hémet, and Malgouyres,
2022; Fackler, Mueller, and Stegmaier, 2021; Guerrico and Tojerow, 2021; Helm, Kiigler, and
Schonberg, 2022; Schmieder, Von Wachter, and Heining, 2023). Since it is difficult and time-
consuming to ’climb the ladder’ again, we observe a persistent reduction in wages for top types.
We examine the relevance of mobility patterns across firm classes post-shutdown in Figure 5.
The figure compares changes between the time of the matching (k = —4) and the first period
post-shutdown (k = 0). The panels on the left show regular mobility patterns in the control
group; the panels on the right show mobility of displaced workers across firm classes after
shutdowns. The upper two panels display transitions of type 1 workers, and the lower two
those of type 6 workers.

Figure 5: Transitions Across Firm Classes by Worker Type
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Note: Compiled by authors based on the VWH. The figure displays worker-type specific transition frequencies
within and between firm classes for treated and control observations. The figure shows whether workers
upgrade, downgrade, or remain in the same firm class.
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Type 1 workers are typically found in lower firm classes, while the opposite is true for
high-type workers. Interestingly, however, absent a shutdown event, type 1 and type 6 workers
up- and downgrade with fairly similar probabilities (left panels). Thus, higher types are not
disproportionately more likely to downgrade than low types as one would expect if strong
regression-to-the-mean dynamics were present.

Rather, there are significant differences between types within the treatment group. Dis-
placed type 1 workers are significantly less likely to remain in the same firm class than their
counterparts in the control group who are not forced to move, which is almost entirely driven
by a higher upward mobility. Hence, at least in terms of sorting across firms, these workers
appear to benefit from the firm shutdown. One potential explanation is that they were stuck in
subpar matches. This may occur, for instance, when workers are not fully informed about their
outside options (Jiger et al., 2023).

For displaced type 6 workers the opposite is true: more than half of them downgrade in
firm class post-shutdown. In total, they are almost twice as likely to downgrade than displaced
type 1 workers. A simple difference-in-differences calculation suggests that the effect of a
shutdown on the probability of downgrading is roughly ten times higher for a type 6 than for a
type 1 worker. Therefore, firm shutdowns decrease the degree of positive assortative matching.

Figure 20 in Appendix D summarizes the mobility results across all worker types. The fig-
ures confirm the findings above: displaced workers of a lower type upgrade, while the opposite
is true for high-type workers.

Similarly to Figure 5, Figure 6 compares the mobility of treated and control workers across
industries, spanning the time from the matching period (k = —4) to the initial post-shutdown
phase (k = 0). The figure shows outcomes for worker types 1 and 6 in the upper and lower pan-
els, respectively.?’ Two notable observations emerge from this analysis. First, there appears to
be little discernible sorting of worker types across sectors, as evidenced by the similar distribu-
tion of worker types 1 and 6 over industries. Second, while movements across sectors appear to
be the exception rather than the norm, its likelihood increases significantly for workers affected
by a firm closure. Specifically, 19.6% of treated type 1 workers and 29.4% of treated type 6
workers transition to different industries, compared to 6.1% and 11.3%, respectively, within the

corresponding control groups.

20 A summary of industry mobility patterns for all worker types can be found in Figure 21 of Appendix D.

22



Figure 6: Transitions Across Industry by Worker Type
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Note: Compiled by authors based on the VWH. The figure displays worker-type specific transition frequencies
within and between the industrial sector for treated and control observations. The figure shows whether work-
ers change or remain in the same industry.

Aggregate employment effects Next, we examine differences in employment effects of firm
closures in order to complement our analysis of wage losses. Figure 7 shows the employment
trajectory of displaced workers relative to non-displaced workers up to six years post-shutdown.
We restrict the sample to those individuals who will regain employment at some point during

their labor market career.?!

This implies that the observed employment effects constitute a
lower-bound estimate.

The figure reveals that displaced worker are, on average, 7.1 percentage points less likely
to be in employment in the year following the shutdown event. Thereafter, however, there

is a fairly steep increase in the probability of reemployment. Six years after displacement,

2I'We observe employment spells until the year 2001, which is the last year in our data. Displacement events
considered in our analysis occur between 1986 and 1991. Therefore, individuals are observed for a maximum of
15 years post-shutdown. If they have not regained employment within that time frame, we do not consider them
here. We opted for this approach since we do not want to classify individuals as unemployed who may have gone
into early retirement, entered self-employment, or left the labor market in favor of non-employment.
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the relative employment losses of treated workers decrease to less than 1 percentage point,

implying an almost complete recovery.

Figure 7: Employment effects of Job Displacement after Firm Shutdown
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Note: Compiled by authors based on the VWH. Figure 7 displays event study estimates employment losses after
a firm shutdown conditional on employment based on the BLM specification. 95% confidence intervals are
represented by the horizontal whiskers in the figure.

The effects on employment are smaller in size than, for example, in Bertheau et al. (2023)
or Helm, Kiigler, and Schonberg (2022), and similar in size to Fackler, Mueller, and Stegmaier
(2021) or Schmieder, Von Wachter, and Heining (2023). Interestingly, the employment recov-
ery we observe is typically not seen in studies focusing on mass layoffs. Displaced workers
from smaller firms seem to return faster to the workforce, potentially due to less regional com-

petition and other spillover effects implied by mass layoffs.

Type-specific employment effects Figure 8 disaggregates the employment losses by type.
While type 1 workers suffer the largest losses in terms of employment - their employment
probability drops by more than 11 percentage points in the year after displacement - their re-
covery trajectory is steep: four periods post-shutdown, the difference in employment between
displaced and non-displaced type 1 workers is indistinguishable from zero. Worker types 2 to
5 experience a notably smaller drop in their employment probability (around 6-8 percentage
points), and, similar to type 1 workers, they recover quickly over the subsequent years. Dis-

placed workers of type 6, however, are not only almost 10 percentage points less likely to be
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in employment in the year after the shutdown than their non-displaced counterparts, their drop
in employment is also quite persistent. Even six years after the shutdown, the difference in the
employment probability between type 6 workers in the treatment and control group is close to 4
percentage points. This implies that the substantive wage losses of top-type workers cannot be
solely explained by displaced high-skilled workers trading off wages and employment. While
they do tend to find reemployment somewhat quicker directly after the shutdown than type 1
workers, they are considerably less likely to be employed than their non-displaced counterparts
even years after displacement; and those who do find a job, earn, on average, significantly lower
wages.

While we focus on wage losses and employment effects in our primary analysis, we also
discuss the results for yearly earnings in Appendix E. In contrast to daily wages, yearly earnings
account for lost income during intra-year non-employment spells. Displaced workers’ earnings
drop by about 24% in the year following displacement and stay roughly 4-5% lower six years
post-shutdown. In line with the combined results for wages and employment, initial earnings
losses are particularly pronounced for low (type 1) and high types (types 5 and 6). While the

former recover from their earnings losses over time, the latter do not.
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Figure 8: Employment Effects of Job Displacement by Type
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Note: Compiled by authors based on the VWH. The panels display event study estimates for each worker type
of the effects of job displacement after a firm shutdown on employment status. Results in Figure 8§ are based
on the BLM classification. 95% confidence intervals are represented by the horizontal whiskers in the figure.

5.3 Decomposition of Wage Losses

What are the underlying drivers of workers wage trajectories after they have been displaced
because of a firm shutdown? To answer this question, we rely on the decomposition framework
described in Section 3. We focus on the following sources of wage loss: 1) general labor mar-
ket experience; 2) firm tenure; 3) firm effects; and 4) complementarities between worker and
firm.?? Firm effects are captured by a dummy set for the BLM firm classes and complementar-

ities are captured by the interaction of firm class and worker type dummies.

Aggregate Losses Figure 9 shows the decomposition of the aggregate wage loss. Almost all
of the wage loss can be attributed to the loss of firm tenure for the first four periods. The con-
tribution ranges from almost 90% to roughly 70%. After the first four periods, the contribution

of firm tenure diminishes rapidly, from 62% in the fourth year to 41% in the sixth period. Loss

22Since our information on occupation is limited to a few broad categories, introducing occupational tenure into
the decomposition is not feasible.
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of labor market experience plays a minor role for the first four periods as contributions slowly
increase from about 6% to about 14%. In period six, the contribution grows to approximately
22%.

These off-setting dynamics can be understood considering what we have shown regarding
employment. For most worker types, the bulk of unemployed workers have rejoined the work-
force after the fourth period post-shutdown. Workers who rejoin in year 0, that is, immediately
after being laid off, hardly lose any labor market experience, but they do lose all of their firm
tenure. Workers who rejoin later have lost both their firm tenure and some labor market ex-
perience. Therefore, the relevance of labor market experience gradually increases as workers
trickle back into employment.

We can understand the contribution of firm effects through the same lens: Workers who find
a new job early are likely to accept it from firms that are at least of the same quality as their old
firm, that is, they are more likely to upgrade to a higher firm class, while workers who rejoin
the labor market later are more likely to accept the offer of a lower pay firm.>> Therefore, we
see a positive effect of the firm class of between 7-10% in the first four periods and a reversal
after period 4.

Our findings show that time-invariant complementarities beteween firm classes and worker
types do not seem to be relevant for wage losses after firm shutdowns. Lastly, the residual, that
is, the part of wage loss we cannot explain using the sum of the components, is fairly small:
it amounts to between 10% and 27%. It only exhibits a consistent time trend for the last three
years as it grows from about 11% to 27%.

Firm tenure clearly explains a very large share of the overall wage loss. This component,
however, picks up time-variant match effects. Surplus stemming from a specific worker-firm
match may not materialize immediately, but evolve over time as both parties in the employ-
ment relationship adapt more and more to one another. This also suggests that at least some
of the wage loss results from workers changing their occupations and industries as they re-
join the workforce. In Appendix F, Figure 24, we augment the decomposition equation with
year-specific industry and occupation dummies and make this component explicit. The results
confirm that part of the contribution attributed to the loss of firm tenure stems from changes in
industry and occupation. For example, the contribution of firm tenure in period 3 is reduced

from 73% in the baseline analysis to about 60%.

23 Note that these dynamics are unlikely to be driven by re-classification of firms within the BLM framework
as firms may, in principle, switch classes every year because of our rolling-window implementation of BLM.
Hence, if these effects were driven by re-classification, we should be able to see them even earlier after the event.
Moreover, we discuss the stability of firm classes in Appendix B, which are found to be quite persistent over time.
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Figure 9: Decomposition of Aggregate Wage Losses
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Note: Compiled by authors based on the VWH. The left panel shows the change in log wages pre- and post-
event and how much of the wage loss can be attributed to labor market experience, firm tenure, firm effects, and
complementarities. The right panel shows the share of the total effect for the six periods after the shutdown.
The height of the bars and the numbers within them correspond to minus the source-specific effect divided by
the total effect. The total effect, thus, is normalized to -1.

Losses for Low and High Types To reveal whether decomposition dynamics vary across
types, we split the distribution of types into two groups: low types and high types. Low types
consist of types 1, 2, and 3, while high types are 4, 5, and 6.

Figure 10 displays the decomposition results for low types. The pattern mirrors that of the
overall decomposition: there is a positive effect of the firm class for the first four periods and
the bulk of the wage loss is attributed to the loss of firm tenure. The role of losses in labor
market experience gradually becomes more relevant. An important difference is the magnitude
of the positive effect of changes in firm class: it ranges from 18% to 21% for the first four years.
This is to be expected, as upgrading in firm class is concentrated among lower types (Figure
5). The decomposition fits the pattern of losses particularly well for low types: at most, the
residual contributes about 19% to losses, and in several periods, it is very close to zero.

The pattern shown for high types in Figure 11 is quite distinct from the aggregate decom-
position. First, although losses in firm tenure remain the primary contributor to wage loss,
their role is less prominent in size. In period 0, they make up about 70% of total losses and
contribute only about 26% in period 6. Loss in general labor market experience plays a more
prominent role, making up about 7% of total loss in period 0 and growing to roughly 27% in

period 6. Most importantly however, although small, firm effects are negative, that is, high
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types must, on average, work in firms with a lower class compared to their firm prior to the
shutdown. There is, however, still a separation between the first four and the final three peri-
ods: losses due to firm effects are fairly small in the first four periods (between 3% and 5%)
and considerably larger in the final three periods (between 10% and 14%). This aligns well
with our previous finding that higher worker types tend to downgrade in firm class (cf. Figure
5). Time-invariant complementarities are, again, an almost negligible component of wage loss,
contributing at most roughly 3% to total loss. Finally, the unexplained residual is quite a bit
larger for high types than for low types, but it does not exhibit a clear trend over time. The
contribution ranges from 18% to 36%.2*

In sum, the decomposition analysis shows that the loss of firm tenure and, over time, the
loss of labor market experience are the premier contributors to wage loss both for high- and
low-type workers. The contribution of firm tenure picks up the loss of firm-specific human
capital, but also changes in workers’ occupations and industry, as Appendix F illustrates. How-
ever, our finding that firm tenure, and thus firm-specific human capital, is by far the largest
contributor to wage losses, is in stark contrast to the related literature, which emphasizes the
loss of firm effects (Fackler, Mueller, and Stegmaier, 2021; Bertheau et al., 2023; Helm, Kiigler,
and Schonberg, 2022). Especially for low wage workers, several related papers on mass layoffs
document a large contribution due to the loss of firm premia that often ranges from 40% to
80% (Bertheau et al., 2023; Helm, Kiigler, and Schonberg, 2022). Our context is Italy, where
Bertheau et al. (2023) show the contribution of firm effects to be about 40-50%. Instead, our
findings suggest that it is not the loss of a job at a particularly well-paying company that ex-
plains workers’ wage losses but rather the loss of a specific worker-firm relationship, in which
benefits have accrued over time.

The question is whether this stark difference in attribution is due to differences in the data
or due to differences in the methodology. A clear difference in terms of methodology between
the current paper and the literature is our use of BLM, while the rest of the literature generally
uses AKM.

A first indication on whether data or methods drive the differences in results can be gleaned
by comparing the aggregate wage loss from our sample and that reported by Bertheau et al.
(2023) for Italy as a whole. They report immediate losses of about 6-7% in the aggregate,
which is fairly close to the 4.5% we find for Veneto. Hence, a first glance suggests that method-
ological differences do matter for explaining the differences in firm effects. In the following,
we explicitly test this hypothesis, and adopt the design of other studies that use AKM. It turns

out that we can indeed replicate the large contribution of firm effects to overall wage losses, in

24In Helm, Kiigler, and Schonberg (2022), the AKM-based decomposition of wages losses for high-wage work-
ers attributes up to more than half of the overall wage losses to the residual component.
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line with the findings of related literature using an AKM decomposition framework. We also

offer potential explanations for the discrepancy in findings resulting from the two approaches.

Change in log wages

Change in log wages

Figure 10: Decomposition of Wage Losses, Low Types
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Figure 11: Decomposition of Wage Losses, High Types
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Note: Compiled by authors based on the VWH. The left panel shows the change in log wages pre- and post-
event and how much of the wage loss can be attributed to labor market experience, firm tenure, firm effects, and
complementarities. The right panel shows the share of the total effect for the six periods after the shutdown.
The height of the bars and the numbers within them correspond to minus the source-specific effect divided by
the total effect. The total effect, thus, is normalized to -1.
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5.4 Comparison to AKM Results

To facilitate the comparison to BLM, we group workers and firms into a class and type struc-
ture that resembles BLM. We sort firms into ten quantile-based classes and workers into six
quantile-based types.?

Our first comparison is with respect to the sorting between worker and firms. Figure 12,
analogously to Figure 2, shows how workers’ residual mean log wages stratify along the firm
class distribution and how workers and firms sort according to AKM. Note on the left panel of
the figure that, unlike for BLM, all wage differences are level shifts that do not overlap. This is
by construction since AKM does not allow for worker-firm complementarities. That is, type 1
workers cannot earn more at a form in class 10 than type 2 workers, which is indeed the case for
BLM, as shown in Figure 2. In the right panel, we see that sorting is fairly weak compared to
BLM, and in some cases, there are indications of negative assortative matching. Notably, type
1 workers make up over 20% of the workers in the top firm class, which is a higher proportion
than in any other class. Mirroring this at the other end of the distribution, top type workers
make up more than 40% of workers in the bottom firm class, which is also more than in any
other class. An important takeaway from this is that workers with a large worker fixed effect
will often have a low firm fixed effect and vice versa.

Next, we directly compare the association between AKM and BLM worker types. Figure
13 shows how the quantiles of the AKM fixed effects distribution sort across BLM types. Gen-
erally, there is quite some, but definitely no perfect, agreement between the two classifications.
The BLM types 2 to 5 do not correspond well with their AKM counterparts. Moreover, types
1 and 6 also align only for 40%, and 49%, respectively and 11% of the bottom BLM types are
classified as top types in the AKM.

Limited Mobility Bias What is the reason for the discrepancy in sorting patterns obtained
from AKM and BLM, respectively? The most plausible explanation is the well-known limited
mobility bias. The AKM model identifies the firm and worker fixed effects based on worker
mobility across firms. However, Andrews et al. (2008) prove and Andrews et al. (2012) em-
pirically demonstrate that when the number of firm-to-firm job movers is limited, the vector
of estimated firm and worker fixed effects suffers from standard least squares estimation error.
Specifically, worker and firm fixed effects are negatively and linearly related via the two-way
fixed effects specification: if a worker fixed effect is estimated with a positive and large estima-

tion error, then the corresponding firm fixed effect must be estimated with an oppositely signed

ZSWe could also use k-means clustering to arrive at the AKM classes and types. However, since the related
literature generally explores heterogeneity by sorting on quantiles of the firm and worker fixed effects, we find it
most instructive to do the same.
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Figure 12: Worker Types and Firm Classes (AKM)
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Note: Compiled by authors based on the VWH. The left panel shows mean log wages of worker types along
firm classes. The right panel displays the proportion of worker types in different firm classes. The two panels
are based on the AKM specification.
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Figure 13: Shares of Worker Types: BLM and AKM
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Note: Compiled by authors based on the VWH. Figure 13 displays the six worker types according to BLM
(x-axis) and AKM (y-axis).

error.”® This finding has an important implication: In presence of limited worker mobility, we
will most likely find large firm fixed effects for workers with small worker fixed effects and vice
versa. AKM, therefore, risks to underestimate sorting (highly productive workers selecting into
highly remunerative firms) within the economy. This shortcoming of AKM is well documented
in the literature (Abowd, McKinney, and Schmutte, 2019; Kline, Saggio, and Sglvsten, 2020;
Lachowska et al., 2023; Bonhomme et al., 2023; Di Addario et al., 2023).

For our empirical example, the limited mobility bias is particularly relevant. Firms in
Veneto are typically small and characterized by low mobility.”” Specifically, about two thirds
of workers are employed in firms with less than 50 employees (Table 1), while the average
number of job movers per firm ranges from 3.3 in the interval 1983-1987 to 4.1 in the interval
1996-2000.2 Note that this is well below the number of movers that Andrews et al. (2012)
indicate (>25) for acceptable AKM estimates of the covariance between the fixed effects. We

implement the bias correction proposed in Kline, Saggio, and Sglvsten (2020) and report the

6For a concise and intuitive explanation, see section 2 in Andrews et al. (2012).

?TLachowska et al. (2023) (p.390) explicitly address the fact that Italian firms are characterized by lower mobil-
ity rates than Washington State in the US, suggesting extra care in the application of bias correction methodologies
within the AKM framework.

Z8Figure 25 in Appendix G reports the average number of job movers per firm in each rolling AKM sample.
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corresponding estimates in Figure 26 of Appendix G. The results indeed show large biases in
the AKM estimates. We will also discuss how these can help explain the differential role of

firm effects in the decomposition of wage losses.

Wage Losses With these qualifications in mind, we can examine wage losses within the AKM
framework. We find that wage losses differ considerably when disaggregating them according
to the AKM classification compared to the findings based on BLM. Figure 14 shows the wage
losses for six worker types based on AKM. It is striking that across all groups, wage losses are
fairly similar in magnitude, as for all groups initial losses are close to about 4%. Moreover, all

worker types share a very similar (partial) recovery pattern.

Figure 14: Wage Effects of Job Displacement by Type (AKM)
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Note: Compiled by authors based on the VWH. Both figures display event study estimates for each worker type
of the effects of job displacement after a firm shutdown on log-wages, conditional on employment. Results
in Figure 4 are based on the AKM specification respectively. 95% confidence intervals are represented by the
horizontal whiskers in the figure.

As discussed above and seen in Figure 13, AKM types mix many workers that are of distinct
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BLM types. Hence, the AKM results are some convex combination of the BLM results. Let
us consider type 6 according to AKM: it makes up about half of BLM type 6, but the rest sorts
into other BLM types with more muted wage loss patterns (Figure 13). Accordingly, wages
losses of AKM type 6 will be far less severe than those of BLM type 6. Analogous arguments
extend to the rest of the AKM types. In all cases, less than half of a given BLM type consists
of the corresponding AKM type.

Decomposition Results Analogous to section 5.3, we show decompositions for the AKM-
based wage loss results. To measure the contribution of firm effects to wage losses, we use the
AKM firm fixed effects. Note as well that the decomposition based on the AKM framework
does not allow for explicitly computing the contribution of complementarities. Instead, these

will be part of the residual.

Figure 15: Decomposition of Wage Losses (AKM)
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Note: Compiled by authors based on the VWH. The left panel shows the change in log wages pre- and post-event
and how much of the wage loss can be attributed to labor market experience, firm tenure, and firm effects. The
right panel shows the share of the total effect for the six periods after the shutdown. The height of the bars and
the numbers within them correspond to minus the source-specific effect divided by the total effect. The total
effect, thus, is normalized to -1.

Figure 15 shows decomposition results with respect to the aggregate wage loss. The most
important difference to the BLM results are that firm effects now have a very prominent role
in contributing to losses. Firm effects explain between roughly 30% and 45% of total wage
loss. This contribution is also fairly stable over time. The role of firm tenure loss is also much

smaller compared to the BLM results: while the loss of firm tenure explains about 31% of
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total wage losses in the period directly following the shutdown, its contribution rapidly shrinks
thereafter, and even changes sign in period 4.

By contrast, the role of general labor market experience in explaining the observed wage
losses is much more prominent. Its contribution grows from roughly 14% in period O to about
56% in period 6.

Figures 16 and 17 show decomposition results for low and high types. Most importantly,
we find that firm effects play an even larger role for low types (roughly 50-70%), while for high

types firm effects are almost negligible, especially in later periods.

Implications The above analysis provides two key insights:

1) The BLM framework allows for identifying latent worker types based on earnings and
mobility patterns. Our event study estimates reveal that this heterogeneity in types translates
into substantial heterogeneity in wage losses. By contrast, relying on the AKM fixed effects
distribution to identify unobserved heterogeneity is insufficient to capture meaningful differ-
ences in the impact of firm shutdowns on workers” wages in the region of Veneto.

2) The methodological differences between BLM and AKM are of particular relevance for
the decomposition of observed wage losses. While firm effects play a minor role in the BLM
decomposition, they are of utmost importance in the AKM framework. First, it is important to
note that we are able to match the large contribution of firm effects to aggregate wage losses
that is documented in related literature simply by switching the wage determination framework
to AKM. Bertheau et al. (2023) find that firm effects contribute between 43% to 49% to aggre-
gate wage loss in Italy, which is very close to what our AKM decomposition suggests for the
Veneto region. However, the separate decompositions for low and high AKM types provide the
key piece of evidence for the central role of limited mobility bias in driving the contribution
of firm effects to wage losses. Limited mobility bias causes low fixed effects workers to be
disproportionately often misclassified as working in firms with large fixed effects, while the
opposite is true for high fixed effects workers. Thus, given these mechanics, one would reason-
ably expect that much of the wage losses of low fixed effects workers is ascribed to the large
losses in firm fixed effects, which the AKM framework falsely attributes to them. By contrast,
disproportionately small firm fixed effects are attributed to high fixed effects workers, so their
potential role in explaining wage losses is limited. This is exactly what we find: firm effects
are the main driver of wage losses for low AKM types, while they hardly matter for the losses
of high AKM types.
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Figure 16: Decomposition of Wage Losses (AKM), Low Types
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Figure 17: Decomposition of Wage Losses (AKM), High Types
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Note: Compiled by authors based on the VWH. The left panel shows the change in log wages pre- and post-event
and how much of the wage loss can be attributed to labor market experience, firm tenure, and firm effects. The
right panel shows the share of the total effect for the six periods after the shutdown. The height of the bars and
the numbers within them correspond to minus the source-specific effect divided by the total effect. The total
effect, thus, is normalized to -1.

6 Robustness Checks

To buttress the generalizability of our results, we run several robustness checks.
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Number of Firm Classes Our results indicate that the role of firm effects is much smaller
than the literature typically suggests, which attributes a large share of the losses to workers
falling down the wage premium ladder. By contrast, we find that low-type workers are actually
shielded from larger losses by upgrading in firm class. It may be conceivable that clustering
into ten firm classes insufficiently captures firm heterogeneity and thus ignores important intra-
class differences between firms. We pursue this question in detail in Appendix H.1, where we
estimate BLM with 20 firm classes instead.

Overall, we find very similar wage loss patterns to our main results. Most notably, the event
study estimates for top-type workers are now very noisy. However, this is to be expected since
doubling the number of firm classes significantly decreases the size of the worker-firm cells in
a group that has the fewest number of observations to begin with.

Reassuringly, the decomposition of aggregate wage losses shows patterns that are both
qualitatively and quantitatively very close to the main results. Distinguishing between low and
high types, we observe that the importance of firm effects has increased, although in opposite
directions. This leads to a dilution of effects when viewed in aggregate. For low types, for
example, firm effects counteract 28% (vs. 21% in the main specification) of the wage loss in
period 3, while for high types firm effects contribute 16% (vs. 3% in the main specification)
to the overall wage loss in that period. Hence, while the role of firm effects becomes more
pronounced, as one would expect given the increase in the number of classes, the direction of

their contribution is oppositely signed for low and high types.

Firm Size To align our results more with the related literature on mass layoffs and to further
scrutinize the credibility to the exogeneity of the firm shutdown, we restrict the sample of firms
we consider. We reestimate both the BLM model and the event study with a sample that only
features treated firms with at least 30 but no more than 500 employees before the shutdown.
Given that the vast majority of treated workers are employed in small firms 1, this reduces the
sample size by about two-thirds. Yet, the wage trajectories across worker types are remarkably

similar to our main findings. The full results are shown in Appendix H.2.

Prime-Age Workers It is common practice in the literature to focus labor market analyses
like ours on workers in the prime of their labor market career. While we put minimal restrictions
on the age of workers in our main analysis, we test the robustness of our results to excluding
workers younger than 25 and older than 55, respectively. As shown in Appendix H.3, our

results hardly differ when only considering prime-age workers.
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Worker Type Assignment After obtaining the BLM estimates for a given five-year interval,
different options exist for recovering worker types. In our primary analysis, we assign workers
the type with the largest likelihood. As shown in Appendix B, this approach provides reason-
able estimates of class and type stability over time. However, as this is based on a relatively
short time frame, an immediate concern is whether this assignment is relatively noisy and not
representative of the worker’s ’true’ latent type. An alternative is to randomly draw from the
estimated type distribution for a given worker. We explore this option in Appendix H.4 and
find no relevant differences from our main results. We also check whether a type-stabilization
procedure leads to divergent results in Appendix H.5. Instead of fixing the worker type at the
time of matching, we assign workers the type to which they were assigned most frequently
in the past five years. Results obtained from this procedure are also consistent with our main
results. Given that there is some (expected) worker mobility across types (see Appendix B), it

is very reassuring that this type stabilization exercise does not meaningfully alter our results.

7 Conclusion

In this paper, we provide a distributional perspective on the effects of firm shutdowns on work-
ers’ wages. We use the wage determination model by Bonhomme, Lamadon, and Manresa
(2019) to sort workers into distributionally relevant, latent types, and integrate these into an
event study framework. We show that wage losses increase in worker types. While lower-type
workers experience transitory losses of a smaller magnitude, high-type workers’ wages drop
precipitously and permanently. As a consequence of these heterogenous losses, firm shutdowns
give rise to wage compression.

As our decomposition of wage losses reveals, lower-type workers tend to upgrade in firm
class, and benefit from this upgrading in terms of their post-shutdown wage. However, other
factors, particularly the loss of firm tenure, far outweigh the effect of upgrading in firm class.
For high-type workers, it is considerably more likely to downgrade after a shutdown, yet also
for them the loss of firm tenure, as well as the loss of general labor market experience play a
more dominant role in explaining their sizable wage losses.

We also demonstrate that we would not have recovered these findings using the more promi-
nent alternative model of wage determination: the AKM model. We show that AKM delivers
both a more muted picture of the heterogeneity in wage losses and that it attributes a sizable
portion of those losses to the loss of firm effects, especially for low AKM worker types. We
argue that this finding is partly a consequence of limited mobility bias as described in Andrews
et al. (2008, 2012) and empirically demonstrated in Abowd, McKinney, and Schmutte (2019),
Kline, Saggio, and Sglvsten (2020), and Bonhomme et al. (2023), among others.
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Our study has revealed for whom a forced separation from their current position is partic-
ularly impactful: high BLM worker types, that is, workers that are high up on the job ladder.
Their way back to a comparable position at a new firm takes more time and, as the wage loss
results indicate, is not always successful. Our decomposition results further show that, in our
framework, what matters for losses is not the overall wage policy of the firm, but rather the
dynamic evolution of the quality of the new match as indicated by the strong contribution of
the firm tenure component. This leaves ample scope for policy-makers to address important
questions concerning mismatches, both before and after job loss. This may include the provi-
sion of tailored assistance for job search, but also the facilitation of effective training on the

job.
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Appendix

A The BLM Estimation

To recover worker types and firm classes, we follow Bonhomme, Lamadon, and Manresa
(2019) in using a two-step grouped fixed effects estimator. In the first step, firms are classi-
fied according to their wages distributions. This step only includes the wages of stayers in the
sample. Including J firms in the sample, the firm classes are estimated by solving the following

weighted k-means problem:

J

min | (Fi(y) — Hy ; 2d , 5
o L [ 0V~ Hiy 00 )

where k(1), ....k(J), denotes a partition of firms into K classes, H, ..., Hj are cdfs, n; is the
number of workers in firm j, F  represents the cdf of log-wages in firm j, and u denotes a
discrete or continuous measure. In the main analysis, K is set to 10. Equation (5) is minimized
with respect to all classes and cdfs. The estimates of lAc( J) are then used to identify worker types
o with the maximum number of types L = 6 in the next step.

We estimate the parameter vectors of the first two years’ wage density 8, the last two
years’ wage density of movers 6/« and stayers 6y, the wage density of movers between classes
6, the density of worker-type proportions 6,, and worker type proportions for job movers 6,,.

To estimate these parameters, the BLM specifies the wage-setting process with the condi-
tional means in the first period, ¥; 1, given workers and firm heterogeneity, and Y; > is defined
as Y1 = Uik +P]‘2Yl‘2 and Y3 = Wy « +p4‘3Y,~3, with Uy o as a k', o-specific intercept. The
parameters Py, and py3 describe the persistence of log-wages within job.

For the categorization, two attributes of the dynamic BLM model are crucial: First, the
presence of endogenous mobility, i.e., a worker’s decision to move, and to which firm she
moves, depends on the current wage. Second, the presence of state dependence, i.e., for movers,
the previous firm has a direct effect on log wages. These attributes are represented in the
conditional means, Y;» = Uyt o + &2 (K'), and Y; 3 = U3 o + E3(k), for movers between k and
K. Hence, & (k') (&3(k)) defines endogenous mobility (state dependence). This leads to the
second step, where wages and mobility parameters are estimated based on both movers’ and
stayers’ wages. The wage density parameters are estimated successively by first estimating ép.

éff, éfm, éfb with the log-likelihood function:
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using the EM-algorithm. To reduce the computational burden, we estimate Py, and Ps4
in an initial step restricting the covariance structure. Specifically, this means that the effect of

worker types on mean log-wages is constant over time within the firm.
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B Descriptive Statistics on Type and Class Stability Over Time

For a consistent interpretation of type-specific wage losses some stability of worker types and
firm classes over time is helpful. Large fluctuations in the classification would also negatively
affect the matching quality. At the same time, however, we follow workers and firms over
almost two decades, and thus, changes in the classification are to be expected. In fact, the ability
to accommodate such variation over time constitutes an advantage of our framework. Assuming
worker or firm characteristics, such as ability or productivity, to be invariant over a long period
of time may often be undesirable. However, given the inherent limited mobility bias, studies
relying on AKM typically estimate their two-way fixed effects models over extended time
periods.

We find that our BLM classification remains reasonably stable over time. Figure 18 shows
the share of firms that remain within or switch their class compared to the previous year. We
observe that between around 30% and 55% of firms stay in the same class. This proportion is
stable over the sample period. The figure also shows that the majority of firms for which the
class changes either up or downgrade by one class. Overall, between around 70% and 80% of
firms change their class either not at all or by a maximum of one class. Hence, the frequency
of changes in firm class is limited.

Figure 19 provides the shares of workers categorized into the same type or switching type
over time, in the same fashion as above. We observe more worker than firm mobility over time.
Yet again, most types are categorized into the same class, upgraded, or downgraded by one. An
exception is the early 1990s, where we observe some larger shares of up- and downgrading by
two types. To rule out that such fluctuations drive our results, we 1) use an alternative approach
to retrieving worker types from the BLM, and 2) fix types over time, as detailed in Section 6
and Appendix H.4 and H.5.
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Figure 18: Stability of Classes Over Time
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Note: Compiled by authors based on the VWH. Figure 18 provides the share of firms remaining in the same

class compared to the previous period, and the share of firm up- or downgrading by one, two, or three or more

classes from year to the next.

Figure 19: Stability of Types Over Time
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Note: Compiled by authors based on the VWH. Figure 19 provides the share of workers categorized as the same

type compared to the previous period, and the share of workers up- or downgrading by one, two, or three or

more types from year to the next.
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C Descriptive Statistics by Worker Types

Variables Types
1 2 3 4 5 6
log wage mean  4.069 4.061 4.113 4.178 4.399 4.744
s.e. 0.003 0.001 0.001 0.001 0.001 0.002
female mean  0.223 0.225 0.231 0.324 0.305 0.239
s.e. 0.002 0.001 0.001 0.001 0.001 0.002
age mean 40406 38936 37.996 34.623 34.491 37.788
s.e. 0.047 0.032 0.023 0.023 0.029 0.046
tenure in months: firm mean 110.031 110.836 111.466 105.384 102.671 109.107

s.e. 0.272 0.160 0.113 0.117 0.163 0.250
occupation mean 132.388 128.086 126.607 115.543 112.638 118.568
s.e. 0.252 0.147 0.106 0.115 0.157 0.234

firm size: <50 mean  0.475 0.489 0.461 0.457 0.335 0.262
s.e. 0.002 0.002 0.001 0.001 0.001 0.002
50-100 mean  0.121 0.116 0.111 0.103 0.104 0.095

s.e. 0.002 0.001 0.001 0.001 0.001 0.001
100-250 mean  0.146 0.128 0.120 0.114 0.116 0.121
s.e. 0.002 0.001 0.001 0.001 0.001 0.002
250-500 mean  0.086 0.086 0.089 0.084 0.092 0.100
s.e. 0.001 0.001 0.001 0.001 0.001 0.001

500+ mean  0.171 0.182 0.218 0.241 0.354 0.422
s.e. 0.002 0.001 0.001 0.001 0.002 0.002
occupation: apprentice  mean  0.003 0.001 0.002 0.001 0.001 0.000

s.e. 0.000 0.000 0.000 0.000 0.000 0.000

blue collar mean 0.772 0.826 0.783 0.688 0.424 0.221

s.e. 0.002 0.001 0.001 0.001 0.002 0.002

white collar mean  0.190 0.170 0.215 0.304 0.570 0.671

s.e. 0.002 0.001 0.001 0.001 0.002 0.002

manager mean  0.035 0.002 0.000 0.007 0.005 0.108

s.e. 0.001 0.000 0.000 0.000 0.000 0.001

Obs. 41029 97776 179114 167486 99439 43275

Notes: Compiled by the authors based on the VWH. The table compares the different worker types. both treated and controls. at the time of
matching (k = —4).

Table 2: Descriptive Statistics - Worker Types
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D Additional Mobility Results

Figure 20 and Figure 21 report for each type the share of workers that change firm class and
industry between the time of the matching (event = -4) and the first period post-shutdown (event

= 0), distinguishing between treated (red) and control workers (black).

Figure 20: Transitions Across Firm Classes by Worker Type

Higher Firm Class Same Firm Class Lower Firm Class

3 4 3 4 3 4
Worker Type Worker Type Worker Type

—o— Treated -8 Control

Note: Compiled by authors based on the VWH. The figure displays worker-type specific transition frequencies
within and between firm classes for treated and control observations.

Figure 21: Transitions Across Industry by Worker Type

Different Industry Same Industry Not Working

3 4 5 2 3 3 B 6
Worker Type Worker Type

—e— Treated -8 Control

Note: Compiled by authors based on the VWH. The figure displays worker-type specific transition frequencies
within and between firm classes for treated and control observations.

51



E Aggregate Earnings Losses

This section complements our findings on wages and employment with an analysis of yearly
earnings, shown in Figure 22. Unsurprisingly, the drop in yearly earnings is significantly more
pronounced than the corresponding wage losses.”” Overall, the yearly earnings of displaced
workers drop by approximately 24% in the year following displacement. Thereafter, earnings

losses quickly attenuate to about 9%, after which they hover around 4-7%.3°

Figure 22: Earnings Effects of Job Displacement after Firm Shutdown

Log Yearly Earnings
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Note: Compiled by authors based on the VWH. The figure displays event study coefficients of log yearly
earnings losses after a firm shutdown, conditional on being employed in the respective calendar year. Results
are are based on the BLM specification. 95% confidence intervals are represented by the horizontal whiskers
in the figure.

Type-specific Earnings Losses Figure 23 shows the corresponding results by worker type.
These mirror our findings for wages and employment. The lowest types suffer the least in
terms of their wage losses and recover fairly quickly from their initial earnings losses. Yearly

earnings of worker types 5 and 6 drop precipitously in the year of the shutdown (about 30%

2 Consider the following example: If a worker loses her job in November and finds a new one in April the
following year at the same wage rate, her daily wage, that is, yearly earnings divided by days worked, will be
unchanged. However, her total earnings over the entire calendar year will be substantially lower. See also the
discussion based on US administrative data in Farber (2017).

30Note that yearly earnings already drop noticeably in k = —1. Take again the example of a worker who loses
her job in November and finds a new job in April of the following year. Since firms of treated workers shut down
between k = —1 and k = 0, this implies that she will have lower yearly earnings in both periods.
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to 35%) and never recover fully (about 10% to 15% after 6 years). Accordingly, differences
in earnings losses become more pronounced in the years following displacement, where high

worker types cannot catch up to pre-shutdown levels.

Figure 23: Earnings Effects of Job Displacement by Type
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Note: Compiled by authors based on the VWH. The panels display event study estimates for each worker type
of the effects of job displacement after a firm shutdown on log yearly earnings, conditional on being employed
in the respective calendar year. Results are based on the BLM classification. 95% confidence intervals are
represented by the horizontal whiskers in the figure.

Comparing earnings losses in the literature presents some challenges, particularly in terms
of accounting for the earnings of unemployed workers. The literature does not establish a stan-
dardized method for addressing this issue, but it does outline three primary strategies. The
first strategy involves assigning a value of zero to the earnings of unemployed workers and
incorporating these values into the regression analysis without applying a logarithmic trans-
formation on the dependent variable (Bertheau et al., 2023; Lachowska, Mas, and Woodbury,
2020). By construction, this method tends to amplify the total earnings losses. A second strat-

egy involves excluding unemployed workers from the analysis, resulting in an underestimation

53



of the overall earnings losses (Couch and Placzek, 2010; Jacobson, Lal.onde, and Sullivan,
1993; Lachowska, Mas, and Woodbury, 2020). The third strategy compensates for the lack of
earnings by imputing income based on unemployment benefits, thereby acknowledging the role
of social security mechanisms (Davis and Von Wachter, 2011). Due to the insufficient informa-
tion on the unemployment status in our dataset, we are unable to employ the third strategy and
thus opt for the second approach. In alignment with the existing literature, our findings reveal
substantial initial earnings losses followed by a robust recovery.

Our estimated losses in yearly earnings for Veneto are in the lower range of estimates found
in the literature. In part due to the methodological differences outlined above, findings across
studies differ considerably, even within the most frequently analyzed context of the United
States. Analyzing mass layoffs, estimated initial earnings losses range from 33%, recovering
to 15%, in Connecticut (Jacobson, LalLonde, and Sullivan, 1993), to 40%, recovering to 25%,
in Pennsylvania (Couch and Placzek, 2010), to 45%, recovering to 23%, in Washington State
(Lachowska, Mas, and Woodbury, 2020). Focusing on mass layoffs during recessions in the
United States overall, Davis and Von Wachter (2011) find initial earnings losses of around
40% with a subsequent recovery to 20%. Diverging from the recession-centric perspective,
Huckfeldt (2022) finds slightly smaller initial losses and a faster recovery for the United States.
In addition, Huckfeldt (2022) finds that analyzing shutdowns during a time of expansion or
recession plays a crucial role for working hours, leading to more variation in estimates of
yearly earnings losses. Lastly, Bertheau et al. (2023) find earnings losses after firm shutdowns

in Italy of around 40% initially, and 28% after 5 years.
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F Additional Decomposition Results

Figure 24: Decomposition of Wage Losses Considering Industry and Occupation
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Note: Compiled by authors based on the VWH. The left panel shows the change in log wages pre- and post-event
and how much of the wage loss can be attributed to labor market experience, firm tenure, firm effects, industry,
occupation, and complementarities. The right panel shows the share of the total effect for the six periods after
the shutdown. The height of the bars and the numbers within them correspond to minus the source-specific
effect divided by the total effect. The total effect, thus, is normalized to -1.
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G Limited Mobility Bias and KSS Bias Correction

Figure 25: Average number of movers per firm
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Note: Compiled by authors based on the VWH. The figures reports the average number of firm-to firm movers
in each rolloing KSS leave-one-out sample.
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Figure 26: Comparison AKM vs. KSS estimation
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H Robustness Checks

H.1 Increasing the Number of Firm Classes

In our baseline specification, we have clustered firms into ten distinct classes based on their
wage distributions. This dimensionality reduction enables many of the desirable features of the
BLM framework, such as endogenous mobility and wage persistence. In principle, however,
BLM can nest the workhorse AKM framework, and can accommodate as many firm clusters
as there are firms. As discussed in Section 5.3, the literature using AKM decomposition tech-
niques tends to attribute considerably larger fractions of observed wage losses to firm effects
than our findings suggest. To verify that our results are not merely driven by disregarding
important intra-class heterogeneities, we replicate our main analysis, doubling the number of
firm classes to 20. Figures 27 and 28 show the event study estimates and Figures 29 to 31 the
corresponding decompositions of wage losses.

The event study graphs confirm the pattern we observe in the main analysis. Most notable
are the large confidence bands around the estimates for worker type 6. However, recall that top-
type workers are by far the smallest group in our population. Since we match treated workers
only with control units in the same cell of observed covariates, doubling the number of firm
classes significantly reduces the observation number within cells, thus decreasing the precision
of the estimates.

As Figure 29 reveals, the overall decomposition results are largely unaffected by increas-
ing the number of firm classes. Only once we differentiate between high and low types, the
contribution of firm effects changes. Figure 30 shows that low types continue to move to firms
in higher firm classes over the first three years post-shutdown, and the contribution of this up-
grading mechanism to overall wage losses even slightly increases compared to what we obtain
in the main analysis. However, while the firm class contribution to wage losses switches sign
after the third year in our main specification, this is no longer the case. Instead, it vanishes
almost entirely, or, if anything, remains positive.

For high types, by contrast, the relevance of firm effects changes noticeably only in the first
three years post-shutdown. Thereafter, the firm effects are quantitatively very close to our main
results. As discussed in Section 5.2, displaced high-type workers are more likely to downgrade
in firm class after displacement. This manifests itself more clearly in Figure 31, where the con-
tribution of firm effects to the losses of high-type workers increases by roughly 10 percentage
points in the first three years after their firm shuts down compared to the main analysis. Instead,
the contribution of firm tenure becomes smaller. However, firm tenure remains by far the most

important contributor to wage losses.
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Figure 27: Wage Effects of Job Displacement after Firm Shutdown - 20 Firm Classes
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Note: Compiled by authors based on the VWH. The figure displays event study coefficients of log-wage losses
after a firm shutdown conditional on employment based on the BLM specification using 20 firm classes. 95%
confidence intervals are represented by the horizontal whiskers in the figure.
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Figure 28: Wage Effects of Job Displacement by Type - 20 Firm Classes
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Note: Compiled by authors based on the VWH. The panels display event study estimates for each worker type
of the effects of job displacement after a firm shutdown on log-wages, conditional on employment. Results
are based on the BLM classification. 95% confidence intervals are represented by the horizontal whiskers in
the figure.
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Figure 29: Decomposition of Aggregate Wage Losses - 20 Firm Classes
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Note: Compiled by authors based on the VWH. The left panel shows the change in log wages pre- and post-
event and how much of the wage loss can be attributed to labor market experience, firm tenure, firm effects, and
complementarities. The right panel shows the share of the total effect for the six periods after the shutdown.
The height of the bars and the numbers within them correspond to minus the source-specific effect divided by
the total effect. The total effect, thus, is normalized to -1.
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Figure 30: Decomposition of Wage Losses, Low Types - 20 Firm Classes
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Figure 31: Decomposition of Wage Losses, High Types - 20 Firm Classes
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Note: Compiled by authors based on the VWH. The left panel shows the change in log wages pre- and post-
event and how much of the wage loss can be attributed to labor market experience, firm tenure, firm effects, and
complementarities. The right panel shows the share of the total effect for the six periods after the shutdown.
The height of the bars and the numbers within them correspond to minus the source-specific effect divided by
the total effect. The total effect, thus, is normalized to -1.
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H.2 Restricting the Size of Firms

One distinct advantage of the BLM framework is that it allows for the inclusion of small firms
since it requires mobility only between firm classes rather than the individual firm level as is the
case in AKM. In this section, however, we follow the convention in the literature to restrict the
size of treated firms. In particular, we exclude firms that have fewer than 30 or more than 500
employees before the shutdown (see, e.g., Helm, Kiigler, and Schonberg, 2022). This offers two
advantages: first, we maximize comparability with the literature in terms of estimated effect
sizes. Second, restricting the size of treated firms strengthens the plausibility of the exogeneity
assumption. From the perspective of the individual worker, the closure of the firm she works
in is more likely to be exogenous to her own actions if the firm is larger and her individual
contribution to the firm’s success is smaller. Limiting the firm size from above ensures that
spillover effects on other firms in the region, industry, or economy overall do not confound the
estimates.

Restricting the firm size in this way significantly reduces the number of firm closures under
consideration. This becomes evident in Figure 32. in the main sample, around 75% of treated
workers are employed in firms with fewer than 30 employees. These firms make up about 95%
of the firm closures under consideration. Overall, the number of treated workers is reduced
from 19,846 in the main sample to 5,715 in the restricted sample. The number of firm closures
considered drops from 8,866 to a mere 193. Figures 33 and 34 show the corresponding event
study estimates. Despite the reduction in sample size, the magnitude of wage losses mirrors the

results obtained from the main specification, both in aggregate and by worker type.
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Figure 32: Distribution of Worker and Firms
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Note: Compiled by authors based on the VWH. The top panel displays the distribution of treated workers across
firms of different sizes for the overall sample and the sample where we restrict the size of firms that shut down
to between 30 and 500 workers. The bottom panel shows the size distribution of treated firms for both samples.
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Figure 33: Wage Effects of Job Displacement after Firm Shutdown - Restricted Firm Size

-.08

Note: Compiled by authors based on the VWH. The figure displays event study coefficients of log-wage losses
after a firm shutdown conditional on employment based on the BLM specification. 95% confidence intervals
are represented by the horizontal whiskers in the figure.
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Figure 34: Wage Effects of Job Displacement by Type - Restricted Firm Size
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Note: Compiled by authors based on the VWH. The panels display event study estimates for each worker type
of the effects of job displacement after a firm shutdown on log-wages, conditional on employment. Results
are based on the BLM classification. 95% confidence intervals are represented by the horizontal whiskers in
the figure.
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H.3 Prime-Age Worker Sample

In our main analysis, we consider male workers between the ages of 18 and 65 and female
workers between the ages of 18 and 60. In this section, we reproduce our main results excluding
both very young workers and those close to retirement, focusing on prime-age workers instead
as is often done in the literature. Figure 35 shows event study estimates for workers aged 25 to
55, and Figure 36 the corresponding results by worker type. The results hardly differ from our

main analysis.

Figure 35: Wage Effects of Job Displacement after Firm Shutdown - Core Age Workers

.04

-.08

Note: Compiled by authors based on the VWH. The figure displays event study coefficients of log-wage losses
after a firm shutdown conditional on employment based on the BLM specification. 95% confidence intervals
are represented by the horizontal whiskers in the figure.
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Figure 36: Wage Effects of Job Displacement by Type - Core Age Workers
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Note: Compiled by authors based on the VWH. The panels display event study estimates for each worker type
of the effects of job displacement after a firm shutdown on log-wages, conditional on employment. Results
are based on the BLM classification. 95% confidence intervals are represented by the horizontal whiskers in
the figure.
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H.4 Probabilistic Assignment of Worker Types

In BLM, workers belong to a certain worker type with some probability. In our main analysis,
we simply assign each worker to the type with the largest likelihood. An alternative to this hard
assignment is to randomly draw from the estimated type distribution for a given worker.

We proceeds as follows: First, we recover the individual-specific CDF of the worker type
from our BLM estimation. Next, we draw a uniform random number for each worker. Finally,
we assign a type to each worker by backing out the type from the inverted individual-specific
CDFE

As the central point of comparison, Figure 37 shows the type-disaggregated wage losses,
analogous to Figure 4. Overall, there are hardly any noticeable differences between the two.
The wage trajectories are both quantitatively and qualitatively very similar. Therefore, we are

content with the hard assignment of worker types chosen for the main results.
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Figure 37: Wage Effects of Job Displacement by Type - Probabilistically Assigned Worker
Types
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Note: Compiled by authors based on the VWH. The panels display event study estimates for each worker type
of the effects of job displacement after a firm shutdown on log-wages, conditional on employment. Results
in Figure 37 are based on the BLM classification and the probabilistic selection of the worker type. 95%
confidence intervals are represented by the horizontal whiskers in the figure.
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H.5 Stabilization of Worker Types over Time

To check whether mobility of workers across types leads to notably different results, we re-
estimate the dissagregated wage losses using a time-stabilized worker type.

In particular, instead of fixing the worker type at the time of matching, we consider all types
observed for a given worker from period -8 until period -4, that is, 5 years in total. For each
worker, we then generate the mode of this individual-specific type distribution and use it as the
assigned worker type. In the case of a tie, we select the higher type, which leads to lower types
being less populated.

In Figure 38 we show the event study estimates for the stabilized types. The figure shows
that results for types 2-5 are very similar to those in our main specification. For type 6, results
are also qualitatively very similar, although the size of the initial wage loss is somewhat smaller.
For type 1 there are more noticeable changes: Point estimates are now mostly positive, but the
confidence bands are very large; so large that they generally contain the original negative effects
we see in the main results. Since the type 1 group has become much smaller due to nature of
the mode-assignment, it is unsurprising that the estimates have become less precise. Overall,

we do not find meaningful differences to our main results.
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Figure 38: Wage Effects of Job Displacement by Type - Stabilized Worker Types
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Note: Compiled by authors based on the VWH. The panels display event study estimates for each worker type
of the effects of job displacement after a firm shutdown on log-wages, conditional on employment. Results
in Figure 38 are based on the BLM classification and the probabilistic selection of the worker type. 95%
confidence intervals are represented by the horizontal whiskers in the figure.
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