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Essay I: This paper takes a novel approach to estimating the effects of involuntary job loss
on future earnings, wages and employment. Whereas the previous literature has relied on mass
layoffs and plant closures for exogenous variation in displacement, I use the fact that who is
laid off is often determined by a seniority rule, specifically the last-in-first-out (LIFO) rule.
This feature enables me to study also smaller sized layoffs affecting a broader set of workers.
Using matched employer-employee data from Sweden, in combination with detailed individual-
level data on layoff notifications, I rank workers according to relative seniority and identify
establishment/occupation specific discontinuities in the probability of displacement which I
exploit in a regression discontinuity framework. I find that displaced workers on average suffer
large initial earnings losses of about 38 percent, but in contrast to previous studies, earnings
recover fully within 7 years. I then exploit the heterogeneity across layoffs to examine when, and
under what circumstances, the cost of displacement are most persistent. I show that persistent
earnings losses are mainly associated with very large layoff events and that a substantive share
of these losses are attributable to general equilibrium effects.

Essay II: Layoff rules are often criticized for creating an inefficient allocation of labor.
However, such rules also provide insurance for workers. This paper examines the effects of
advance notice of job loss for workers. Empirically, we use unique administrative data from
Sweden on the exact dates of layoff notification as well as contracted notice periods, all at
the individual level. Discontinuities in notificationtimes generated by collective bargaining
agreements provide exogenous variation. Our regression-discontinuity estimates indicate that
longer notice periods reduce the probability of non-employment and increase annual earnings
during the first year after layoff notification. Workers who get longer notification periods
experience smaller falls in their reemployment wages. We also show that firms make – and
workers accept – severance payments in order to reduce the notice period. Workerswho are
eligible for higher UI get lower severance payments.

Essay III: This paper studies which features of a caseworker that are important for job
seeker outcomes, caseworker value-added and to what extent job seeker-caseworker matching
matter. To break non-random sorting of job seekers to caseworkers we exploit that many local
employment offices in Sweden assign job seekers to caseworkers based on date-of-birth. This
as-if random allocation is coupled with detailed data on caseworkers. Our findings shows that
female caseworkers perform better than male caseworker, in particular when they are paired
with female job seekers. We also see that caseworkers with higher wages perform better. Many
other observed caseworker characteristics, such as cognitive ability, personal experience of
unemployment and educational background, are not related to caseworker performance. Based
on the actions taken by the caseworkers, we find that caseworkers who have a preference for
meetings are more successful. We also find that caseworkers who share the same labor market
experience or educational level as the job seeker are more successful in mediating jobs to the
unemployed. Finally, we document large and important differences in overall caseworker value-
added.



in unemployment and the probability of employment is largely unaffected. Moreover, I find
no evidence of job-seekers manipulating the hazard to employment such that it coincides with
UI benefit exhaustion. This result is attributed to generous replacement rates offered in other
assistance programs available to job seekers who exhaust their benefits.
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Essay IV: Previous studies estimating the effect of generosity of unemployment insurance
(UI) on unemployment duration has found that as job-seekers approach benefit exhaustion the
probability of leaving unemployment increases sharply. Such "spikes" in the hazard rate has
generally been interpreted as job-seekers timing their employment to coincide with benefit
exhaustion. Card, Chetty and Weber (2007b) argue that such spikes rather reflect flight out of
the labor force as benefits run out. This paper revisits this debate by studying a 30 week UI
benefit extension in Sweden and its effects on unemployment duration, duration on UI, as well
as the timing of employment. As the UI extension is predicated upon a job-seeker having a
child below the age of 18 at the time of regular UI exhaustion this provides quasi-experimental
variation which I exploit using a regression discontinuity design. I find that although increasing
potential UI duration by 30 weeks increases actual take up by about 2.7 weeks, overall duration
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Introduction

Early 2008, the Great Recession had began affecting the United States

economy. During a couple of months, unemployment rates rose rapidly

and had eventually doubled, reaching its peak at 10 percent in October

2009. Following the Lehman Brothers collapse in September 2008 the,

until then, fairly local recession had turned into a global economic crisis.

As seen in Figure 1, the Swedish economy was not exempted but unem-

ployment rates rose with about 50 percent and nearly 200,000 workers

were notified of their displacement within a year.

Becoming displaced can have detrimental effects on individual work-

ers. Not only could displacement be a traumatic event in and by itself

but it has been shown to lead to significant and even permanent losses

in terms of future earnings, wages and employment (see Davis and von

Wachter, 2011, for a summary of the litterature). Moreover, becoming

unemployed through displacement may also negatively affect individu-

als health and well-being (Kuhn, Lalive and Zweimüller, 2009). Some

evidence even suggest that getting displaced from a long-term job in-

creases mortality and may reduce life-expectancy by up to 1.5 years

(Eliason and Storrie, 2009, Sullivan and von Wachter, 2009). As if this

was not enough, the negative consequences of unemployment also have

the potential to be transmitted to younger generations as some evidence

indicate that children of displaced workers perform worse in school and

experience worse physical and mental health, particularly among chil-

dren in low–socioeconomic status families (Stevens and Schaller, 2011,

Schaller and Stevens, 2015).1

The large and potentially permanent negative consequences from job

loss obviously puts a massive strain on public expenditures in terms

of providing unemployment benefits, health care and social assistance.

Particularly if the existence of welfare cultures are present. For example,

1There are some mixed evidence on the effects on health effects of displaced work-
ers and the health and school performance of their children which appear to vary by
the country of study.
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Figure 1. Unemployment and layoff notifications in Sweden
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Dahl, Kostøl and Mogstad (2014) show quite convincingly that children

of parents having been granted social insurance – ceteris paribus – in-

crease their likelihood of themselves participating in similar insurance

schemes as adults. Not surprisingly then, governments around the world

struggle with getting individuals back to work by various policy measures

aimed towards lowering unemployment duration, increasing job-finding

rates and labor force participation. This in order to uphold tax rev-

enues to be able to provide the fundamental services of a state. While

some level of unemployment will be natural in an imperfect market with

frictions, the level is a function of what is done to aid and incentivize

individuals to find new jobs and prevent them from becoming long-term

unemployed.

This thesis consists of four self-contained chapters all addressing ques-

tions related to job loss, subsequent unemployment and labor supply.

Specifically, I study the consequences of displacement for individual

workers and what kind of incentive schemes and policy measures can

be used to improve their subsequent outcomes and ease transition into

new employment. While all chapters empirically studies workers in Swe-

den, I believe that the policies, incentives and the mechanisms which I

2



seek do describe, can be thought of as being applicable to a broader

more general context and setting.

The first chapter is titled Saved by Seniority - The Effects of

Displacement for Workers at the Margin of Layoff and studies

the short and long-run consequences of involuntary job loss for workers.

This is done using variation spurred out of Swedish labor law which

generates discontinuities in the likelihood of layoff whereby I can esti-

mate the casual effect of job loss on future earnings, employment and

wages. Previous literature studying this question has found large and

permanent negative effects on future earnings and wages, but these es-

timates pertain primarily to high tenured workers laid off due to mass

layoff or plant closures. I show in this chapter that when one studies less

drastic and more regular adjustments to employment, the consequences

of job loss are less severe and earnings losses appear to be transitory

rather than persistent. Nevertheless, when focusing on large layoffs, I

am able to replicate the standard fining or persistent earnings losses.

I continue to show that these permanent losses can to a large extent

be attributed to general equilibrium effects. When layoffs are large in

relation to the local labor market, a large portion of workers having the

same skill, experience and networks search for the same type of jobs

which causes labor congestion on local labor markets rendering income

losses to become more persistent.

The second chapter is written together with Peter Fredriksson, David

Seim and Arash Nekoei and is titled How Does Advance Layoff No-

tice Affect the Labor Market Prospects of Workers?. In this

chapter we characterize how workers adjust when facing job loss and in-

vestigate how this process is affected by a workers notification time. We

use rich administrative data on layoff notifications coupled with quasi

experimental variation generated by collective bargaining agreements

stating that workers above the age of 55 (at notification) get longer no-

tice periods. Using a regression discontinuity design we find that longer

notice periods reduce the probability of non-employment and increase

annual earnings during the first year after layoff notification. Moreover,

workers who get longer notification periods experience smaller falls in

their reemployment wages. We also see substantial amounts of severance

payments made by firms – which workers are willing to accept – in order

3



to reduce the notice period. Workers who are eligible for higher levels

of unemployment insurance (UI) get lower severance payments.

The third chapter is joint with Martin Söderström and Johan Viktröm

and is titled What makes a good caseworker?. Here we study the

importance of caseworkers assigned to job seekers when registering at

local public employment offices upon unemployment. Specifically, we ex-

amine which features of a caseworker that are important for job seeker

outcomes and to what extent job seeker–caseworker matching matter.

To that, we also estimate caseworker overall impact as measured by

value-added. While the question itself is rather straight forward, an-

swering it is complicated by the fact that job seekers are generally not

randomly assigned to caseworkers. For example, the most productive

caseworkers are often assigned the most disadvantaged job seekers, thus

making a mere comparison across caseworkers possibly very misleading

or at best uninformative. However, we are able to break this non-random

sorting of job seekers to caseworkers by exploiting that many local em-

ployment offices in Sweden assign job seekers to caseworkers based which

day of the month they are born. As the exact date-of-birth is uncor-

related with individual characteristics of the job seekers, this creates

an as-if random allocation where caseworkers within a local office will

have job seekers with similar observed and unobserved characteristics.

Using an IV-framework we are also able to handle exemptions from the

date-of-birth assignment rule.

We document large and important differences in overall caseworker

value-added and when studying what characteristics among caseworkers

are predictive for job seekers’ successes we find that female caseworkers

perform better than male caseworker, in particular when they are paired

with female job seekers. However, many other observed caseworker char-

acteristics, such as cognitive ability, personal experience of unemploy-

ment and educational background, are not related to caseworker perfor-

mance. This result is also consistent with results from the teacher litera-

ture, which finds little evidence of a relationship between teacher quality

and observed teacher characteristics (Rockoff, 2004, Rivkin, Hanushek

and Kain, 2005, Rockoff et al., 2011). Nevertheless, we do find that

caseworkers who share the same labor market experience or educational

level as the job seeker are more successful in mediating jobs to the un-
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employed, Moreover, caseworkers that have a preference for meetings

appear to be more successful in shortening job seekers unemployment

duration

The fourth and last chapter in this thesis is titled Extended Unem-

ployment Benefits and the Hazard to Employment and studies

how the generosity of UI affect the hazard to employment and job seekers

unemployment duration. To do this, I exploit a feature in the Swedish

UI system which grants a 30 week UI extension to job seekers having a

child below the age of 18 at the time of (regular) UI exhaustion. Sur-

prisingly, and in contrast to many previous studies, I find no evidence

of the extension having prolonged unemployment durations for eligible

job seekers; although actual take up of UI did increase.2 The absence

of an effect on unemployment duration is likely attributable to access

to fairly generous replacement rates offered in other programs that be-

come available to job seekers who exhaust their unemployment benefits.

I also investigate and test if the employment decision is timed such that

it coincides with UI exhaustion. The results show no evidence of job

seekers manipulating or postponing employment. Moreover, job seekers

do not appear to lower their search intensity during the unemployment

spell due to being aware of being entitled to longer benefit duration.

2See section 4.2 in Chapter 4 for a brief overview of the literature.
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1.1. INTRODUCTION

1.1 Introduction

A large literature documents that displaced workers suffer significant

and even permanent losses in terms of their future earnings, employment

and wages.1 The underlying causes of this phenomenon is still, however,

vividly debated and standard models of the labor market have trouble

generating the magnitude and persistence of empirically observed losses

(Davis and von Wachter, 2011) or disagree upon it sources (Carrington

and Fallick, 2017). Moreover, the current empirical evidence pertain to,

primarily male, high tenured workers experiencing mass layoffs or plant

closures.

This paper studies the short and long-run consequences of job loss

for workers, and explores why and under what circumstances the cost of

displacement are most persistent. This is done empirically by exploiting

discontinuities in the likelihood of lay off generated by a seniority rule

used at layoffs in Sweden, specifically the last-in-first-out (LIFO) rule.

The novel source of identification enables me to study earnings, em-

ployment and wage losses upon displacement and characterize the main

drivers of its persistence for a broader and more representative popula-

tion of workers, laid off due to less drastic and more regular adjustments

to employment.

Understanding why and under what circumstances the costs of dis-

placement are most persistent is important not only for our theoretical

understanding of the labor market but also for public policy. Whereas

short-term losses may call for policy measures such as intensified job

search assistance or extend unemployment benefits, persistent costs and

of displacement brings additional concern over the long-run labor market

prospects of workers. In light of previous evidence, several economists

have recommended policies to abate these long-run losses. Policies such

as subsidizing reallocation and retraining of displaced workers; even sug-

1For results on subsequent labor market outcomes (see e.g. Davis and vonWachter,
2011, Eliason and Storrie, 2006, Hijzen, Upward and Wright, 2010, Jacobson, Lalonde
and Sullivan, 1993, Kletzer and Fairlie, 2003, Lachowska, Mas and Woodbury, 2018,
Ruhm, 1991, Schmieder, von Wachter and Heining, 2018, Song and von Wachter,
2014). For effects of displacement on health and morality (see e.g. Browning, Dano
and Heinesen, 2006, Sullivan and von Wachter, 2009, Eliason and Storrie, 2009,
Schmitz, 2011, Black, Devereux and Salvanes, 2015, Jolly and Phelan, 2017, Schaller
and Stevens, 2015). Reviews of the literature can be found in Davis and von Wachter
(2011), Couch and Placzek (2010), Fallick (1996).
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CHAPTER 1

gesting a government financed wage insurance which subsidizes earnings

for workers whose new job pay less than that of their old job (United

States Congress, 2010).

The key challenge in obtaining credible estimates of earnings losses

upon job loss is that displacement is a non-random event. For instance,

it is widely recognized that displaced workers may be adversely selected

(see Gibbons and Katz, 1991, Pfann and Hamermesh, 2001, Lengerman

and Vilhuber, 2002, von Wachter and Bender, 2006, Abowd, Vilhuber

and McKinnon, 2009, Couch and Placzek, 2010, Schwerdt, 2011, Davis

and von Wachter, 2011, Seim, 2019). If employers are able to select

which workers to displace, whereas others leave the firm early in expec-

tation of future layoffs, workers remaining at the time of displacement

may be of lower quality. Since the seminal study by Jacobson, Lalonde

and Sullivan (1993) the literature has relied on comparisons of displaced

vis-à-vis non-displaced workers across firms, using mass layoffs as an

exogenous source of variation. To distinguish between voluntary and in-

voluntary quits in data, focus has primarily been on male high tenured

workers with a strong attachment to the labor market where the separa-

tion is less likely to be voluntary. Estimates of earnings losses using mass

layoffs therefore pertain to a particular subset of workers, laid off under

very particular circumstances. And to the extent that low productivity

firms attract low productivity workers (Abowd, Kramarz and Margolis,

1999) estimates reflect the causal effect of job loss for workers with less

favorable characteristics.2 Mass layoffs are also quite rare and extraor-

dinary events constituting only a fraction of all involuntary separations.

Strikingly, only about 7 percent of all reported layoffs and discharges

in the United States in 2012 where due to mass layoffs.3 Meanwhile,

evidence is scarce on how job loss due to less drastic and more regular

adjustments to employment affect workers, and to what extent focus-

2Previous research has shown that firms executing mass layoffs tend to be
larger firms, concentrated to particular industries with overall higher turnover rates
(Krashinsky, 2002, Fallick, 1996, von Wachter and Bender, 2006, Sullivan and von
Wachter, 2009)

3Calculations are based upon data from the Bureau of Labor Statistics by combin-
ing data from the Mass Layoff Statistics program (which ended in March 2013) with
the Job Openings and Labor Turnover Survey (JOLTS) reporting the total number
of layoffs and discharges which is made up of all involuntary separations initiated by
the employer. Both these data sources can be accessed at http://www.bls.gov.
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1.1. INTRODUCTION

ing on mass layoff events renders exceptionally negative outcomes for

workers.

The LIFO rule is written into Swedish labor law and mandates that

workers should be laid off in inverse order of seniority, whereby more

recent hires ought to be let go before workers with higher tenure. Us-

ing detailed matched employer-employee data, containing information

on job start and end dates, I rank workers according to their relative

seniority (tenure) within an establishment which, by the LIFO rule, ren-

ders variation in the probability of displacement. Combining these data

with wage registers and a unique individual register dataset containing

all layoff notifications involving at least 5 workers during 2005–2015, I

identify occupation specific cut-offs in downsizing establishments where

the probability of displacement jumps discontinuously. This generates

quasi-experimental variation which lends itself to a (fuzzy) regression

discontinuity (RD) design. The key threat to a causal interpretation

of these estimates is that firms selectively displace workers by choosing,

not who but rather, how many workers to lay off. Although such manip-

ulation is unlikely due to priority of recall for the last displaced worker,

I carefully address this concern through a series of tests and find no ev-

idence of selective firing based on observable characteristics or earnings

prior to the displacement event.4

The main finding of the paper is that both the composition of workers

and the size of the layoff, have important consequences for how work-

ers are affected by job loss, particularly in the long run. In the first

part of the paper, I estimate earnings losses of displaced workers and

find that they on average suffer initial earnings losses of about 38 per-

cent compared to their non-displaced coworkers. While not being fully

comparable, the size of these initial losses are close to what has been

observed for displaced workers in the United States who are laid off

during recessions (Davis and von Wachter, 2011). As time progresses,

however, the earnings gap between displaced and non-displaced workers

shrink and is fully closed 7 years after displacement. Crucially, this is

not driven by the non-displaced workers getting laid off at a later point

4To the extent that there are imbalances in unobserved worker productivity due
to employers being able to selectively displace workers, estimates should be downward
biased. Nevertheless, in light of the finding that earnings losses are transitory rather
then persistent, this would suggest that displaced workers recover even faster.
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in time. I then decompose average cumulated earnings losses into dif-

ferent margins of adjustment and show that these losses are primarily

driven by lower wages and less employment, whereas the hours responses

are of lesser importance.

As the finding of earnings losses being transitory, rather then persis-

tent, stands in contrast to the previous literature which find long run

earnings losses ranging between 10-20 percent of previous earnings (see

Table A-1.1 for a summary), the second part of the paper exploits the

large heterogeneity across layoffs in order to understand the main drivers

of long run earnings losses. I begin by estimating earnings losses of dis-

placed workers using mass layoffs following the standard event study

approach. I find large and highly persistent effects of displacement thus

ruling out that the transitory pattern observed in the RD analysis is

context or time specific. I proceed by producing separate RD estimates

for each layoff. I then correlate the short and the long run losses with

characteristics of the workers, occupation and establishment involved

in the layoff as well as economic conditions at the time of notification.

While I find that older workers are more negatively affected by job loss,

the key driver of persistent earnings losses turn out to be the relative size

of the layoff. In fact, significant persistence can only be found among

establishments executing mass layoffs, i.e, displace more then 30 per-

cent of their workforce. This pattern remains even when controlling for

worker characteristics as well as economic conditions. Going further, I

exploit the fact that there is variation in the size of layoff relative to the

local labor market, holding constant the size of the layoff in relation to

the establishment. These estimates indicate that the key determinant of

persistent earnings losses is the size of the layoff in relation to the local

labor market suggesting that negative spillovers and general equilibrium

effects play an important role for workers future labor market outcomes.

Relative to the previous literature estimating earnings losses upon

displacement, this is the first paper to exploit seniority rules as an ex-

ogenous source of variation to involuntary job loss. By doing so, I provide

new evidence of the the consequences of job loss for a broader and more

representative population of workers. Moreover, the novel identification

strategy allows me to study more common and less drastic adjustments

to employment, in contrast to relying on much larger and exceptional
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layoffs events. This distinction also turns out to have significant impli-

cations for our view on how workers are affected by involuntary job loss,

as persistent earnings losses are only found among workers experiencing

large layoffs, which have been the focus of the literature so far.

The results of this paper also speak to the theoretical literature ex-

plaining the observed earnings losses of displaced workers in models

featuring search frictions, unemployment fluctuations and job ladders

(see e.g. Ljungqvist and Sargent, 1998, Davis and von Wachter, 2011,

Krolikowski, 2017, Kuhn and Jung, 2019). My findings suggest that

standard search-matching models of the labor market may in fact be

able to account for both the magnitude and the persistence of earnings

losses when considering more representative set of laid-off workers. Fi-

nally, the paper adds to the literature on how seniority rules are used at

layoff (see section 1.2 for a brief overview).

The rest of the paper proceeds as follows. Section 1.2 provides a brief

description of the overall usage of seniority rules at layoff, the Swedish

labor market and gives a more detailed description of the Swedish LIFO

principle that is used for identification. Section 1.3 describes the data

and defines the relevant variables used to identify workers’ relative se-

niority within an establishment. The empirical strategy is laid out in

Section 1.4, together with a discussion and multiple tests of the iden-

tifying assumptions needed for causal inference. The section ends with

examining the empirical relationship between workers’ relative seniority

and layoff, i.e. the first stage. Section 1.5 presents the results on workers

subsequent labor market outcomes and decomposes the overall earnings

effect into various margins of adjustment. In Section 1.6, I investigate

the main drivers of earnings losses upon displacement and evaluate the

relative importance of the general equilibrium effects created by larger

layoffs. Finally, Section 1.7 concludes.

1.2 Seniority rules

The use of a seniority rule at layoff implies that more recent hires should

be displaced before workers with longer tenure. Thus a workers’ rela-

tive tenure ranking within a firm or establishment is predictive, albeit

not perfectly, of whether he or she will become displaced in the event
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of an establishment downsizing. Seniority rules are part of the broader

concept of employment protection as it provides insurance and protects

tenured workers against unjust termination (Pissarides, 2001). While

being largely beneficial for the incumbent worker, high employment pro-

tection is generally thought to increase firms firing costs which in turn

may hamper job creation and generate inefficiently low labor turnover

(see e.g. Lazear, 1990, Mortensen and Pissarides, 1994). Indeed, some

studies find that relaxing employment protection, specifically exceptions

from the seniority rule at small firms, renders increased labor flexibility

and labor productivity (Bjuggren, 2018, von Below and Thoursie, 2010).

Seniority rules are commonly used at layoffs although with consider-

able differences across sectors and countries. Buhai et al. (2014) empir-

ically documents the use of seniority rankings in layoff decisions in Den-

mark and Portugal, although it is unclear whether any formal rules are

the cause of these findings. Abraham and Medoff (1984) survey about

200 firms in the United States and find that seniority rules are commonly

used at layoff, particularly among unionized firms. Sorensen (2018)

provides suggestive evidence of seniority rules being used during mass

layoffs among German establishments although the use of such rules ap-

pear to have declined. Böckerman, Skedinger and Uusitalo (2018) and

Landais et al. (2018) documents empirical patterns consistent with the

use of seniority rules in Sweden, which together with the Netherlands,

is one of few countries who explicitly refer to a seniority rule in the

Employment Protection Act as the main criteria for prioritizing among

workers in the event of downsizing (Böckerman, Skedinger and Uusitalo,

2018). However, none of the aforementioned paper have been able to pin

down the usage of a strict seniority rule (e.g., LIFO rule) by establishing

a discontinuity in the seniority ranking.

The Swedish labor market The Swedish labor market is charac-

terized by high union involvement. There is, for instance, no legislated

minimum wages in Sweden but instead wage floors are set in industry or

even occupation specific collective bargaining agreements (CBA’s) which

by law cover all employees (also non union members) at a firm who has

signed such an agreement. Moreover, there are always separate CBA’s

for white- and blue-collar workers. The wage setting system thus rely on
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high CBA coverage which in 2017 was about 90 percent of the Swedish

workforce whereas the union membership rate was around 69 percent

(Kjellberg, 2017).

Workers that are laid off due to no-fault individual dismissals are enti-

tled to advance notice where the length of the notice period varies with

tenure by law and sometimes by age according to local CBA’s. The

length of notice periods follows a stepwise pattern where the minimum

notice period is 1 month for workers with less then 2 years of tenure.

Workers with at least 2 but less then 4 years of tenure have 2 months of

notice and the maximum statutory notice period is 6 months which is

given to workers having worked at least 10 years with the same employer.

For white-collar workers, most CBA’s grant an additional 6 months of

notice for workers above the age of 55 at dismissal.

The Swedish LIFO rule The Swedish Employment Protection Act

(EPA:22§) stipulates that when a firm needs to downsize due to “short-

age of work” it should follow a LIFO principle which mandates that

workers should be laid off in inverse order of seniority.5 In the event

of a tie in tenure, priority should be given to the older worker. For-

mally, the LIFO rule applies at the establishment level. In the event

of multiple layoffs, employers should divide workers into groups based

on workers CBA affiliation and list workers according to the length of

employment.6 These groups form so called order of termination circuits

(turordningskrets) (henceforth refereed to as an order circuit or circuit,

for short). Importantly, labor law also stipulates a “last-out-first-in”

principle (EPA:26§) where the displaced worker with the highest tenure

within the circuit has priority of recall if the firm needs to start hiring

within 9 months of the displacement. Priority of recall applies to workers

with at least 12 months of tenure, who is deemed sufficiently qualified

for the new job and had expressed a wish for recall to the employer prior

to layoff.

5The term “shortage of work” is somewhat misleading as legal practice has come to
interpret this as all lay-offs not related to personal behavior of an individual worker.

6Whereas the LIFO rule applies at the establishment level, a worker’s tenure –
on which he is ranked upon – is based on total time at the firm, irrespective of
whether the worker has worked sporadically, part-time or full-time. During e.g. firm
acquisitions or mergers tenure is not reset but the start date of employment is that
of the initial employer.
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Some parts of Swedish labor law consists of semi optional paragraphs,

meaning that these could be bypassed by employee and employer orga-

nizations through CBA’s or local agreements. One such paragraph is

the LIFO rule. An employer may deviate from the LIFO principle by

agreeing on a different order of priority with local union representatives

in a negotiation. However, if the employer and the union are unable

to strike a deal the LIFO rule as written in law should be applied. As

such, the Swedish LIFO principle is a “soft” seniority rule, functioning

as a default or starting point for negotiations between the local union

and the employer. Unfortunately, little is known about how frequently

agreements of deviations from the LIFO principle are made in practice.7

Hence, it is ambiguous whether employer compliance with the LIFO

principle at layoff is voluntary or at the demand of the local union.

Finally, firms with less than 10 employees are allowed to exempt two

workers that are of particular importance for the firm. Also, workers in

managerial positions or part of the employers’ family may be exempted

from the LIFO rule.

1.3 Data

I have data on layoff notifications from 2005 to 2015. By law, any firm

that intends to displace more than 5 workers within a 90 day period

must notify the Public Employment Service (PES). In a first stage, the

firm reports to the PES the number of intended layoffs and the reason

for downsizing. In a second stage, on average 70 days after the first, the

firm submits a list of names of the workers affected by the displacement.

By law, the list should be sent in within a month of the first worker

becoming laid off. Typically, all workers are notified on the same date

whereas the date of displacement differs due to differences in statutory

notification times as described above.

These data are then matched with a data set containing the universe

of employer-employee matches between 1985 to 2016, which contains in-

formation on both firm and individual characteristics such as age, level

of education and annual earnings. The data is annual, and along with

7Deviations from the LIFO principle should, however, not contravene “good prac-
tice in the labor market” or violate the Discrimination Act (EPA:22§).
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the annual income statement, the employer reports the first and last

month worked for each employee. These monthly markers make it pos-

sible to calculate firm specific tenure as well as to determine the current

workforce at an establishment at the monthly level. One issue with the

monthly markers is that employers sometimes routinely report workers

as having worked the entire year so that January is too often reported

as being the start of the employment spell which in turn may generate

measurement error in tenure. Moreover, a common feature of matched

employer-employee data are so called false firm deaths where firms for

other reasons than shut-down change identification number. Such occur-

rences would lead to erroneously reseting workers tenure, thereby cre-

ating large amount of inaccurate ties in tenure within a firm. As these

data shortcomings in measuring tenure will map directly onto the forcing

variable I try to minimize its influence by dividing workers starting in

January into quartiles of annual earnings in the first year of employment

where lower quartiles are assumed to have started employment later. I

also exclude circuits where more than 2/3 of workers have tenure equal

to the mode of tenure within the circuit.8 In Appendix C, I explain

in detail the procedure for calculating tenure and address the potential

sources of measurement error in the forcing variable and its consequences

for identification.

As described in Section 1.2, the LIFO rule applies at the establishment

×CBA level. Ideally, one would like to have accesses to which workers are

covered by which CBA. As data do not exist on workers CBA affiliation,

I proxy this by (the Swedish version of) 2-digit level ISCO-88 (Interna-

tional Standard Classification of Occupations 1988) occupational codes

provided in the wage register collected by Statistics Sweden each year.

The register also contain information on (full-time equivalent) wages and

is available for a very large sample of establishments covering almost 50

percent of all private sector workers and all public sector workers from

2000 to 2015. The sampling of private sector workers is done by firm

8An alternative approach, suggested by Hethey-Maier and Schmieder (2013), is to
correct false firm/establishment deaths using worker flows. This involves categorizing
last appearances of establishment identifiers as closures, mergers, spin-offs, etcetera,
by placing restrictions on observed worker flows. As this approach requires more than
one, possibly arbitrary, restrictions I find that placing only one restriction is more
transparent.

18



CHAPTER 1

(stratified by size) which again enables me to classify occupation for the

entire workforce at each (sampled) establishment.9

Through these data, I determine the order of termination implied by

the LIFO rule, for all establishments having sent a lay off notification

to the PES and for which I have data on workers’ occupation. Within

circuits, I rank individuals according to seniority (SRic), adapting the

convention of 1 being the highest tenured worker. Individual i’s relative

ranking within an order circuit c could then be written as

RRic = SRic − (max
i∈c

(SRi)−Nc) (1.1)

where SRic is the seniority ranking and Nc is the number of notified

workers reported in the list submitted by the employer to the PES.10

RRic is the forcing variable defining the relative tenure ranking normal-

ized to zero for the worker who, by the LIFO rule, should be the last

worker to remain employed. Figure 1.1 illustrates RR for two occupa-

tions (pink and gray) within a downsizing establishment in a given year.

These form two separate circuits where workers are ranked according to

tenure (and age in case of a tie).11 In the upper row Nc = 3 and the

lower Nc = 2. Thus, workers to the right of the cut-off (with RR > 0)

would get displaced if the establishment fully applied the LIFO rule.

Note that the number of notified workers (Nc) is set endogenously by

the firm. This may be problematic if firms select Nc based on worker

characteristics as it would cause selective firing. I address this concern

thoroughly in Section 1.4.2.

I have imposed some further restrictions on the data. First, I exclude

layoff notifications where plant closures and bankruptcies are reported

as the cause of displacement, as the threshold within circuits in such

9The survey is carried out in September and November and thus, strictly speaking,
information on the composition of the workforce, occupation and wages corresponds
to these months. This implies that order circuits should be better approximated for
notifications that occur around September and November. Indeed, the precision of
the first stage is much better for notifications made in the month of September to
January than other months.

10I thus use the number of notified workers provided in the second stage of the
reporting process. The reason is that firms have an incentive to over report the
initial number of intended layoffs as they are prohibited from going beyond this
number when finalizing the list of workers getting displaced.

11Ties in relative ranking could still exist if workers start their job in the same year
and month and also being born in the same year and month.
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Figure 1.1. Graphical illustration of two order circuits

−6 −5 −4 −3 −2 −1 0 1 2 3
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Cut-off

Cut-off

Low tenureHigh tenure

Notes: The figure illustrates workers relative tenure/seniority ranking, normalized to
zero at cut-off, for two different occupations (pink and gray) within an establishment
in a given year which together forms two order circuits. Workers right of the cut-off,
with positive relative ranking are those who, according to the LIFO rule, ought to be
displaced when a firm downsizes due to shortage of work.

establishments are undefined since everyone is laid off. I also discard

notification due to an establishment moving as it may be endogenous

whether the worker chooses to reallocate with the establishment. Sec-

ond, I restrict the analysis to industries dominated by blue-collar workers

as the LIFO rule to a greater extent applies among blue-collar workers.

From this restriction it also follows that almost all establishments op-

erate in the private sector. Finally, I condition on layoff notifications

affecting at least 10 workers within an order circuit which is restricted

to contain at most 100 workers.12

1.3.1 Mass layoff vs. LIFO sample

As mentioned in section 1.1, the canonical way of estimating earnings

losses upon job loss has been to identify instances where establishments

layoff a large share of their workforce or shut down altogether. Since the

seminal study by Jacobson, Lalonde and Sullivan (1993), a mass layoff

12The lack of a one-to-one mapping between CBA’s and occupation codes makes it
difficult to precisely define the relevant workforce subject to the notification. Thus,
the full tenure distribution within the order circuit may be obscured by erroneously
including workers in an order circuit which they do not belong to. Misallocating
just one worker will render the circuit too large or too small, thereby leading me to
place the discontinuity in the wrong place in the tenure distribution. Thus placing
restrictions on the maximum size of the order circuit increases precision of the first
stage as the probability of including the “wrong” workers decreases.
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Table 1.1. Sample characteristics

All Displaced LIFO Mass Layoff
Workers Sample Sample

Mean SD Mean SD Mean SD

Age 40.66 12.74 38.58 12.02 42.47 8.19
Female 0.35 0.48 0.21 0.41 0.00 0.00
Tenure 4.60 5.13 6.47 5.80 11.02 6.01
Annual Earnings (t-1) 26.65 13.75 25.24 9.95 29.66 11.80
Highest attained education

Primary school 0.44 0.50 0.50 0.50 0.58 0.49
High school 0.43 0.50 0.45 0.50 0.35 0.48
College 0.12 0.33 0.05 0.23 0.07 0.26

N 425,890 16,747 22,880

Notes: The table shows summary statistics for workers notified of their dis-
placement between 2005-2015. The first column includes all workers notified in
layoffs where more than 5 workers are involved and hence reported to the PES.
The second column shows sample characteristics for workers used in the main
analysis of this paper. The third column shows worker characteristics when fol-
lowing the standard restrictions imposed in the literature using mass layoffs. For
details see section 1.6.1.

has been defined in the literature as observing at least 30 percent of the

current workforce leaving the plant within a year. One limitation, how-

ever, is the inability to separate between voluntary and involuntary quits

which introduces upward bias if the former is erroneously interpreted as

the latter. To account for this, most studies focus on workers with strong

attachment to the firm as voluntary quits could be considered less likely.

In Table A-1.1, I summarize some of the most influential or recent stud-

ies estimating earnings losses upon displacement, all of which use mass

layoff for identification. As can be seen in column (6)-(8), the typical

study considers large layoffs, focusing on male workers with at least 6

years of tenure.

Even though studies exploiting mass layoffs may be internally valid,

the external validity for the population of laid-off workers or the working

population in general is not immediate. Indeed, Table A-3.1 illustrates

that external validity may be an issue. The table presents descriptive

statistics for all Swedish workers being part of a layoff notification con-

sisting of 5 workers or more as well as for the sample of workers fulfilling

the sample restrictions standard within the mass layoff literature. It is

clear that these (male) workers are on average both older and have higher
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tenure and higher annual earnings then the average laid off worker in

Sweden. Note that these dissimilarities may be even more pronounced

for mass layoff samples outside Sweden as the LIFO rule may restrict

employers from selecting its least productive workers. The middle two

columns of Table A-3.1 show the same statistics but for the sample of

laid off workers used in this study. When not being forced to condition

on tenure, workers in my sample are more similar to the average notified

worker.13

1.4 The LIFO rule and layoff

1.4.1 Empirical strategy

As seniority within an establishment will be positively correlated with

worker ability and productivity, correlating workers relative ranking with

future earnings will inevitably be biased due to omitted variables. Simi-

larly, a mere comparison of displaced vis-à-vis non-displaced workers will

render biased estimates as firms could selectively displace workers with

an ex ante lower earnings trajectory (due to e.g. low productivity). The

LIFO rule, however, imposes restrictions on the employer in choosing

between two workers working at the same establishment who performs

similar tasks.

Following the definition of relative ranking (RR) in equation (1.1), I

define the instrument as Zic = 1[RRic > 0] where 1[·] is the indicator

function. Further, I define a control function for relative ranking

h(RRic) = [h0(RRic) + h1(1[RRic > 0]×RRic)] (1.2)

which allows for different slopes on each side of the threshold. Since

tenure is discrete and measured in months, I rely on a parametric control

function varying the functional form in contrast to more non-parametric

estimation techniques suggested by Calonico, Cattaneo and Titiunik

13As the identifying variation comes from the compliers just at the threshold Table
A-1.2 characterizes the complier population following Abadie, Angrist and Imbens
(2002), Abadie (2003). In general, the overall estimation sample is very similar to the
complier population.

22



CHAPTER 1

(2014). The first stage equation can then be written as

Dic = α+ γZic + h(RRic) + φc + ρX ′
i + εic (1.3)

where γ is the first stage effect on the probability of being displaced

(Dic). X ′
i is a vector of baseline covariates included in some specifica-

tions to increase efficiency and εic an error-term. φc is an order circuit

fixed effect which consists of unique combinations of a firm, establish-

ment, occupation and notification year fixed effects. The corresponding

outcome equation is

yict = π + βDic + h(RRic) + φc + δX ′
i + uict. (1.4)

Substituting equation (1.3) into (1.4) yields the reduced form equation.

As order circuits are proxied and the LIFO rule semi optional, assign-

ment to displacement will not be a fully deterministic function of a

workers relative ranking (i.e., γ < 1). Hence, in order to estimate the

cost of displacement, I instrument Dic with Zic, rendering a fuzzy RD-

design. The resulting instrumental variable (IV) estimate may then be

interpreted as the local average treatment effect (LATE) for workers

just at the margin of lay off within establishments complying with the

LIFO rule. Notice that equation (1.3) and (1.4) exploit variation within

order circuits (establishment×occupation×year combinations) thereby

avoiding any potential bias stemming from initial sorting of different

types of workers into different types of firms.

Excludability of the instrument hinges upon the assumption that be-

ing just above the (proxied) threshold only affects subsequent labor mar-

ket outcomes through displacement. While exclusion is an assumption,

it is useful to note that there are no other formal rules pertaining to the

LIFO threshold. Also, the reduced form coefficient is interpretable as

the average effect of being exposed to a higher risk of displacement in

the event of downsizing.

In the main specification I use a bandwidth of ±15 while confirming

the robustness of these results by varying both the bandwidth and the

functional form of h(·) as suggested by Lee and Lemieux (2010).14 In

14I also run the main regressions using the optimal bandwidth selector suggested
by Calonico, Cattaneo and Titiunik (2014). As can be seen in Appendix B, the results
remain virtually unchanged.
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all regressions I cluster the standard errors at the level of the order

circuits.15

1.4.2 Selection around the discontinuity

The empirical strategy relies on the assumption of non-manipulation of

the forcing variable. Specifically, firms should not be able to perfectly

choose which workers’ gets notified and eventually displaced. As de-

scribed in Section 1.2, default order circuits may be circumvented and

formed endogenously in a firm/union negotiation which might render

control over which workers get notified and eventually laid off. This

implies that, even if data on actual order circuits where available, one

may be reluctant to use these. However, by proxying order circuits with

combinations of establishment and occupation, I avoid potential manip-

ulation as the proxy functions as an instrument, only picking up estab-

lishment/occupation combinations that adhere to the LIFO rule. If the

relative tenure ranking within the establishment/occupation combina-

tion were not predictive of actual order circuits, due to, e.g., deviations

agreed upon between local union representatives and the employer, the

first stage coefficient would be zero.

One potential concern is that firms set the cut-off endogenously by

choosing how many workers to notify and eventually displace. A firm

that intends to lay off n workers but realizes that worker n+1 in the se-

niority ranking is a lower productivity worker the firm can instead decide

to notify and lay off n+1 workers. This could create non-random selec-

tion into displacement which could invalidate the RD research design by

creating discontinuous differences in worker characteristics around the

threshold. Formally, the key identifying assumption can be stated as

lim
Δ→0+

E[εi | RRi = Δ]− lim
Δ→0−

E[εi | RRi = Δ] = 0 (1.5)

15Card and Lee (2008) propose clustering the standard errors on the running vari-
able when using a RD design. Doing this generally renders somewhat smaller standard
errors as does clustering at the establishment level or the interaction of the two. In
my main specification I take the most conservative approach and cluster standard
errors on the circuit level. Results with other levels of clustering is available upon
request.
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Figure 1.2. Selection on observables
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Notes: The figure shows predicted annual earnings as a function of a workers relative
ranking within an order circuit (in discrete bins), normalized to zero at the threshold.
The dependent variable is generated by taking the fitted values from a regression of
annual earnings on age, tenure and dummies for female, immigrant, level of education.
The regression include a linear polynomial function interacted with the threshold
as well as order circuit fixed effects and is run using a bandwidth of ±15. The
point estimate of the jump at the threshold is -0.104 with a standard error of 0.944.
Standard errors are clustered at the order circuit level.

meaning that the distribution of unobserved worker characteristics be

continuous at the threshold. Although the continuity assumption cannot

be fully tested, its validity may usually be assessed by checking the

density of observations around the threshold as well as mean observable

worker characteristics.

As the threshold is defined by where in the seniority distribution the

last worker is notified, standard density tests as suggested by McCrary

(2008) are not longer valid as the density around the threshold is bal-

anced almost by construction.16 For completeness, however, Figure A-

1.1 shows the density around the threshold. Due to having restricted

the sample to at least 10 workers getting notified within a circuit the

frequency of observations are about the same up until RRic > 10 where

it starts to drop. Since density tests are invalid in this particular setting,

16I say almost due to the fact that I allow for ties in relative ranking of both tenure
and age at notification are the same for workers within the same order circuit. Also
note that, by construction, circuits where the entire workforce is notified are excluded.
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I rely on balancing of average worker characteristics at the threshold to

test the continuity assumption.

Figure 1.2 plots predicted annual earnings estimated by taking the

fitted values from a regression of annual earnings on age, tenure and

dummies for female, immigrant and level of education. Whereas the

overall downward trend in predicted earnings stems from workers with

higher relative ranking being on average lower tenured workers, there

is no indication of selection around the discontinuity as the estimated

jump at the threshold is less than 104 SEK (10.5 USD) and statistically

insignificant. Thus predicted annual earnings evolves smoothly around

the threshold.

Next, in an additional test of the continuity assumption, column (1)–

(3) in Table 1.2 show estimates from regressing the instrument Zi on a

set of pre-determined covariates and the control function h(RRi). Ir-

respective of the choice of functional form, or the exclusion of circuit

FE’s, none of the individual variables are predictive of treatment status

as coefficients are typically small as well as statistically indistinguish-

able from zero. Most importantly, all specifications in column (1)-(3),

are unable to reject the hypothesis of all coefficients being jointly zero

as can be seen in the lower end of Table 1.2 showing the F -statistic

and the p-value from a joint significance test. Further, columns (4) and

(5) show results from separate regressions for each baseline covariate,

regressed on the instrument and a first and second order polynomial

function, respectively. The point estimate in column (5) suggest that

the difference in annual earnings between workers just to the right and

left of the threshold is 0.7%. Figure A-1.3 show graphically the bivari-

ate balancing tests corresponding to column (4) and (5) as well as for

monthly wages for which I have access to for a smaller sample.

Taken together, the fact that observable characteristics and earn-

ings are neither jointly nor individually predictive of treatment speaks

strongly in favor of the continuity assumption. It suggests that em-

ployers are unable or unwilling to adjust the number of workers being

notified/displaced such that selective displacement occurs. Arguably,

the incentives for laying off n+1 workers are also small as the marginal

worker being laid off have first priority of recall up to 9 months after

displacement. In sum, I find no evidence of firms setting the cut-off en-
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Table 1.2. Balancing of baseline covariates

(1) (2) (3) (4) (5)

Earnings 0.0001 0.0030 0.0030 0.0049 0.0073
(0.0056) (0.0078) (0.0044) (0.0101) (0.0124)

Female -0.0063 -0.0066 -0.0018 -0.0127 -0.0151
(0.0046) (0.0063) (0.0037) (0.0111) (.0144)

Immigrant 0.0057 0.0041 0.0002 0.0059 -0.0071
(0.0052) (0.0065) (0.0041) (.0105) (0.0143)

Age -0.0000 -0.0001 0.0000 -0.1181 0.2001
(0.0002) (0.0002) (0.0002) (0.3532) (0.4513)

Highest attined Education
Primary school ref. ref. ref. 0.0031 0.0271

(0.0146) (0.0207)
High school -0.0017 -0.0022 -0.0028 -0.0048 -0.0272

(0.0045) (0.0049) (0.0035) (0.0149) (0.0208)
College -0.0003 -0.0001 -0.0036 0.0017 0.0002

(0.0094) (0.0129) (0.0079) (.0067) (0.0088)

Order of polynomial
1st degree � � �
2nd degree � �

Circuit FE � � � �
F -statistic 0.542 0.364 0.306 · ·
p-value 0.776 0.901 0.934 · ·
R2 0.740 0.733 0.883 · ·
# clusters 621 621 621 621 621
N 16,633 16,633 16,633 16,633 16,633

Notes: The table show balance tests of baseline covariates at the LIFO threshold.
Columns (1)-(3) show results from regressing the instrument (being above the thresh-
old) on a set of baseline covariates and a polynomial control function in relative rank-
ing interacted with the threshold. Annual earnings in measured in the year prior to
notification and is normalized to reflect percentage point deviations from the mean
of the workers below the threshold. The bottom of the table displays the F -statistic
and the corresponding p-value from testing the hypothesis that all coefficients being
jointly equal to zero. Columns (4)-(5) report results from balancing tests where each
covariate has been regressed separately on the instrument and a polynomial control
function in relative ranking interacted with the threshold. All regressions use a band-
width of ±15. Standard errors clustered at the level of the order circuit and shown
in parentheses. Asterisks indicate that the estimates are significantly different from
zero at the ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01 level.
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Figure 1.3. Probability of having left notifying firm
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βF̂S=    0.102
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Notes: The figure shows the probability of displacement as a function of a workers
relative ranking within an order circuit (in discrete bins), normalized to zero at the
threshold. The regression include a linear polynomial function interacted with the
threshold as well as order circuit fixed effects and is run using a bandwidth of ±15
corresponding to column 1 in Table 1.3. The point estimate of the jump at the
threshold is 0.102 with a standard error of 0.015 which corresponds to an F-statistic
of 49.02. Standard errors are clustered at the order circuit level.

dogenously such that it would invalidate the RD-design and thus the

estimates can be interpreted as causal. Nevertheless, as the number of

notified workers is set endogenously by the employer, imbalances may

still exist on unobservable worker characteristics. While this, per defini-

tion, cannot be tested, selective displacement of low productivity work-

ers would imply that my estimates of earnings losses and its persistence

are exaggerated. However, in light of the finding that earnings losses

are transitory rather then persistent, this would imply that displaced

workers have smaller earnings losses and recover even faster.

1.4.3 Layoff and the LIFO-threshold

Figure 1.3 shows the probability of being displaced as a function of work-

ers relative tenure ranking within an order circuit where displacement

is defined as having left the notifying firm within 15 months after no-

tification.17 As predicted by the LIFO rule, there is a discontinuous

17The maximum notification time is 12 months and the average difference between
workers’ individual notification dates and the date the firm sends in the notification
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jump at the threshold where the probability of displacement increases

by 10.02 percentage points which translates to a 24 percent increase in

marginal likelihood of getting displaced when surpassing the threshold.18

In Appendix A, Figure A-1.2 shows the corresponding first stage regres-

sion using individual worker layoff notification as the dependent variable

where again the probability of notification jumps discontinuously at the

threshold 12.6–20 percentage points depending on the functional form

of the control function.

If the LIFO rule was fully binding, this would imply a sharp jump in

the probability of displacement going from 0 to 1 at the threshold. How-

ever, as seen in Figure 1.3 (and A-1.2), workers just below the threshold

have about 42 (46) percent chance of being displaced (notified). The

“fuzzyness” arises partly from two sources. First, tenure is measured

with some error (see Appendix C). Second, the 2-digit occupational

codes is only a proxy for workers CBA affiliation as the latter is not

observed in data. This renders the establishment×occupation combina-

tion only approximate of statutory order circuits. Finally, actual circuits

may deviate from the statutory circuits if agreed upon by the employer

and local union representatives. Note, however, that the first stage ranks

workers on tenure within the (proxied) statutory circuits. Hence, even

if the actual circuits deviate due to local agreements or manipulation

by the employer, this do not induce bias but only attenuates the first

stage coefficient towards zero. Nevertheless, as seen in Figure 1.3, using

(proxied) statutory circuits captures some compliance to the LIFO rule

as the jump at the threshold is both precisely estimated as well as stable

across various specifications.

Table 1.3 shows first stage estimates varying the bandwidth and func-

tional form of the control function. Column (1) shows the estimate cor-

responding to Figure 1.3 where the estimated jump in the probability

of displacement is 10 percentage points. The instrument is highly pre-

dictive of displacement with an F -statistic of 49 which is well above

conventional levels for evaluating instrument relevance. It is also re-

to the PES is 70 days. Hence, not working at the notifying firm 15 months after
notification is a fairly good proxy of displacement due to the downsizing. Nevertheless,
the first stage is not sensitive to changing this to any number ≥ 12 months.

18Workers just below the threshold have a 42 percent likelihood of displacement so
the marginal likelihood is calculated 0.102/0.419 = 0.243.
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assuring that adding covariates (column 2) do not change the estimated

first stage coefficient by much, which confirms balancedness around the

threshold. Column (3) of Table 1.3 display the first stage regression us-

ing the optimal bandwidth selector suggested by Calonico, Cattaneo and

Titiunik (2014). Using this bandwidth of ±11 the jump at the threshold

is estimated to 0.087 with an F -statistic of 30.8. The bandwidth selector

is, however, unable to account for order circuit fixed effects which may

generate a too narrow bandwidth as it overstates the identifying varia-

tion. To further investigate the robustness of the first stage, column (5)

and (6) fits a second order polynomial to the control function. Fitting

a higher order polynomial to the (optimal) bandwidth of 17 somewhat

reduces the first stage estimate compared to, e.g., column (3). However,

it remains a strong predictor despite the narrow bandwidth where one

worry may be that the model over-fits the data. Using a second order

polynomial and doubling the bandwidth to 30 (column 6) renders more

precise estimates similar to the preferred specification in column (1).

Displacement was defined above as having left the firm within 15

months of notification. This allows for a lag between the firm reporting

the notification to the PES and at a later stage notifying the individual

worker as well as individual worker’s notification times. Nevertheless,

there is a dynamic dimension to this first stage as some workers may

separate from the establishment later and some workers may be recalled.

Moreover, if the firm was doing poorly, future layoffs might be expected

which should affect workers who just managed to keep their employment

during the first downsizing event. To investigate whether the difference

in employment at the notifying firm persists over time, I take advantage

of the monthly markers provided by employers along with the annual

income statement to trace the dynamic pattern of when workers separate

from the notifying firm.

Figure 1.4 plots the results from 48 separate RD regressions for each

month relative to the month of notification where I regress the monthly

indicator of having separated from the notifying firm on the instru-

ment Zic. For each time point, I plot the constant (hollow circles) and

constant+γ (solid circles) estimate of equation (1.3) which corresponds

to the predicted value of separation for workers just below and above of

the threshold, respectively. The red dashed vertical line indicates signifi-
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Figure 1.4. Probability of having left notifying firm relative
month of notification
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Notes: The figure shows the probability of having left the notifying firm for a given
month relative the month of notification. For each time point, I plot the constant
(hollow circles) and constant+γ (solid circles) estimate of equation (1.3) which corre-
sponds to the average predicted value of each outcome for workers just to the left and
right of the threshold, respectively. The dashed vertical line indicates significance at
the 5-percent level where standard errors are clustered at the order circuit level. The
regressions include a linear polynomial function interacted with the threshold as well
as order circuit fixed effects.

cance at the 5-percent level, clustering the standard errors at the level of

the order circuit. Due to statutory notification times workers just below

and above the threshold start to diverge after 3 months, which is the av-

erage notification time in my sample. The gap widens up until about 12

months (99th percentile in notification times) where it stabilizes around

an 10 percentage point difference. Importantly, the difference in prob-

ability of separation (i.e., not working at the notifying firm in a given

month) remains stable throughout. Hence, it does not seem to be the

case that workers are getting displaced and later recalled to any large

extent, nor that workers surviving a first layoff notification later become

displaced in additional notifications.19

19Figure A-1.4 shows the probability of recall within 2 years after notification by
relative seniority ranking where there is no significant difference crossing the thresh-
old.
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1.5 Consequences of layoff for workers

This section investigates earnings losses upon job loss induced by the

LIFO rule. I then proceed by decomposing the overall earnings effect

into seperate estimates for employment, wages and hours. The section

ends by evaluating the relative importance of these three channels for

the total earnings loss.

1.5.1 The total earnings effect

Figure 1.5 (a) gives a snapshot of annual earnings around the thresh-

old in the year after notification.20 There is a clear downward jump

at the discontinuity, where workers just surpassing the threshold earn

on average -11.74 thousand SEK less then their coworkers just below

the threshold who remained employed at the notifying firm to a greater

extent. The effect is precisely estimated with a standard error (SE) of

3.28 which is significant at the 1 percent level. Adding a second order

polynomial barely changes the estimate -11.29 (SE = 4.75 ; p = 0.018).

Figure 1.5 (b) plots the earnings differential but four years after notifi-

cation and even here the difference in annual earnings remains but has

become somewhat smaller with workers above the threshold earning on

average 9.31 thousand SEK less then workers just below. Not surpris-

ingly, the variance in earnings has increased considerably compared to

the first year after notification. The slope of the control function has

also changed which likely reflects that the displaced workers’ current

earnings no longer correlates with their previous relative ranking within

the (old) notifying firm.

20All earnings and wages have been deflated to 2005 values in thousands of Swedish
krona (SEK). One thousand SEK roughly corresponds to 110 US dollar or 97 Euros.
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Figure 1.5. Annual earnings by relative seniority ranking
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Notes: The figure shows annual earnings (in 1000 SEK’s) in (a) the first year and (b)
four years after notification as a function of workers’ relative ranking within an order
circuit (in discrete bins), normalized to zero at the cut-off. The regression include a
linear polynomial function interacted with the threshold as well as order circuit fixed
effects and is run using a bandwidth of ±15. Standard errors are clustered at the
level of the order circuit.
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Figure 1.6. Evolution of annual earnings relative to year of no-
tification
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Notes: The figure shows annual earnings relative to the year of notification. For each
time point, I plot the constant (hollow circles) and constant+γ (solid circles) estimate
of equation (1.3) with annual earnings as the dependent variable which corresponds
to the average predicted value of each outcome for workers to the left and right of the
threshold, respectively. The dashed vertical line indicates significance at the 5-percent
level where standard errors are clustered at the order circuit level. The regressions
include a linear polynomial function interacted with the threshold as well as order
circuit fixed effects.

To trace out the dynamic response and examine the persistence of

these earnings losses, Figure 1.6 shows the evolution of annual earn-

ings for workers just above (solid circles) and below (hollow circles) the

threshold by year relative to notification. Again, each time point cor-

responds to a separate RD plotting the intercepts of the reduced form

estimate (e.g, the estimate in t + 1 and t + 4 corresponds to Figure

1.5 (a) and (b), respectively). First, we note that up to seven years

prior to the notification event, annual earnings evolves in parallel for

workers at the threshold which again provides reassurance that there

is no manipulation and selective firing among employers.21 Following

the layoff notification in t = 0, earnings drop and due to the “fuzzy”

nature of the LIFO rule, it does so for workers both to the left and right

of the threshold. The drop is, however, significantly larger for work-

21Cumulated annual earnings over the 6 years pre notification are also not different
for those above and below the threshold.
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1.5. CONSEQUENCES OF LAYOFF FOR WORKERS

ers just surpassing the LIFO threshold where the difference stems from

workers/circuits complying with the instrument.

The largest losses occur within the two subsequent years following

notification where workers just surpassing the threshold earn about 11.3

thousand SEK less than workers just below the threshold. After two

years both groups recover and increase their annual earnings. There is

still, however, a significant earnings differential between the two groups

estimated to -8.89 (SE = 3.76) and -9.37 (SE = 4.09) in year 3 and

4, respectively. Having a relative ranking just above the cut-off and

hence having a 10 percentage point higher probability of layoff have a

significant negative impact on a workers’ annual earnings even 4 years

after notification. Thereafter, workers start to recover and those just

above the threshold do so at a faster rate, completely closing the earnings

gap in year 7 after notification where the estimated difference is 0.45

(SE = 5.27).22

The above results showed the reduced form response, that is the effect

of being just above the threshold within an order circuit, thereby having

about a 10 percentage point higher likelihood of displacement. To quan-

tify the effect of actual displacement, I instrument displacementDic with

the indicator for being above the threshold Zic while controlling linearly

for workers relative rank (RR) within a circuit. These estimates should

be interpreted as a LATE for those order circuits and workers complying

with the LIFO rule. Panel A in Table 1.4 shows IV-estimates on annual

earnings each year relative to notification. During the first year after

notification, displaced workers loose about 115 thousand SEK on aver-

age due to the displacement compared to their non-displaced coworkers

which corresponds to a 38 percent loss. Although the losses become

smaller over time, compared to their coworkers (who may or may not

still be at the notifying firm) the earnings differential is still significant

and substantial up to 4 years after notification. The earnings gap starts

closing in year 5 after notification, and after 7 years the estimated ear-

22I investigate the robustness of the results by replicating Figure 1.6 using the
optimal bandwidth selector suggested by Calonico, Cattaneo and Titiunik (2014).
Figure A-1.10 shows the results from these regressions using both a first and second
order polynomial. The results are remarkably stable when using the optimal band-
width selector even though optimal bandwidths changes over time. The inclusion of
a second order polynomial on average decreases the estimated earnings differential
but the overall pattern remains consistent and qualitatively the same.
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1.5. CONSEQUENCES OF LAYOFF FOR WORKERS

nings gap is even slightly positive although statistically indistinguishable

from zero.

To get closer to the cost of job loss for the worker, I add UI payments

in panel B of Table 1.4. An argument brought forward against, e.g.,

relaxing employment protection is that it may generate uncertainty for

workers about their future income stream. Others have instead argued

that generous unemployment insurance (UI) benefits will compensate

workers loss of employment protection. As such, more flexibility in the

labor market can be achieved while at the same time workers are insured

against transitory income shocks. Sweden has with its 60 weeks coverage

and 80-70 percent replacement rate (subject to a cap) one of the most

generous UI schemes. As can be seen in the lower panel of Table 1.4, the

transitory income shock is indeed offset by UI payments, particularly in

the first year after notification where some 50 percent of losses are now

covered by UI. As expected, the offsetting force decreases over time and

after 3 years, UI coverage has run out. Thus while UI appears to dampen

workers’ earnings losses during the first year it does not fully offset the

workers loss of income.

What drives this earnings differential? Although the earnings gap has

closed by year 7 after notification, displaced workers have on average for-

gone about 420 thousand SEK in pre tax earnings during the 7 years

post displacement. Trivially, as workers surpassing the threshold have a

higher likelihood of getting laid off, a large part of the earnings differen-

tial should be driven by non-employment. Displaced workers may also

incur lower wages and/or face more volatile employment in terms of e.g.

fewer hours. Following Cederlöf et al. (2019), the difference in earnings

between displaced (D) and non-displaced (S) workers at the firm can be

written as,

Δy = wDhDlD − wShSlS (1.6)

where w and h is the hourly wage rate and hours worked during a month,

respectively, whereas l is the number of months worked during a year.

This expression can be rewritten as,

Δy = wShS (lD − lS)︸ ︷︷ ︸
Extensive margin

+lD[hs (wD − wS)︸ ︷︷ ︸
Wage effect

+wD (hD − hS)︸ ︷︷ ︸
Intensive margin

] (1.7)
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where the first component reflects the part of the earnings differential

stemming from differences in employment. The second and third com-

ponent reflects the possibility that displaced workers may end up in

employment paying lower wages or providing fewer hours. This decom-

position may be applied either separately for each year or averaged over

some fixed time interval T . In the remainder of section 1.5, I unpack

the total earnings effect and estimate the effect of layoff separately on

employment, wages and hours worked averaged over a period of three

years. I then put these pieces of evidence together and decompose the

earnings losses using equation (1.7) to evaluate the relative importance

of each adjustment margin.

1.5.2 Earnings losses by adjustment margins

Extensive margin Separation from the notifying firm does not me-

chanically induce non-employment as workers may well find work, e.g.,

within their notification period. To estimate the effect on non-employment

I take advantage of the monthly employment markers to trace out the

dynamic response. The monthly markers are noisy measures of labor

supply due to some employers (both incumbent and new ones) routinely

reporting workers having started work in January while the actual em-

ployment began in, e.g., March. As this type of measurement error

may be more common among displaced workers, estimates should be

interpreted as a lower bound.

Figure 1.7 plots the reduced form probability of non-employment by

month relative to notification where again each time point is a sepa-

rate RD regression. Just as with separation from the notifying firm,

non-employment starts to appear 3 months after notification. After 4

months the employment gap between workers just above and below the

threshold turns significant (as indicated by the vertical dashed red line)

and remains so for up to 13 months after notification. During this time,

workers just surpassing the threshold have about a 3–4 percentage points

higher probability of being non-employed compared to workers within

the same order circuit where just below the threshold. Scaling these

estimates with the first stage implies that workers that are displaced are

about 30-40 percent more likely to experience non-employment during

month 4 to 13 after notification. There are some suggestive evidence that
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Figure 1.7. Probability of non-employment by month relative to
notification
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Notes: The figure show the probability of non-employment for a given month relative
the month of notification. For each time point, I plot the constant (hollow circles)
and constant+γ (solid circles) estimate of equation (1.3) which corresponds to the
average predicted value of each outcome for workers just to the left and right of the
threshold, respectively. The dashed vertical line indicates significance at the 5-percent
level where standard errors are clustered at the order circuit level. The regressions
include a linear polynomial function interacted with the threshold as well as order
circuit fixed effects.

these employment differences remain for longer as there is a 2 percentage

point difference in the probability of non-employment during month 26

and 27, significant at the 10 percent level. However, from month 30 and

onwards there are no differences in the likelihood of non-employment

How many months of non-employment did displacement generate on

average? To answer this question I run a regression where cumulated

months of employment is the dependent variable, again instrumenting

displacement Dic with Zic. Table 1.5 provides the results from these re-

gressions along with the estimated first stage F -statistic at the bottom

of the table. Workers who where displaced, due to the LIFO rule, loose

on average around 5 months of employment over 3 years compared to

workers who stayed with the firm (at least 15 months after notification).

As also indicated by Figure 1.7, there appears to be no differences in

employment levels after 3 years since the estimated coefficients on cu-

mulated months of employment becomes smaller and turns insignificant.
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Table 1.5. IV-estimates on cumulated months of employment

(1) (2) (3) (4) (5) (6) (7)
t+ 1 t+ 2 t+ 3 t+ 4 t+ 5 t+ 6 t+ 7

Displaced -3.34∗∗∗ -4.18∗∗∗ -5.01∗∗ -4.51 -3.57 -5.65 -9.39
(0.80) (1.47) (2.24) (2.95) (3.92) (4.89) (5.99)

F -statistic 49 50 48 47 41 35 30
N 16,747 16,431 15,774 14,950 13,121 11,727 11,208

Note: The table shows IV estimates on cumulated number of months in non em-
ployment by year relative to notification. Displacement has been instrumented
with being just above the threshold. The bottom of the table show the first stage
F -statistic. All regressions include a first order polynomial function interacted with
the threshold and order circuit fixed effects. Standard errors clustered at the level
of the order circuit and shown in parentheses. Asterisks indicate that the estimates
are significantly different from zero at the ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01 level.

Wage effect Some studies finding persistent earnings losses follow-

ing displacement have also found that workers suffer considerable wage

cuts when switching jobs. E.g. Schmieder, von Wachter and Heining

(2018) show that even though employment plays an important role for

long-term earnings losses, a majority of these losses can be attributed

to workers receiving lower wages at their new employers. To estimate

differences in wages between displaced and non-displaced workers I use

the Swedish wage register which is an annual survey covering a large

share of the private sector workers and all public sector workers. These

data contain information on hours worked and full-time equivalent wages

conditional on the worker working at least one hour during a sampling

week between September-November when the data is collected. Due to

the wage register being a random sample of the working population not

all employed workers are observed each year thus reducing the sample

size substantially. To attain more precession, I pool data and estimate

the effect on wages averaged over three or six years which gives a sample

containing about 60 percent of the original sample. Moreover, as there

are no employment differences beyond three years, considering averages

over this period avoids the estimates from being influenced by sample

selection.

Columns (1) and (2) of Table A-1.3 show differences in full-time equiv-

alent monthly wages, averaged over three and six years post notification,

respectively. It appears to have been some adjustment of wages on the

short run as workers just above the threshold earn on average 460 SEK
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Table 1.6. Cumulated average earnings losses after 3 years by mar-
gins of adjusment

Adjustment margins

Average total Months worked Monthly wage Monthly hours
earnings loss worked

(1) (2) (3) (4)

Displaced -108.93∗∗∗ -1.67∗∗ -4.65∗∗ -17.06
(29.38) (0.75) (2.29) (15.49)

Control mean 291.4 11.4 22.9 140.7
% of Control -0.37 -0.15 -0.20 -0.12

F -statistic 48 47 26 26
# clusters 585 585 570 570
N 15,774 15,774 9,645 9,645

Note: The table shows IV estimates on worker outcomes cumulated and averaged over
3 years post notification. Earnings and wages are in thousands of Swedish krona in
2005 values. Displacement has been instrumented with being just above the threshold.
The bottom of the table show the first stage F -statistic. All regressions include a first
order polynomial function interacted with the threshold and order circuit fixed effects.
Standard errors clustered at the level of the order circuit and shown in parentheses.
Asterisks indicate that the estimates are significantly different from zero at the ∗ p <
0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01 level, ∗∗∗ p < 0.01 level.

less then workers just below the threshold. However, this difference is

both smaller and insignificant when considering average wages over six

years. This indicates that displaced workers may accept lower wages

initially but that these wages tend to rise more rapidly than for those

of the control group.

Hours response Similar to the analysis on wages, I use the Swedish

wage register to estimate differences in hours worked for workers just

above and below the threshold, pooling data over 3 and 6 years. Columns

(3) and (4) show the reduced form effect on hours. Interpreting the es-

timates at face value suggest that workers just above the threshold who

where displaced to a larger extent works fewer hours during the first 3

years after notification but that these differences disappear after 6 years.

However, the estimates are very imprecise and not significantly different

from zero at conventional levels. This suggest that hours worked play a

minor role in explaining the overall earnings gap.
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Summary Table 1.6 summarizes of the effect of job loss averaged

over a period of 3 years post notification. Column (1) show estimates

from regressing average total earnings loss on displacement Dic which

has been instrumented with Zic. This corresponds to the weighted av-

erage of columns (1)-(3) in Table 1.4 showing that displaced workers

having forgone about 109 thousand SEK each year 3 years after job

loss. Similarly, columns (2)-(4) show IV-estimates for each adjustment

margin. Column (2) of Table 1.6 indicates that displaced workers work

on average 1.7 months less during the 3 years post displacement and for

those who become employed face lower wages by about 4,650 SEK which

corresponds to 20 percent lower wages compared to the non-displaced

workers below the threshold. Again, since this effect is measured over

a period where employment probabilities between the two groups have

been equalized, both groups should be comparable and thus the estimate

should reflect a pure wage effect absent of selection. The hours response

is again very imprecisely estimated and thus I interpret this effect to be

of minor importance in explaining the total earnings loss.

1.5.3 Decomposing the earnings effect

I now return to the decomposition of the difference in earnings as de-

scribed in equation (1.7) considering a period of 3 years (T = 3). I use of

the estimates from section 1.5.2 to determine the relative contribution of

each adjustment margin. Plugging in the estimates into equation (1.7)

yields

− 109 ≈ 23

Extensive margin︷ ︸︸ ︷
(−1.67)︸ ︷︷ ︸
35%

+9.7[140

Wage effect︷ ︸︸ ︷
(−0.033)︸ ︷︷ ︸
42%

+0.13

Intensive margin︷ ︸︸ ︷
(−17.1)︸ ︷︷ ︸
19%

] + ε︸︷︷︸
3%

(1.8)

The total earnings effect on the left-hand-side of equation (1.8) comes

from column (1) of Table 1.6. The first component on the left-hand-side

is taken from column (2) of Table 1.6 which also is a 3 year weighted

average of estimates in Table 1.5. Estimates for the second and third

component of the equation are taken from columns (3) and (4) of Table
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1.6, respectively.23 Over 3 years, about 35 percent of the average losses

incurred by a displaced worker can be attributed to non-employment

whereas 42 percent to lower wages. Plugging in the point estimate for

hours worked suggest that about 19 percent of the earnings loss comes

from reductions in hours. As I take the left-hand-side of the equation

as given and try to predict it by separate estimates from each margin

of adjustment I end up with a residual, being the difference between

the estimated total earnings loss and that predicted jointly by the three

adjustment margins. The share of earnings loss is left unexplained when

joining the separate predictions is 3 percent but since the hours response

is so imprecisely estimated the residual may be as big as 19+3=22%.

1.6 Understanding earnings losses upon job loss

The main finding in section 1.5, that earnings losses upon displacement

are transitory, rather than persistent, appears to be at odds with previ-

ous literature which has found that displaced workers suffer both short

and long run earnings losses. As noted above, the finding of persistent

earnings losses have also been replicated for several countries over mul-

tiple time horizons.24 For example, Sullivan and von Wachter (2009),

Davis and von Wachter (2011), Lachowska, Mas and Woodbury (2018)

all find earnings losses in the United States ranging between 15-20 per-

cent up to 20 years after displacement. Although somewhat lower,

Schmieder, von Wachter and Heining (2018) and Eliason and Storrie

(2006), Seim (2019) find the same results in Germany and Sweden, re-

spectively.

This begs the question, why are the long-run earnings losses so different

in this setting? Four potential explanations comes to mind. First, rely-

ing on the LIFO rule for quasi-experimental variation renders a different

composition of workers than the mass layoff strategy, as shown in sec-

tion 1.3.1. The LIFO rule places restrictions on employers regarding

who to displace, identification makes conditioning on (male) workers

23Since the wage effect in equation (1.7) is expressed in hourly wages whereas the
estimated wage differential pertains to full-time equivalent wage, I divide this estimate
by 140 ( 4.65

140
= 0.033 ) which corresponds to the second component in equation (1.8).

24Table A-1.1 lists some of the most influential and most recent studies estimating
earnings losses upon displacement.
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having high tenure superfluous thereby altering the composition of dis-

placed workers which become more representative for the average laid

off worker as seen in Table A-3.1. Second, the LIFO rule alters the se-

lection of workers which in turn could mitigate a negative signal sent

to prospective employers (Gibbons and Katz, 1991). In fact Sorensen

(2018) finds smaller, although still largely persistent, earnings losses for

workers likely to have gotten laid off due to a tenure rule. Third, ex-

traordinary events such as a mass layoff may amplify long-run earnings

losses if such an event gives rise to general equilibrium effects by, e.g.,

creating labor congestion on the local labor market. Fourth, as mass

layoff more often occur in economic downturns, estimates on job loss

may be influenced by economic conditions. For example, Schmieder,

von Wachter and Heining (2018) and Davis and von Wachter (2011)

show that earnings losses are larger and more persistent in economic

downturns.

To better understand the causes for earnings losses upon job loss and

what determines its persistence, I begin by estimating earnings losses

applying the canonical event study approach where I define a new sam-

ple of mass layoffs from the matched employer-employee data using the

standard restrictions in the literature. The goal of this analysis is to pro-

vide estimates that are as comparable as possible with previous studies

from the United States, and elsewhere, and to verify that there is noth-

ing special in the Swedish context or time period making earnings losses

transitory. As I find highly persistent earnings losses from this analysis,

I turn to exploiting the large heterogeneity across layoffs in my data.

I do this by conducting the RD-analysis separately for each layoff. I

then examine whether these estimated earnings losses vary systemati-

cally with characteristics of the marginal worker within the circuit, other

characteristics of the circuit or plant, as well as other measures which re-

flect the current state of the labor market. These correlations should be

informative about when and where displaced workers suffer the largest

earnings losses and what correlates with high persistence of these losses.

I end the section by trying to separate partial from general equilibrium

effects generated. Large layoffs may generate general equilibrium effects

so I exploit geographical variation in the size of layoff relative to the

local labor market.
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1.6.1 Estimating earnings losses using mass layoff

Using the matched employer-employee data, I follow Jacobson, Lalonde

and Sullivan (1993) and define a mass layoff to be an event where at least

30 percent of the workforce leaves a plant within in a year t.25 To be

sure that 30 percent is indeed a significant event, I consider only plants

with 50 or more employees in a given year as smaller firms are subject to

larger percentage fluctuations in employment. I define a worker’s main

employer as being the one which gives him the highest earnings in a year

and the worker is displaced if he is notified in year t and leaves the plant

between year t and t + 1 or t + 2.26 Finally, to facilitate comparisons

with the earlier literature I consider only male workers between age 25

to 50 with at least 6 years of (consecutive) tenure.27

To create a control group for displaced workers, I take a 10 percent

sample of all workers from plants which did not carry out a mass layoff.

I then restrict attention to workers satisfying the baseline restrictions

made on the displaced workers and use propensity score matching and

match workers on 3-digit industry, tenure, age, level of education and

earnings in t − 2, t − 3 and t − 4, by each year of displacement. Us-

ing a nearest-neighbor algorithm each displaced worker is then assigned

a comparison worker (without replacement) in a non-displacing firm.

This yields a group of non-displaced workers that are almost identical

to workers who eventually will become displaced as can be seen in Table

A-1.4. A common, although debated, restriction made on the control

group is conditioning them staying employed throughout the entire sam-

ple period. As highlighted by Krolikowski (2018), this renders one to

attribute all future job instability of the treated workers to the initial

displacement thus exaggerating the impact of displacement on earnings

25Some studies define displaced workers as workers leaving the firm within 1-2 years
prior to the mass layoff event in order to account for possible initial selection.

26A main obstacle in the literature is the inability to separate between involuntary
and voluntary separations. This is also the main reason for focusing on high tenured
workers. I make use of the notification data and define a displaced worker as getting
notified and leaving the plant in t+1 or t+2. Figure A-1.5 show results when defining
a worker as being displaced as the plant in t+1 or t+2 without conditioning on being
notified. Indeed, it turns out that earnings losses are smaller and hence the standard
definition on a displaced worker has an upward bias as it may include voluntary quits.

27See Table A-1.1 for a summary of restrictions made in some of the most cited
and recent studies estimating earnings losses using mass layoffs.
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Figure 1.8. Earnings losses upon mass layoff
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Notes: The figure shows the difference of annual earnings between displaced and
non-displaced workers by years relative to a mass layoff event where annual earnings
is normalized to zero at t − 3. Displacement is defined as a worker being notified
and leaving the plant in year t + 1 or t + 2 during a mass layoff event. The plotted
estimates are δk from equation (1.9) where the solid black line show losses of displaced
workers when not conditioning on the control group being employed in t > 0. The
dashed black line conditions on the control group being employed throughout the
entire sample period.

losses. I therefore compare displaced workers with and without this

restriction in order to align with the previous literature.

Following standard procedure, I estimate earnings losses upon dis-

placement using a distributed lag model of the form

yit = γt + αi + θit +

10∑

k=−5

δkD
k
it + uit (1.9)

where yit is annual earnings for worker i in year t. γt and αi are calendar-

year and worker fixed effects, respectively. As the control group is cre-

ated separately for each year of displacement, I also include displacement

year fixed effects θit. The Dit are dummy variables equal to 1 for the kth

year before or after displacement where k = −3 is the omitted category.

The coefficient of interest is δk which reflect differences in annual earn-

ings between displaced and non-displaced workers by each year relative

to the year prior the mass layoff event.
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Figure 1.8 shows the difference in earnings by pooling workers dis-

placed 2005-2015 along with their matched non-displaced workers. Due

to propensity score matching, both groups have almost identical trends

in annual earnings in the pre-displacement period suggesting that the

matching procedure has created a comparable control group. The solid

black line shows the earnings differential when not conditioning on fu-

ture employment for the control group whereas the dashed line has the

control group being employed with his main employer throughout the

sample period.

Initial earnings losses of displaced workers amounts to a little more

than 73,000 SEK two years after the layoff event which corresponds to

about 25 percent of pre-displacement income. As time goes by, displaced

workers recover some of their initial losses but even after 10 years the

earnings differential between displaced and non-displaced workers are on

average about 41,000 SEK (14.2 percent). These results are very similar

to what has previously been found for mass layoffs in Sweden (Seim,

2019, Eliason and Storrie, 2006). In line with Krolikowski (2018), I also

find that a key factor in explaining the high persistence of earnings losses

lies in the handling of the control group. The dashed line in Figure 1.8

shows estimates conditioning on future employment of the non-displaced

workers. This increases earnings losses after 10 years by almost 50 per-

cent (64,000 SEK which is 21.8 percent of pre-displacement earnings).

Overall, there appears to be nothing special with the Swedish context or

time period which could explain the absence of long term earnings losses

in the main analysis. Rather, mass layoffs seem to be something funda-

mentally different than displacements due to more regular employment

adjustments.

1.6.2 Exploiting heterogeneity across layoffs

To better understand what drives earnings losses upon displacement

and its persistence, I exploit the large heterogeneity across layoffs in

the data. I start by by replicating the RD-analysis separately for each

layoff/circuit and estimate earnings losses one and six years after noti-

fication. I then regress the estimated (reduced form) earnings differen-

tials for each circuit on characteristics of the notified workers just at the

threshold (the marginal workers), characteristics of the plant/circuit,
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as well as indicators for overall macro economic conditions. Although

these estimates contain a lot of noise, they should provide some informa-

tion about what correlates with both short and long-run earnings losses.

What stands out from these correlations is that the size of the layoff

appears to be crucial in explaining both the magnitude and persistence

of earnings losses.

Table 1.7 shows the results from this exercise: columns (1)-(3) per-

tain to earnings losses one year after notification while columns (4)-(6)

pertain to earnings losses six years after notification. Positive estimates

should be interpreted as a reduction in the absolute size of the esti-

mated jump at the threshold whereas negative estimates implies greater

displacement losses.

Column (1) and (4) of Table 1.7 focuses on the sample characteristics

of the marginal workers and how these correlate with short and long-run

losses, respectively. Layoffs where the marginal workers are older tend

to have greater earnings losses; each year correlates with an increase (in

absolute terms) in the estimated jump by -1.05 thousand SEK. By con-

trast, circuits with more high tenured workers have a smaller earnings

losses. This, however, is most likely an artifact of notifications times be-

ing a function of tenure by law and can be as long as one year. For the

long run losses, six years after notification, the significant worker charac-

teristic seems to be age. Figure 1.9 (a) plots the reduced form earnings

losses 6 years after notification in 20 equally sized bins of the marginal

worker age in the order circuit. The solid line depicts the marginal effect

of worker age which has a clear downward slope thus indicating that in

circuits where the marginal worker is older, the earnings drop at lay off

is also larger. This in turn is well in line with previous findings in the

mass layoff literature (see e.g. Seim, 2019, Eliason and Storrie, 2006).

Column (2) and (5) adds industry fixed effects as well as characteris-

tics of the layoff which varies at the plant or circuit level. Routineness is

an index provided by Acemoglu and Autor (2011) describing the inten-

sity of tasks in each occupation that are considered routine. The phe-

nomenon of routine biased technological change (as documenented by,

e.g., Autor, Levy and Murnane, 2003, Goos and Manning, 2007, Ace-

moglu and Autor, 2011, Goos, Manning and Salomons, 2014, Cortes,

2016) imply that the cost of job loss for workers performing routine
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Table 1.7. Correlation of earnings differential and layoff chara-
teristic

Dependent variable: RD-estimate

1st year after 6th year after
notification notification

(1) (2) (3) (4) (5) (6)

Marginal worker charateristics

Tenure 2.62∗∗∗ 3.35∗∗∗ 3.25∗∗∗ 1.14 2.14∗ 1.99
(0.69) (0.76) (0.76) (1.11) (1.24) (1.29)

Age -1.05∗∗ -0.79∗ -0.98∗∗ -1.63∗∗∗ -1.48∗∗ -1.69∗∗∗
(0.42) (0.41) (0.43) (0.60) (0.60) (0.62)

Female 1.12 -1.05 -1.42 -14.80 -24.54 -27.34
(8.77) (8.94) (9.06) (15.81) (16.86) (17.57)

Circuit/Plant charateristics

Share notified

< 10% ref. ref. ref. ref.

10% – 20% -22.89∗∗ -23.95∗∗ -2.56 -7.70
(9.80) (9.77) (18.04) (18.31)

20% – 30% -18.63∗ -19.10∗ -19.36 -25.22
(10.00) (10.14) (18.60) (19.36)

> 30% -37.55∗∗∗ -38.22∗∗∗ -42.90∗∗ -48.91∗∗
(11.20) (11.59) (21.72) (22.27)

Routineness -5.73 -6.16 -11.79 -11.50
(4.49) (4.49) (8.10) (8.14)

Economic indicators

Δ GDP 2.03 1.53
(4.19) (6.86)

Δ Employment rate -0.50 2.12
(3.66) (6.47)

Δ Unemployment rate -2.73 0.65
(5.13) (8.90)

Average outcome -17.63 -14.33
Industry FE � � � �
Year FE � �
N 553 547 547 390 390 390

Notes: The table show estimates from pooling RD-estimates of the earnings differential
estimated separately for each order circuit and regressing these on characteristics for
the marginal workers within the circuit, plant or circuit characteristics as well as macro
economic indicators which reflect the current state oft he labor market at the time of
notification. Standard errors are robust to heteroskedasticity and and shown in paren-
theses. Asterisks indicate that the estimates are significantly different from zero at the
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01 level.
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tasks would be greater as demand for there services are generally low.

Although insignificant, displaced workers performing routine tasks also

seem to have greater earnings losses both in the short and long-run as a

1 standard deviation increase in routineness correlates with an increased

earnings gap of about 12 thousand SEK after six years.

To see how earnings losses vary with the size of the layoff, column

(2) and (5) also add the share of notified workers at the establishment.

In reference to layoffs where less than 10 percent of the workforce is

notified, layoffs exceeding 30 percent of the workforce are associated

with an estimated earnings differential of about -38 thousand SEK in

the year after notification. Examining the persistence of these earnings

losses in column (5), reveals an interesting pattern. Although increasing

in the size of layoff, there are no significant differences in earnings be-

tween establishments that notify < 10, 10− 20, 20− 30 percent of their

workforce. However, for layoffs where more than 30 percent of the work-

force are notified, earnings losses appear to be far more persistent and

significantly so. One may be worried that this is primarily driven by

businesses cycles as larger layoffs tend to occur during poor economic

conditions, but controlling for macro economic conditions in column (3)

and (6) and adding fixed effects for the year of notification does not alter

the pattern.

From this exercise one of the four above mentioned potential explana-

tions to the difference in results between the mass layoff estimates and

the RD-analysis stands out, namely the size of the layoff. Figure 1.9 (b)

probes this result further by plotting the reduced form earnings losses 6

years after notification by the percentage notified at the plant. It shows

that earnings losses increase with the size of the layoff and that the

associated earnings losses becomes significant when at least 20% of the

workforce are laid off. Importantly, this is not driven by differences in

the first stage as there is no correlation between the within circuit first

stage coefficient and the size of the layoff as shown in Figure A-1.6. As

an additional robustness check, Figure A-1.7 in Appendix A plots the

reduced form earnings differential estimated by pooling layoffs by the

share of workers notified at the plant where standard errors are clustered

at the level of the order circuit. The results confirm that not only are

layoffs that exceed 30 percent different from smaller layoffs, but they
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Figure 1.9. Marginal effect on earnings losses by layoff charac-
teristics
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Notes: The line in the figure shows the marginal effect on reduced form estimated
earnings differentials by (a) age of the marginal workers and (b) the percent notified at
the establishment. The solid circles show in 20 equally sized bins estimated earnings
differentials which are estimated by regressing annual earnings on a dummy for being
above the LIFO threshold while including a linear polynomial function interacted
with the threshold as well as order circuit fixed effects, using a bandwidth of ±15.
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are also the only ones where persistent earnings losses different from zero

can be found.

1.6.3 General equilibrium effects

Why do larger layoffs bring about greater earnings losses? On the one

hand, at the individual level, larger layoffs should reduce negative sig-

naling by employers which in turn should reduce workers earnings and

employment losses (Gibbons and Katz, 1991). On the other hand, large

layoffs may cause workers to loose more human capital if larger layoffs

are more common in industries where the degree of firm specific hu-

man capital is high. On the aggregate level, mass layoffs tend to be

more frequent during periods of economic distress and it has been docu-

mented by, e.g., Davis and von Wachter (2011), Schmieder, von Wachter

and Heining (2018) that earnings losses are both larger and more per-

sistent when workers are laid off in economic recessions. However, to

what extent these differences are driven by individual factors as dif-

ferent kinds of workers are displaced in booms compared to busts, is

largely unknown. Moreover, large layoffs themselves may have negative

externalities thereby amplifying earnings losses by general equilibrium

effects caused by, e.g., congestion of labor in the local labor market.

The answer to what drives these losses has consequences for the appro-

priate policy response. If individual worker factors are the main cause,

targeting disadvantaged workers in risk of high earnings losses may be

beneficial. If, however, earnings losses are due to general equilibrium

effects, extensions of UI or financial help for firms to hoard labor may

be a more appropriate response.

Section 1.6.2 shows that the estimated earnings losses are insensi-

tive to controlling for characteristics of the marginal workers as well as

macro economic conditions. The underlying mechanism is, thus, likely

to be that large layoffs themselves generate negative general equilib-

rium effects in the local labor market. In an attempt to separate the

partial effect of displacement which directly affect the displaced work-

ers through, e.g., signaling or the loss of human capital, from that of

the general equilibrium effect indirectly affecting workers, I make use of

the fact that layoffs vary in their size relative to the local labor mar-

ket. Not only is there substantial heterogeneity in the size of the layoff
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relative to the size of the establishment but there is also considerable

geographical heterogeneity across layoffs. Figure A-1.8 (a) shows, for

layoffs in 2008-2009, how the share of notified workers relative to the

size of the downsizing establishment varies between local labor markets

where, in absence of a better measure, a local labor market is defined

to be the municipality. The dark red labor markets are those where the

average layoff comprise more than 30 percent of an establishment and

thus would constitute a mass layoff. Although, the heavy metal indus-

tries are located in the northern part of Sweden, mass layoffs appear

to be largely spread out across the country. Figure A-1.8 (b) instead

depicts the size of an average layoff in relation to the size of the local

labor market defined as the number of notified workers divided by the

number of employed workers earning above 10,000 SEK in a year in the

local labor market where the establishment operates. Again, the layoff

shocks are spread out across the country but for many labor markets

where the layoff events were relatively large in relation to the size of the

establishment they are in fact small when set in relation to the size of

the local labor market whereas others comprise more than 3 percent of

total employment. Figure A-1.9 depicts in another way the correlation

between the relative size of layoff in relation to establishment versus

local labor market size.

Holding constant the size of the layoff relative to the size of the estab-

lishment, I can exploit variation in the size of layoffs in relation to the

local labor market to decompose the earnings effect driven by the size of

layoff in relation to the establishment versus to the local labor market.

Table 1.8 shows results from regressing the reduced form RD-estimates

of earnings losses after 6 years on the log of the share of notified workers

relative to the number of workers in the local labor market. In every

regression I control for worker characteristics, year and industry fixed ef-

fects and the number of workers notified in the layoff. Column (1) shows

how earnings losses change with the size of the layoff where the estimate

should be interpreted as increasing the size of the layoff in relation to

the size of the local labor market by 1 log point. This correlates with

an increase in the earnings differential by about 10.6 thousand SEK.

The effect in column (1) likely contain both the partial as well as the

general equilibrium effect as it does not hold constant the relative size
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Table 1.8. General equilibrium vs. partial equilibrium effect

Dependent variable: Earnings differential in t+ 6

(1) (2) (3) (4) (5)

General equilibrium effect

log

(
# notified in layoff

# workers municiplaity

)
-10.62∗∗ -9.04∗∗ -8.50∗ -8.64∗ -9.28∗∗

(4.41) (4.48) (4.60) (4.56) (4.58)

Share notified at establishment

Level -0.81∗ -2.25
(0.44) (1.37)

Level2 0.02
(0.02)

log() -23.82∗∗
(11.94)

10% – 20% 4.72
(19.46)

20% – 30% -2.92
(21.54)

> 30% -34.05
(23.51)

Worker controls � � � � �
Industry FE � � � � �
Year FE � � � � �
R2 0.093 0.104 0.107 0.106 0.110
N 433 433 433 433 433

Notes: The table show estimates from pooling RD-estimates of the earnings differ-
ential estimated separately for each order circuit and regressing these on the share
of notified workers relative to the size of local labor market. The size of the labor
market is defined as the number of employed workers earnings above 10,000 SEK
during a year. All regressions controls for the absolute size of layoff, characteristics
for the marginal workers within the circuit, plant or circuit characteristics as well as
macro economic indicators which reflect the current state oft he labor market at the
time of notification. Standard errors are robust to heteroskedasticity and shown in
parentheses. Asterisks indicate that the estimates are significantly different from zero
at the ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01 level.

of the layoff. Columns (2)-(5) controls for the size of the layoff where

I vary the functional form of the latter in order to flexibly control for

the partial effect. When controlling for these two variables the log size

of the layoff relative to the local labor market should reflect the general

equilibrium effect. The drop in the coefficient from column (1) to (2)-(5)

reflects the size of the partial equilibrium effect.

As can be seen in columns (2)-(5) the functional form of the added

control vector is not of major importance but rather the estimate of
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interests varies little. The most conservative estimate in column (3)

suggest that general equilibrium effects account for about 80 percent

of the estimated earnings losses ((10.62-8.5)/10.62 =.8). While being

approximate, these results suggest that the size of the layoff relative to

the local labor market is the main driver of persistence in earnings losses.

Note that these are not estimated spillover effects but rather how general

equilibrium effects affect the individual worker by, e.g., generating an

abundance of labor in the local labor market and therefore prolonging

non-employment rendering human capital of the individual worker to

depreciate.

1.7 Conclusions

This paper examines the question of how workers are affected by job

loss in terms of the future earnings, wages and employment. The empir-

ical approach builds on exploiting the use of a last-in-first-out (LIFO)

rule used at layoffs in Sweden. These rules provide quasi-experimental

variation in the probability of displacement whereby future earnings of

displaced and non-displaced workers are compared in a (fuzzy) regres-

sion discontinuity design. Whereas previous evidence on earnings losses

upon displacement pertains to (primarily) male, high tenured workers

displaced in mass layoffs, this paper studies a broader and more repre-

sentative population of workers laid-off due to more common and regular

adjustments to employment.

The results show that workers experiencing involuntary job loss suf-

fer large and significant earnings losses during the first two years after

displacement. These initial losses amount to 38 percent of their non-

displaced coworkers’ earnings; the losses are mainly attributed to lack of

employment, but also lower wages in subsequent jobs. However, as time

progresses, earnings of displaced workers rise and 7 years after displace-

ment the earnings gap between displaced and non-displaced workers is

closed. Importantly, this is not driven by non-displaced workers getting

laid-off to a larger extent at a later point in time.

The finding of earnings losses upon displacement being transitory,

rather then persistent, stands in contrast to the conventional wisdom

established by a large literature studying worker job loss through mass
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layoffs. I therefore replicate the canonical mass layoff approach (Ja-

cobson, Lalonde and Sullivan, 1993). Here, I do find earnings losses to

be significant and highly persistent which suggests that studying dis-

placement due to mass layoff is fundamentally different than job loss

due to more regular employment adjustments. Exploiting heterogene-

ity across LIFO thresholds, I explore several possible mechanisms that

may cause earnings losses to become persistent. I find that while older

workers tend to have more persistent earnings losses, the main driver

of persistent earnings losses seems to be the size of the layoff. I then

ask the question why large layoffs generate persistent earnings losses.

The main candidate explanation is that large layoffs generate negative

general equilibrium effects in the local labor market. I show that large

layoffs relative to the local labor market give rise to large losses, hold-

ing constant the size of the displacement relative to the establishment.

The results suggest that the observed persistence in earnings losses can

mainly be attributed to general equilibrium effects caused be, e.g., con-

gestion in the labor market after the layoff event.

The findings of this paper shed new light on the question on how work-

ers are affected by job loss and whether displacement create lasting scars

or merely temporary blemishes. The previous literature suggests last-

ing scars. My evidence suggests that this may be true for high tenured

workers laid off during mass layoffs, earnings losses are temporary when

considering more regular and less drastic adjustments to employment.

This result has important implications for the targeting of public policy.

It also speaks to the modeling the consequences of adverse shocks in the

labor market. The way for a mechanism generating long-run persistence

at the individual level seems to have been overemphasized.
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Appendix

A Figures and tables

Figure A-1.1. Frequency of observations around the threshold

20
0

30
0

40
0

50
0

60
0

Fr
eq

ue
nc

y 
of

 o
bs

er
va

tio
ns

-15 -10 -5 0 5 10 15
Relative seniority rank

Note: The figure show the frequency of observations around the LIFO threshold.
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Figure A-1.2. Probability of individual layoff notification

(a) Linear fit
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(b) Quadratic fit
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Note: The figures show the probability of receiving a layoff notification as a function
of a workers relative ranking within an order circuit (in discrete bins), normalized
to zero at the threshold. The regression include in (a) a first order and (b) second
order polynomial function interacted with the threshold as well as order circuit fixed
effects and is run using a bandwidth of ±15. The point estimate of the jump at the
threshold are supplied in the graph along with standard errors clustered at the order
circuit level and F-statistic.
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Figure A-1.3. Balancing of individual covariates
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Note: The figures show balancing at the threshold of pre-determined worker charac-
teristics using a (a) first order and (b) second order polynomial function interacted
with the threshold as well as order circuit fixed effects and is run using a bandwidth
of ±15. The point estimate of the jump at the threshold are supplied in the graph
along with standard errors clustered at the order circuit level and F-statistic.
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Figure A-1.4. Probability of recall within 2 years of notification
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Note: The figure show the probability of workers being recalled by relative seniority
ranking. Recalls are defined as leaving and returning to the notifying within 2 years
after notification. The regression include a first order polynomial function interacted
with the threshold as well as order circuit fixed effects and is run using a bandwidth
of ±15. The point estimate of the jump at the threshold are supplied in the graph
along with standard errors clustered at the order circuit level and F-statistic.
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Figure A-1.5. Earnings losses upon mass layoff including non-
notified workers
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Notes: The figure shows the difference of annual earnings between displaced and non-
displaced workers by years relative to a mass layoff event where annual earnings is
normalized to zero at t − 3. Displacement is defined as a worker leaving the plant
in year t + 1 or t + 2 during a mass layoff event. The plotted estimates are δk from
equation (1.9) where the solid black line show losses of displaced workers when not
conditioning on the control group being employed in t > 0. The dashed black line
conditions on the control group being employed throughout the entire sample period.

67



APPENDIX

Figure A-1.6. Correlation between first stage and size of layoff
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Note: The figure shows the within circuit first stage coefficient by the share of workers
notified at the plant in 20 equally sized bins. The solid line is the predictions from
regressing the first stage coefficient of each circuit on the percent of notified workers
in each establishment, using standard errors robust to heteroskedasticity.
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Figure A-1.7. Earnings differential by size of layoff
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Note: The figure shows estimated earnings differentials along with 95 percent confi-
dence intervals. Estimates are obtained by pooling order circuits into four categories
by size of layoff measured by the share of workers notified within an establishment
and separately regressing annual earnings on an indicator for being above the thresh-
old. All regressions include a linear polynomial function interacted with the threshold
as well as order circuit fixed effects. Standard errors are clustered at the level of the
order circuit.
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Figure A-1.8. Heterogeneity in layoffs across local labor mar-
kets
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Note: The figure depicts heterogeneity in the size of layoffs by municipalities in
Sweden between the years 2008-2009. The size of layoff is measured in (a) as the
share of workers laid off within an establishment and in (b) as the number of notified
workers divided by the number of employed workers in the municipality earning
above 10,000 SEK during a year.
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Figure A-1.9. Correlation between establishment vs. local labor
market size of layoff
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Note: The figure shows the correlation between the size of a layoff event measured
relative to the size of the establishment versus local labor market in 40 equally sized
bins. The size of the local labor market is defined as the number of employed workers
in a municipality earnings above 10,000 SEK during a year.
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Table A-1.2. Characterizing compliers in LIFO sample

(1) (2) (3) (4)
Full LIFO Compliers Never-takers Always-takers
Sample

Age 38.58 38.84 38.48 38.47
(0.09) (0.32) (0.21) (0.24)

Female 0.21 0.21 0.19 0.23
(0.00) (0.01) (0.01) (0.01)

Tenure 6.47 7.47 5.38 6.81
(0.04) (0.15) (0.09) (0.10)

Annual earnings (t-1) 25.24 24.44 26.18 24.88
(0.08) (0.25) (0.20) (0.20)

Level of education
Primary school 0.50 0.53 0.47 0.50

(0.00) (0.01) (0.01) (0.01)

High school 0.45 0.44 0.45 0.44
(0.00) (0.01) (0.01) (0.01)

College 0.05 0.02 0.08 0.05
(0.00) (0.01) (0.00) (0.00)

Notes: The table shows mean characteristics for different populations, compliers,
never-takers and always-takers of the full sample used in the main analysis. The
complier analysis follows (Abadie, Angrist and Imbens, 2002, Abadie, 2003). Stan-
dard errors calculated by bootstrap using 500 iterations and shown in parentheses.
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Table A-1.3. Reduced form effect on wages and
hours

Monthly wages Hours worked

(1) (2) (3) (4)
t+ 3 t+ 6 t+ 3 t+ 6

Above threshold -0.46∗∗ -0.17 -1.63 0.29
(0.21) (0.30) (1.48) (1.52)

Control mean 21.13∗∗∗ 21.38∗∗∗ 134.25∗∗∗ 133.27∗∗∗

(0.12) (0.16) (0.87) (0.88)

# clusters 550 425 550 425
N 9,625 8,030 9,625 8,030

Note: The table shows reduced form estimates from a regression
of wages and hours worked averaged over 3 and 6 years post no-
tification on a dummy for being above the LIFO threshold. The
regression include a linear polynomial function interacted with the
threshold as well as order circuit fixed effects and is run using a
bandwidth of ±15. All regressions include a first order polynomial
function interacted with the threshold and order circuit fixed ef-
fects. Standard errors clustered at the level of the order circuit
and shown in parentheses. Asterisks indicate that the estimates
are significantly different from zero at the ∗ p < 0.1, ∗∗ p < 0.05,
∗∗∗ p < 0.01 level, ∗∗∗ p < 0.01 level.
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Table A-1.4. Characteristics of displaced vs. non-displaced
workers in mass layoff sample

(1) (2) (3) (4)
Displaced Non-displaced Difference p-value
workers workers col. (1)-(2)

Worker characteristics
Age 42.47 42.48 -0.02 0.88
Tenure 10.94 11.10 -0.16 0.04
Primary school 0.57 0.59 -0.02 0.01
High school 0.35 0.34 0.01 0.06
College 0.08 0.07 0.00 0.22
Earnings (t-1) 305.46 296.59 8.86 0.00
Earnings (t-2) 297.36 293.10 4.26 0.01
Earnings (t-3) 291.72 288.05 3.67 0.01

Industry shares
Agricultural 0.00 0.00 0.00 0.38
Mining 0.00 0.00 0.00 0.83
Manufacturing 0.61 0.61 0.00 0.95
Construction 0.06 0.06 -0.00 0.76
Retail 0.10 0.10 -0.00 0.88
Transport 0.09 0.10 -0.01 0.19
Financial 0.00 0.00 0.00 0.18
Non-financial 0.06 0.06 -0.00 0.96

N 11,440 11,440 22,880

Notes: The table show in column (1) and (2) average characteristics of displaced
and non-displaced workers, respectively, used in the mass layoff analysis in sec-
tion 1.6. Column (3) show differences in means for the two groups and column
(4) the p-value for a test of equality of means. For details on how the two groups
are created and matched see section 1.6.1.
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B Optimal bandwidth

Figure A-1.10 reproduces Figure 1.6 using the optimal bandwidth selec-

tor suggested by Calonico, Cattaneo and Titiunik (2014).
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Figure A-1.10. Evolution of annual earnings relative to year of
notification (optimal bandwidth)

(a) Linear fit
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(b) Quadratic fit
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Note: The figure show annual earnings relative to the year of notification. For each
time point, I plot the constant (hollow circles) and constant+γ (solid circles) estimate
of equation (1.3) which corresponds to the average predicted value of each outcome for
workers to the left and right of the threshold, respectively. Indicated below each point
is the optimal bandwidth suggested by Calonico, Cattaneo and Titiunik (2014). The
dashed vertical line indicates significance at the 5-percent level where standard errors
are clustered at the order circuit level. The regressions include a linear polynomial
function interacted with the threshold as well as order circuit fixed effects.
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C Calculation of tenure

A worker’s relative seniority is directly related to tenure since it is defined

as his tenure relative to the tenure distribution of the rest of the work-

force within an order circuit. Hence, any measurement error in workers’

individual tenure or the full tenure distribution within the circuit in-

duces measurement error in the forcing variable as defined in equation

(1.1).

I construct tenure using the indicators of first and last month worked

at a firm which are reported by the employer along with the annual

income statement in the matched employer-employee data. Employment

spells may be interrupted by months of non-employment if the employer

has reported two or more spells of employment where e.g. the first

spell may last January to March and the second spell e.g. August to

December. As such I can create monthly markers indicating whether

the worker is employed in any given month at a particular firm or an

establishment. Using these monthly indicators I rank workers, who are

employed at the time of notification, by their date of first employment

at the firm. As noted in section 1.3 there may be false ties in tenure due

to employers too often reporting January as the month where the worker

started employment. To avoid such ties which are due to measurement

error, I divide workers with the same start date into quartiles of annual

earnings in the first year of employment, where workers in lower quartile

are assumed to have started employment later than workers in higher

quartiles. I drop entire circuits where more than 2/3 of workers have a

tenure equal to the mode of the circuit as these ties are most likely due to

so called false firm deaths where firms for other reason than bankruptcy

change identification number. Finally, when constructing the forcing

variable, relative ranking, I break ties in tenure by age at notification

(following the LIFO rule).

Even if tenure was perfectly measured, there are still potential sources

of measurement error in the forcing variable. The LIFO rule which ap-

plies at the CBA × establishment level is proxied by 2-digit occupational

codes. The lack of a one-to-one mapping between CBA’s and occupa-

tion codes makes it difficult to precisely define the relevant workforce

subject to the notification. Thus the full tenure distribution within the

order circuit may be obscured by including workers in an order circuit
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which they do not belong to. Misallocating just one worker will render

the circuit too large or too small and thereby leading me to place the

discontinuity in the wrong place in the tenure distribution when normal-

izing the running variable with the number of notified workers (Nc). To

minimize the risk of missmeasuring order circuits I restrict the circuits

to be no larger than 100 workers.

Importantly, the above listed causes which may generate measurement

error does not affect the consistency or causal interpretation of my es-

timates but only induces noise in the forcing variable (RR), thereby

attenuating the first stage.
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2.1. INTRODUCTION

2.1 Introduction

Layoff rules are sometimes criticized for hampering the speed of adjust-

ment after adverse shocks and creating inefficiencies in the allocation of

resources. However, layoff rules also provide insurance for workers – in

part by mandating that firms share information on future reductions in

labor demand – and they may force firms to share the costs associated

with layoff.

In this paper we examine how advance layoff notice affects the labor

market prospects for workers. More precisely, we utilize quasi-random

variation in the length of notice periods to estimate the effects of ad-

vance notice on exposure to non-employment, job mobility, subsequent

wages and earnings. The quasi-random variation comes from collective

bargaining agreements, which stipulate that individuals above a certain

age get longer notice periods. We estimate the causal effects of longer

advance notice in a (fuzzy) regression discontinuity design.

Employment protection legislation in most countries features advance

layoff notice. The length of the notice period typically increases with

tenure and tends to be longer for white-collar workers than for blue-collar

workers. Notice periods are also longer in Northern and Continental

Europe than in Anglo-Saxon countries (OECD, 2013). In the U.S., labor

laws do not feature notice periods in the case of individual dismissals,

but in the case of plant closures and mass layoffs, legislation sometimes

mandates that workers are given two months of notice.1

Contracts may also provide employment protection and advance no-

tice. In the U.S., for example, collective bargaining agreements often in-

clude notice periods and severance pay. Such agreements provide work-

ers with extra protection relative to the law. In the Swedish context,

the law provides a set of default rules and the provisos in the collective

agreements provide workers with additional protection.

Previous empirical analyses of employment protection originate from

the seminal work of Lazear (1990).2 Using a panel of OECD countries,

Lazear (1990) finds that severance pay increases unemployment. In a

different panel of countries, Heckman and Pagés (2004) document a neg-

1Employers are subject to the so-called WARN act if they have at least 100 em-
ployees. The WARN act stipulates, for example, that an employer that closes a plant
with at least 50 employees must give advance notice.

2Aguirregabiria and Alonso-Borrefo (2014) provide an extensive literature review.
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ative association between job security provisions and employment rates.

Another strand of the literature exploits policy reforms to obtain quasi-

experimental effects of employment protection on various outcomes. Ku-

gler and Pica (2008) show that mandated severance pay reduces employ-

ment in Italy, while Autor, Kerr and Kugler (2007) find similar effects

on employment from increased dismissal costs.

We contribute to this literature along two margins. First, the em-

ployment outcomes in previous studies originate from both hiring and

separations margins. By focusing on separations, we specifically investi-

gate the role of advance notice for a laid-off worker, thereby uncovering

the insurance role of such employer protection legislation. Second, our

setting provides the ideal testing ground from an identification perspec-

tive. We exploit exogenous variation in the length of advance notice

within establishments and displacement events, across individuals. This

permits a compelling analysis of the causal effects of advance notice.

We also contribute to an older literature, which investigates the role

of advance notice for laid-off workers using the Displaced Worker Survey

(see Ruhm 1992 and Ruhm 1994 and the survey in Addison and Black-

burn 1994). That literature exploits cross-sectional variation in advance

notice periods instigated by the Worker Assistance and Retraining Noti-

fication (WARN) Act and finds that joblessness falls upon notification of

job loss.3 Our paper breaks new ground by providing quasi-experimental

variation applied to administrative data on long-term outcomes.

Advance notice policies are clearly related to severance pay and unem-

ployment insurance policies. Pissarides (2001) analyzes a model where

firms can offer severance pay and advance notice as part of an optimal

contract, but unemployment insurance (UI) is exogenously set by the

government. His analysis implies that optimal contracts are more likely

to involve severance pay or advance notice when UI replacement rates

are low. In his model, advance notice plays a role over and above sev-

erance payments if and only if the insurance properties are sufficiently

superior.4

3Krolikowski and Lunsford (2020) assemble a database of large displacement
events in the U.S.. This is feasible because the WARN Act prescribes that large
layoff events be reported to State Dislocated Worker Units (SDWUs).

4A severance payment is a pure transfer from the worker to the firm, and thus
does not affect the private surplus of the match. By contrast, advance notice may
have a negative effect on the private surplus, if the match is kept alive after it has
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Our empirical work relates to the model in Pissarides (2001) in the

sense that we think of (voluntary) severance pay as an outcome of other

policy parameters, in our case mandatory advance notice. We examine

whether firms are willing to make – and whether workers accept – an

upfront severance payment in order to avoid the notice period. To our

knowledge, this is the first paper that provides such an analysis.

The major results of the paper are the following. Longer notice peri-

ods cause pro-longed periods of adjustment. For workers who are eligible

for a longer notification period (the treatment group), the probability of

remaining in the displacing firm increases during the first two years after

notification, and the probability of moving to another firm falls during

the same time period. As a result of an extension of the notice period,

workers are less exposed to unemployment and non-employment, and

spend less time outside the labor force. After two years, all employment

responses have subsided and there are no differential effects on employ-

ment outcomes for the treatment and control groups. We also show

that the treatment group experiences smaller wage losses when finding

a new job than the control group: wages in new jobs are three percent

higher for the treatment group than for the control group. Moreover,

firms make severance payments to workers in order to avoid the notice

period: the extra payment accruing to the treatment group amounts to

almost 60% of the monthly wage. Finally, we show that workers who are

eligible for higher UI get lower severance payments. This is consistent

with the view that they are more willing to accept lower severance pay

since they have a better outside option should they leave the firm for

unemployment.

The extra severance payment is part of the overall effect on earnings

for treated workers. When we decompose the earnings effect accruing

to workers during the first two years after notification, we find that

around half of the earnings effects has to do with less exposure to non-

employment and a third is due to the increase in severance pay. The

wage effect amounts to a fifth of the overall earnings effect. Over time,

become unproductive. These costs have two components: first, there may be variable
costs associated with keeping an unproductive job alive; second, for the worker-firm
pair, unemployment income is a pure subsidy which is forgone by keeping the match
alive. In the framework of Pissarides (2001), the insurance value of advance notice
must thus outweigh these losses relative to the severance pay.
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the wage effect becomes less important as individuals with short noti-

fication periods – who find a lower quality job initially – move on to

better-paying jobs at a greater rate than individuals with long notifica-

tion periods.

The remainder of the paper unfolds as follows. Section 2.2 provides

the relevant details of Swedish labor law and the collective bargaining

agreements that we use for identification. Section 2.3 describes our data

consisting of all layoff events involving at least 5 workers. Within that

population, we exploit variation in notification periods by worker age

at the time of notification. Section 2.4 probes the relationship between

the forcing variables and the lengths of notification periods. Section

2.5 examines how the labor market prospects of workers are affected by

having longer advance notice periods. Section 2.6 concludes.

2.2 Institutional details

The current formulation of Swedish labor law stipulates that employ-

ers wishing to lay off an employee must give written advance notice to

the worker.5 The length of the notification period varies discontinu-

ously with tenure, with threshold values being multiples of 24 months

of tenure. The minimum notice period is 1 month for employees with

less than 24 months of tenure, and 2 months for those with at least 24

months of tenure. The maximum notice period is 6 months which applies

to workers with at least 10 years (120 months) of tenure.6 For compar-

ison, the Worker Adjustment and Retraining Notification Act (WARN)

in the U.S. obliges employers with more than 100 full-time employees to

give a written notice at least 60 days in advance of layoff.7

Importantly, the labor law is dispositive. This means that the law

provides a set of default values, but alternative rules can be agreed upon

in collective bargaining agreements (CBAs). For instance, the white-

5Verbal announcements are legally binding as well but come with pecuniary penal-
ties.

6In the prior formulation of the law, age governed the length of the notification
period. This formulation of the law is relevant for employment spells starting prior
to 1 January 1997.

7The state of New York extended the mandatory notice period to 90 days in
2009, and New Jersey is currently considering a similar extension (Krolikowski and
Lunsford, 2020).
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collar agreement within manufacturing stipulates that workers above age

55 with 10 years of tenure get an additional 6 months of notice. After

being notified, individuals may also agree to severance pay packages

which are different (and perceived as more generous from the worker’s

point of view) from the default rules.8

We have collected information from all major collective agreements

on the Swedish labor market for the relevant time period (2005-2014).

Age rules exist mainly for white-collar workers in the private sector. The

most common formulation by far is the one described above. A worker

who is 55 years old at the time of notification and has at least 10 years

of tenure receives an additional six months of notification.9 Ideally, we

would have liked to match the information from the collective agreements

to the individual-level micro data. However, these micro data do not

include information on which collective agreement a worker belongs to

at a given point in time. Therefore, we simply implement the age-55

rule for all white-collar workers in the private sector without taking into

account which agreement they belong to.

In our empirical analyses, we focus on the age-55 threshold. An im-

portant reason for this is that tenure is difficult to measure exactly, and

any measurement error in tenure will weaken the predictive value of the

tenure rules.10 For age, per se, there is no measurement error involved.

8Further rules are tied to the size of the displacement event. For instance, a firm
intending to displace 5-25 workers should give all notified workers at least 2 months
of notification, while a firm notifying 26-100 workers at the same time must give all
workers at least 4 months of notification. In the extreme case where more than 100
workers are notified, they all get at least 6 months of notification.

9With that said, other age rules do exist but they are much less prevalent. The
white-collar agreement in retail trade during 2004-2007, for instance, has a combina-
tion of age and tenure. For given tenure, notification periods are prolonged discretely
at age 25, 30, 35, 40, and 45. This age proviso was later changed to the one described
in the main text.

10Measurement error in tenure at notification has three sources. One issue is that
January is reported too often as the starting month of an employment spell. This
potential problem comes from the fact that employers should report the duration of
the employment spell within the year in the annual income statements for the em-
ployees. The risk is that employers routinely report months 1-12 as the employment
spell rather than the true employment spell (say 4-12), since the spell length does not
affect taxes due. A second issue is the precise definition of tenure. The formal rule
allows for breaks in tenure due to, e.g., parental leave and sick-leave. The challenge is
to determine whether a break in two consecutive spells at a firm is due to the worker
being on leave or whether the break should reset the tenure clock. A third issue is
that there may be measurement error in notification dates, meaning that tenure at
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2.3 Data and estimation sample

We focus on displacement events occurring during 2005-2014. A firm

intending to lay off at least five workers simultaneously must notify the

Public Employment Service (PES) in advance. In a first stage, the firm

reports the number of workers it intends to displace to the PES along

with the reason for downsizing.

In a second stage, a list of names of the displaced workers and their

displacement dates (DD) must be submitted to the PES. Our data con-

tain the date when the list arrives at the PES. We assume that this is

also the date when the worker learns about her future displacement and

define it as the notification date (ND). The reported dates are scruti-

nized by the PES, which can even take employers who do not abide by

labor laws to court. This implies that ND should be a valid proxy for

when the employee is informed about the upcoming job loss.

A worker shows up in our data at this second stage. From the in-

formation supplied at this point in time, we calculate the length of the

notification period (D) as:

Di = DDi −NDi (2.1)

The typical configuration in the data is that all workers involved in a

given displacement event are notified at the same date, but that future

displacement dates vary depending on individual variation in age or

tenure. An issue for the empirical analysis is that there is measurement

error in the notification dates. This implies that (even though there is

no measurement error in age) there is some measurement error in age

at notification which is the main assignment variable.

We match the displacement data with four administrative datasets:

(i) Register-based employment statistics (RAMS by Swedish acronym);

(ii) the Integrated Database for Labour Market Research (LISA); (iii)

Wage and hours survey and (iv) Unemployment spell registries. The first

three are obtained through Statistics Sweden and the last one is retrieved

from the PES. The first dataset contains the universe of matches be-

notification would be measured with error even if tenure itself is measured perfectly.
This issue also implies that there will be some measurement error in age at notifica-
tion. See Davezies and la Barbanchon (2017) for an analysis of the consequences of
measurement error in the forcing variable.
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tween employers and employees during the time period 1990-2016. From

the matched employer-employee data, we get information on job-related

characteristics of workers, such as her wage earnings, and the character-

istics of firms, such as industry codes, both overall and for workers and

firms involved in displacement events. The second database (LISA) pro-

vides a range of individual-level characteristics, including demographic

variables. It contains all individuals, aged 16 and older, residing in Swe-

den at the end of the calendar year. We use this dataset to define our

analysis sample as individuals who are notified of a displacement event

and are residents in Sweden at the end of the notification year.

The Wage and hours survey provides information for a large sub-

set of the employed population. Employers report contracted monthly

wages and hours worked in a measurement week (during September-

November) for each employee. The wage concept includes all fixed wage

components, as well as piece rates, performance pay, and fringe bene-

fits. All workers in the public sector and around 50% of all private-sector

workers are included in the data.

Table 2.1 presents descriptive statistics of our analysis sample as well

as three relevant comparison groups. Panel A shows individual-level

characteristics, while Panel B presents firm-level statistics. The first col-

umn focuses on all notified individuals in our data. Column (2) shows

that the set of notified individuals compares relatively well with the av-

erage employed worker in the same industries. The main difference is

that educational attainment is lower among notified individuals, which

in turn is driven by the fact that blue-collar workers are overrepresented

among notified individuals. Furthermore, column (3) indicates that edu-

cational attainment is lower compared to the average employed workers.

The fact that private sector manufacturing firms are overrepresented

also implies that males are overrepresented among notified individuals.

Column (4) of Table 2.1 shows characteristics of our estimation sam-

ple. It consists of private-sector white-collar workers aged 52 to 58 who

are notified of displacement. Since individuals in this sample are older

white-collar workers, they have higher wages, earnings, and educational

attainment, than the average individual notified of displacement.
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Table 2.1. Descriptive statistics

Notified Employed Employed Notified
individuals workers workers individuals

same age-55
industries sample

(1) (2) (3) (4)

Panel A: Individual-level characteristics
Female 0.35 0.37 0.48 0.44
Immigrant 0.17 0.14 0.14 0.10
Age 40.93 41.54 42.00 55.02
Tenure 5.36 5.94 5.79 7.28
Earningst−1 (1000 SEK) 256.9 249.9 224.8 356.4
Waget−1 (1000 SEK) 24.6 25.8 24.8 31.1
Educational attainment
Compulsory ed. 0.16 0.17 0.16 0.12
Upper-secondary ed. 0.60 0.50 0.47 0.50
College ed. 0.24 0.31 0.36 0.37

Panel B: Firm-level characteristics
Firm size (# employees) 599.04 53.11 62.47 1061.96
Agricultural 0.00 0.00 0.04 0.00
Mining 0.00 0.00 0.00 0.00
Manufacturing 0.36 0.39 0.11 0.32
Electricity 0.00 0.00 0.01 0.01
Construction 0.08 0.05 0.06 0.03
Wholesale and retail 0.12 0.14 0.11 0.16
Transport 0.11 0.09 0.08 0.20
Financial Services 0.01 0.00 0.02 0.01
Non-Financial services 0.15 0.21 0.14 0.15
Public administration 0.02 0.01 0.05 0.01
Education 0.02 0.02 0.10 0.03
Human health 0.03 0.04 0.15 0.04
Entertainment 0.02 0.01 0.07 0.03
Other 0.08 0.03 0.07 0.01

Observations 418,111 5,827,312 5,827,888 8,955

Notes: Column (1) contains all notified individuals. In column (2) the distribution
of employed workers over industries has been reweighted to match the industry
distribution of notified workers. Column (3) focuses on the population of employed
workers. Column (4) includes white-collar workers in the private sector who were
aged 52-58 at the time of notification. Firm-level characteristics are computed at
the individual level, except firm size where the unit of observation is a firm.
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Panel B describes the firms involved in a displacement event in our

data. Given that the firms in the data must have notified at least five

workers simultaneously in order to be included in the data, it is no sur-

prise that average firm size is large. It also conforms to the intuition that

they tend to belong to cyclically sensitive sectors (e.g. manufacturing)

to a greater extent than the average firm.

2.4 Age and notification times

As noted above, we exploit the discontinuity in notification periods at

age 55 induced by collective bargaining agreements for identification.

This age rule is a feature of many collective agreements for white-collar

workers in the private sector. Our data allow us to identify private-sector

white-collar workers, but we cannot identify which collective agreement

they belong to. This is one reason that the age rule is only predictive.

Other reasons include the fact that the workers may individually agree

to severance packages in the case of layoff.

We define an instrumental variable related to age, Ai, as: ZAi =

1[Ai ≥ 55]. Furthermore, we define an age-specific control variable as

gA(ai) =
[
g0A(Ai − 55) + 1[Ai ≥ 55]× g1A(Ai − 55)

]

where a denotes normalized age (normalized to zero at the age-55 thresh-

old). The slope of the age control function is allowed to differ above (g1A)

and below (g0A) the threshold.

Our data include month and year of birth. Age is thus discrete and

measured in months. Since age is discrete, we mainly rely on a paramet-

ric control function.11 Note also that it is age at the time of notification

that is relevant.12 The first-stage regression is given by

Di = δAZAi + gA(ai) + νi, (2.2)

11Our main analysis uses data for individuals who are aged ±3 years relative to
the age-55 threshold. This corresponds relatively well to what the optimal bandwidth
selector of Calonico, Cattaneo and Titiunik (2014) would suggest (see Appendix B).

12Since age is measured in months we cannot determine whether someone turning
55 during the same month as the notification takes place is just above 55 or just below
55. We therefore exclude observations exactly at the cut-off.
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where δA is the first stage effect. The corresponding outcome equation

is:

yi = βDi + fA(ai) + εi, (2.3)

where y denotes an outcome and β is the effect of increasing the notifica-

tion period, and fA(ai) an age control function. There is also an imme-

diate reduced-form equation which is obtained by substituting equation

(2.2) into (2.3):

yi = γAZAi + hA(ai) + ui (2.4)

In the remainder of this section, we investigate the properties of the

age-55 threshold empirically. Section 2.4.1 thus examines whether there

is manipulation of the age-55 threshold and Section 2.4.2 examines the

impact of the age-55 threshold on the length of the notification period.

Excludability of the instrument is a more difficult question. Age rules

may surface in various parts of the public support system.13 However,

there is no age-rule in the public support system specifically tied to the

age at notification. Nevertheless, surpassing the age threshold, which in-

creases the probability of being eligible for longer notification, may affect

other outcomes which in themselves affect post-displacement outcomes.

For this reason, we focus on reduced-form estimates, i.e., equation (2.4).

2.4.1 Bunching and balancing of covariates

A possible concern is that firms try to selectively displace low-cost work-

ers, along the lines of the insider-outsider theory (see Lindbeck and

Snower, 1989). In our setting, this would manifest itself through more

laid-off workers just to the left of the age-55 threshold. Figure 2.1 ex-

amines whether there is manipulation around the age-55 threshold by

comparing the number of observations in the vicinity of the threshold.

There is no evidence of suspect bunching on either side of the threshold.

Table 2.2 investigates whether baseline covariates are evenly distributed

across the age-55 threshold. Columns (1)-(4) examine overall balancing.

We regress an indicator for being above the age-55 threshold on all

baseline characteristics and polynomial control functions in age. We are

13For instance, there used to be a rule prolonging UI duration for workers who were
at least 55 years old at the time of unemployment entry. This rule was abolished in
1998.
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Figure 2.1. Number of observations by age at notification
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Notes: The figure shows the distribution of displaced individuals by age at notifica-
tion (measured in months). The regression lines come from estimating a regression
corresponding to equation (2.4) with the fraction of observations at each age bin as
the outcome variable. The regression includes a linear age polynomial interacted with
the threshold dummy. The estimated jump at the threshold is 0.0005 (standard error
= 0.0006, p-value = 0.435).

mainly interested in the F -statistics, reported at the bottom end of the

table, which test the null hypotheses that all coefficients on individual

(and firm) characteristics are jointly zero. As indicated by the p-values

of the F -tests we cannot reject these hypotheses. Also, the individual

coefficients are typically small.

Column (5) reports bivariate tests of equality of baseline covariates

above and below the threshold. These tests reinforce the view that the

coefficients are generally small: those just above the threshold earned

0.26% less than those just below the threshold, for instance.
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Table 2.2. Balancing of pre-determined covariates

(1) (2) (3) (4) (5)

Earningst−1 -0.0029 -0.0028 -0.0040 -0.0001 -0.0026
(0.0062) (0.0066) (0.0066) (0.0040) (0.0174)

Female 0.0035 0.0037 0.0037 0.0002 0.0128
(0.0049) (0.0052) (0.0055) (0.0033) (0.0215)

Immigrant -0.0033 -0.0028 -0.0027 -0.0009 0.0012
(0.0093) (0.0091) (0.0092) (0.0062) (0.0146)

Tenure (years) -0.0035 -0.0035 -0.0045 -0.0015 -0.0496
(0.0030) (0.0030) (0.0032) (0.0020) (0.0334)

Highest attained education
Primary -0.0252 -0.0224 -0.0211 0.0016 0.0052

(0.0230) (0.0232) (0.0226) (0.0151) (0.0129)
High school -0.0301 -0.0277 -0.0281 -0.0040 -0.0399∗

(0.0196) (0.0197) (0.0193) (0.0119) (0.0233)
College -0.0189 -0.0175 -0.0182 0.0015 0.0295

(0.0219) (0.0216) (0.0212) (0.0137) (0.0232)

Firm characteristics � � �
Polynomial order

1st degree � � � �
2nd degree �

Interacted w. threshold � � � � �
Month/Year FE � � �
F -statistic 1.20 1.38 1.55 1.18 ·
p-value 0.312 0.196 0.126 0.311 ·
R2 0.768 0.768 0.768 0.905 ·
# clusters 72 72 72 72 72
# observations 8,860 8,860 8,860 8,860 8,893

Notes: Earnings are measured relative to the control group. Standard errors are clus-
tered on the discrete values of the forcing variable (age at notification). Regressions
include individuals aged 52-58 at the time of notification. Columns (1)-(4) show the
results of regressing an indicator for being above the age–55 threshold on baseline
covariates and polynomial control functions in age. The bottom part of the table re-
ports the F -statistic and the associated p-value from testing the null hypothesis that
all coefficients on (individual and firm) baseline covariates are jointly zero. Firm char-
acteristics included in columns (2)-(4) are workforce characteristics – average earn-
ings, share of females, share of immigrants, average age, share of college-educated,
and number of employed. All firm characteristics are balanced, except average age in
columns (2) and (3) (for instance, in column (2) average age is 0.0008 years higher for
individuals above the age-55 threshold). Column (5) reports the results of bivariate
balancing tests where each covariate listed in the left-hand column is regressed on the
treatment indicator and an interacted first order polynomial control function in age
at notification. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

93



2.4. AGE AND NOTIFICATION TIMES

Figure 2.2. Notification times around the age-55 threshold
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Notes: The figure shows notification times by age at notification in 2-month-bins.
The regression lines come from estimating equation (2.2) with a linear age polynomial
interacted with the threshold indicator. The estimated jump at the threshold is 80.8
days, with a standard error of 8.1. The regression also includes baseline covariates
and month-by-year FEs. The specification corresponds to column (2) in Table 2.3.

2.4.2 Notification times and the age-55 discontinuity

How much do notification times increase when workers surpass the age-

55 threshold? Figure 2.2 answers this question by relating notification

times to age at notification. The figure shows that notification times

are long. Just below the age-55 threshold, individuals have around 6.5

months of notice (196 days) and just above the threshold, notice times

are roughly 9 months (277 days) on average. Notice times thus jump by

slightly more than 2.5 months (81 days) at the age-55 threshold.

Table 2.3 shows different specifications of the “first-stage” regression,

given by equation 2.2. In columns (1)-(3), the control function is linear

and in columns (4)-(6), we include a second-order polynomial in the forc-

ing variable. All specifications allow the slope of the control function to

be different across the threshold. Column (1) shows the result of a spec-

ification which includes baseline covariates and a first-order polynomial

in age. The notification time increases by 78 days at the age-55 thresh-

old. Column (2) adds month-by-year fixed effects (FEs) and column

(3) replaces the month-by-year FEs with displacement event FEs, which

implies that we only utilize the variation across individuals involved in
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a given displacement event for identification. None of these additions

matter substantially: the estimated age-55 discontinuity increases marg-

inally from 78 to 82 days.

What does matter for the magnitude of the estimated discontinuity is

how flexibly we control for age at notification. The estimated discontinu-

ity is reduced by roughly 26-30 days when we control for a second-order

polynomial (see columns (4)-(6)). Most of this reduction is likely an ar-

tifact of the measurement error in notification dates. When notification

dates are to some extent mismeasured, we get measurement error in age

at notification. This measurement error, in turn, causes the discontinu-

ity to look a like a non-linearity (see Figure 2.2). Since we think the

reduction in the discontinuity estimate is mainly driven by measurement

error, our preferred specification is the linear interacted one. When we

show regression results, we therefore mainly use the specification shown

in column (2).14

2.5 Worker outcomes

We begin our analysis of the individual effects of longer advance notice

by examining the overall earnings effects. We decompose the overall

earnings effect into a number of adjustment margins, and then look at

the effects of being eligible for longer advance notice along each adjust-

ment margin.

2.5.1 The overall earnings effect

Figure 2.3 shows reduced-form RD estimates for earnings in the calendar

year after notification. Individuals just to the left of the threshold earn

314,000 SEK, while individuals just to the right earn 356,000 SEK.15

Being eligible for longer notification thus increases annual earnings by

42,000 SEK which corresponds to almost 14% of the wage earnings for

individuals just below the threshold.

14Of course, we graph the reduced-form relationship in conventional regression
discontinuity graphs for the main outcomes, such that readers can judge for themselves
what is an appropriate specification of the control function.

15All amounts have been deflated to 2010 values. In November 2019, the SEK/US
Dollar conversion rate is 9.65 SEK/Dollar and the SEK/Euro conversion rate is 10.75
SEK/Euro.
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Figure 2.3. Earnings in the year after notification by age at no-
tification
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Notes: Age at notification is in 2-month-bins. The regression lines come from es-
timating equation (2.4) with a linear age polynomial interacted with the threshold
indicator for individuals aged 52-58 at the time of notification. The estimated jump
at the threshold is 42.4 (1000 SEK), with a standard error of 6.0. The regression also
includes baseline covariates and month-by-year FE:s. The specification corresponds
to column (2) in Table 2.3.

What goes into this overall earnings effect? Trivially, earnings after

notification have two sources, either the notifying firm or a new firm.

But, as mentioned above, there might be (voluntary) severance packages

as long as these are to the advantage of both the firm and the worker.

The monetary component of these severance packages are recorded in the

data as earnings. Thus, earnings from the notifying firms can consist of

regular wage payments (w0l0) and severance payments (SP ). The total

earnings effect (Δy) of being eligible for longer notification over some

fixed time horizon can thus be written as

Δy = Δ(w0l0) + Δ(w1l1) + ΔSP

where Δ denotes a treatment and control difference; w1 is the wage

associated with the new job and l1 is the duration of the new job over

a fixed time horizon (T ), and w0 and l0 are defined correspondingly for

the old job. Rewriting this equation using Δw0 = 0 (the treatment

and control group have the same wages prior to treatment) and T =

97



2.5. WORKER OUTCOMES

l0 + l1 +NE, where NE denotes non-employment, we get

Δy

w0︸︷︷︸
Total

earnings

= − ΔNE︸ ︷︷ ︸
non-employment

duration

− w0 − w1

w0
Δl1︸︷︷︸

new job

duration

+
Δw1

w1︸ ︷︷ ︸
effect
wage

w1

w0
l1 +

ΔSP

w0︸ ︷︷ ︸
pay

severance

(2.5)

The first and second component on the right-hand-side come from the

fact that being eligible for a longer notice period likely implies that you

will stay longer at the notifying firm. If there is some friction involved in

changing jobs, the treatment group spends less time in non-employment

(ΔNE < 0 ) which will thus contribute to increase earnings. Longer du-

ration at the notifying firm, on the other hand, likely implies a shorter

duration of the new job (Δl1 < 0). Since displacement involves wage

losses, w1 < w0, the second component also contributes to increasing

earnings. The third component reflects the possibility that workers el-

igible for longer displacement may be able to avoid some of the wage

losses associated with displacement (see Nekoei and Weber, 2017 for

evidence on such job quality effects in the case of unemployment insur-

ance). Finally, the fourth component captures the possibility of sev-

erance packages being more generous for workers who are eligible for

longer notification periods.

Figure 2.4 illustrates the earnings effects in another way. It shows

the evolution of annual earnings in different calendar years relative to

the notification event for those just above the age-55 threshold (black-

circled line) and those just below the threshold (hollow-circled dashed

line). The difference between the two lines at any given point is an

RD-estimate, and the RD estimates that are statistically significant at

the 5-percent level are indicated by dashed vertical lines. Note that

any treatment effects may occur from year 0 (the notification year) and

onwards.

The estimate shown in the first year after notification in Figure 2.4

corresponds to the RD estimate illustrated in Figure 2.3. The figure con-

veys several additional insights as well. First, it shows that the treatment

and control groups are strongly balanced during the four years prior to

notification. Second, it presents suggestive evidence of the existence

of severance packages. There is a striking increase in annual earnings

during the year of notification. If earnings only reflected regular wage
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Figure 2.4. Annual earnings by years relative to notification
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Notes: The figure shows annual earnings by year relative to notification. At any given
point in time, we plot estimates of the constant (hollow circles) and the constant+γA
(black circles) from a regression corresponding to equation (2.4). Dashed lines indicate
that the estimate of γA is significant at the 5% level. These regressions include a
linear age polynomial interacted with the threshold indicator, baseline covariates,
and month-by-year FEs. The specification thus corresponds to column (2) in Table
2.3. The analysis only includes individuals aged 52-58 at the time of notification.

payments during this year, we would expect earnings growth to be lower

between t = −1 and t = 0 than during any other pre-notification year.

The fact that this is not the case suggests the existence of severance

pay packages. Third, after two years there are no discernible effects of

being eligible for longer notification. A comparison of earnings in t = 2

and t = −1 suggests that the earnings losses associated with displace-

ment amount to roughly 25% of pre-displacement earnings. These losses

are similar in magnitude to those typically documented in the literature

(see e.g. Jacobson, Lalonde and Sullivan, 1993). Fourth, because of the

longer notice period, earnings losses are much lower for the treatment

group (0%) than for the control group (11%) one year after notification

(t = +1) when compared to the year before notification (t = −1 ).

In the remainder of this section, we unpack this overall earnings ef-

fect. We begin by investigating employment outcomes in Section 2.5.2,

while Section 2.5.3 examines whether those with longer notification find

better-paying jobs. Section 2.5.4 turns to severance payments. Section

2.5.5 pulls the different pieces together by using the evidence presented
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in previous sections to assign numbers to the decomposition in equation

(2.5).

2.5.2 Employment outcomes

In this section we examine whether advance notice prolongs the ad-

justment process for workers, and whether a longer notification pe-

riod shields them from non-employment. For this analysis, we mainly

tap information on monthly employment indicators obtained from the

employer-employee data (RAMS). These allow us to trace the dynamics

following notification at a high frequency.

Figure 2.5 shows reduced-form RD estimates for two of the employ-

ment outcomes – the probability of remaining at the notifying firm and

the probability of working at a new firm 12 months after notification.

Panel (a) shows that the probability of remaining at the notifying firm

increases from 29 percentage points to 40 percentage points when a

worker surpasses the age-55 threshold. Panel (b), on the other hand,

shows that the probability of being employed at a new firm is 7 per-

centage points lower for treated individuals. Combined, panels (a) and

(b) imply that individuals treated with longer advance notice are: (i)

less exposed to non-employment – the treatment effect corresponds to a

reduction by 4 percentage points after 12 months, and (ii) involved in a

lengthier adjustment process.

Figure 2.5 gives a snapshot for a particular point in time. Figure

2.6, instead, provides information pertaining to different points in time

relative to notification, in a way akin to Figure 2.4. Panel (a) of Figure

2.6 shows the probability of remaining at the notifying firm at different

points in time relative to the notification date.16 The figure conveys

several messages. First, prior to notification, and up to 2 months after

notification, the probability of remaining at the notifying firm is the

same across the two groups, but after 3 months a small gap starts to

open up. Second, between months 6 and 11 a rather substantial gap

16In principle, all workers notified of displacement in a particular month should be
observed at the notifying firm in the month before. Because of measurement errors
(mainly in the notification dates), this is not the case in our data. According to panel
(a), the fraction remaining in the notifying firm in t = −1 is 0.99, and according to
panel (b), the fraction observed in another firm in t = −1 is 0.003.
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Figure 2.5. Employment outcomes by age at notification

(a) Probability of remaining at the notifying firm 12 months after notification

.2
.2

5
.3

.3
5

.4
.4

5
Pr

(A
t n

ot
ify

in
g 

fir
m

 | 
m

+
12

)

-36 -24 -12 0 12 24 36
Normalized age (months)

(b) Probability of working at a new firm 12 months after notification
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Notes: The figures show employment outcomes by age at notification (2-month-bins).
The regression lines come from estimating equation (2.4) with a linear age polynomial
interacted with the threshold indicator. The estimated jump at the threshold in panel
(a) is 11.2 percentage points, with a standard error of 2.3 ppt, while the estimated
jump at the threshold in panel (b) is -6.8 percentage points, with a standard error
of 2.4 ppt. The regressions also include baseline covariates and month-by-year FE:s.
The specification corresponds to column (2) in Table 2.3. The analysis only includes
individuals aged 52-58 at the time of notification.
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2.5. WORKER OUTCOMES

Figure 2.6. Employment outcomes by month relative to notifica-
tion
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Notes: The figures show each outcome by month relative to notification. At any given
point in time, we plot estimates of the constant (hollow circles) and the constant+γA
(black circles) from a regression corresponding to equation (2.4). Dashed lines indicate
that the estimate of γA is significant at the 5% level. These regressions include a
linear age polynomial interacted with threshold, baseline covariates, and month-by-
year FE:s. The specification thus corresponds to column (2) in Table 2.3. The analysis
only includes individuals aged 52-58 at the time of notification.
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opens up between workers with long and short notification periods.

Third, when the formal notification period expires for the treatment

group (from month 12 and onwards), the gap between the two groups

closes. The differential survival rates persist to around 20 months after

notification, after which there are no treatment effects of being eligible

for longer notification. Fourth, in the longer run, 7 percent of work-

ers remain at the firm despite being notified of layoff. The potential

explanations for this pattern include: notified workers replacing an un-

expected departure of another worker, and market conditions improving

for the notifying firm.17

Panel (b) of Figure 2.6 shows the probability of being observed at

another firm by time relative to notification. The figure shows that there

are significant treatment effects during months 6-12 after notification;

after 12 months the difference between the two groups is small and it

becomes non-existent after 2 years. In the longer run, 80 percent of

notified workers have moved on to another firm, and this mobility rate

does not differ across the treatment and control groups.

Figure 2.6 suggests that all of the employment adjustment occurs dur-

ing the first two years after notification. Appendix Figure A-2.1 shows

that these results are robust to using the optimal bandwidth proposed

by Calonico, Cattaneo and Titiunik (2014). In Table 2.4 we summarize

the employment impacts by cumulating them over the first two years.

By doing so, we get an estimate on the duration (in months) at the

notifying firm during the first two years, for example.18

The first two columns in Table 2.4 provide a summary picture of

the evolution shown in Figure 2.6. As a result of being eligible for

longer notification, individuals stay in the notifying firm an additional

1.8 months during the two years after notification. This is close to a

month less than the additional 2.7 months of notice they were awarded

at the time of notification (c.f. Table 2.3, column (2)).

Column (2) shows that the duration in the new firm is reduced by

one month. Columns (1) and (2) imply that those eligible for longer no-

tification are less exposed to non-employment with column (3) showing

that this reduction is equal to three quarters of a month. Column (4)

17Importantly, this pattern is not driven by recalls. The vast majority of workers
are observed at the notifying firms because they never left.

18This uses the fact that the survival function integrates to mean duration.
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Table 2.4. Cumulated duration (in months) in various states, first
2 years after notification

(1) (2) (3) (4) (5)
At notif. At other Non- Unemployed Out of

firm firm employed labor force

Above age-55 1.815∗∗∗ -1.047∗∗∗ -0.769∗∗∗ -0.540∗∗∗ -0.228∗∗

(0.262) (0.303) (0.203) (0.155) (0.113)

Control mean 8.999∗∗∗ 11.036∗∗∗ 3.965∗∗∗ 3.259∗∗∗ 0.706∗∗∗

(0.230) (0.274) (0.166) (0.125) (0.077)

R2 0.065 0.058 0.018 0.020 0.006
# clusters 72 72 72 72 72
# observations 8,856 8,856 8,856 8,856 8,856

Notes: Time out of the labor force is calculated as time in non-employment minus
time in unemployment. Standard errors are clustered on the discrete values of the
forcing variable (age at notification). Regressions include individuals aged 52-58 at
the time of notification. The regressions include a linear age polynomial interacted
with threshold, baseline covariates (earnings in the year prior to notification, gender,
immigrant status, tenure, educational attainment FEs), and month-by-year FE:s. ∗

p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

shows that the effect of being eligible for longer notification is to reduce

exposure to unemployment. Treated individuals are also less exposed to

non-participation events as shown in column (5).

2.5.3 Wage effects

What about wages in the new job? Since longer notification means

full insurance, without exposure to unemployment, one would expect

individuals eligible for longer notification to find higher-quality jobs.

Figure 2.7 shows the evolution of wages by month since notification

for those just above and below the age-55 threshold.19 As before, the dif-

ference between the solid and dashed lines represent the RD-estimates.

At this stage, we show wages for all employed individuals. However,

employment rates differ across individuals with long and short notifica-

tion, with the implication that the wage differences during the first 20

months do not necessarily have a causal interpretation (see Figure 2.6).

But after 20 months, employment rates and mobility into an alternative

19We observe wages at a single point in time (September-November) each year.
Thus the monthly variation comes from the variation in notification dates relative to
the wage observation.
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Figure 2.7. Wages by months since notification
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Notes: The figure shows the log monthly full-time equivalent wage by month relative
to notification over time. At any given point in time, we plot estimates of the constant
(hollow circles) and the constant+γA (black circles) from a regression corresponding
to equation (2.4). Dashed lines indicate that the estimate of γA is significant at
the 5% level. These regressions include a linear age polynomial interacted with the
threshold indicator, baseline covariates, and month-by-year FE:s. The specification
thus corresponds to column (2) in Table 2.3. The analysis only includes individuals
aged 52-58 at the time of notification.

firm do not vary with the treatment. The difference in wages between

the two groups at this point reflects differential losses associated with

the move to another firm, which are caused by the treatment. On av-

erage, the wage difference between the two groups amounts to around 3

percent during months 20-36 after notification.20

An interesting pattern in Figure 2.7 is that wages seem to catch up

for the control group after 36 months. This is consistent with the hy-

pothesis that individuals with short notification have stronger incentives

to move on to another job, and would therefore be climbing the wage

ladder faster than the treatment group. If so, we should expect greater

onward mobility in the control group than in the treatment group. To

examine this issue, Figure 2.8 plots the survival functions in the first

new job, separately for individuals with long and short notification. As

20Recall that these wage effects are estimated on the subsample with wage obser-
vations. These estimates are consistent with the dynamic earnings effects presented
in Appendix Figure A-2.2, which, in turn, are aligned with the baseline estimates in
Figure 2.4.
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Figure 2.8. Probability of working at the first firm by months
since employment start
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Notes: The figure shows the probability of working in the first new firm after notifi-
cation over time. We define the first new job after notification as the first month of a
new employment spell after the worker has left the notifying firm. The worker stays
with that firm as long as imputed monthly earnings from that firm exceed those from
some other firm (in months when the worker has no earnings from a different firm
the threshold is zero). At any given point in time, we plot estimates of the constant
(hollow circles) and the constant+γA (black circles) from a regression corresponding
to equation (2.4). Dashed lines indicates that the estimate of γA is significant at
the 5% level. These regressions include a linear age polynomial interacted with the
threshold indicator, baseline covariates, and month-by-year FE:s. The specification
thus corresponds to column (2) in Table 2.3. The analysis only includes individuals
aged 52-58 at the time of notification.

before, the vertical distance represents the RD estimate and a statisti-

cally significant estimate is marked by a dashed line. The figure shows

that those with short notification move on to other jobs at a greater

rate than those with long notification, consistent with greater onward

job mobility.

Now let us turn directly to the question of whether longer notification

leads to higher-quality jobs. Since there are no employment effects after

two years (see Figure 2.6), we can look at the first job that the indi-

vidual obtains within the first two years without having to worry about

employment rates varying by treatment status. The results are given in

Figure 2.9 and Table 2.5.

The outcome in Figure 2.9 is the log of the full-time equivalent wage

(adjusted using contracted hours). Because the wage information is
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Figure 2.9. Wage in the new job by age at notification
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Notes: The figure shows log of the full-time equivalent monthly wage against age
at notification, normalized around 55. Age at notification is in 2-month-bins. The
regression lines come from estimating equation (2.4) with a linear age polynomial
interacted with the threshold indicator for individuals aged 52-58 at the time of
notification. The estimated jump at the threshold is 0.027, with a standard error of
0.015. The regression also includes the wage prior to notification, baseline covariates,
and month-by-year FEs. The specification corresponds to column (2) in Table 2.3.

collected through a survey which covers around 50% of the baseline

population, we lose a substantial fraction of observations. This implies

that estimates are somewhat less precise. Nevertheless, Figure 2.9 shows

that there is a positive wage effect of longer advance notice.

Column (1) of Table 2.5 reports the results of regressing log wages

on the instrument, i.e., the estimated difference at the threshold in Fig-

ure 2.9. Longer notice, on average, allows workers to avoid 2.7% of

the wage loss associated with moving to a new job after notification

and this difference is statistically significant. In column (2) we use the

difference in log wages as the outcome. Since prior wages are balanced,

this should improve precision without affecting the estimates much. The

estimates show that eligibility for longer notification reduces the wage

loss associated with displacement. Whereas workers in the control group

experience a wage loss of 8.6% as a result of displacement, longer notifi-

cation limits the wage loss to 5.5%. The effect of being eligible for longer

notification is therefore 3.1 percentage points. The additional insurance
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Table 2.5. Effects of advance notice on initial wages and
subsequent wage growth

(1) (2)
ln(Monthly Wage) Δln(Monthly Wage)

Panel A: Initial wage
Above age-55 0.027∗ 0.031∗∗

(0.015) (0.014)

Control mean 10.173∗∗∗ -0.086∗∗∗

(0.010) (0.011)

Panel B: Wage growth
1st year 2nd year 3rd year 4th year

Above age-55 0.019∗∗ 0.019 -0.009 -0.018
(0.009) (0.012) (0.013) (0.019)

Notes: The difference in wages is taken relative to the wage in the year
prior to notification. Annual wage growth is defined relative to the initial
wage for all individuals (movers as well as stayers) for whom we observe
subsequent wages. Wage growth in panel B is relative to the year since
start of first employment. Standard errors are clustered on the discrete
values of the forcing variable (age at notification). Regressions include
individuals aged 52-58 at the time of notification. The regressions include
a linear age polynomial interacted with the threshold indicator, baseline
covariates (earnings in the year prior to notification, gender, immigrant
status, tenure, educational attainment FEs), and month-by-year FE:s.
Sample size in col. (1) panel a) is 3,056; sample size in col (2) panel A is
2,363. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

provided by longer notification thus allows workers to obtain a better

job after displacement.

Figure 2.10 shows the distributional impact of being eligible for long

notification.21 It illustrates that individuals who are eligible for longer

notice are exposed to wage losses to a lesser extent. Although longer

notice also increases the probability of observing large wage increases

(increases amounting to 20-40 log points), the average effect is driven

by a lower probability of observing wage losses.

How does the average wage effect compare to the literature? The

closest comparison comes from the literature on the wage effects of ex-

tending unemployment insurance (UI). With the exception of Nekoei and

Weber (2017), the typical result in this literature is that job quality is

unaffected by an increase in UI generosity (see Card, Chetty and Weber,

2007; Lalive, 2007; Schmieder, von Wachter and , 2016; van Ours and

21See Nekoei and Weber (2017) for an analysis of the distributional wage impact
of prolonging UI duration.
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Figure 2.10. Effects of eligibility for long Advance Notice (AN)
on the distribution of wage changes
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Notes: The figure shows the effect of longer advance notice on the distribution of
wage changes. The blue bars show the probability density function over wage growth
(read on the right axis). Each dot reflects RD-estimates (read on the left axis) from
a regression corresponding to equation (2.4) within a wage growth bin. The dashed
lines are 95 percent confidence intervals where standard errors have been clustered
on the discrete values of the forcing variable (age at notification).

Vodopivec, 2008). Nekoei and Weber (2017) estimate a positive wage

effect amounting to 0.5 percent as a result of a nine-week UI extension.

They also point out that the wage effect of UI is ambiguous because of

negative duration dependence: with extended benefits, the unemployed

have longer time to look for a better match, but longer job search per

se can have a negative effect on wages.

Our wage estimate is much larger than the estimate of the wage effect

of UI generosity. But the treatment we consider is also different and

more generous. With longer notification, workers have full insurance

and also more time to search without being exposed to unemployment.

To what extent is the wage estimate driven by the ability to find

better-paying firms? To provide some suggestive evidence on this ques-

tion, we examine whether longer notification implies that the average

wage of co-workers in the new firm is higher. Albeit statistically in-

significant (the estimate is 0.016 with a standard error of 0.016), longer

notification is associated with a higher average wage, suggesting that

firm quality may partly explain our positive wage effects.
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Panel B of Table 2.5 examines whether the wage effects extend beyond

the initial wage. It seems that individuals with long notification are

able to find better jobs, both in terms of wage levels (panel A) and

initial wage growth (see the first column of panel B). Individuals with

short notification have greater incentive to move on to better paying

jobs, however. Onward mobility to higher-paying jobs implies that the

longer run effects on wage growth are negative (although statistically

insignificantly so). The evidence on wage growth thus lines up with the

pattern we observed in Figure 2.7.

2.5.4 Severance pay

Next, we turn to severance payments. We think of these payments as

monetary transfers from firms to workers in exchange for a shorter notice

period. In order to observe such payments, it must both be in the interest

for firms to offer them and workers to accept them. In this section we

examine whether severance payments are affected by the treatment.

Identifying severance payments is empirically challenging. We would

like to identify excess payments from the notifying firm to the worker.

These kinds of payments are recorded as earnings in the data, as they

are subject to regular labor income taxation, which we only observe at

the annual level.

As a descriptive exercise, we focus on workers whose last month

worked at the notifying firm is January. For such workers, payments

from the notifying firm to the worker in that year equal severance pay

plus regular wage payments for one month at most. Figure 2.11 il-

lustrates the evolution of monthly earnings for these workers. It shows

that they receive total transfers of around 180,000 SEK in the last month

with the firm. If we subtract off one month of wage payments obtained

from the annual payments in the preceding year (around 30,000 SEK),

a crude estimate of severance pay would be 150,000 SEK. In levels this

is likely an upward-biased measure of severance pay, since it includes all

payments that accrue when a worker leaves a firm.22

To examine whether workers who are eligible for longer notification get

extra severance pay, we proceed as follows. We first calculate earnings

22For instance, the worker may have built up an entitlement to holiday leave. The
monetary value of this entitlement will be paid out when the worker leaves the firm.
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Figure 2.11. Earnings for workers for whom January is the last
month with the notifying firm
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Notes: Monthly earnings for workers whose last recorded month with the notifying
firm is January in the year of displacement.

received from the notifying firm in the year of separation. If a given

worker separates from this employer after, say, April, we subtract four

months worth of average earnings, calculated from the previous year.

We thus measure severance pay as excess earnings from the notifying

employer relative to the previous year. As noted above, this will be a

biased measure of severance pay in levels, but the bias gets differenced

out when we compare workers across the threshold.

Figure 2.12 shows the results. When a worker surpasses the thresh-

old, severance pay (SP ) increases by 16,900 SEK. This magnitude cor-

responds to 56% of a full-time equivalent monthly wage. Notice that the

estimated effect reflects both the extensive (the probability of observing

SP > 0) and the intensive margin (the amount received given SP > 0).

In Appendix A1, we present a simple model of the choice to offer and

accept severance pay. In the model, firms experience differentially sized

negative productivity shocks. Firms that experience larger productivity

losses, have higher willingness to pay to avoid the notice period (at least

if the shock does not imply that firms trigger a credit constraint).

Workers, on the other hand, have differential propensity to accept a

given severance pay offer. In particular, workers whose unemployment

insurance (UI) entitlement replaces a greater share of their previous
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Figure 2.12. Severance pay by age at notification
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Notes: Age at notification is in 2-month-bins. The regression lines come from es-
timating equation (2.4) with a linear age polynomial interacted with the threshold
indicator for individuals aged 52-58 at the time of notification. The estimated jump
at the threshold is 16.9 (1000 SEK), with a standard error of 6.4. The regression also
includes baseline covariates and month-by-year FE:s. The specification corresponds
to column (2) in Table 2.3.

earnings are more likely to accept the offer. For analogous reasons the

amount received is lower for workers with a higher entitlement to UI.

From the worker’s point of view, UI is forgone when the unproductive

match is kept alive (see Pissarides, 2001). In the remainder of this sec-

tion, we examine whether workers with higher UI accept lower severance

pay amounts.

In this analysis, we divide the data by the workers’ UI replacement

rate. For members of UI funds, the public UI system offers a replace-

ment rate of 80% up to a ceiling. The ceiling is low and the replacement

rate for the average worker (given the UI rules during 2007-2015) in our

sample is only 49%. However, for private sector white-collar workers, the

collective agreement specifies a supplementary benefit scheme. Supple-

mentary benefits are offered for workers above age 40 who have at least

5 years of tenure at the time of displacement. Basically, eligible work-

ers are given a (de facto) replacement rate of no less than 70 percent.

The tenure rule thus offers substantive variation in the UI replacement
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Figure 2.13. Severance payments by tenure at displacement
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Notes: Tenure at displacement in 2-month-bins. The vertical dashed line indicates 5
years (60 months) of tenure. The regression lines come from estimating equation (2.4)
with a linear tenure polynomial interacted with the threshold indicator for individuals
aged 52-58 at the time of notification who have 3-7 years of tenure at displacement
(the analysis includes 2,636 individuals). The estimated jump at the threshold is
-36.0 (1000 SEK), with a standard error of 10.6. The regression also includes baseline
covariates and month-by-year FE:s. The specification corresponds to column (2) in
Table 2.3.

rate: 70% for those above the tenure threshold, and for those below the

threshold, the replacement rate may be as low as 49%.23

Figure 2.13 exploits the variation generated by supplementary benefit

schemes. The vertical dashed line indicates 5 years of tenure at displace-

ment. Workers to the right of this threshold have 70% of UI replacement

from the supplementary UI scheme. Workers to the left of the thresh-

old are not eligible for the supplementary scheme, and on average they

have much lower replacement rates. There is clear evidence that those

eligible for higher UI accept less generous severance payment deals. The

downward jump at the threshold amounts to 36,000 SEK.

23The 49% is a lower bound since those below the threshold have greater incentives
to buy top-up private insurance offered by the unions. We do not have information
on how common this is.
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Table 2.6. Decomposition of 2-year cumulative earnings effect

Component/monthly wage Percent of
earnings effect

Component
Employment effects

non-employment 0.796 50
new job 0.056 4

Wage effects
wage at new job 0.314 20
imbalance in initial wage -0.148 -9

Estimated severance pay effect 0.559 35
Imputed severance pay effect 0.544
Sum of estimated components 1.578 100
Estimated earnings effect 1.563

Notes: Estimated earnings effect = Δy/wL
0 . Employment effects: non-

employment = −ΔNE; new job = − [
(wL

0 − wL
1 )Δl1

]
/wL

0 . Wage effects: wage at

new job =
[
lS1w

S
1 Δ lnw1

]
/wL

0 ; imbalance in initial wage = +
[
lS0w

S
0 Δ lnw0

]
/wL

0

(notice that the difference in pre-treatment wages is insignificant; it equals -0.014
(SE = 0.015)). Estimated severance pay effect = ΔSP/wL

0 . The index L (S)
denotes eligibility for long (short) notification.

2.5.5 Pulling the pieces together

Let us return to the decomposition in equation (2.5). We are interested

in decomposing the cumulative earnings effect over a 2-year horizon. If

we estimate this effect directly, it corresponds to 1.56 months of pay

as shown by the last row of Table 2.6. The remaining rows show the

component parts using the results from Sections 2.5.2-2.5.4.

Notice that the decomposition is only approximate for two reasons.

First, our earnings and wage effects are estimated based on calendar

years t ∈ {0, 1, 2}, while employment indicators leverage the high-frequency

data and consider the 24 months right after notification. Second, the

wage effects are estimated on a subsample of the baseline population.

While the earnings effects for the sample are close to the main results,

the point estimates are not identical (see Appendix Figure A-2.2).

The employment effects come from Table 2.4. We use the wage esti-

mate reported in column (2) of Table 2.5. The severance pay estimate

comes from Figure 2.12. We also present an imputed severance pay

effect, which is simply the residual after deducting the components re-

lating to the wage effects and the employment effects from the estimated

earnings effect. Despite the approximations involved in the decomposi-
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tion, the estimated and imputed severance pay effect line up remarkably

well.

The decomposition reveals that the most important component in the

overall earnings effect is the non-employment effect (50 percent of the

overall effect). Severance pay contributes to 35 percent of the earnings

difference, while wages in the new job contribute to 20 percent.

2.6 Conclusions

We have estimated the impact of advance layoff notices on the future

labor market prospects for workers using data from Sweden. Our main

source of variation comes from collective bargaining agreements where

individuals above a certain age are eligible for longer advance layoff

notice.

We find that longer notice periods cause pro-longed periods of adjust-

ment. For workers who are eligible for longer notification periods (the

treatment group), the probability of remaining in the displacing firm

increases during the first two years after notification and the probabil-

ity of moving to another firm falls during the same time period. As a

result of an extension of the notice period, workers are less exposed to

unemployment and non-employment. After two years, all employment

responses have subsided and there are no differential effects on employ-

ment outcomes for the treatment and control group. We also show that

the treatment group experiences smaller wage losses when finding a new

job than the control group: wages in the new job are 3% higher for the

treatment group than for the control group. Advance notice thus offers

insurance for workers.

Firms that experience unexpected and substantial productivity drops

are likely to offer severance packages to workers in order to shorten

the notice period, and we also see workers accepting them. The extra

severance payment accruing to the treatment group amounts to almost

60% of the monthly wage. Finally, we show that workers who are eligible

for higher UI get lower severance payments. This is consistent with the

view that they are more willing to accept lower severance pay since they

have a better outside option if they leave the firm for unemployment.
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Is mandating advance layoff notice an efficient government policy?

To the extent that advance notices forces firms to share (private) infor-

mation on future reductions of labor demand, an efficiency case can be

made for them. To the extent that productivity shocks are unexpected,

however, there is a risk that advance layoff notice locks in workers in

activities that are not sufficiently productive. Nevertheless, as our cur-

rent analysis has shown, some of these losses can be undone if firms are

able to offer severance in order to shorten the length of the unproduc-

tive period. In future work, we intend to further analyze the efficiency

properties of advance notice periods.
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Appendix

A A toy model of severance payments

Production is constant returns to scale and so we take a firm to be a

job. Assume that displacement shocks arrive at rate λ. Given the ar-

rival of a displacement shock, firms make a draw from the productivity

distribution; the new productivity draw is δy, where y denotes produc-

tivity prior to the shock. A displacement shock is by definition such

that δy < w. A non-productive job cannot be shut down immediately

because of mandatory advance notice. A job is either either productive

(p), non-productive (n) ,or vacant (v).

Workers and firms are generically identical, but have experienced dif-

ferent draws of the random displacement shock. To simplify matters

further, we take utility to be linear and assume that the notification pe-

riods ends stochastically at rate μ, so that 1/μ is the expected duration

of the notice period. When the notice period ends, the non-productive

job becomes vacant and the worker is transferred to unemployment.

Firm values satisfy

rJp = y − w + λ(E(Jn)− Jp)

rJn = δy − w + μ(Jv − Jn) + αsn(Jv − Jn)

rJv = −k + q(Jp − Jv)

where δy < w, and there is a distribution of δ among the unproductive

firms, so δ ∈ [
0, δ̄

]
where δ̄ denotes reservation productivity. By the

usual free-entry condition, Jv = 0.

Worker values are given by

rW p = w + λ(Wn −W p)

rWn = w + μ(W u −Wn) + αsn(W p −Wn)

rW u = b+ αsu(W p −W u)

Using Jv = 0, we have

Jn =
δy − w

r + μ+ αsn
< 0
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If sn = su, we have

Wn −W u =
w − b

r + μ+ sα
> 0

Imagine now that the firm and the worker bargain over a severance pay-

ment, SP (we assume that wages are not renegotiated). The bargaining

weight is β. By accepting the package, workers get SP +W u; they give

up Wn. The firm surplus generated by the package is Jv − SP − Jn.

The solution is given by

SP − (Wn −W u) = β(−Jn − (Wn −W u)) (2.6)

Workers agree to SP if

−(Jn +Wn −W u) ≥ 0

In other words, if the total surplus value associated with an unproduc-

tive job (the expression within parenthesis) is negative, then there is

a severance payment that would convince the worker to leave the job.

Now,

Jn +Wn −W u ≤ 0 ⇐⇒ δ ≤ b

y

This equation defines a cut-off value δS when severance payments are

made

1(SP > 0) = 1(δ < δS), δS =
b

y

If b/y = 0.6, for instance, then all displacement shocks resulting in a

productivity drop of more than 40% will be settled using a severance

payment. The share of displacements where severance payments are

made is given by F (δS).

What about the size of the severance payment? By manipulating

(2.6), and using the definition of the cut-off value, we get

SP =
w − b+ βy(δS − δ)

r + μ+ sα
, δ ≤ δS

The marginal displacement with SP has

SP (δS) =
w − b

r + μ+ sα
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Thus the worker is exactly compensated for what (s)he gives up by

accepting the SP -package. For inframarginal displacements involving

SP , the worker, additionally, gets a share of the money saved for firms.

Severance payments are increasing in (w− b), the size of the produc-

tivity drop (1 − δ), and the expected length of the notification period

(1/μ).

Firms’ maximum willingness to pay for an increase in the notifica-

tion period is proportional to (−Jn), the present value cost of keeping

the unproductive job alive for the firm. Workers with longer notifica-

tion periods demand higher compensation in order to end the period.

The minimum value that the worker is willing to accept rises with the

notification period and the increase is proportional to (Wn −W u).

Firms’ willingness to pay to avoid the notification period increases

with the productivity drop. Workers’ willingness to accept is indepen-

dent of the productivity drop. Shifts in the UI replacement rate change

workers’ willingness to accept but leave firms’ willingness to pay unaf-

fected. Shifts in b effectively trace out the willingness-to-pay function.

B Optimal bandwidth

Figure A-2.1 reproduces Figure 2.6 but with the optimal bandwidth

selector of Calonico, Cattaneo and Titiunik (2014). The figure is built

from 48 separate RD-regressions, and, consequently, there are 48 optimal

bandwidths. In general, optimal bandwidths are in between 2.0 and 4.0

years, and our default bandwidth of 3 is thus well in-line with the optimal

ones. There are instances when bandwith-selector picks 1.8 or 4.5 years

as the optimal ones, but these are rare occasions.

The most important message from A-2.1, however, is that none of our

results change when we use this approach rather than the one we opt

for in the main text. Conceptually, since age is discrete in our data, we

prefer the parametric approach of the main text. Our default approach

also avoids the slightly cumbersome exercise of using potentially different

data sets for each single point estimate.
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Figure A-2.1. Employment by month relative to notification (op-
timal bandwidth)
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Notes: The figures show each outcome by month relative to notification. At any given
time point, we plot estimates of the constant (hollow circles) and the constant+γA
(black circles) from a local linear regression corresponding to (2.4) with a bandwidth
which is indicated by the number above each point in the graph. Dashed lines indicate
that the estimate of γA is significant at the 5%-level. The regressions also include
baseline covariates and month-by-year FE:s.

122



CHAPTER 2

C Wage sample estimates

Figure A-2.2. Earnings outcomes by years relative to notification,
wage sample
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Notes: The figure shows annual earnings by year relative to notification. At any given
time point, we plot estimates of the constant (hollow circles) and the constant+γA
(black circles) from a regression corresponding to (2.4). Dashed lines indicates that
the estimate of γA is significant at the 5%-level. These regressions include a linear age
polynomial interacted with threshold, baseline covariates, and month-by-year FE:s.
The specification thus corresponds to column (2) in Table 1.3. The analysis only
include individuals aged 52-58 at the time of notification who have a new job with
an observed wage within two years after displacement.
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3.1. INTRODUCTION

3.1 Introduction

Countries around the world use job-search assistance, monitoring schemes,

and labor market programs to try to bring unemployed workers back to

work. By now, there is extensive evidence on these policies (see, e.g.,

Card et al., 2010, 2017). However, much less is known about the case-

workers who provide the job-search assistance, carry out the monitoring,

and assign job seekers to programs (see the literature review below and

McCall et al., 2016). This is unfortunate, since a comprehensive pic-

ture of labor market policies requires that we understand the role of the

human resources used to provide the services. It is, for example, impor-

tant to know who becomes a caseworker, why some caseworkers perform

better than others, and for whom caseworkers matter the most. While

these are important questions, the evidence is scarce for two important

reasons. First, in most cases, there is non-random sorting of job seek-

ers to caseworkers, often because the most productive caseworkers are

assigned the most disadvantaged job seekers. Second, high-quality data

on caseworkers is often lacking. Usually, data do not link caseworkers

to job seekers, and in the rare cases when such information is available,

typically little is known about the caseworkers.

This paper addresses both of these issues. First, we break the caseworker-

job seeker sorting by exploiting that many local employment offices in

Sweden use date-of-birth-rules to allocate job seekers to caseworkers,

creating as-if random allocation. Second, we have access to uniquely

fine-grained information on caseworkers, such as labor market experi-

ences and cognitive ability, and we can link job seekers to caseworkers.

The quasi-random allocation and the fine-grained data allow us to pro-

vide new and credible evidence on the importance of caseworkers and

what makes a good caseworker.

In Sweden, employment services are provided by caseworkers at lo-

cal public employment offices. These offices have extensive discretion

to design the rules for allocating job seekers to caseworkers. It turns

out that many offices use job seekers’ date of birth (day in the month)

to allocate them to caseworkers, as illustrated in Figure 3.1. Office (a)

uses a date-of-birth-rule, where, for example, caseworker 1 is assigned

job seekers born on the 23rd to 31st of each month. Since the exact birth

date is unrelated to both observed and unobserved characteristics, this
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Figure 3.1. Allocation of job seekers to caseworkers over day-
of-birth (1–31), at two local offices

(a) Office #1: date-of-birth-rule
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Notes: Number of job seekers born on each day-in-month per caseworker.

is as good as random allocation. Office (b), on the other hand, does not

use a date-of-birth-rule as birth dates are evenly distributed across case-

workers. Instead, these non-date-of-birth offices use allocation rules that

introduce non-random sorting, often because disadvantaged job seekers

are allocated to more experienced caseworkers.

Figure 3.1 also shows that within the offices that use a date-of-birth

rule, all job seekers are not allocated using the rule. Some offices make

exemptions for special groups, such as youths, disabled workers, or im-

migrants, and allocate these groups to caseworkers who are believed to

be able to provide the best support to them. Since these exemptions

may introduce sorting, we use an IV-framework exploiting that we can

identify the caseworker each job seeker would have had if they had been

allocated using the date-of-birth rule. This rule-predicted caseworker is

then used as an instrument for the caseworker assigned to the job seeker.

This identification strategy adds to the existing literature on casework-

ers, which mainly includes studies based on conditional independence

assumptions, assuming that the allocation of job seekers to caseworkers

is random conditional on observed job seeker characteristics (see, e.g.,

Lechner and Smith, 2007, Behncke et al., 2010b,a, Arni et al., 2017, Arni

and Schiprowski, 2019).1

1One recent exception, however, is Schiprowski (2020), which exploits unplanned
absences to study the effects of a meeting with a caseworker and to study productivity
differences across caseworkers. Our paper uses detailed data on caseworkers and
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Our unique administrative data on caseworkers include rich measures

of labor market history, such as information on previous occupations

and personal experience of unemployment. For most male caseworkers,

we also have information on cognitive and non-cognitive ability from

enlistment tests. Staff records provide information on experience (tenure

at the public employment service) and wages for each caseworker. To

this, we add information on demographics such as gender, level and type

of education, and country of origin.

Using the fine-grained caseworker data, we initially study who be-

comes a caseworker. One conclusion is that caseworkers in Sweden are

a heterogeneous group that includes former blue-collar workers; indi-

viduals with university degrees in social work, business economics, and

human relations; and both natives and non-natives. Interestingly, case-

workers have, on average, lower cognitive skills, substantially more expe-

rience of unemployment, but similar non-cognitive skills as other public

sector employees with similar types of occupations.

We then study caseworker performance in three different parts. In

the first part, we analyze how different observed caseworker charac-

teristics are related to caseworker performance as measured by the re-

employment rate among their job seekers. Even though we are able to

study a heterogeneous group of caseworkers, few observed caseworker

characteristics predict caseworker performance. The most important

characteristic is the gender of the caseworker: job seekers with female

caseworkers have 3.1% shorter unemployment durations than those with

a male caseworker. There is also some evidence that caseworkers’ with

higher wages perform better, but this may, of course, reflect both that

high-performing caseworkers are rewarded with higher wages and/or

that higher wages motivate caseworkers to perform better. However,

many other caseworker characteristics, such as type of education, level

of education, experience from previous occupations, and personal ex-

perience of unemployment, are not related to caseworker performance.2

Moreover, caseworkers with higher cognitive ability do not perform bet-

the date-of-birth allocation to provide more comprehensive evidence on caseworker
performance.

2This is consistent with results from the teacher literature, which finds little evi-
dence of a relationship between teacher quality and observed teacher characteristics
(Rockoff, 2004, Rivkin et al., 2005, Rockoff et al., 2011).
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ter than low-ability caseworkers. There is, however, some suggestive

evidence indicating that caseworkers with higher non-cognitive ability

may have a positive impact on job seekers job-finding rate early on in

the unemployment spell.

Based on the actions taken by the caseworkers, we also examine case-

worker traits. Inspired by Arni et al. (2017), we define “supportive”

caseworkers as those who more often use supportive actions, such as

sending their job seekers to labor market training, whereas “restrictive”

caseworkers are those who more often use restrictive policies such as

workfare. Furthermore, we define “active” caseworkers as those who

more frequently meet with their job seekers. Our results show that “ac-

tive” caseworkers perform better than other caseworkers. This adds to

the rather few existing studies: Arni et al. (2017) find that casework-

ers who emphasize support have better outcomes, while Behncke et al.

(2010b) show that tougher caseworkers are more successful than sup-

portive ones.3

The second part of the paper examines caseworker-job seeker match-

ing, and focus on caseworker-job seeker similarity, since it has been

argued that sharing the same social background can enhance commu-

nication and trust. This is also what we find. If you are assigned a

caseworker with the same gender this leads to a higher job-finding rate,

but it is not the case that immigrant caseworkers provide better sup-

port to immigrants.4 Using our fine-grained data, we are also the first

to show that matching job seekers to caseworkers with similar labor

market experiences and/or similar educational background leads to sub-

stantially shorter unemployment durations. Besides improved commu-

nication and trust, this may also reflect that experience from working in

the same sector as the job seeker enables caseworkers to understand the

individual-specific labor market opportunities, and that caseworkers can

3Huber et al. (2017) re-analyze the data used by Behncke et al. (2010b), and
find that tougher caseworkers are not better because they assign workers to effective
labor market programs, so that the differences are explained by other dimensions of
the counseling and monitoring process.

4Behncke et al. (2010a) find that similarity in four dimensions at the same time
(age, gender, education and nationality) improves employment outcomes. Studies in
education (similarity between teachers and students) have found that similar ethnic
background improves student outcomes (Dee, 2004), while there are mixed results for
having the same gender (Neumark and Gardecki, 1998, Bettinger and Long, 2005,
Dee, 2007, Hilmer and Hilmer, 2007).
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use their social networks to help job seekers with similar labor market

experiences.

The third and final part of the paper examines the overall impor-

tance of caseworkers by estimating caseworker fixed effects. This takes

both differences due to observed and unobserved caseworker character-

istics into account. The overall conclusion is that there are economically

important differences between caseworkers. A one standard deviation

increase in the distribution of caseworker fixed effects not only increases

the job-finding rate among the job seekers by around 0.1 standard devi-

ation but also renders about 5 percent higher earnings after three years.

This confirms that caseworkers indeed can affect how quickly job seekers

get back to work, a result consistent with Schiprowski (2020).5 It is also

in line with the results from other economic contexts; a large literature

has documented substantial differences in teacher quality (Rockoff, 2004,

Rivkin et al., 2005, Rothstein, 2010, Chetty et al., 2014a,b), and several

studies have shown that managers matter for firm policies and firm per-

formance (Bertrand and Schoar, 2002, Bloom et al., 2014, Lazear et al.,

2015).

The outline of the paper is as follows. Background and institutional

details are given in Section 3.2. In Section 3.3 we describe our data,

and in Section 3.4 we study who becomes a caseworker. Section 3.5

presents our empirical strategies. Our results are presented in the fol-

lowing three sections: what makes a good caseworker in Section 3.6, the

effects of caseworker-job seeker matching in Section 3.7, and the overall

importance of caseworkers in Section 3.8. Section 3.9 concludes.

3.2 Background: Caseworkers in Sweden

Sweden has a long tradition of active labor market programs. Histori-

cally, Sweden has had a relatively low unemployment rate and extensive

usage of active labor market programs, but over the last decades the un-

5A previous study on caseworkers in Sweden is Lagerström (2011). He sent out a
survey to some local offices in the fall of 2002 asking how they assign job seekers to
caseworkers. This revealed a number of offices that claim that they randomized job
seekers to caseworkers in various (often unspecified) ways. With our data we see that
many of these offices make exemptions, implying that a non-negligible share of the
job seekers are not randomly allocated. But, note that these exemptions are handled
by our empirical strategy.
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employment rate as well as the program participation rate have moved

towards more average European levels. In the middle of the period stud-

ied in this paper (2007), the unemployment rate was around 7%. In the

mid 1990s, around 1.2% of the Swedish workforce participated in la-

bor market training every year, but by 2007, that number was down to

0.04%. Other programs experienced similar declines.

All labor market policies in Sweden are organized by the Swedish

Public Employment Service (PES). In the early 2000s, the PES was or-

ganized in 21 largely independent regional units, which in turn consisted

of several local offices with caseworkers providing services to all job seek-

ers in the local area. In 2007, there were around 300 local offices and 6

000 caseworkers.

Most job seekers in Sweden register at the local PES office, because

registering is a requirement for obtaining unemployment insurance ben-

efits and receiving support from the PES. Once job seekers register, they

are assigned a caseworker, who is responsible for giving adequate sup-

port to the job seeker during the unemployment spell. Caseworkers have

a wide range of tools at their disposal. They can decide how frequently

to meet with each job seeker, because unlike many other countries, there

are no formal requirements for the meeting frequency. The content and

focus of the meetings are also at the discretion of the caseworker. Case-

workers also decide on what kind of labor market programs that are

suitable. During our period of study, the main programs were: an in-

tensified counseling program, vocational training (3–6 months), work

practice (practice at a private or public firm), preparatory programs (as

preparation for other programs), businesses start-up grants, and wage

subsides.6 Finally, to make sure that the job seekers follow the job search

requirements, caseworkers are responsible for monitoring of job-search

behavior.

To implement these services, caseworkers have guidelines, recommen-

dations, rules and laws to follow. However, survey evidence in Lager-

ström (2011) and Lundin (2004), reveals that caseworkers have a sub-

stantial degree of discretion when deciding which programs and services

job seekers should get. One reason is that the guidelines and recommen-

dations give caseworkers a great deal of leeway. Another reason is that

6These programs are described in more detail in e.g. Calmfors et al. (2001).
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caseworkers typically are evaluated based on specific goals (e.g., number

of job seekers who find a job), and not based on the programs and strate-

gies they use (Lundin, 2004). Altogether, it means that caseworkers are

responsible for providing a range of key services to the job seekers, and

they have substantial discretion when choosing and implementing these

services.

Even though caseworkers are responsible for providing professional

support and counseling, there is no specific education for becoming a

caseworker in Sweden. Moreover, before and during the period studied in

this paper, the PES argued that the diversity of jobs in the labor market

requires caseworkers with different types of education and background.

Therefore, there were only two formal criteria for becoming a caseworker:

at least an upper secondary education degree and at least three years

of work experience. This has led to a diverse group of caseworkers in

Sweden, with people from different backgrounds and with different prior

experiences, which offers good opportunities to study what makes a good

caseworker.

Caseworkers’ wages are set through individualized bargaining with

re-negotiations every year. Each local office has its own yearly budget

that it is free to use for salaries, office space and other costs. Thus,

after bargaining with each caseworker, the local management can use

the local budget to set individualized wages.

The local PES offices are supposed to adjust the activities and orga-

nization to the local needs (Lundin and Thelander, 2012). Among other

things, this meant that the local offices were free to decide how they

allocate job seekers to caseworkers. It turns out that some offices try to

match job seekers to the caseworker that they think can give the best

support. Other offices have caseworkers who specialize in job seekers

from certain industries (e.g., construction) or job seekers from certain

groups (e.g., immigrants and disabled workers). However, many offices

use simple date-of-birth rules to allocate job seekers to caseworkers (de-

scribed in detail in Section 5). Interviews with caseworkers reveal that

date-of-birth-rules are viewed as a transparent and easy way to equalize

the workload across caseworkers and to monitor their performance.
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3.3 Data

We have detailed data on both caseworkers and job seekers that can be

linked through unique caseworker identifiers.7 In this section, we provide

an overview of these data records while we describe the data more in

detail in the analyses.

We use data for the period 2003–2010, because we have caseworker

data starting from 2003 and after 2010 fewer offices use date-of-birth-

rules. The basis for the data on caseworkers is staff records at the

PES. It contains, among other things, information on which office a

caseworker operates, their monthly wages, and the start and end date

of each employment episode at the PES. The latter is used to construct

information on caseworker experience (tenure) at the PES. Crucially, the

staff records provides a link between the caseworker identifier and her

(scrambled) social security number which enables us to add information

from various administrative records.

We match the PES staff register with the population-wide register

from Statistics Sweden, called Louise, which contain demographics, such

as age, gender, and country of origin for each caseworker as well as

educational information (level and field of education).

To examine the importance of different labor market experiences, we

use information from unemployment and employment records, the lat-

ter containing the universe of employer-employee matches between 1993

and 2015. From unemployment records from the PES, we know if the

caseworkers have personal experience of unemployment. Employment

records include information on all jobs that the caseworkers had in the

last 10 years, with information on, for example, sector of employment.

It is used, for instance, to examine whether experience from the same

sector as the job seeker matters for caseworker performance.

We also have access to measures of cognitive and non-cognitive abil-

ities from military enlistment tests for a large share of the male case-

workers. Essentially, all men born between 1951 and 1981 were obliged

to participate in an enlistment process at the age of 18, which included

ability tests. The measure of cognitive ability is an index incorporat-

ing problem solving, induction capacity, and numerical, verbal and spa-

7Each caseworker has a unique five-letter signature that is used at the PES, for
instance, when documenting meetings between caseworkers and job seekers.
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tial comprehension. The non-cognitive ability is assessed by a certified

psychologist. Both ability measures are normalized, and range from 1

(worst) to 9 (best), with a mean of 5. The quality of the Swedish enlist-

ment tests is considered high, and the measures have a strong predictive

power on future earnings.8

Detailed information on the type of support given to each job seeker

is used to construct information on caseworkers’ traits. As explained in

detail in Section 3.6, based on the actions caseworkers take, we charac-

terize them as “supportive”, “restrictive” and/or “active” caseworkers.

The data on job seekers are based on similar administrative records.

The register data from the PES cover all registered job seekers and con-

tain day-by-day information on unemployment status, unemployment

durations and re-employment transitions. It also include information on

all participation in labor market programs, all meetings between case-

workers and job seekers, as well as other types of service provided to

the job seekers. The PES registers also have different personal charac-

teristics. Importantly, it includes information on the job seekers’ exact

date-of-birth, which is key when we exploit the date-of-birth-rules. Since

we can link unemployment spells for the same job seeker over time, these

data are also used to construct detailed measures of unemployment his-

tory. As for the caseworkers, we match job seekers to population-wide

administrative records containing socio-economic information such as

age, gender, marital status, educational attainment, and immigrant sta-

tus. Information on employment history, previous occupations and an-

nual earnings is obtained from the employment records.

We will consider several outcomes. These include indicators for whether

the unemployment spell has ended before 90/180/360 days and log un-

employment duration as well as annual earnings.

3.4 Who becomes a caseworker?

We now use the detailed data to describe the caseworkers, and compare

with other public sector employees with similar occupations and with

the full population in ages 20–65. This is in the spirit of Dal Bó et

8See Lindqvist and Vestman (2011) for a more detailed description of the enlist-
ment tests and the measures of cognitive and non-cognitive abilities.
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Table 3.1. Descriptive statistics for caseworkers and other public
employees

Caseworkers Public Employees
(1) (2)

Demographics
Age 46.5 45.7
Female 0.62 0.65
Native 0.89 0.92
Married 0.52 0.52
Children 0.41 0.35

Education level
Upper Secondary 0.29 0.28
University 0.67 0.67

Education field
Social Degree 0.15 0.15
Business Degree 0.30 0.28
# observations 8 794 60 160

Notes: Statistics for caseworkers and public employees in 2005. Public employees in-
cludes officials, psychologists, social workers and caseworkers at central government
authorities (other than the PES).

al. (2017) for politicians. The other public sector employees include

officials, psychologists and social workers at other central government

authorities.

Table 3.1 reports demographics for the caseworkers and the group of

other public sector employees. The statistics convey two main messages:

there is a great deal of heterogeneity among caseworkers, and in terms

of demographics and education, caseworkers and other public employees

are rather similar. They are both, on average, about 46 years of age,

almost two thirds are women, 9 out of 10 are born in Sweden, about half

of them are married, and about 40% have at least one child. Almost

all individuals have completed at least upper secondary education (as

expected according to the rules for becoming a caseworker) and two out

of three have a university degree.

For males, Figures 3.2 (a) and (b) show the distribution of cognitive

and non-cognitive scores for caseworkers, other public employees and the

population. As by design, for the population, these scores follow a nor-

mal distribution with a mean of 5. The comparison of the three groups

reveals some interesting differences. Caseworkers and public employees

have, on average, higher cognitive scores than the full population. This
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comes as no surprise, as the population includes both employed and non-

employed workers, and the employed typically have higher ability than

the non-employed. Interestingly, caseworkers’ cognitive ability is com-

pressed towards the middle of the distribution: a large fraction of case-

workers have a score of 5 or 6, and relatively few caseworkers have very

low (1 or 2) or very high scores (8 or 9). We also see that caseworkers on

average have lower cognitive ability than the other public employees. In

particular, the other public sector employees include substantially more

individuals with a score above 6, especially more individuals with the

top score.

For non-cognitive ability, there are smaller differences between the

caseworkers and other public employees (Figure 3.2 (b)). In contrast

with the patterns for cognitive ability, there are substantially more case-

workers with a high non-cognitive score (7 or 8). Taken together, this

means that the PES, as compared to other central authorities, is able to

hire people with good non-cognitive skills, but less able to recruit people

with good cognitive skills.

Next, Figure 3.2 (c) shows that more than 40% of the caseworkers have

worked at just one workplace (the PES) in the last 10 years. The corre-

sponding share among other public employees is less than 10%. In fact,

the average caseworker-experience is 13.5 years, so there is rather limited

movement in and out of the caseworker profession. Finally, Figure 3.2

(d) shows that caseworkers have more extensive unemployment history

than other public sector employees. The share with some unemployment

in last 10 years is 7 percentage points higher among caseworkers than

the other public sector employees. Moreover, a non-negligible share of

the caseworkers have several years of experience being unemployed. Ac-

tually, about 40% of the caseworkers are hired directly from the pool of

unemployed, which is more than twice as common as for other public

sector employees (Liljeberg and Söderström, 2017). Thus, the PES re-

cruits many people with weak attachment to the labor market, and in

particular, quite many directly from the pool of unemployed.
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Figure 3.2. Abilities and measures of labor market history, for
caseworkers, other public employees, and the population
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Notes: Statistics for 2005. Public employees includes officials, psychologists, social
workers and caseworkers at central government authorities (other than the PES), and
the full population is everyone in ages 20–65. The top panel shows the distributions
of cognitive and non-cognitive scores from military enlistment. The lower panel
shows the number of workplaces, and years in unemployment the last 10 years.
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3.5 Empirical strategy

3.5.1 Identification using date-of-birth-rules

We exploit that the day in the month you are born (1st to 31st) is uncor-

related with individual characteristics. Thus, if job seekers are allocated

to caseworkers using a date-of-birth rule, this creates as-if random al-

location, since all caseworkers within a local office will have job seekers

with similar observed and unobserved characteristics. By construction,

the allocation occurs within offices, so all empirical models include office

and year fixed effects.

As already noted in the introduction, Figure 3.1 illustrates the date-

of-birth-rules by showing the distribution of job seekers’ date of birth

for caseworkers at two offices. Figure (a) depicts an office that uses a

date-of-birth-rule: caseworker 1 is responsible for job seekers born on

the 23rd–31st of each month, caseworker 2 for the 1st–8th, and so on.

The office in Figure (b) does not use a date-of-birth-rule, leading to an

even distribution of the dates of birth across caseworkers. These offices

without date-of-birth rules use different allocation rules, such as trying

to match productive caseworkers to the most disadvantaged job seekers

or letting caseworkers specialize in different occupational groups. In

both cases, this creates non-random sorting, which is why we exploit

the as-if random allocation created by the date-of-birth rules.

Figure 3.1 (a) also shows that offices occasionally make exemptions

from the date-of-birth rules, however. For instance, caseworker 4 with

dates 1st–8th also has some job seekers born on other days of the month.

Some reasons for such exemptions are that some job seekers have a pref-

erence for a specific caseworker, and that job seekers with special needs

occasionally are exempted. Even though the exemptions are rather rare,

they still create non-random sorting. We therefore use an IV framework,

where the caseworker that a job seeker would have had according to the

date-of-birth rule (predicted caseworker) is used as an instrument for

the actual caseworker. For instance, when studying what makes a good

caseworker, the characteristics of the actual caseworker are instrumented

by the same characteristics for the predicted caseworker. As evident

from Figure 3.1, there is often a close connection between the predicted

caseworker and the actual caseworker, leading to strong instruments.
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Moreover, since the predicted caseworker is based only on date of birth,

it is as-if random.

Optimally, this procedure is supported by complete information on

the offices that use a date-of-birth rule as well as information on the

days of the month each caseworker is responsible for. The latter is

relevant, since caseworkers at some larger offices have 3–4 days of the

month, whereas caseworkers at smaller offices may be responsible for

7–8 days of the month. Unfortunately, the PES never collected this

type of information. However, as apparent from Figure 3.1, data often

immediately reveal if the office uses a date-of-birth rule. To show this,

we test if the job seekers’ dates of birth are evenly distributed across

caseworkers within each office.9 The distribution of the resulting F-

tests in Figure A-3.1 in the appendix (with truncation at 400) shows

that many offices clearly use a date-of-birth-rule (high F -value), but

also that many offices do not (low F -value).

Since we also lack institutional information on which days of the

month each caseworker is responsible for, data is also used to construct

information on the predicted caseworker. For each office and each day of

the month, the predicted caseworker is the caseworker with the largest

number of job seekers born on that day. For instance, the caseworker

with the most job seekers born on, for example, the 10th, will become

the predicted caseworker for all job seekers born on the 10th. For many

offices, including the date-of-birth office in Figure 3.1 (a), this procedure

will capture the actual date-of-birth rule very well.

One advantage of this strategy is that it is applicable for all offices,

even for offices without a date-of-birth rule. The only difference is that

the predicted caseworker is a strong instrument for the actual caseworker

at the date-of-birth offices, but not for offices without a date-of-birth

rule, since for them the predicted caseworker is uncorrelated with the

actual caseworker. However, note that this only weakens the first stage:

the predicted caseworker instrument is always random, as it is based

solely on the date of birth. This implies that we can include all offices

in the analyses, noting that the complier population behind the local

average treatment effect (LATE) consists of job seekers at the date-of-

9Specifically, we regress the job seekers’ date-of-birth (1–31) on caseworker dum-
mies (within office and year) and examine the joint F -statistic.
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birth offices.10,11 Also, as mentioned above, this IV-strategy handles all

selective exemptions from the date-of-birth-rules.

We also note that some offices use special date-of-birth-rules for youths

(aged 24 or younger). One example is the office in Figure A-3.2 in the

appendix, which clearly has separate date-of-birth rules for youths and

older job seekers. We therefore allow the predicted caseworker to be

different for younger and older workers born on the same day of the

month.

3.5.2 Part I: What makes a good caseworker?

The as-if random date-of-birth strategy is used in all three parts of the

paper. The first part examines how caseworkers’ demographics (e.g.,

gender, age), labor market experiences, abilities and wages are related

to job-seeker outcomes. That is, we study how caseworker performance

is related to different observed characteristics (CWX). Specifically, for

job seeker i in office j in year t with caseworker k our model is:

yijkt = α1 + β1CWX
ijkt + (φj × γt × θ25i ) + ηijkt. (3.1)

We instrument the characteristics of the actual caseworker, CWX ,

with the same characteristics for the predicted caseworker using 2SLS.

Note that we adjust for office (φj), year (γt) and age-group (θ25i ) fixed

effects, and the interactions between them. This is because the date-of-

birth rules create as-if random allocation within offices, and since the

rules may change over time we include office and year interactions. Fi-

nally, as mentioned above, some offices use separate rules for youths and

older workers, which motivates the age-group fixed effects. We cluster

standard errors at the caseworker level.

10As a background to the LATE, Table A-3.1 in the appendix presents sample
statistics for caseworkers and job seekers at all offices and for offices with a date-of-
birth rule (defined by a F-value, as reported in Figure A-3.1, larger than 400). It
shows that the date-of-birth offices are rather similar to the other offices, in terms
of both their caseworkers and job seekers. The only notable difference is that the
date-of-birth offices are larger, implying that caseworkers at the date-of-birth offices
have more job seekers than caseworkers at other offices.

11We have also re-estimated our model using only the date-of-birth offices, leading
to similar conclusions (see column 5 of Table A-3.5 in the appendix).
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Table 3.2. First-stage regressions of actual caseworker charac-
teristics on the date-of-birth-predicted caseworker characteris-
tic

Caseworker experience Caseworker univeristy
education

(1) (2)

Instruments

Predicted caseworker experience 0.334∗∗∗ -0.000
(0.011) (0.000)

Predicted caseworker university -0.155 0.340∗∗∗

education (0.136) (0.007)

Joint F -statistic 629
F -statistic 475 1,110
# observations 2,220,061 2,220,061

Notes: The sample consists of registered unemployed individuals between 2003–2010.
Actual caseworker characteristics has been regressed on predicted caseworker charac-
teristics, jointly. For details on how predicted caseworker is defined, see section 3.5.1.
All models also include interacted year fixed effects, office fixed effects, and a dummy
for above the age of 25. Joint F -statistic is from the joint test that all coefficients are
equal to zero. Standard errors in parentheses are clustered at the caseworker level. ∗

p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01 level.

Sampling Fore some smaller offices, the procedure to define the pre-

dicted caseworkers is noisy and we therefore exclude offices with fewer

than 200 registered job seekers per year and caseworkers with fewer than

30 job seekers per year. We also exclude job seekers with an unemploy-

ment spell in the year before the current spell, because they are often

exempted from the date-of-birth allocation. The final data set consists of

2,220,067 unemployment spells, 1,601,217 unique job seekers and 3,985

caseworkers. The average job seeker is 32 years old, about half of them

are females, almost 90% are Swedish and 30% have only primary school

education (see Table A-3.1 in the appendix).

Relevance We now provide empirical evidence in support of our IV

strategy. Initially, we examine the first-stage and show that our in-

struments (characteristics of the predicted caseworker) are correlated

with the endogenous variables (characteristics of the actual caseworker).

Since the identifying variation is across caseworkers within each office,

year, and age group, these first-stage models also include a full set of

office×year×youth fixed effects. The first-stage estimates for caseworker
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Figure 3.3. Predicted unemployment duration versus actual (a)
and predicted (b) caseworker experience
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Notes: The figure plots job seekers’ predicted unemployment duration and years of
experience of a) actual caseworker and b) predicted caseworker. The sample include
the inflow of job seekers 2003–2010. Each point are averages in bins of equal size
with fitted linear regression lines. Predicted unemployment durations are generated
by taking the fitted values from a regression of actual unemployment duration on
duration of last unemployment spell, amount of welfare benefits last year, regional
unemployment rate, age, age squared and dummies for UI eligibility, disability,
immigrant, female and 6 levels of education, after adjusting for the interaction of
office, year and above/below age 25 fixed effects.

experience (column 1) and caseworker education (column 2) in Table 3.2

show that we have a strong first-stage, with first-stage F -statistics of 475

and 1,110. The joint F -statistic for these two variables is also high (629).

The full first-stage estimates for all caseworker characteristics reported

in Table A-3.2 in the appendix show that we also have a strong first-

stage for all variables.12

Independence Since our predicted-caseworker instruments are based

on date of birth they should be as good as randomly assigned. Here,

we show that this is indeed the case. Initially, we use the predicted

unemployment duration for each job seeker as one unified measure of

job-seeker quality. Specifically, we use the predicted unemployment du-

ration for each job seeker from an OLS regression using standard covari-

ates, such as age, gender, education, immigrant status, and labor mar-

12Note that each first-stage equation includes all instruments, but for each case-
worker characteristic the most relevant instrument is the predicted caseworker equiv-
alent. Moreover, the joint F-test for all instruments are high and well above the
conventional rule-of-thumb, so that there is no problem with weak instruments.
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Table 3.3. Randomization tests: date-of-birth rules and allo-
cation of job seekers to caseworkers

Dependent variable:
Predicted unemployment duration

Actual caseworker Predicted caseworker
(1) (2)

Caseworker experience 0.424∗∗∗ 0.015
(0.078) (0.026)

Caseworker univeristy education 11.575∗∗∗ 0.292
(1.653) (0.562)

F -statistic 28.442 0.238
p-value 0.0000 0.7882
# observations 2,172,036 2,172,036

Notes: OLS regressions for job seekers’ predicted unemployment duration on
actual/predicted caseworker characteristics. The sample consists of registered
unemployed individuals between 2003–2010. All models also include interacted
year, office fixed effects and a dummy for below or above the age of 25. F -statistic
is for a joint test that all coefficients are equal to zero. Predicted unemployment
durations are generated by taking the fitted values from a regression of actual un-
employment duration on duration of last unemployment spell, amount of welfare
benefits last year, regional unemployment rate, age, age squared and dummies for
UI eligibility, disability, immigrant, female and 6 levels of education. Standard
errors in parentheses clustered at the caseworker level. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗

p < 0.01 level.

ket history.13 Figure 3.3 (a) plots the predicted unemployment duration

against the experience in years for the actual caseworker, revealing a

striking selection pattern as more experienced caseworkers are assigned

to job seekers with weaker attachment to the labor market (longer pre-

dicted unemployment durations). Since we use the full sample of offices,

this captures sorting at offices without a date-of-birth rule as well as

sorting due to the exemptions at the date-of-birth-rule offices. However,

as expected, Figure 3.3 (b) shows that this sorting vanishes when we use

the predicted caseworker: the experience of the predicted caseworker is

totally unrelated to job-seeker quality (predicted unemployment dura-

tion). It holds because the exact date of birth, which the predicted

instrument is based upon, is orthogonal to individual characteristics of

the job seekers and thereby as good as randomly assigned.

13The exact variables used are the duration of the last unemployment spell, welfare
benefits in the last year, regional unemployment rate, age, age squared and dummies
for UI eligibility, disability, immigrant, female and levels of education (6 levels).
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These patterns are confirmed by the regression estimates in Table 3.3.

Column (1) shows that more experienced caseworkers and caseworkers

with a university education are paired with job seekers who a priori have

a higher predicted unemployment duration. However, column (2) shows

that there is no correlation between experience and education of the

predicted caseworker, and the predicted unemployment duration of the

job seekers. It confirms that the independence condition holds.14

Finally, we note that one potential threat to causal identification is

that immigrants whose birth date is unknown upon arrival to Sweden are

registered as being born on specific dates, such as the 1st, 5th, and 10th,

and this may lead to correlation between registered date of birth and

job-seeker characteristics. But, sensitivity analyses reported in Table

A-3.5 in the appendix show that this does not affect our results.15,16

3.5.3 Part II: Caseworker–job seeker matching

In the second part, we examine the matching of caseworkers and job

seekers, and study if similarity between the job seeker and the case-

worker matters. This is studied in several dimensions, using information

14We obtain similar evidence in favor of independence for all other caseworker
characteristics. We have also correlated the instruments with each separate job-
seeker characteristic. Here, Table A-3.3 shows that job-seeker characteristics such as
age, disability and education are highly predictive of actual caseworker experience,
but these correlations disappear once we use the predicted caseworker (1 out of 13
coefficients are significant at the 5% level, and all are much smaller than for the actual
caseworker).

15To test for immigrant induced non-random sorting, we control for immigrant
status and alternatively include day-of-the-month birth date fixed effects. The latter
removes the selective birth date registration to certain days of the month, but note
that our model is still identified, since there is variation in the predicted caseworkers
across offices for individuals on the 1st. In both cases, our main results are confirmed.

16Monotonicity and the exclusion restriction also need to hold. Monotonicity re-
quires, for instance, that job seekers with a experienced predicted caseworker should
not obtain a less experienced actual caseworker than if they had a predicted case-
worker with less experience. This cannot be tested formally, but it implies that the
first-stage estimates should go in the same direction for all sub-samples (see, e.g.,
Bhuller et al., 2020). Table A-3.4 shows that the first-stage estimates for various sub-
samples all are positive and significant, lending some support of the monotonicity
assumption. Next, the exclusion restriction is violated if there are important unob-
served caseworker characteristics that are correlated with the characteristics that we
examine. Even though we have extensive data on the caseworkers, this, of course,
cannot be ruled out.
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on similarity in terms of gender, ethnicity, educational background and

occupational background.

Empirically, we study one similarity dimension at a time, and cre-

ate a matching variable (MatchX), that takes the value one if the job

seeker and the caseworker are similar in the specific dimension, and zero

otherwise. For example, for gender, the match-variable takes the value

one if both the caseworker and the job seeker are males or if both are

females. The model also includes the main effects of the gender of the

caseworker and the job seeker. Thus, the model includes the match ef-

fect for characteristic X, the direct effect of having a caseworker with

characteristic X, CWX
ijkt, as well as the same characteristic for the job

seeker, JobseekerXijkt:

yijkt = α2+δ2MatchXijkt+β2CWX
ijkt+λ2Jobseeker

X
ijkt+(φj×γt×θ25i )+ηijkt.

(3.2)

As before, we use the corresponding variables for the predicted case-

worker to instrument for the caseworker-variables. For instance, the

actual same-gender match variable is instrumented by the same match

variable where the predicted caseworker is used instead of the actual

caseworker.

As in the previous model, we include office (φj), year (γt), and age-

group (θ25i ; below/above 25 years of age) fixed effects, as well as the in-

teractions between these fixed effects. First-stage F -statistics reported

in the results section confirm that we have strong first-stages. As ex-

pected, similar randomization tests as above support the independence

assumption (not reported).

3.5.4 Part III: How important are caseworkers?

To identify overall caseworker value-added, the third part estimates case-

worker fixed effects. In the two previously explained parts of the paper

we use the full sample of offices and use the characteristics of the pre-

dicted caseworker as instruments for the characteristics of the actual

caseworker, noting that the complier population is based on the offices

with date-of-birth allocation. However, when we study caseworker fixed

effects we need one instrument for each caseworker effect, and by con-

struction, we have no relevant instruments for the caseworkers at the
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offices without a date-of-birth rule. In this part, we therefore restrict

the analysis to the offices with distinctive date-of-birth-rules, since for

these offices there is a close connection between the actual and the pre-

dicted caseworker, leading to a strong instrument for each caseworker

fixed effect. Specifically, we use the test reported in Figure A-3.1, and

select offices with a F -value larger than 400. Sample statistics for these

offices are shown in Table A-3.1 in the appendix. Furthermore, in order

for our model to be identified we need to restrict our sample to case-

workers who at one time have become the predicted caseworker.17 Our

model is:

yijkt = α+ μk + (φj × γt × θ25i ) + uijkt (3.3)

where μk is the caseworker fixed effects which are instrumented with

indicators for each predicted caseworker. That is, for each endoge-

nous variable (caseworker fixed effect) we have one instrument (indicator

for the predicted caseworker), so that we have a just-identified model

with many endogenous variables and equally many instruments. The

F -statistics for the first-stages are illustrated in Figure A-3.3, and as

before the independence condition holds because identification is based

on date-of-birth.

This results in a set of estimated caseworker fixed effects, and the

distribution of these fixed effects gives the relative difference in overall

caseworker performance. However, by construction, these fixed effects

are estimated with sampling error. This will exaggerate the variance of

the fixed effects, as some of the observed variation is due to sampling

noise. Thus, to quantify differences in caseworker performance, we have

to separate the true variance of the caseworker fixed effects from this

sampling variation. But this is a well-studied problem examined in de-

tail, for instance, in the teacher fixed effects literature. Here, we follow

the iterative procedure used by Leigh (2010), which uses the overall vari-

ance and the variance for each estimated fixed effect to decompose the

observed variation into two parts: the variation in the true caseworker

fixed effects and sampling variation.

17Occasionally, a caseworker is assigned as the predicted caseworker for one single
day of the month, and another caseworker is the predicted caseworker for the two
surrounding days. To avoid these noisy predictions, we also exclude caseworkers who
are the predicted caseworker for one single day.

146



CHAPTER 3

3.6 Part I: What makes a good caseworker?

We now exploit our fine-grained data on caseworkers and examine if case-

workers’ demographics, education, labor market experiences, abilities,

and wages predict who are successful caseworkers. In all subsections, we

use the model in equation (3.1).18

3.6.1 Demographics and education

We have extensive demographic and educational information for all case-

workers, but to avoid spurious correlations we start with a relatively

parsimonious model with the a priori most important variables. We use

basic demographics (age, gender and immigrant status), the two main

levels of education (high school and university) and the two most com-

mon fields of education (business economics, and social and behavioral

sciences). Interestingly, Table 3.4 shows that many of the observed case-

worker characteristics are unrelated to employment outcomes for the job

seekers (i.e., unrelated to caseworker quality). The only exception with

a significant coefficient is the gender of the caseworker. Being assigned a

female caseworker shortens the unemployment duration by, on average,

3.1% (column 4), and increases the probability to leave unemployment

within 90 and 180 days by 1 and 1.1 percentage points, respectively

(columns 1 and 2).

We conclude that older and/or native caseworkers do not perform

better than other caseworkers. Moreover, even though a higher level

of education, in general, is related to higher ability and better skills,

it cannot explain what makes a good caseworker. Finally, whether the

caseworker has a degree in business economics or social and behavioral

sciences, which include human resource management, also makes little

difference. This suggests that general knowledge of the recruitment pro-

cess is of minor importance for caseworker performance.

18Below we examine blocks of covariates at a time, but sensitivity analyses in
Table A-3.5 in the appendix show that we get similar results when we regress each
characteristic separately (column 1) or include all caseworker characteristics at the
same time (column 4).
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Table 3.4. Caseworker demographics, caseworker education and
job seeker outcomes

Leave unemployment within log(duration)

90 days 180 days 360 days
(1) (2) (3) (4)

Caseworker demographics

Age -0.000 -0.000 -0.000 0.001
(0.000) (0.000) (0.000) (0.000)

Female 0.010∗∗∗ 0.011∗∗∗ 0.007∗∗∗ -0.031∗∗∗

(0.003) (0.003) (0.003) (0.009)

Swedish 0.005 0.006 0.007 -0.009
(0.005) (0.005) (0.004) (0.014)

Caseworker level of education

High school degree 0.000 0.007 -0.003 -0.001
(0.008) (0.008) (0.007) (0.023)

University degree -0.006 0.003 -0.008 0.025
(0.008) (0.008) (0.006) (0.023)

Caseworker field of education

Business degree 0.001 -0.000 -0.002 0.002
(0.003) (0.004) (0.003) (0.010)

Social degree 0.007 0.001 0.001 -0.013
(0.005) (0.005) (0.004) (0.014)

Mean outcome 0.423 0.634 0.801 4.769
First-stage F -statistic 134 134 134 134
# clusters 6,816 6,816 6,816 6,816
# observations 2,218,754 2,218,754 2,218,754 2,218,754

Notes: IV estimates using where each characteristic of the actual caseworker is in-
strumented with the corresponding characteristic of the predicted caseworker. All
models also include interacted year fixed effects, office fixed effects, and a dummy
for above the age of 25. First-stage F -statistic is a joint test for all instruments.
Standard errors in parentheses are clustered at the caseworker level. ∗ p < 0.1, ∗∗

p < 0.05, ∗∗∗ p < 0.01 level.
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3.6.2 Experience and wages

Studies on other occupations suggest that experience matters for pro-

ductivity and performance (e.g., Shaw and Lazear, 2008, Haggag et al.,

2017). By exploiting information from the PES staff records we have

exact information on experience (tenure) as a caseworker at the PES,

and Table A-3.1 shows that there is a great deal of heterogeneity in

caseworker experience. Here, we divide caseworkers into five groups –

0–2, 3–5, 6–10, 11–20 and more than 20 years of experience – using

caseworkers with 0–2 years of experience as a reference group.

The results in Panel A of Table 3.5 reveal no significant differences

between experienced and non-experienced caseworkers at conventional

levels. However, there is some suggestive evidence indicating that case-

workers with the most experience are able to increase job seekers job-

finding rate. First, there is a weakly significant effect on the probability

of re-employment within 6 months by getting assigned a caseworker with

more than 20 years of experience (column 2). Second, the log unemploy-

ment duration in column (4), there is a tendency towards better out-

comes for more experienced caseworkers, and the effect when comparing

caseworkers with more than 20 years of experience and newly hired case-

workers is of the about same magnitude as the difference between male

and female caseworkers. Thus, even though there are no clear significant

differences, we cannot rule out that caseworker-experience matters.

Next, the results in Panel B of Table 3.5 indicates that caseworkers

with higher wages perform better. If the caseworker’s wage goes up by

SEK 1000 (≈ $110), the 90 and 180-day job-finding rate goes up with

0.2 percentage points (column 1) and the average duration shortens by

about 0.6%. If we compare caseworkers at the 25th and 75th percentiles

of the caseworker wage distribution, the wage difference is about SEK

2130, which would translate into an increased job-finding rate among

their job seekers by about 0.4 percentage points or 1%. This corre-

lation between wages and caseworker performance may, of course, re-

flect that high-performing caseworkers are rewarded with higher wages

and/or that higher wages motivate caseworkers to perform better.
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Table 3.5. Caseworker experiences, wages, labor market experi-
ence, abilities and job seeker outcomes

Leave unemployment within log(duration)

90 days 180 days 360 days
(1) (2) (3) (4)

Panel A: Caseworker experience (tenure)

3-5 years 0.008 0.006 -0.002 -0.012
(0.006) (0.006) (0.005) (0.016)

6-10 years -0.000 0.006 0.003 -0.007
(0.005) (0.005) (0.004) (0.014)

11-20 years 0.002 0.006 0.003 -0.010
(0.005) (0.005) (0.004) (0.014)

20+ years 0.006 0.010∗ 0.004 -0.024
(0.005) (0.005) (0.004) (0.015)

Mean outcome 0.423 0.634 0.801 4.769
First-stage F -statistic 525 525 525 525
# observations 2,220,061 2,220,061 2,220,061 2,220,061

Panel B: Caseworker wage (SEK 1000)

Caseworker wage 0.002∗∗ 0.002∗∗ 0.001∗ -0.006∗∗

(0.001) (0.001) (0.001) (0.003)

Mean outcome 0.425 0.637 0.803 4.762
First-stage F -statistic 819 819 819 819
# observations 2,154,703 2,154,703 2,154,703 2,154,703

Panel C: Caseworker labor market experience

Own unemployment -0.001 -0.002 -0.002 0.003
(0.003) (0.003) (0.003) (0.009)

Experience from private sector 0.000 -0.003 0.002 -0.011
(0.006) (0.006) (0.005) (0.017)

Mean outcome 0.423 0.634 0.801 4.769
First-stage F -statistic 282 282 282 282
# observations 2,220,061 2,220,061 2,220,061 2,220,061

Panel D: Caseworker abilities

Cognitive -0.002 0.002 -0.004 0.004
(0.004) (0.005) (0.004) (0.013)

Non-Cognitive 0.008∗ 0.001 0.000 -0.010
(0.005) (0.005) (0.004) (0.014)

Mean outcome 0.444 0.657 0.821 4.695
First-stage F -statistic 203 203 203 203
# observations 254,172 254,172 254,172 254,172

Notes: IV estimates using where each characteristic of the actual caseworker is instrumented
with the corresponding characteristic of the predicted caseworker. Tenure as caseworker at the
PES in years. Wages based on staff records in SEK 1000. Own unemployment is an indicator
for more than 30 days of unemployment in the last 10 years. Experience from manufacturing
or retail is an indicator from working in these sectors in the last 10 years. Abilities on a scale
from 1 to 9 standardized to have a mean of zero and a standrad deviaton of one. All models
also include interacted year fixed effects, office fixed effects, and a dummy for above the age of
25. First-stage F -statistic is a joint test for all instruments. Standard errors in parentheses are
clustered at the caseworker level. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01 level.
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3.6.3 Experience of unemployment and other occupations

We have seen that caseworkers have far more personal experience of

unemployment compared to other comparable public sector employees,

and Liljeberg and Söderström (2017) show that around 40% of the new

caseworkers are recruited from the pool of unemployed. This begs the

question if experience of unemployment is good or bad. On the one

hand, personal unemployment experience may give caseworkers some

insight into the practical problems associated with job search, but on

the other hand, extensive unemployment experience may correlate with

less favorable unobserved caseworker-attributes.

Here, we define personal experience as more than 30 days of unemploy-

ment in the last 10 years, but we find similar results with other cut-offs.

Panel C of Table 3.5 reveals no differences between caseworkers with

and without unemployment in the past. It suggests that personal ex-

perience of unemployment are irrelevant for caseworkers.19 This result

is also highly policy-relevant, since the PES recruits many caseworkers

from the pool of unemployed. Our results suggest that this does not

lead to worse (nor better) outcomes for the job seekers.

Next, we exploit the information on all previous occupations held by

the caseworkers, and examine if caseworkers with certain occupational

experience perform better. It may, for instance, be important to have

personal experience from the private sector or blue-collar work when

providing job-search counseling. Even though quite many caseworkers

have been at the PES for a long time, it also includes caseworkers with

personal experience from other occupations. A starting point is that

many job seekers search for private sector jobs. Hence, previous employ-

ment in the private sector is likely to have given caseworkers valuable

experience that they may use to help their job seekers.20 Therefore, we

use previous experience from these two sectors (public and private) as

valuable labor market experiences.

Interestingly, Panel C of Table 3.5 reveals no significant impact of this

kind of previous labor market experience, and the point estimates go in

different directions. This suggests that experience from different previ-

19Or the unobserved caseworker attributes perfectly cancel the benefits of unem-
ployment experience.

20Private sector jobs is here defined as having worked in any of the following in-
dustries: manufacturing, construction, retail, hotel and restaurant.
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ous occupations does not matter, at least not on average. However, it

may be the case that previous labor market experiences are important

only for certain groups of job seekers. For instance, caseworkers who

previously worked in the private sector may provide better counseling

to job seekers searching for private sector jobs. This highlights the ques-

tions about caseworker–job seeker matching that we consider in Section

3.7.

3.6.4 Cognitive and non-cognitive ability

Section 3.4 revealed an interesting pattern for caseworkers’ cognitive and

non-cognitive ability: a large share of the caseworkers is in the middle

of the cognitive ability distribution, and compared to other public sec-

tor employees with similar occupations caseworkers have worse cognitive

skills but similar non-cognitive skills. This illustrates the type of peo-

ple the PES is able to recruit, but does it matter for the quality of the

counseling support given to the job seekers? To examine this, we stan-

dardize the 1 to 9 cognitive and non-cognitive scores to have a mean of

zero and a standard deviation of one, but we find similar results with

more flexible specifications (e.g., a dummy for each score-level).

The results in Panel D of Table 3.5 indicate that cognitive ability is

relatively unimportant: the estimates for all four outcomes are insignif-

icant, close to zero, and go in different directions. For non-cognitive

ability there exists a weakly significant effect on the 90 day job-finding

rate where job seekers who are assigned a caseworker with one standard

deviation higher non-cognitive ability are 0.8 percentage points more

likely to leave unemployment. Overall, however, we find no strong evi-

dence indicating that neither cognitive nor non-cognitive ability would

be very important for caseworker performance. For public policy, this

means that ability tests is not a very informative way to screen and

recruit new caseworkers. It also suggests that the PES should not be

overly worried about the fact that they largely is unable to recruit high-

cognitive caseworkers. Lastly, note that these results imply that cogni-

tive and non-cognitive abilities do not matter for the average job seeker,

but they may matter for some groups of workers, for instance, in terms

of the ability matching of caseworker and job seekers. We return to this

below.
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3.6.5 Traits

Next, we examine caseworker traits and whether supportive or restrictive

caseworkers perform better. To this end, we mainly follow Arni et al.

(2017) and label caseworkers as “supportive” if they are more prone to

send job seekers to more supportive policies (training), and “restrictive”

caseworkers are those who more often use restrictive policies (workfare).

The idea is that training, which focuses on improving the skills of the

job seekers, promotes employment through increased support, whereas

workfare, which typically is used as a tax on leisure and to test whether

the job seeker is ready to take a job, promotes employment through

pressure and restrictions.21 We also add a third trait and label case-

workers as “active” if they more frequently meet with their job seekers

– i.e., whether they more actively try to help their job seekers or not.

We argue that these traits capture how caseworkers approach their pro-

fession, so that it reflects a deeper caseworker trait that goes beyond

the effect of using these specific policies per se, but by construction, any

differences between the traits will also capture the direct effect of the

policies.

To define the traits, we calculate each caseworker’s propensity to use

each policy, where supportiveness (restrictiveness) is based on the frac-

tion of job seekers assigned to training (workfare). We do this separately

for each job seeker using a leave-one-out mean. Similarly, active case-

workers are defined by their meeting frequency. We then standardized

these propensities and obtain measures with a standard deviation of

one. In a similar way as before, the trait of the actual caseworker is

instrumented by the corresponding trait for the predicted caseworker.

The results in Table 3.6 show that “active” caseworkers perform sig-

nificantly better than other caseworkers. For instance, being assigned an

one standard deviation more active caseworker increases the 90-days and

180-day job-finding rate by 1.6 (column 1) and 1.4 percentage points,

respectively. The latter corresponds to an increase by 2.2%. We find

no evidence for the effectiveness of “supportive” caseworker although all

estimates point in the same direction. Furthermore, there is no evidence

21We use information on a labor market training program called Arbetsmarknadsut-
bildning (AMU), typically lasting for six months, which is directed towards the up-
grading or acquisition of skills that are in short supply. The workfare program is
called work practice and involves 3–6 months of practice at a public or private firm.
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Table 3.6. Caseworker traits on job seeker outcomes

Leave unemployment within log(duration)

90 days 180 days 360 days
(1) (2) (3) (4)

Supportive 0.002 0.005 0.006 -0.015
(0.004) (0.004) (0.003) (0.012)

Restrictive -0.002 -0.006 -0.005 0.008
(0.005) (0.006) (0.005) (0.016)

Active 0.016∗∗∗ 0.014∗∗∗ 0.008∗∗ -0.016
(0.005) (0.004) (0.004) (0.014)

Mean outcome 0.423 0.635 0.802 4.767
First-stage F -statistic 237 237 237 237
# clusters 7,002 7,002 7,002 7,002
# observations 2,278,278 2,278,278 2,278,278 2,278,278

Notes: IV estimates using where each characteristic of the actual caseworker
is instrumented with the corresponding characteristic of the predicted case-
worker. All traits are indicators for above median propensity to assign to
training (supportive), assign to work practice (restrictive) and to have meeting
with their job seekers (active). All models also include interacted year fixed
effects, office fixed effects, and a dummy for above the age of 25. First-stage
F -statistic is a joint test for all instruments. Standard errors in parentheses
are clustered at the caseworker level. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01 level.

of any effects on job-seeker outcomes for restrictive caseworkers. This

adds to the existing literature, which has been inconclusive: Arni et al.

(2017) find that caseworkers that place more emphasis on support have

better outcomes, while Behncke et al. (2010b) and Huber et al. (2017)

show that tougher caseworkers are more successful than supportive ones.

3.7 Part II: Caseworker–job seeker matching

The literature in sociology has shown that individuals with the same

gender/ethnicity (or other social attributes) behave differently against

each other than towards individuals of the other gender or other eth-

nic groups. For instance, sharing the same social identity could en-

hance communication and trust (see, e.g., Sherif et al., 1961). This

suggests that caseworker–job seeker similarity could matter. Behncke et

al. (2010a) also provide initial evidence of this. Here, we use our fine-

grained data to study the importance of similarity in several dimensions,

including demographic similarity, ability similarity, and similarity in the
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form of similar labor market experiences. The latter, which has not been

studied before, may be especially relevant for several reasons. Besides

promoting communication and trust, experience from working in the

same sector as the job seeker may enable caseworkers to understand the

individual-specific labor market opportunities, and thereby help them

to provide more adequate counseling and support. Caseworkers may

also be able to use their social networks from previous jobs to refer job

seekers to suitable workplaces and to promote informal hiring channels,

and these network mechanisms ought to be more relevant for job seekers

with a similar occupational background as their caseworker.22

We use the model in equation (3.2) and study similarity in one dimen-

sion at a time. For presentation reasons, we focus on job-finding within

180 days, but find similar results for the other outcomes (not reported).

Initially, Panel A of Table 3.7 shows that there is a positive match-

effect of gender-similarity. Job seekers that are assigned a caseworker

with the same gender increase their likelihood of finding a job within

180 days by 0.4 percentage points or 0.6%. As above, we also see that

overall female caseworkers perform better than male caseworkers. In-

terestingly, columns (2) and (3) show that both males and females are

better off with a female caseworker. In particular, female job seekers

benefit from being assigned a female caseworker (column 2). This is

partly due to the positive match effect but predominantly because of

the positive female caseworker effect. For male job seekers (column 3),

the gender of the caseworker is less important. From a similarity per-

spective a male caseworker is preferred, but this is counteracted by the

fact that female caseworkers perform better than male caseworkers. This

relates to results from the teacher literature, with mixed evidence on the

effects on student outcomes for teacher–student gender similarity (Neu-

mark and Gardecki, 1998, Bettinger and Long, 2005, Dee, 2004, Hilmer

and Hilmer, 2007).

22The social network mechanism is supported by evidence that show that infor-
mal hiring channels are important (see, e.g., Hensvik and Nordström Skans, 2016,
Dustmann et al., 2016).
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Table 3.7. Caseworker and job seeker similarity: demographics
and ability

(1) (2) (3)
All Job seeker characteristic

Panel A : Gender similarity Female Female

Female caseworker Male caseworker

Match effect 0.004∗∗ 0.015∗∗∗ 0.007∗

(0.002) (0.004) (0.004)

Female caseworker 0.011∗∗∗

(0.003)

First-stage F -statistic 1276 1276 1276
# observations 2,220,061 2,220,061 2,220,061

Panel B : Immigrant similarity Native Foreign born

Native caseworker Native caseworker

Match effect -0.003 0.004 0.010
(0.004) (0.005) (0.008)

Native caseworker 0.007
(0.006)

First-stage F -statistic 371 371 371
# observations 2,220,061 2,220,061 2,220,061

Panel C : Ability similarity High ability Low ability

High ability High ability
caseworker caseworker

Match effect 0.001 0.007 0.005
(0.004) (0.008) (0.010)

High ability caseworker 0.006
(0.008)

First-stage F -statistic 416 416 416
# observations 274,195 274,195 274,195

Notes: IV estimates where each match-effect and main caseworker effects is in-
strumented with the corresponding variable for the predicted caseworker. High
ability caseworker is above median caseworker cognitive ability, and high ability
for the job seeker is above median predicted unemployment duration. All mod-
els also include interacted year fixed effects, office fixed effects, and a dummy for
above the age of 25. First-stage F -statistic is a joint test for all instruments.
Standard errors in parentheses are clustered at the caseworker level. ∗ p < 0.1, ∗∗

p < 0.05, ∗∗∗ p < 0.01 level.
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Panel B of Table 3.7 shows that matching of caseworkers and job

seekers based on immigrant status appears to be unimportant. Thus, it

is not the case that non-native caseworkers can provide better counsel-

ing support to non-native job seekers. Next, Panel C examines ability-

similarity. Here, we unfortunately do not have access to ability measures

for job seekers. Instead, we use the predicted unemployment duration as

a proxy for general ability, and define ability similarity based on ability

above/below the median for job seekers and caseworkers, respectively.

However, we find no evidence that matching (male) caseworkers and job

seekers based on ability is important.

Panels A and B of Table 3.8 examine caseworker–job seeker match-

ing based on occupational experiences and educational background. For

the latter, similarity is defined by having a university degree or not.

For labor market experiences we use the same measure of labor market

experience as used above: having worked in the private sector. Specifi-

cally, the match variable takes the value one if the caseworker has some

personal experience from the private sector in the last 10 years worked

and if the job seeker worked in the private sector just prior to becoming

unemployed, or if both of them have no experience from the private sec-

tor. There is some suggestive evidence that similarity and matching in

these labor market dimensions are important. Sharing the same labor

market experience increases the 180-day job-finding rate by 0.7 percent-

age points which corresponds to 1.1%. The corresponding estimate for

sharing a similar educational background is 0.6 percentage points.

We conclude from this exercise that sharing the same gender as your

caseworker is beneficial for job seekers. However, for male job seekers

this effect is counteracted and dominated by the fact that female case-

workers perform better than their male correspondents. Moreover, it

may be important to allocate job seekers to caseworkers who have expe-

rience from similar sectors as job seekers, as this may allow them to use

their own social networks to mediate jobs. Finally, being paired with an

equally educated caseworker do help job seekers find work faster which

may reflect that caseworkers understand the relevant job-market for that

job seekers’ qualifications.
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Table 3.8. Caseworker and job seeker similarity: demographics and
ability

(1) (2) (3)
All Job seeker characteristic

Panel A : Experience private sector Private sector Other sector

Caseworker exp. Caseworker exp.
private sector private sector

Match effect 0.007∗ 0.008 -0.005
(0.004) (0.007) (0.007)

Caseworker exp. private sector 0.001
(0.006)

First-stage F -statistic 276 276 276
# observations 1,664,379 1,664,379 1,664,379

Panel B : University degree University edu. No university edu.

Caseworker with Caseworker with
university edu. univeristy edu.

(1) (2) (3)

Match effect 0.006∗∗ 0.006 -0.006∗

(0.003) (0.005) (0.003)

University degree caseworker 0.000
(0.004)

First-stage F -statistic 1081 1081 1081
# observations 2,220,061 2,220,061 2,220,061

Notes: IV estimates where each match-effect and main caseworker effects is instru-
mented with the corresponding variable for the predicted caseworker. Caseworker has
experience from the privatye sector if having ever worked manufacturing, construction,
retail, hotel and restaurant within the last ten years. For job seekers experience from
the privae sector is based on the last job just prior to becoming unemployed. All models
also include interacted year fixed effects, office fixed effects, and a dummy for above the
age of 25. First-stage F -statistic is a joint test for all instruments. Standard errors in
parentheses are clustered at the caseworker level. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
level.
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Table 3.9. Distribution of caseworker fixed effects

Unadjusted Adjusted
standard deviation standard deviation

Level Level Percent Standard
deviations

(1) (2) (3) (4)

Leave unemployment within

90 days 0.156 0.050 0.112 0.100

180 days 0.174 0.047 0.070 0.099

360 days 0.093 0.000 0.000 0.000

Log unemployment duration 0.469 0.028 0.006 0.022

Annual earnings in year

t+ 1 44.637 3.843 0.041 0.039

t+ 2 39.733 7.615 0.066 0.069

t+ 3 41.322 6.333 0.049 0.054

Notes: The table reports the standard deviation of estimated caseworker fixed effects
(IV-estimates). The sample is all offices with date-of-birth assignment (i.e F ≥ 400 as
defined in section 3.5.1). Column 1 reports the unadjusted standard deviations and
Columns 2–4 the empirical Bayes adjusted standard deviations (see Section 3.5.4 for
details). Column 2 is in levels, Column 3 in percent of the mean outcome and Column
4 in relation to the standard deviation of the outcome. All models include interacted
year fixed effects, office fixed effects, and a dummy for above the age of 25.

All these results relate and extend the previous findings in Behncke et

al. (2010a). They find an effect of similarity, but only when it comes to

sharing characteristics in four dimensions (simultaneously): caseworkers

and job seekers sharing the same gender, age group, nationality, and

education.

3.8 Part III: How important are caseworkers?

So far, we have used observed caseworker characteristics to examine what

makes a good caseworker and to study caseworker–job seeker matching.

We now examine the overall importance of caseworkers, and study the

distribution of caseworker fixed effects, quantifying both observed and

unobserved differences between caseworkers. Following the estimation

procedure described in section 3.5.4, the results are summarized in Table

3.9. Column (1) shows the unadjusted standard deviation of the esti-
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mated caseworker fixed effects for leaving unemployment within 90 days,

180 days, 360 days and log duration as well as earnings after 1-3 years,

respectively. Columns (2)–(4) display the adjusted standard deviation,

after we applied the shrinkage procedure in Leigh (2010).

Overall, we find substantial differences in caseworker performance.

Even though the shrinkage procedure reduces the standard deviations of

the fixed effects, differences between caseworkers remain. The estimates

in Table 3.9 show that moving one standard deviation in the distribu-

tion of the caseworker fixed effects, changes the probability of leaving

unemployment within 180 days by 7%, roughly 0.1 standard deviation.

This captures differences due to the observed caseworker characteristics

studied in this paper as well as differences in other dimensions not cap-

tured by our observed caseworker characteristics. Overall, the results

suggests that caseworkers matters most early on in the unemployment

spell. Nevertheless, the effect seems to persist as the corresponding

estimate for earnings after three years is 4.9% or 0.05 of a standard

deviation. In summary, it means that there are substantial differences

between the worst and the best caseworkers, and that the differences

between caseworkers are economically important and long-lasting.

3.9 Conclusions

Remarkably little is known about the individuals responsible for imple-

menting active labor market policies, i.e. caseworkers at employment

offices. To get a comprehensive picture on the effects of the resources

devoted to active labor market policies, it is important not only to have

knowledge on active labor market programs, but also to understand the

role of the human resources used.

Due to data limitations and identification difficulties, the evidence on

caseworkers is scarce (McCall et al., 2016). In this paper, we provide

credible evidence on caseworkers by exploiting that some local public

employment offices in Sweden allocate job seekers to caseworkers based

on date-of-birth-rules, i.e. as-if random allocation. Coupled with de-

tailed data that include links between caseworkers and job seekers, we

can explore mechanisms explaining caseworker performance.
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Interestingly, even though the caseworker population contains a sub-

stantial degree of heterogeneity, neither cognitive ability, unemployment

experience, employment history or educational attainment, can explain

caseworker performance. However, we cannot rule out that caseworkers

with more experience (tenure) perform better. We find there to be quite

substantial gender differences: job seekers assigned a female caseworker

have 3.1% shorter unemployment durations than those assigned a male

caseworker. Caseworker traits also appear to be important. Specifically,

“active” caseworkers, i.e. caseworkers prone to meet job seekers, perform

significantly better. A one standard deviation increase in caseworker

“activeness”, increases the job-finding rate by 2.2% within 6 months.

The results show that caseworker-job seeker similarity matters for job

seeker outcomes. As Behncke et al. (2010a) argues, sharing the same

social identity can improve understanding, communication and trust,

and hence improve job seeker outcomes. Most importantly, and what

has never been studied before, we find that sharing similar labor market

experiences or level of education improve job seeker outcomes. The effect

of such similarity is non-negligible: it increases the 6-months job finding

rate by about 0.7 percentage points. We also find that job seekers do

better when assigned a caseworker with the same gender. However,

for males, this match effect is offset by female caseworkers being more

effective than their male counterparts.

Finally, we quantify both observed and unobserved differences be-

tween caseworkers by estimating caseworker fixed effects. We show that

the overall differences in caseworker performance is economically impor-

tant and long-lasting. A one standard deviation increase in the distri-

bution of caseworker fixed effects increases the 6-month job finding rate

by 7.0%, and earnings after three years by 4.9%.
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Appendix

Figure A-3.1. Prevalence of date-of-birth-rules
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Note: The distribution of F-statistics from regressions of job seekers’ date-of-birth
(1–31) on caseworker dummies (within office and year). A low F-value indicates no
date-of-birth-rule (an even distribution of date-of-birth over caseworkers), and a high
F-value indicates a date-of-birth-rule (an un-even distribution of date-of-birth over
caseworkers).
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Figure A-3.2. An example of an office with a separate date-of-
birth-rule for youths
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Notes: Number of job seekers (above/below 25 years of age) born on each day-in-
month per caseworker at one office, in 2003.
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Figure A-3.3. Strength of predicted caseworker instrument
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Notes: The figure show separate first stage F-statistics where a dummy for the actual
caseworker has been regressed on a set of dummies of predicted caseworker within
and office and year.
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Table A-3.1. Descriptive statistics

Caseworker characteristics

Panel A All offices Date of birth offices

Mean SD Mean SD

Age 47.06 10.19 47.19 10.09
Female 0.62 0.49 0.61 0.49
Swedish 0.88 0.32 0.87 0.33
# clients 97.04 107.25 127.19 127.57
Experience 13.51 10.82 13.58 11.03
Primary School 0.03 0.17 0.04 0.20
High School 0.33 0.47 0.31 0.46
College 0.64 0.48 0.65 0.48

# observations (unique) 3,985 478
# observations 22,988 2,293

Job seeker characteristics

Panel B All offices Date of birth offices

Mean SD Mean SD

Age 31.83 12.24 31.13 11.70
Female 0.47 0.50 0.48 0.50
Swedish 0.86 0.34 0.88 0.33
Married 0.24 0.43 0.23 0.42
Children 0.36 0.48 0.34 0.48
Earnings (t-1) 95777.59 120087.74 90243.25 114473.39
Days unemployed 281.68 488.12 265.76 480.25
Primary School 0.30 0.46 0.27 0.44
High School 0.53 0.50 0.53 0.50
College 0.17 0.38 0.20 0.40

# observations (unique) 1,601,217 212,049
# observations 2,220,067 289,713

Office characteristics

Panel C All offices Date of birth offices

Mean SD Mean SD

# caseworkers 12.62 10.89 16.74 11.58
# job-seekers 1219.15 1283.03 2114.69 1814.19

# observations (unique) 252 32
# observations 1,821 137

Notes: The table shows means and standard deviations for job seeker and
caseworker characteristics. The sample consists of registered unemployed
individuals and caseworkers at all local offices in Sweden 2003–2010.
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Table A-3.3. Date-of-birth rules and random assignment of job-
seekers to caseworkers

Independent variables:

Experience Experience
actual caseworker predicted caseworker

Coef. Est. Std. Err. Coef. Est. Std. Err.

Demographics
Male 0.000134 (0.000178) -0.000020 (0.000063)

Disabaled 0.000436∗∗∗ (0.000079) 0.000010 (0.000025)

Native -0.000082 (0.000126) 0.000023 (0.000040)

Age 0.082831∗∗∗ (0.012987) 0.001858∗∗ (0.000845)

Unemployment and earnings history
Earnings (t-1) 346.179340∗∗∗ (71.897102) -4.442865 (14.680464)

Employed (t-1) 0.001399∗∗∗ (0.000265) -0.000046 (0.000055)

Welfare (t-1) -0.000057 (0.000099) 0.000002 (0.000036)

Level of education
Primary school < 9 years 0.000219∗∗∗ (0.000039) -0.000014 (0.000018)

Primary school 9 years -0.001745∗∗∗ (0.000278) -0.000048 (0.000043)

High-school 2 years 0.000798∗∗∗ (0.000123) 0.000052 (0.000052)

High-school 3 years 0.000067 (0.000046) -0.000014 (0.000021)

University < 3 years 0.000624∗∗∗ (0.000189) 0.000030 (0.000044)

University ≥ 3 years 0.000012 (0.000010) -0.000004 (0.000008)

# observations 2,220,061 2,220,061

Notes: The table shows separate OLS estimates for each job seeker characteristic
on years of experience of the actual (column 1) and the rules-predicted caseworker
(column 2). All regressions include office, year, and age-group (below/above 25 years
of age) fixed effects, as well as the interactions between these fixed effects. Standard
errors in parentheses are clustered at the caseworker level. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗

p < 0.01 level.
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Table A-3.4. Tests of the monotonicity assumption

Independent variable: Actual caseworker experience

Quartile predicted unemployment duration

Panel A 1st 2nd 3rd 4th

Predicted caseworker 0.404∗∗∗ 0.362∗∗∗ 0.330∗∗∗ 0.268∗∗∗

experience (0.017) (0.012) (0.012) (0.010)

# observations 543,846 542,421 541,794 543,757

Quartile job seeker age

Panel B 1st 2nd 3rd 4th

Predicted caseworker 0.428∗∗∗ 0.334∗∗∗ 0.307∗∗∗ 0.299∗∗∗

experience (0.018) (0.012) (0.013) (0.012)

# observations 584,601 532,383 573,793 529,280

Notes: First-stage estimates separately by quartiles of job seekers’ predicted
unemployment (panel A) and quartiles of job seekers’ age (panel B). For details
on how predicted caseworker is defined see section 3.5.1. All models also include
interacted year fixed effects, office fixed effects, and a dummy for above the age
of 25. First-stage F -statistic is a joint test for all instruments. Standard errors
in parentheses are clustered at the caseworker level. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗

p < 0.01 level.
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4.1. INTRODUCTION

4.1 Introduction

How does the generosity of unemployment insurance (UI) affect job

search behavior? While providing a safety net for unexpected job loss,

the provision of UI creates disincentives for job search by lowering the

alternative cost to working. The question of how benefit levels and its

overall generosity affects time in, and the hazard out of, unemployment

has a long tradition in labor economics and been subject to extensive

research. The “spike” in the hazard rate out of unemployment coin-

ciding with UI exhaustion is a widely established empirical result since

the seminal work by Katz and Meyer (1990a,b). This result has gen-

erally been attributed to shirking behavior among job seekers, holding

off finding a new job until approaching benefit exhaustion. However,

later work by Card, Chetty and Weber (2007b) challenges this view by

attributing the lion’s share of such spikes to flight out of the labor force.

They argue that “[s]pikes are generally smaller when the spell length is

measured by the time to next job than when it is defined by the time

spent on the unemployment system” (p. 1). Hence, “ [...] the size of

the spike in re-employment rates at exhaustion in the current U.S. labor

market (and many other labor markets) remains an open question. Fur-

ther work on estimating these hazards using administrative measures of

time to next job would be particularly valuable” (p. 16).1 Indeed, if

benefit exhaustion renders job seekers to leave the labor force, the ex-

pected cost of extending UI benefits could be exaggerated if transition

to work is higher from unemployment than non-employment.

This paper contributes to the debate about the timing of re-employment

and UI exhaustion, while additionally adding to the large literature on

the effects of UI on job search behavior (see section 4.2 for a short re-

view). In particular, I examine the effect on unemployment duration,

and exit to employment, of an exogenous 30-week UI benefit extension in

Sweden. For identification, I take advantage of a feature in the Swedish

UI system which entitles individuals with a child below the age of 18 to

90 weeks of unemployment benefits instead of the statutory 60 weeks.

As assignment to the extended UI benefit is determined by the age of

a job seekers’ youngest child at the time of regular UI exhaustion (60

1The term re-employment refers here to an exit out of unemployment to any new
employer whereas a recall is returning to ones previous employer.
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weeks), I exploit the quasi-experimental variation generated around the

age threshold using a regression discontinuity (RD) design. This allows

me to estimate the casual effect of increasing potential duration of UI on

actual benefit duration, unemployment duration and hazard to employ-

ment. Further, I allow the effects to vary with duration on UI and in

unemployment to test whether job seekers time employment to benefit

extension.

The main findings are threefold. First, while the increase in poten-

tial duration on UI increases actual duration on UI by about 2.7 weeks

on average, I find no evidence of it prolonging duration in registered

unemployment or negatively effecting the hazard to employment. This

suggest that, the 30 week benefit extension did not prolong average un-

employment duration as job seekers were on average unemployed as long

but with a somewhat higher replacement rate. The absence of negative

effects on unemployment duration and future employment is believed

to be driven by job seekers access to fairly generous post-UI programs

which weakens the disincentive effects of the benefit extension. Second,

being eligible to 30 additional weeks of UI does not appear to have af-

fected job search behavior prior to the actual extension period. That

is, I find no evidence of job seekers lowering their search effort due to

the anticipation of extended benefits. Third, I find distinct spikes in

the exit out of UI at benefit exhaustion, but no such spikes are present

in the hazard to employment. This therefore speaks in favor of the

interpretation made in Card, Chetty and Weber (2007b).

The remainder of the paper is organized as follows. Section 4.2 briefly

reviews the related literature and section 4.3 describes the Swedish UI

system and the institutional details surrounding the benefit extension.

In section 4.4, I outline the identification strategy, describe the data

and validate the assumptions needed for casual inference. Section 4.5

presents the empirical results while section 4.6 concludes.

4.2 Previous literature

There is an extensive literature on how the generosity of UI affects job

search behavior where the results are largely coherent with the theo-
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retical predictions made in Mortensen (1977).2 For the U.S., Card and

Levine (2000) studies a (temporary) program which offered a benefit

extension of 13 weeks to the unemployed in New Jersey. While the

number of people reaching regular benefit exhaustion appears to have

increased by about 1-3 percent, exit-rates and average unemployment

duration remained virtually unchanged. In their seminal study, Katz

and Meyer (1990a) detects sharp increases in the hazard out of unem-

ployment at the time of benefit exhaustion. Moreover, they suggest that

extending the potential duration by one week prolongs unemployment

duration by about 0.16 to 0.2 weeks. In more recent studies, Card et al.

(2015) and Landais (2015) exploit kinks in the US benefit schedule to

estimate the effect of increased UI benefits. While one additional week

of potential UI is estimated to increase unemployment duration by 0.2-

0.4 weeks, the elasticity with respect to the benefit level ranges between

0.2 to 0.7.3 Moreover, Card et al. (2015) suggests that these elasticities

differ substantially with overall macroeconomic conditions. This high-

lights the problem of policy endogeneity which many early U.S. studies

of unemployment behavior have been subject to. A increase in potential

duration have been induced by business cycles, estimates on unemploy-

ment duration will inevitably be biased.4

For Europe, Hunt (1995) evaluates a reform in Germany which re-

sembles the one investigated in this paper. Replacement rates were

cut from 63 to 56 percent for unemployed workers without children.

While no significant changes in the flow to employment could be de-

tected among parents, the reform seems to have had the adverse effect

of increasing the likelihood of leaving the labor force. In a subsequent

reform, Hunt (1995) finds that extending benefits for workers above the

age of 42 increases their duration of unemployment.5 However, the im-

pact on the hazard to leaving the labor force appears to be larger than

2A strand of literature also looks at the effect of UI generosity on job match quality
where the evidence suggests a zero or very small positive effect (see e.g., Nekoei and
Weber (2017); Lalive (2007), Card, Chetty and Weber (2007a); Caliendo, Tatsiramos
and Uhlendorff (2013)) .

3For a summary of estimated elasticities in the U.S. across studies see appendix
in Card et al. (2012) Table 4.

4See Lalive, Van Ours and Zweimüller (2006) for a discussion of the importance
of understanding policy endogeneity when estimating the effect of benefit increases.

5The magnitude of the effects are, however, somewhat unreliable as significant
effects can only be found among 44-48 year olds whereas 49-57 year olds are unaffected.
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the hazard to employment among the older workers, thus corroborating

the interpretation of hazard spikes at UI exhaustion (Card, Chetty and

Weber, 2007b). Exploiting similar age thresholds for older workers in

Germany, Schmieder, Von wachter and Bender (2012) estimates the ef-

fect of extended potential duration on non-employment duration using

data covering 20 years. They find that an additional week of UI benefits

yields 0.1 weeks of longer non-employment duration on average. The

effect on actual UI benefit duration are estimated to be three to four

times larger.

Several studies have taken advantage of various benefit discontinuities

in the Austrian UI-system, rendering exogenous variation in both po-

tential duration, replacement rates and severance pay (see e.g. Lalive,

Van Ours and Zweimüller, 2006, Lalive, 2007, 2008, Card, Chetty and

Weber, 2007a,b, Nekoei and Weber, 2017). The estimates on benefit

extension are largely consistent across the studies, ranging from 0.05

to 0.1 additional weeks of unemployment or non-employment duration

from one extra week of potential duration.6 In other words, 10 weeks of

increased potential duration tends to prolong non-employment by about

0.5 to 1 weeks (Card, Chetty and Weber, 2007a, Lalive, Van Ours and

Zweimüller, 2006, Lalive, 2008).7 An interesting feature in Card, Chetty

and Weber (2007a,b) is also that potential duration lowers hazard rates

throughout the entire spell, thus implying that people are forward look-

ing as the benefit extension affects job search behavior in expectation

of future benefits. They show that job-finding rates decrease by about

5-9 percent during the first 20 weeks when extending potential duration

from 20 to 30 weeks.

A well-established empirical fact is the spike in hazard rates at the

time of benefit exhaustion. This has primarily been attributed to shirk-

6Lalive (2008) uses data on unemployment duration and finds that the effect of
one week increase in potential duration for women is 0.32-0.44. This upper estimate
may however biased due to manipulation of the forcing variable among women. The
lower estimate, using border identification, which is less likely subject to self selection,
the effect is still 4 times larger than for men. This is attributed to special rules for
early retirement for women.

7The large difference between the Austrian and U.S. estimates (0.05-0.1 vs. 0.16-
0.4) warrants some attention. As future benefits will be discounted by the probability
of survival and potential duration may exhibit decreasing marginal utility one poten-
tial explanation for these results could be differences in baseline potential benefit
durations.
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ing behavior among the unemployed by seemingly holding off taking a

job until benefits run out.8 Using reductions in potential benefit dura-

tions in Slovenia, van Ours and Vodopivec (2006) show that such spikes

move, almost one to one, with the timing of exhaustion. While this could

represent job seekers both finding jobs and moving to labor market pro-

grams or leaving the labor force, Card, Chetty and Weber (2007b), in

contrast, shows that the spike in Austria is driven by job seekers exiting

the labor force and not entering employment. The unemployment exit

hazard is 2.4 times larger at exhaustion than at the baseline period while

the employment hazard is 1.15. Moreover, recalls to old jobs appear to

be more common than starting new ones. In fact, Card, Chetty and

Weber (2007b) suggests that fewer than one percent of the spells are

manipulated in such a way that job finding coincides with the timing of

benefit exhaustion. This is also consistent with estimates in Schmieder,

Von wachter and Bender (2012) where only 8 percent of unemployed

who reach benefit exhaustion return to employment whereas the major-

ity escapes to non-employment.

There are a couple of studies estimating the effect of UI generosity

on duration and hazard rates in Sweden. Focusing on the presence of

hazard spikes, Carling et al. (1996) estimates the transition to employ-

ment and labor market programs. Though imprecise, the estimates give

evidence of spikes at exhaustion but, due to the lack of a valid control

group, it is not possible to draw firm conclusions about the potential

distorting effects of UI. Studying a Swedish reform in 1995, which cut

replacement rates by 5 percent, Carling, Holmlund and Vejsiu (2001)

finds an increased transition to employment by 10 percent, or elasticity

of 1.7 which is substantially larger than any other comparable finding.

The interpretation of the results are, however, muttered by accompa-

nying changes in the UI system which increased the incentives for job

search. Moreover, treatment and control groups are defined based on

previous wages, which could influence the hazard to employment di-

rectly and therefore bias the estimates. Both these objections carry

over to Bennmarker, Carling and Holmlund (2007) who evaluates two

consecutive UI reforms in Sweden in 2001 and 2002, which increased the

8Card and Levine (2000) proposes informal contracts between the unemployed
and the old employer such that recalls are timed to UI exhaustion thus rendering a
spike in the hazard rate at that time.
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benefit cap. Here the overall hazard rate appears to be unaffected by

the reform. However, a further analysis shows heterogeneous responses

across gender with men being largely unaffected while women, in stark

contrast to standard theoretical predictions, increase the employment.

Bennmarker, Carling and Holmlund (2007) attributes this unexpected

effect to a child care reform taking place at the same time.

4.3 Unemployment compensation in Sweden

The provision of UI in Sweden is obtained through voluntary member-

ship in branch-specific union-affiliated UI funds and the national cover-

age rate is about 70 percent of the labor force.9 Job losers with sufficient

work history are eligible for UI benefits with a base amount of 320 SEK

per day as long as they are registered at the public employment service

(PES). In order to acquire income-related UI benefits, the unemployed

having been working for twelve months also have been a member of a

UI fund for the same amount of time. The maximum replacement rate

is then 80 percent of the workers’ former wage, subject to a benefit cap

of 680 SEK per day is implemented on monthly wages above 18,700

SEK.10,11 Workers who are laid off have a seven day waiting period

before receiving their first UI payment whereas voluntary quitters are

subject to a 45-day waiting period.12

The statutory length of a regular benefit period is 60 weeks (300

working days, 5 days a week). A job seeker may choose how many days

a week he or she want to be collect UI benefits, where the maximum is

5 days per week. Therefore the duration on UI may be longer than 60

weeks if a job seeker chooses to collect UI part-time. Hence, there is a

difference between the duration on UI and utilization of UI where the

former refers to calender time on UI and the latter how many days/weeks

are collected. Note that the two are equal if a job seeker utilizes 5 days

a week.

9Several reforms enacted in 2007, one of which increased UI-fund membership
fees, led to a significant drop in the number of workers eligible for UI.

10In September 2015 the cap was raised to 25,025 SEK. As this is outside the
sample period this does not affect my estimations.

11In April 2019, the SEK/US Dollar conversion rate was 9.2 and SEK/Euro con-
version rate was 10.4.

12Prior to July 7 2008, there was a 5-day waiting period for involuntary quitters.
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Figure 4.1. Benefit Schedule
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Notes: The figure shows replacement rates by weeks in unemployment (on UI) for
job seekers entitled to income related UI with wages above and below the wage floor
and cap, respectively. The solid black line depicts replacement rates for workers who
at the time of regular benefit exhaustion (60 weeks) have a child above the age of
18. The dashed red show replacement rate for job seekers who are the care taker of
a child below the age of 18 at week 60 on UI.

The benefit schedule has a two-tiered structure where replacement

rates are cut from 80 to 70 percent, 40 weeks into the benefit period (i.e

after the job seeker has utilized 200 days of UI). However, the second tier

could be extended by 30 weeks if the unemployed – at the time of regular

benefit exhaustion (week 60) – is the caretaker of a child below the age of

18. Figure 4.1 shows the step-wise benefit schedule which, conditional on

having a child, is a discontinuous function of the child’s age at week 60.

The extension is formally awarded at the 300th day on UI and is based

on the child’s age at that exact time which is checked by a third party.

If a child turn 18 during the extended period, the extension has already

been granted and hence there is no change in replacement rate until

the extended benefit period runs out. Importantly, if individuals are

forward looking and the discontinuity is salient enough, future benefits

should be discounted to its present value thus making the discontinuity

equally present at the start of unemployment as job losers would be

able to approximate the age of their child at regular benefit exhaustion
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Figure 4.2. Treatment intensity by former wage
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Notes: The figure shows the maximum difference in Swedish krona (SEK) as function
of the job seekers former wage between job seekers entitled and not entitled to the ex-
tended benefit duration. The calculations assumes full discounting and a probability
equal to unity of surviving on unemployment for at least 90 weeks.

by adding to it the number of weeks remaining on UI.13 In that case,

job finding rates could be affected prior to the benefit de facto being

awarded (Card, Chetty and Weber, 2007b).

job seekers who exhaust their benefits are offered to enter the Job

and Development Guarantee (JDG), an active labor market program

targeted towards the long-term unemployed. Participation in the pro-

gram entitles the job seeker to activity support (a form of unemployment

assistance) which corresponds to a replacement rate of 65 percent which

is paid out by the Swedish Social Insurance Agency for an, essentially,

indefinite period. Participating in the JDG is optional for individuals

who are entitled to extended benefits as they can enter after their 60th

week on UI but remain at 70 percent replacement rate until week 90

when the extended period ends. After that, the same rules apply.

Due to the benefit cap and the base amount, only workers with

monthly wages between 10, 057− 23, 015 SEK are affected by the bene-

fit cut. Treatment intensity thus varies directly both through the indi-

viduals’ former wage, and indirectly through the probability of staying

13In this case, one can, for newly awarded benefit periods of 60 weeks, view the
discontinuity as the child being 16 year and 44±1 weeks at the first day of the benefit
period rather than ±18 at the time of benefit exhaustion.
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unemployed. To get a sense of the magnitude of the financial incentives

one could imagine an individual who intends to uphold UI for as long

as possible. In other words, the probability of staying on UI is equal to

one. Fully utilizing the 30 weeks of extended benefits with 70 percent

versus 65 percent would then render an additional amount of 0− 7285.5

SEK (0 − 48.57 SEK daily) depending on the former wage. Figure 4.2

shows the financial incentives (i.e. treatment intensity) based on former

wages assuming that the job seeker stays on UI throughout. The two

dashed lines depict the interval where treatment intensity is largest in

percentage terms of the former wage, i.e. a 5 percentage point difference

between the control and treatment group.

4.4 Identification strategy

4.4.1 Empirical Strategy

An individual’s benefit level is a function of his or her former wage.

Therefore, it is likely to be correlated with personal characteristics that

could affect the duration of unemployment directly. In order to cir-

cumvent this omitted variable bias I take advantage of the institutional

setting described in section 4.3 using a RD design. In the limit, close

to the threshold, treatment can be thought of as randomly assigned and

hence orthogonal to any remaining heterogeneity that might influence

the outcome directly (Lee and Lemieux, 2010). I estimate the following

baseline model

yi = α+ β1[ChildAgei < 18] + f(ChildAgei) +X ′
i δ + εi (4.1)

where yi is the outcome variable which represents either benefit duration

(weeks on UI) or unemployment duration (weeks in registered unemploy-

ment at PES) of individual i. The forcing variable ChildAgei is the age

of individual i’s child in years and months at the time of regular ben-

efit exhaustion, which is normalized to zero and modeled flexibly with

a functional form f(·) that allows for different slopes on either side of

the threshold. The treatment indicator 1[ChildAgei < 18] is a dummy

variable equal to unity if at the time of regular UI exhaustion the child
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is below the age of 18.14,15 X ′
i is a vector of individual covariates16 that

I include to increase efficiency and εi an error term. I estimate equation

(4.1) semi-parametrically using a local linear regression as the forcing

variable is discrete which rules out more recent estimation techniques

suggested by Calonico, Cattaneo and Titiunik (2014). I use a main

bandwidth of ±18 months and confirm the robustness of the results by

varying both the bandwidth and the functional form f(·) as suggested

by (Lee and Lemieux, 2010).17

Equation (4.1) retrieves the reduced form, intention-to-treat (ITT),

estimate of β if individuals are forward looking (as suggested by (Card,

Chetty and Weber, 2007a,b)) as search behavior would be influenced in

expectation of future possible benefit extensions. To investigate to what

extent individuals react and adjust their search behavior in expectation

of a future UI extension and/or time their job finding such that it coin-

cides with benefit exhaustion, I estimate a dynamic version of equation

(4.1) as follows:

Pr(yit | T ≥ t) = αt + βt1[ChildAgei < 18]+ f(ChildAgei)+X ′
i δt + εit

(4.2)

where yit is either a dummy variable equal to unity if individual i leaves

the UI system or a dummy for being deregistered from unemployment

due to getting employed in time t, effectively censoring observations

which lacks an end date or where an individual have left the unemploy-

ment register for other reasons than employment. Here βt captures the

14The age of a child at benefit exhaustion is approximated by adding the number of
weeks remaining in the benefit period until exhaustion to the child’s age at the time
of the first UI payment in the spell. This assumes the maximum take out of 5 days
a week as the sample is restricted to full-time unemployed individuals. It turns out
that this is a fairly reasonable assumption, as the hazard out of employment occurs
precisely after 60 or 90 weeks for about 83 percent of the sample (see Figure 4.5)

15As the sample only consists of fresh UI spells treatment status is effectively
based on the child being below the age of 16 year and 8 months at the start of the
unemployment spell. If an individual chooses to utilize UI at a slower pace then 5 days
a week this bears the consequence of misspecifying some individuals in the control
group as being treated. Nevertheless, utilizing fewer than 5 days a week would be
suboptimal as it merely adds to the age of the child at regular benefit exhaustion.
This does not, however, introduce bias in the estimate of β but renders it to be
interpreted as an intention-to-treat (ITT) effect.

16The covariates are: gender, age, annual earnings in 2006 and six dummies for
level of education.

17See the Appendix for robustness.
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difference in the hazard rate out of unemployment between the treated

and control for those individuals who are still registered as unemployed

at time T ≥ t.

4.4.2 Data

I exploit data from the Swedish Public Employment Service (PES) on

the universe of registered unemployment spells in Sweden from mid-2007

to the start of 2014. They contain the start and end date of each un-

employment spell together with several personal characteristics such as

age, gender, level of education, country of birth. I trace job seekers

throughout their unemployment spell, registering different stages via

search categories such as on the job search, part time unemployed or

taking part in various labor market programs. To a certain extent, I

observe the reason for leaving unemployment, e.g. whether a job seeker

got full-time, part-time, subsidized employment, died or exited to edu-

cation. However, in the final sample, about 9 percent of spells end due

to a reason that is registered as “unknown” or “lost contact” and around

11 percent are right censored ongoing spells at the end of the observa-

tion window (February 18, 2014). Unemployment is defined as being

registered as full-time unemployed or part of some program which does

not involve subsidized employment. An unemployment spell ends with

an individual leaving the unemployment register as long as she does not

reappear as unemployed within 30 days. This is considered a temporary

break of the unemployment spell and thus being a part of the original

one. When estimating differences in hazard rates, a spell ends by the

individual either entering full-time or part-time employment while the

other reasons for exiting unemployment are censored.

The unemployment data is merged with data from the Swedish Un-

employment Insurance Board (IAF) that contain weekly UI payments

made to each individual. The register contains the start of each UI

benefit spell, previous wages, paid benefit amounts and the number of

days left in the UI period in any particular week. The start of an unem-

ployment spell and a benefit period do not always coincide as claiming

UI payments can be done with a lag. In order to make sure that the

benefit period belongs to a particular unemployment spell, I consider

benefit periods that have begun within 8 weeks prior to the start of
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unemployment. This also excludes voluntary quitters as the number of

waiting days for voluntary quitters are 45 (9 working weeks). Finally,

I use of the Swedish Multi-Generation Register which links parents to

their children and contains the date of birth at the monthly level.

A UI benefit period can consist of several unemployment spells. If a

spell is interrupted by e.g. temporary employment or education, revert-

ing back to unemployment implies continuing with the previous benefit

period unless the employment spell has lasted for more than 12 months.

People re-entering unemployment will therefore in general have differ-

ent number of weeks left on UI until benefit exhaustion.18 Although

using multiple unemployment spells for the same individual under the

same benefit period more than doubles the number of observations, it

severely complicates the analysis and identification. I therefore restrict

the sample to newly registered benefit-entitled unemployment spells.

I impose some additional restrictions on the data. First, i restrict

previous wages for which UI is based upon to 10, 057− 23, 015 SEK, as

individuals below and above are only partly or completely unaffected by

the treatment (see Figure 4.2). Second, ages are restricted to 25-59, as

special rules and programs may apply to younger individuals and early

retirement could be an option for older job seekers. Third, In order

to not include job seekers having being granted an additional benefit

period of 60 weeks but with lower benefits (65 % replacement rate)

I exclude job seekers with 65% replacement rates during their benefit

period. Finally, I exclude job seekers with a child who turn 18 the same

month as regular UI expiration may be reached. The research design is

thus a “donut” RD. This is done as I am unable to determine whether

the child is exactly above or below 18 in a given month.

Table 4.1 show different moments of observable characteristics of job

seekers in the main sample where the age of the child at predicted UI

exhaustion is between 16.5 and 19.5 years. i.e a bandwidth of ±18. The

average job seeker is around 47 years old and has a little more than 2

children. No more than 26 percent have a college degree and about 10

18For this reason a benefit period can span several years. Prior to 2007 the duration
on UI was in practice quasi-fixed as new benefit periods where given on a discretionary
basis. Prior to 2001 unemployed could even re-qualify for new round of benefits by
participating in labor market programs which in practice enabled indefinite cycling
within the UI-system (Sianesi, 2008, Bennmarker, Skans and Vikman, 2013).
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Table 4.1. Summary Statistics

Mean Standrad Median Min Max
deviation

Weeks in unemployment 45.92 55.02 26 0 363
Days used of UI 148.47 120.54 115 0 420
Age 47.73 5.18 30 47 59
Annual Earnings 15.66 10.19 17.2 0 79
# of children 2.34 1.08 2 1 11
Female 0.58 0.49 1 0 1
Disabled 0.10 0.30 0 0 1

Level of education
< Primary School 0.09 0.28 0 1
Primary School 0.18 0.39 0 1
High school 0.48 0.50 0 1
College < 2 year 0.09 0.28 0 1
College 0.17 0.37 0 1
Ph.D 0.00 0.06 0 1

Notes: Table show moments of observable job-seeker characteristics for
the main estimation sample used in the analysis with 13,162 observations.
Ages of job-seekers children at onset of unemployment is thus restricted
to 16.5 to 19.5 years. Annual earnings in the fourth row are presented in
10,000 SEK and refers to earnings in year 2006.

percent will at some point during the spell become registered as having

some sort of disability. The average earnings in 2006 is around 155,000

SEK where 10 percent of the sample has zero earnings. The average

unemployment duration is about 46 weeks but as usual the distribution

of duration is highly skewed to the right leaving the median is 26 weeks.

At the median, about a third of the standard UI benefits are used (115

out of 300 days) whereas the average is about 150 days.

4.4.3 Identifying assumptions

The validity of the RD-design hinges upon imperfect control over the

forcing variable. As there are economic incentives to extend UI, one

concern may be that job seekers can control the assignment variable

and sort to the right of the cut-off into treatment. This implies that job

seekers manipulate the age of their child at the time of UI exhaustion.

Age, as such, is checked by a third party and hence virtually impossible

to manipulate, however, a job seeker could time UI benefit entry such

that is coincides with their child being just below the age of 18 at UI
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Figure 4.3. Density around threshold
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Notes: The figure shows the frequency of observations around the threshold. The solid
lines are the OLS regression fit which include a second order polynomial polynomial
function interacted with the threshold estimated on a bandwidth of ±18. The jump
at the threshold is estimated to -6.7 with a standard error of 20.4.

benefit exhaustion. If so, this would invalidate the RD-design as it

implies a selection into treatment and thus non-random assignment of

prolonged potential duration on UI benefit. Formally, the identifying

assumption could be written as,

lim
Δ→0−

E[ε | ChildAge = 18+Δ] = lim
Δ→0+

E[ε | ChildAge = 18+Δ] (4.3)

where ε is the error term of equation (4.1). Approaching the threshold,

the distribution of any unobserved heterogeneity correlated with the

outcome of interest is the same among those just below and above the

cut-off. Although the assumption of continuity of ε can not be fully

tested, its validity can be assessed by checking that the frequency of

observations and that pre-determined observable characteristics varies

smoothly around the threshold (Lee and Lemieux, 2010).

Figure 4.3 shows the frequency of observations within a 18-month

bandwidth of the threshold. There is no evidence of bunching on either

side of the cut-off and, in the spirit of (McCrary, 2008), regressing the

frequency on an indicator for being below the threshold along with the

control function renders insignificant estimates with a p-value of .222

and 0.74 using a first and second order polynomial, respectively. This
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is perhaps not surprising as the margins for timing the start of the un-

employment spell such that UI exhaustion occurs just before the child’s

18th birthday is virtually non-existent when having dropped voluntary

quits and assigning (intention to) treatment based on the maximum 5

day UI take-out (see section 4.4.1).

I further test the continuity assumption by regressing an indicator for

being below the threshold on several pre determined covariates along

with the control function. Column (1) to (4) in Table 4.2 show results

from these regression varying both the bandwidth and the flexibility of

the control function. I find no strong evidence of selection into treatment

as I am unable to predict treatment at conventional significance levels

using individual job seekers’ characteristics by joint significance F-test.

Using the linear specification (column 1 and 2), I fail to reject the null

hypothesis of all coefficients being jointly equal to zero with a p-value

of 0.497 and 0.491. However, among specifications allowing for a higher

polynomial degree (column 3 and 4), one F-test reject the null-hypothesis

at the 5-percent level. This is most likely due to the level of education

estimates being highly variable and the quadratic specification over-

fitting the data. Nevertheless, all estimated coefficients are small in

economic terms. E.g. column 1 in Table 4.2 shows a linear specification

for the main bandwidth of 18-months on each side of the threshold. The

likelihood of treatment decreases by only 0.001–0.02 percent per 10,000

SEK in annual earnings (in year 2006).19

As an additional test of the continuity assumption, I plot separately

the relation between the outcomes listed in Table 4.2 and the forcing

variable in Figure A-4.1. Column (5) and (6) in 4.2 show the results of

these relations by regressing individual job seekers’ covariates separately

on the treatment indicator along with the control function. There ap-

pears to be some imbalance at the threshold job seekers just below (in

the treatment group) have about a 2 percentage point lower likelihood of

having a college degree, significant at the 5 percent level. As higher ed-

ucation is negatively correlated with both unemployment duration and

the use of UI, any bias stemming from this potential imbalance should

19As I restrict the sample based on the pre-unemployment wage (reported in the
IAF data) I choose to balance annual earnings in the year 2006 which is the year
before the first spell int he sample. Balancing pre unemployment wages also renders
an exact zero.
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Table 4.2. Balancing of Covariates

(1) (2) (3) (4) (5) (6)

Female -0.0012 0.0020 0.0022 -0.0003 -0.0001 0.0149
(0.0041) (0.0037) (0.0024) (0.0024) (0.0138) (0.0196)

Age 0.0001 0.0003 0.0004 0.0001 0.0414 0.4771∗
(0.0004) (0.0004) (0.0003) (0.0003) (0.1773) (0.2761)

Annual Earnings -0.0002 -0.0002 -0.0001 -0.0001 -0.2764 -0.5756
(0.0002) (0.0002) (0.0001) (0.0001) (0.3407) (0.6638)

Level of education
Primary School 0.0020 0.0021 0.0009 -0.0006 -0.0056 0.0199

(0.0090) (0.0079) (0.0056) (0.0053) (0.0112) (0.0143)
High school 0.0024 0.0067 -0.0036 -0.0039 -0.0140 -0.0502∗

(0.0084) (0.0075) (0.0059) (0.0050) (0.0162) (0.0268)
Some College 0.0063 0.0045 -0.0019 -0.0007 -0.0033 0.0011

(0.0079) (0.0080) (0.0041) (0.0039) (0.0099) (0.0174)
College 0.0113 0.0119 0.0011 0.0010 -0.0213∗∗ 0.0241∗

(0.0079) (0.0080) (0.0052) (0.0048) (0.0089) (0.0143)
Ph.D 0.0020 -0.0037 -0.0077 -0.0066 -0.0001 -0.0008

(0.0391) (0.0360) (0.0229) (0.0214) (0.0018) (0.0026)

Polynomial degree
1st order � � �
2nd order � � �

Bandwidth ± 18 24 18 24 18 18
p-value .497 .491 .0297 .28 · ·
R2 0.769 0.763 0.911 0.905 · ·
# clusters 36 48 36 48 36 36
N 13,162 17,355 13,162 17,355 13,162 13,162

Notes: The table show balance tests of baseline covariates at the threshold. Columns
(1)-(4) show results from regressing the a dummy for being above the threshold on
a set of baseline covariates and a polynomial control function interacted with the
threshold. The excluded category for highest attained education is less than pri-
mary school. The bottom of the table displays the F -statistic and the corresponding
p-value from testing the hypothesis that all coefficients being jointly equal to zero.
Columns (5)-(6) report results from balancing tests where each covariate have been
regressed separately on the instrument and a polynomial control function in relative
ranking interacted with the threshold. Standard errors clusteredon the forcing vari-
able and shown in parentheses. Asterisks indicate that the estimates are significantly
different from zero at the ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01 level.
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render an underestimation of the treatment effect. Nevertheless, when

estimating treatment effects in the next section I control for the level

of education to handle this potential imbalance. The results are not

sensitive to including these controls thus suggesting that the observed

imbalance is of minor importance.

The overall take-away from this exercise is that job seekers have im-

precise control of the forcing variable and failure to reject the continuity

assumption. This leads me to conclude that treatment can be considered

as good as randomly assigned among individuals around the threshold.

If, on the other hand, a bias would exist, due to education being slightly

unbalanced, it is likely to be minor. I control for all covariates listed in

Table 4.2 in my regressions to avoid any potential bias and as can be

seen in Table 4.3, this barely changes the estimates, thus confirming the

lack of any substantial bias.

4.5 Results

First, I present what I refer to as reduced form estimates. As the benefit

extension is granted based on the age of a job seekers’ child at the time

of UI exhaustion, which by a forward looking individual could be fore-

seen, these estimates reflect an ITT-effect. I.e how having the possibility

of utilizing the 30 week UI extension affect the duration on UI and in

unemployment. So I do not condition on job seekers de facto utilizing

the extension. As these reduced form estimates could be influenced by

dynamic selection, I follow job seekers dynamic responses to the poten-

tial extension of UI duration by analyzing survival an hazard rates to

employment and its timing with respect to UI exhaustion.
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Figure 4.4. UI benefits and duration in unemployment by normal-
ized child age
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Note: The figure show a) average utilization of UI and b) unemployment duration,
both in weeks and as a function of a job seekers’ child age in months at regular UI
exhaustion (week 60), normalized to zero for age 18 years. The regressions include
a linear polynomial function interacted with the threshold. Bins are discrete and
represent 1 month.
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4.5.1 Reduced form response to benefit extension

Figure 4.4 (A) plots UI the average utilization of UI by the forcing vari-

able. There exist a clear discontinuous downward jump at the threshold

indicating that job seekers who are eligible to the 30 week extension in-

deed use more weeks of UI. Table 4.3 show estimates of the effect of the

30 week UI extension on actual UI benefit duration and unemployment

duration. As can be seen in column (1), the discontinuous in Figure

4.4 (A) is estimated to 2.5 weeks (standard error 0.702) which corre-

sponds approximately to a 9 percent increase on average. This suggests

that a 10 week increase of potential UI renders roughly one additional

week in actual take up which corresponds to an elasticity of about 0.2

which is somewhat smaller than the UI elasticities found in Germany

by (Schmieder, Von wachter and Bender, 2012). It is reassuring that

adding covariates or allowing for higher order polynomials in column

(2) and (3) hardly changes the estimates, thus bolstering confidence in

the identifying assumption that treatment is orthogonal to other char-

acteristics correlated with the outcome. Moreover, results remain stable

when varying the bandwidth as can be seen in Figure A-4.4.

While the benefit extension have a clear effect on actual utilization of

UI, it need not necessarily affect unemployment duration if job seekers

who utilize the extension would have otherwise, in absence of the exten-

sion, would continued to be unemployed but without additional benefits.

Thus the effect on UI duration can be seen as a “first stage” to the ef-

fect on unemployment duration. Figure 4.4 (B) plots the average time

registered at the PES as unemployed by the forcing variable. Here there

is no evidence of the extension having an effect on average unemploy-

ment duration as it appears continuous at the threshold. The estimated

jump at the threshold, displayed in columns (4) to (6) of Table 4.3, lies

around 0.3-0.4 weeks and allowing for a more flexible functional form the

estimated effect even turns negative. Allowing for a larger bandwidth

increases the estimated effect on unemployment duration to around 2 to

3 weeks, although never statistically significantly different from zero at

conventional levels (see Figure A-4.4).
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Thus, it appears as if the 30 extension has not caused job seekers to

stay in unemployment longer but rather to the same extent but with

somewhat higher benefits. Nevertheless, it is important to recall that

this analysis is unable to take into account whether differences in poten-

tial duration has generated differences in e.g. time to employment. It is

possible that treatment and control group have the same average length

in unemployment but are leaving unemployment to different states (e.g.

regular employment, subsidized employment, non-employment). To ad-

dress this, in the following section I make use of the richness of the PES

data which include cause of exit (see section 4.4.2 for description) which

allows me to track job seekers throughout the unemployment spell and

see why they leave unemployment.20

4.5.2 Dynamic response

Graphical analysis

The top panel in Figure 4.5 plots (a) the probability of collecting UI

and (b) the probability of leaving the UI scheme, by calender weeks

since the start of UI benefits. This is done for workers within the 18

month bandwidth such that the lines corresponds survival and hazard

functions for the group of job seekers below (black) and above (red) the

threshold, not controlling for the running variable. After 60 weeks, about

50 percent are still collecting UI benefits at some rate. At that time,

when UI exhaustion occurs for job seekers in the control group having

collected UI 5 days a week, there is a spike in the hazard rate out of UI

where job seekers above the threshold are about 12 percent more likely

to go off UI. Similarly, there is an equivalent spike at week 90 for job

seekers below the threshold who are eligible to the 30 week UI extension.

These spikes are to some extent mechanical as UI is exhausted and job

seekers are able transfer to the JDG where they would receive activity

support from the social insurance agency. Nevertheless, it shows that

the treatment and control groups are well defined as there exists a ”first

stage” in the form of leaving UI.

20Unfortunately, the data does not allow me to test attrition to non-employment as
it has been shown that about 45 percent of this attrition is due to finding employment
while not reporting this to the PES (Bring and Carling, 2000).
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Figure 4.5. Survival and hazard rates out of UI and unemployment
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Notes: The figure shows in the upper panel a) the probability of survival on UI and
b) the hazard rat out of UI as a function of elapsed weeks on UI. In the lower panel
c) shows the probability of survival in registered unemployment and d) the hazard
out of unemployment as a function of weeks in registered unemployment.

Again, leaving UI need not imply that the job seeker leaves unemploy-

ment as he may transfer into e.g. the JDG and receive activity support.

This becomes evident when plotting the weekly survival and hazard out

of unemployment in Figure 4.5 (d) where the spike at week 60 and 90

virtually non-existent. There is, however, somewhat of an increase or

flattening out of the hazard rate when approaching week 60 of unemploy-

ment. But equally so for the control and treatment group. Importantly,

Figure 4.5 (c) show that the survival functions for the treatment and

the control group are literally on top of each other up until week 45 of

unemployment.21 This indicates that dynamic selection out of unem-

ployment is less likely to have occurred as job seekers seem not to act

on the possible extension and thus that the absence of effects are un-

likely to be driven by compositional changes in the groups. This is also

21Note that the likelihood of being on UI is greater than being unemployed.
Whereas this can appear counter intuitive as one needs to be unemployed to col-
lect UI benefits, leaving unemployment is defined as also having found part-time
employment so job seekers keep collecting UI benefits for days they do not work.
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confirmed in Table 4.4 showing non-significant differences in the hazard

rate prior to week 50.

The slight increase in the hazard rate at regular benefit exhaustion

(week 60) seems to be in line with previous studies such as (Katz and

Meyer, 1990a,b, Carling, Holmlund and Vejsiu, 2001, Bennmarker, Car-

ling and Holmlund, 2007), although much smaller in size. While there

being no visible difference between treatment and control in hazard out

of unemployment, there may still exist differences in the reason for ex-

iting. In order to determine whether this small increase in the hazard is

due to shrinking behavior or if job seekers become discouraged and leave

the labor force I make use of the detailed PES data which provides the

reason for exiting unemployment. Although, leaving unemployment for

other reasons than regular or subsidized employment is very rare and

constitutes about 6 percent of the sample with no significant differences

across treatment and control group.22 Figure 4.6 (a) plots the hazard

rate to regular employment by unemployment duration.23 There is no

visible difference in the hazard to employment at week 60 when benefits

are exhausted for job seekers in the control group. If anything, it ap-

pears as if job seekers entitled to the extended benefit have on average

a higher likelihood of leaving for employment during the weeks 60 to

90 of unemployment. On the other hand, Figure 4.6 (b) show that all

job seekers have a higher hazard rate to subsidized employment at the

time of regular benefit exhaustion. The spike in the hazard starts at

week 53 where job seekers become eligible to so-called new start jobs

which is a subsidized employment where employers are exempted from

paying the general payroll tax of 31.42 percent. While the spike in the

hazard rate is present for both groups, it looks like job seekers in the con-

trol group have on average a higher likelihood of escaping to subsidized

employment.

22About 12 percent of the sample are right hand censored.
23Regular employment is defined as finding a non-government subsidized job wither

full-time, part-time or temporary employment.
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Figure 4.6. Hazard rate by unemployment duration and reason for
leaving unemployment
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Note: The Figure plots a) hazard rate to regular employment and b) hazard rate to
subsidized employment by weeks in unemployment using a rectangular kernel with
a bandwidth of 1. This is plotted separately for job seekers in the treatment group
(black) and control group (red). The vertical dashed lines indicate benefit exhaustion
for workers utilizing UI 5 days a week in the control group (week 60) and in the
treatment group (week 90).
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Model estimates

Using the model specified in equation (4.2), Table 4.4 quantifies the

difference in hazard rates between control and treatment by unemploy-

ment duration. To make the comparison lucid, I have cut the weekly

intervals into a pre-exhaustion period and then in blocks of 10 weeks.

Column (1) to (4) show the results on the hazard to regular employment

whereas column (5) to (8) show exit to subsidized employment. Other

reasons for leaving then the ones indicated in the header of the columns

are are censored. Column (1) of Table 4.4 show the likelihood of leav-

ing unemployment for regular employment during the first 50 weeks for

job seekers in available for regular employment, that is conditional on

not having left unemployment for e.g. subsidized employment which is

a censored event in this case. The vast majority of job seekers find a

job before UI expire and the probability of having left unemployment

before week 50, for any reason, is 69.3 percent. In comparison exit to

subsidized employment is only 13.5 percent in the pre exhaustion period

as seen in column (5).24 Column (2) in Table 4.4 show the average dif-

ference in hazard rates to regular employment between treatment and

control group whereas column (3) estimates this difference at the thresh-

old and column (4) adds covariates. In the pre exhaustion period (week

0-50), there are no significant differences in the hazard to either regular

nor subsidized employment prior to the extension period. This suggests

that, in contrast to e.g. (Card, Chetty and Weber, 2007b), that job

seekers where unaware of or at least have not acted on the possible UI

extension. The absence of such anticipatory behavior may also be due

to the rather high replacement rate in the Job and Development Guar-

antee (JDG). As the difference in replacement rates transitioning from

UI to activity support is at maximum a 5 percentage point drop, the

optimization cost may exceed the discounted value of the losses, thereby

rendering job seekers passive (c.f. Chetty, 2012). This can be be com-

pared to e.g. Germany where the nominal replacement rate is 53 percent

while the effective unemployment assistance is about 35 percent and 10

24The reason the number of observations in column (1) and (5) in the first row of
Table 4.4 adds up to more than the 13,202 used in the main estimation (see Table
4.1) is that ongoing spells (exceeding 50 weeks) are used in both samples.
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percent for men and women, respectively, due to a reduction by spousal

earnings (Schmieder, Von wachter and Bender, 2012).25

The absence of anticipatory behavior enables comparisons of control

and treatment groups, conditional on unemployment duration exceeding

50 weeks as dynamic selection is likely a minor issue. Additionally, I

test for dynamic selection by balancing of covariates at the threshold

among job seekers unemployed at week 60. These results are shown

in in Table A-4.1 and display no significant differences of job seekers’

characteristics at the threshold and therefore gives creditably to the

interpretation that the estimated effects post week 60 of unemployment

are indeed a casual effect of the extended UI benefits and not an artifact

of dynamic selection.

Column (2) of Table 4.4 show treatment effects during the (possible)

benefit extension period. During week 60 to 90 of unemployment, job

seekers eligible for the extension seem to in fact have between 1.5 to

2.2 percentage points higher probability of leaving unemployment for

regular employment compared to job seekers eligible for the regular 60

week UI benefits. However, this difference turns insignificant in column

(3) when estimated at the threshold by including the control function

(column 3) and adding controls (column 4). Columns (6) to (8) show

estimates of the difference in the probability of leaving unemployment

for subsidized employment at different durations in the unemployment

spell corresponding to Figure 4.6 (b). There is some suggestive evidence

of job seekers in the control group are about 2 percentage points more

likely to leave for subsidized employment just as the regular benefit

period ends (week 61 to 69). This difference also turns insignificant

when controlling for a first order polynomial in the control function and

estimating the effect just at the threshold where job seekers should be as

good as randomly assigned to the benefit extension. Nevertheless, while

this increases the standard error the point estimate it remains about the

same size.

25In Austria where Nekoei and Weber (2017) and Card, Chetty and Weber
(2007a,b) study the effect of benefit increases on non-employment duration, unem-
ployed job seekers who exhaust their benefits can apply for unemployment assistance,
which is 92 percent of UI. However, as unemployment assistance is means-tested on
household income, the effective replacement rate is only around 39 percent of UI.
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CHAPTER 4

An interesting, although weak, pattern emerges from Table 4.4. While

job seekers eligible to the 30 week extension seem if anything somewhat

less likely to exit to subsidized employment during week 61 to 100, they

are more likely to exit regular employment. The upper panel of Figure

4.7 reproduces a more smoothed version of Figure 4.6 (b) and plots the

hazard rate to subsidized employment for treatment and control group

separately by unemployment duration. The lower panel of Figure 4.7

also plots the share of low-skilled job seekers, defined as the share of

people with no more than high school education. job seekers with access

to extended UI (treatment group) are about 2 percentage points less

likely to be low-skilled between week 75-95. This could also explain the

significant mean differences in the hazard to regular employment seen in

column (2) to (4) in Table 4.4. Thus, I attribute lions share of the hazard

difference to the fact that the control group is selected in such a way

that it contains less able job seekers post exhaustion. Interestingly, there

is no spike in the hazard to subsidized employment for the treated job

seekers at extended benefit exhaustion (week 90). Rather, the treatment

group seems less likely to leave for subsidized employment. This may

seem surprising as the share of low-skilled individuals of the control and

treatment group converges around week 110 of unemployment. However,

I take this as evidence that the relatively high-skilled in the treatment

group are the individuals that find regular employment. This suggests

that the high-skilled individuals who entered into subsidized jobs would

most likely have gotten regular employment had they remained on UI.

4.6 Conclusions

This paper uses a natural experiment in Sweden where job seekers with

children under the age of 18 get 90 instead of 60 weeks of UI benefits, to

show that although increasing potential UI duration had a positive effect

on actual UI duration (estimated at 2.7 weeks, implying an elasticity of

0.2), it had no significant impact on either unemployment duration nor

the hazard to employment. This stands in contrast to the previous liter-

ature which has found positive effects on unemployment duration rather

consistently (see e.g. Card, Chetty and Weber, 2007a,b, Lalive, Van Ours

and Zweimüller, 2006, Lalive, 2007, 2008, Landais, 2015, Nekoei and We-
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4.6. CONCLUSIONS

Figure 4.7. Hazard rate to subsidized employment and share of
low-skilled by weeks in unemployment
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Notes: The upper panel of the Figure plots the hazard to subsidized employment
using a rectangular kernel with a bandwidth of 4. The lower panel plots the share of
low-skilled job seekers by five week intervals of unemployment duration. Low-skilled
is defined as having no more than high school education as a function of weeks in
registered unemployment. This is done separately for job seekers in the treatment
group (black) and control group (red). The vertical dashed lines indicate benefit
exhaustion for workers utilizing UI 5 days a week in the control group (week 60) and
in the treatment group (week 90).

ber, 2017, Schmieder, Von wachter and Bender, 2012). I attribute this

disparity of results to the rather generous replacement rates offered in

programs available to job seekers after UI exhaustion. As the disincen-

tive effects of UI depend on the change in replacement rates, which in

Sweden is 5 percentage points, this creates minor financial incentives to

adjust search behavior. This highlights the importance of taking alter-

native benefits schemes into consideration, and their potential effects on

the incentives of job search, both when designing a UI-system and when

estimating its effects on e.g. unemployment duration. While the effects

of UI on unemployment duration and the hazard to employment are well

researched, I encourage future researchers to look into how different lev-

els of post UI exhaustion benefits (such as unemployment assistance)

affect the duration on UI and in unemployment.

The previous literature has found that the probability of leaving un-

employment increases sharply at benefit exhaustion (see e.g. Katz and

Meyer, 1990a,b, van Ours and Vodopivec, 2006, Carling et al., 1996)
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which has mainly been attributed to strategic behavior and shirking

among job seekers, thus timing job-finding to benefit exhaustion. How-

ever, Card, Chetty and Weber (2007b) opposes this view and shows, us-

ing Austrian data, that fewer than one percent of unemployment spells

are manipulated in such a way. They point out that “[s]tudies that fo-

cus on the duration of benefit receipt often find elevated hazards prior

to exhaustion. In contrast, most studies that have focused on time to

re-employment and used administrative data to measure job starts have

found relatively small changes in exit rates at or near benefit exhaus-

tion.” (p. 15). The evidence presented in this paper speaks in favor

of the interpretation in Card, Chetty and Weber (2007b). I find no

evidence of job seekers manipulating or postponing employment such

that it should coincide with benefit exhaustion. Rather, while there

being a sharp increase in the hazard rate out of UI the absence of a

corresponding hazard to regular full-time or part-time employment is

strikingly absent. Moreover, job seekers do not appear to lower their

search intensity during the unemployment spell in anticipation of future

UI benefits.
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Appendix

Table A-4.1. Balancing of covariates on job-seekers unemployed
at week 60

(1) (2) (3) (4) (5) (6)

Female -0.0102 -0.0062 -0.0025 -0.0035 -0.0041 -0.0312
(0.0087) (0.0081) (0.0047) (0.0044) (0.0413) (0.0631)

Age -0.0002 -0.0006 0.0005 0.0004 0.0455 0.7356
(0.0011) (0.0009) (0.0007) (0.0006) (0.5335) (0.8421)

Annual Earnings -0.0002 0.0000 -0.0003 -0.0002 -0.1726 -0.9851
(0.0003) (0.0002) (0.0002) (0.0002) (0.4663) (0.7023)

Level of education
Primary School 0.0192 0.0127 0.0035 0.0083 0.0352 0.0001

(0.0143) (0.0133) (0.0072) (0.0067) (0.0224) (0.0341)
High school 0.0046 0.0073 0.0019 0.0004 -0.0463 -0.0457

(0.0122) (0.0123) (0.0056) (0.0058) (0.0344) (0.0461)
College < 2 year 0.0130 0.0106 0.0109 0.0054 0.0023 0.0224

(0.0232) (0.0215) (0.0133) (0.0119) (0.0206) (0.0367)
College 0.0222 0.0167 0.0084 0.0120 0.0289 0.3489

(0.0174) (0.0160) (0.0083) (0.0080) (0.0269) (0.0396)
Ph.D 0.0405 0.0292 0.0376 0.0411 0.0022 0.0066

(0.0600) (0.0632) (0.0344) (0.0371) (0.0042) (0.0067)

Polynomial order
1st order � � �
2nd order � � �

Bandwidth ± 18 24 18 24 18 18
p-value .349 .957 .233 .071 · ·
R2 0.773 0.767 0.913 0.908 · ·
# clusters 36 48 36 48 36 36
N 3,281 4,319 3,281 4,319 3,281 3,281

Notes: The table show balance tests of baseline covariates at the threshold for job
seekers unemployed after 60 weeks. Columns (1)-(4) show results from regressing
the a dummy for being above the threshold on a set of baseline covariates and a
polynomial control function interacted with the threshold. The excluded category
for highest attained education is less than primary school. The bottom of the table
displays the F -statistic and the corresponding p-value from testing the hypothe-
sis that all coefficients being jointly equal to zero. Columns (5)-(6) report results
from balancing tests where each covariate have been regressed separately on the
instrument and a polynomial control function in relative ranking interacted with
the threshold. Standard errors clusteredon the forcing variable and shown in paren-
theses. Asterisks indicate that the estimates are significantly different from zero at
the ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01 level.
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Figure A-4.1. Balancing of covariates
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Notes: The figure plots average job seeker characteristics by the age of the job seekers’
child in months at approximated benefit exhaustion. Age is normalized to 0 zero at
the age of 18 and bins are discrete. Each graph is fitted with a first order polynomial
on each side of the threshold and the estimated jump at the threshold can be found
in Table 4.2 column (5), separately for each covariate.
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Figure A-4.2. Balancing of covariates by bandwidth (1st-order
polynomial)
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Notes: The figure show results from balancing of job seeker characteristics at the
threshold for different bandwidths. Estimates are produced by regressing the specified
pre determined covariate on an indicator for being below the threshold and a first
order polynomial function interacted with the threshold. Standard errors clustered
on the forcing variable and shown in parentheses and the red lines show 95 percent
confidence intervals.
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Figure A-4.3. Balancing of covariates by bandwidth (2nd-order
polynomial)
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Notes: The figure show results from balancing of job seeker characteristics at the
threshold for different bandwidths. Estimates are produced by regressing the specified
pre determined covariate on an indicator for being below the threshold and a second
order polynomial function interacted with the threshold. Standard errors clustered
on the forcing variable and shown in parentheses and the red lines show 95 percent
confidence intervals.
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CHAPTER 4

Figure A-4.4. Estimated treatment effects by bandwidth

(a) 1st-order polynomial
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(b) 2nd-order polynomial

0
2

4
6

Tr
ea

tm
en

t e
ffe

ct
 e

st
im

at
e

10 20 30 40 50 60
Bandwidth

UI duration (weeks)

(c) 1st-order polynomial
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(d) 2nd-order polynomial
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Notes: The figure show estimated treatment effects along with 95 percent confidence
intervals, estimated by equation (4.1), as a function of bandwidth around the
threshold. This is done for duration on UI in weeks and weeks in unemployment as
well for the natural log of both variables. The regressions include a linear polynomial
function interacted with the threshold and controls for gender, age, annual earnings
in 2006 and six dummies for level of education. Standard errors in parentheses which
are clustered on the forcing variable.
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