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EMPLOYER  SCREENING  AND  OPTIMAL  UNEMPLOYMENT  

INSURANCE  

∗

Mario Meier and Tim Obermeier 

Field experiments show that employers are less likely to consider long-term unemployed job seekers for 
interviews. We study the implications for optimal unemployment insurance. Based on a structural model 
of job search and recruitment, estimated with German data, we analyse the optimal two-tier unemployment 
system. We find that screening makes the optimal initial benefit level 4 percentage points higher and the 
potential benefit duration seven months longer. Using an extended Baily–Chetty formula, we study the 
mechanisms through which screening affects the consumption smoothing gain and moral hazard cost of 
providing unemployment insurance and highlight the role of the externality from endogenous firm behaviour. 
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ecent evidence from field experiments indicates that emplo yers tak e unemplo yment duration
nto account when making decisions about which applicants to invite for interviews. Kroft et al.
 2013 ) found that the probability of being invited for an interview falls by 50% within the first six
onths of unemployment and argued that this can best be rationalised as screening behaviour.
hen job seekers differ in their productivity, less employable individuals are more likely to

xperience long unemployment spells, which can make firms reluctant to interview the long-term
nemployed. Such statistical discrimination against the long-term unemployed can have severe
onsequences for job seekers, as a long unemployment spell can make it difficult to be considered
or jobs even when the w ork er is qualified. 

How should the optimal unemployment insurance (UI) system account for these ‘stigma’
ffects? The presence of screening affects the optimal policy problem in various ways. The
ain goal of UI is to provide insurance while maintaining search incentives. The presence of

creening leads to declining re-employment prospects the longer an individual is unemployed
‘duration dependence’), which changes how strongly individuals value insurance, as well as
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heir incentives to search for jobs, and has implications for optimal UI for these reasons. In
ddition, the extent of screening itself depends on labour market conditions and the selection
f different types of unemployed workers o v er the unemployment spell. For example, when UI
rogrammes change their search incentives in a way that retains the most productive w ork ers in
he unemployment pool for longer, unemployment duration becomes a less informative signal
nd firms will discriminate less against the long-term unemployed. As a result, UI programmes
an have an indirect effect on job-finding rates through their effect on firms’ interviewing and
iring decisions, which the optimal UI system should also take into account. 

Owing to these different considerations, it is not clear how the presence of screening affects
he optimal UI system. To clarify this issue, we build a quantitative model of the job search and
ecruitment process and use the estimated model for policy analysis. In our model, w ork ers decide
n their search effort and savings. Firms receive multiple applications from w ork ers and do not
bserve the productivity of each w ork er, but only their unemployment duration and a signal about
roductivity. Firms infer productivity by combining the information contained in unemployment
uration and the signal and rank applicants by their expected productivity. Workers who are
igher in the ranking have a higher probability of being hired. Taken together, the job-finding
ate depends on both the search effort of w ork ers and the offer probability (that is, the probability
f receiving an offer conditional on having sent an application to a firm). The UI benefit system
ffects both of these aspects. Workers’ search incentives depend on the generosity of the benefits
he y receiv e. As w ork ers change their search behaviour, firms’ beliefs about the productivity of
he unemployed can change, as well as the pool of applicants. Firms can therefore adjust their
nterviewing and hiring choices, which leads to a change in the offer probabilities. 

We estimate our model using German administrative data on job-finding rates and surv e y data
n search effort, vacancies, applications and savings, including a comprehensiv e surv e y (the
erman Job Vacancy Survey) that contains information about the recruitment process from the
erspective of firms. Our estimated model matches several empirical features of the job search
nd hiring process, namely, the decline in job-finding rates, the applications-per-vacancy ratio,
he decline in interview rates and the decline in the search effort of agents. Using our estimated
odel, we then study optimal two-tier unemployment systems. These are schedules that are

escribed by three policy variables: first, an initial benefit level ( b 1 ); second, the number of
onths for which this benefit level is paid (the potential benefit duration (PBD), denoted D); and

hird, the second benefit level for the long-term unemployed ( b 2 ). These two-tier systems reflect
he UI policies that are in place in many countries. 

Our analysis leads to three main messages. First, we find that screening has a significant impact
n the optimal schedule. We compare the estimated screening model with a full-information
enchmark, where the productivity of each applicant is perfectly revealed to firms so that they
o not engage in statistical discrimination against the long-term unemployed. In the screening
odel, job-finding rates for the short-term unemployed are substantially higher than in the full-

nformation benchmark, while the rates are lower for the long-term unemployed. Overall, the
ptimal initial benefit level ( b 1 ) is 4 percentage points higher in the screening model (63% rather
han 59%) than it would be in the absence of screening. In addition, the optimal potential benefit
uration ( D) increases substantially by seven months (twenty-six months compared with nineteen
onths). Therefore, we find that statistical discrimination, which has been documented by the

udit study literature (e.g., Kroft et al., 2013 ), has an important impact on optimal UI design. 
Second, we study the mechanisms through which screening affects optimal policy design. Lehr

 2017 ) and Kolsrud et al. ( 2018 ) showed that optimal policy in employer screening models can
© The Author(s) 2024. 
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e characterised through an adjusted Baily–Chetty formula. The ‘sufficient statistics’ express the
elfare gain from raising benefits as the difference between the consumption smoothing gain

the value of transferring resources from the employed to the unemployed), the moral hazard
ost (how important revenue losses due to behavioural responses are relative to the mechanical
evenue loss from raising benefits) and an externality term (capturing that changes in the UI
olicy can change offer probabilities). Using the framework from Kolsrud et al. ( 2018 ), we show
hat our result that the optimal initial benefit level ( b 1 ) is higher in the screening model is driven
y the combination of the following mechanisms: when employers screen applicants by duration,
ffer probabilities rise for short-term unemplo yed w ork ers and fall for the long-term unemployed
elative to the full-information benchmark. Workers search more intensely in the beginning of
he spell to a v oid long-term unemployment. Because of both of these effects, workers are more
ikely to find a job in the beginning of their unemployment spell. Therefore, there are fewer
 ork ers who receive b 1 and raising b 1 becomes less costly for the go v ernment, both in terms
f the mechanical revenue loss and the behavioural response. The mechanical revenue loss falls
ore strongly and this effect increases the moral hazard cost (which is the ratio of the behavioural

esponse and the mechanical revenue loss). Another mechanism that increases moral hazard costs
s that w ork ers internalise screening and their search effort becomes more responsive to benefits
the elasticity of effort with respect to benefits rises). The consumption smoothing gain goes up,
s the wedge in the marginal utility of consumption between the unemployed and the employed
rows. One of the key points of our analysis is that the planner also takes into account the fact
hat raising benefits affects firms’ offer probabilities. The main mechanism for this effect is
hat the benefit system changes the composition of the applications coming from the long-term
nemployed: when benefits are more generous, there are more high-type workers among long-
erm unemployed applicants. Firms’ beliefs about the long-term unemployed impro v e and the y
re more likely to interview and hire them. As raising benefits increases offer rates, this leads to
 positiv e e xternality effect on welfare. Furthermore, the impact of benefits on offer probabilities
lso lowers the elasticity of unemployment with respect to benefits, which leads to a fall in
he moral hazard cost and offsets the earlier two effects that increased the moral hazard cost.
ltogether, the consumption smoothing gain is 6.8% higher in the screening model than in the

ull-information benchmark, the moral hazard cost is 14.1% lower and the externality-adjusted
oral hazard cost is 49.7% lower. Since the consumption smoothing gain from raising the initial

enefit is now larger than the adjusted moral hazard cost, it is optimal for the planner to increase
enefits. The reasoning for why the PBD is higher in the screening model is very similar. Overall,
he hiring externality, which is new in employer screening models, plays an important role for
ur optimal policy results. 

Third, we conduct a welfare analysis of who gains and loses when the go v ernment takes
creening into account. Implementing the optimal schedule from the screening model—relative to
rongly imposing the optimal schedule from the full-information benchmark—leads to important
istributional welfare effects. The lowest-type w ork ers gain up to 1,777 e , while the highest-type
 ork ers lose welf are equi v alent to 937 e . We get similar welfare gains and losses when re-

stimating the full-information benchmark so that it fits the same data moments as the screening
odel. This corresponds to the case where the researcher ‘wrongly’ estimates the full-information
odel, while the labour market is better described by the screening model. In this case, low-type
 ork ers gain 1,258 e , while high-type w ork ers lose 730 e . Taken together, these results suggest

hat taking screening into account—rather than basing the optimal policy on the full-information
odel—reduces inequality between low- and high-type w ork ers. 
The Author(s) 2024. 
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Our paper contributes to the literature on (optimal) unemployment insurance by studying the
ole of employer screening for optimal UI policy design. Various papers have studied optimal UI
olicy design in partial equilibrium models (see, e.g., Baily, 1978 ; Gruber, 1997 ; Hopenhayn and
icolini, 1997 ; Chetty, 2006 ; 2008 ; Shimer and Werning, 2006 ; 2008 ; Lentz, 2009 ; Pa v oni, 2009 )
r, more recently, in general equilibrium settings with endogenous wages or market tightness
Michaillat, 2012 ; Lalive et al., 2015 ; Marinescu, 2017 ; Landais et al. , 2018a , b ; Hagedorn et al. ,
019 ). Even though this is a large literature, little attention has been paid to the role of employer
creening. Two notable exceptions that are most closely related to our paper are Lehr ( 2017 )
nd Kolsrud et al. ( 2018 ). Kolsrud et al. ( 2018 ) studied the optimal timing of UI benefits in
he context of a Swedish reform. They extended the classic Baily–Chetty formula to the case
f time-varying UI benefits in a partial equilibrium model and estimated the components of
his formula (the ‘sufficient statistics’) based on the Swedish data. To discuss the robustness
f their implementation, they also showed that the presence of employer screening would lead
o an additional ‘hiring externality’ in the sufficient statistics formula, which ho we ver cannot
e estimated in the Swedish data. Lehr ( 2017 ) also derived a sufficient statistics formula that
ccounts for employer screening by also including an externality term. Our paper extends and
omplements this work by studying the role of employer screening from the perspective of a
tructural model. In particular, we show how the introduction of screening affects optimal policy
ompared to the full-information benchmark and study the underlying mechanisms in terms of
 ork ers’ search incentives and consumption, as well as firms’ hiring behaviour. Furthermore, our

nalysis also suggests that the hiring externality, which has not previously been quantified, can
e quantitatively important. More generally, this highlights the value of complementing reduced-
orm estimates of the sufficient statistics with model-based assessments of the hiring externality,
n order to better assess the welfare gains from changing the UI policy. 

In addition, our paper also contributes to a recent macroeconomic literature on the impact of
mployer screening in search and matching models of the labour market. 1 The no v elty, relativ e
o this literature, is studying the role of the UI policy in a screening model. Most closely related
o our paper, Jarosch and Pilossoph ( 2019 ) used a random search framework to investigate the
uantitative link between the decline in callback rates and duration dependence. While our broad
odelling approach is similar to Jarosch and Pilossoph ( 2019 ), we add a combination of features,
hich is absent in their paper, but which is crucial for the analysis of the UI policy; in particular,

ndogenous search effort, risk aversion and savings. Fernandez-Blanco and Preugschat ( 2018 )
ook a different approach by including screening in a directed search model that can account
or endogenous wages. They showed that there is an equilibrium in which the labour market is
ot segmented, so that different types of w ork ers apply for the same vacancies. Doppelt ( 2016 )
lso built a directed search model with screening, focusing on the information contained in
he labour market history of a worker’s life cycle. Feng et al. ( 2019 ) also studied screening in
 directed search model, characterised the types of equilibria and performed some illustrative
olic y e xperiments. Conceptually, an important difference is that the directed search models
ypically allow for endogenous wages. Wages are fixed in both Jarosch and Pilossoph ( 2019 )
nd our model, as endogenous wages are more difficult to incorporate in random search models
© The Author(s) 2024. 

1 Early contributions about the potential role of employer screening were Lockwood ( 1991 ) and Kollmann ( 1994 ), 
ho studied the informational content of unemployment duration. In addition, ranking models—where firms receive 
ultiple applications and hire only one applicant—have a tradition going back to Blanchard and Diamond ( 1994 ), who 

ssumed that firms hire the applicant with the shortest unemployment duration. 

5



employer screening and optimal ui 5 

©

w  

t  

a  

a  

F
 

d  

e  

t

1

T  

h

1

F  

t  

i  

e  

O  

s  

b  

i  

a  

a
 

d  

t  

o  

T  

t  

r  

2  

s  

a  

m  

A  

U  

n  

d
S
s

D
ow

nloaded from
 https://academ

ic.oup.com
/ej/advance-article/doi/10.1093/ej/ueae095/7876487 by guest on 14 January 2025
ith multiple applicants per vacancy. While fixed wages are an important simplification relative
o directed search models, this allows us to enrich our model in several other dimensions that
re crucial for the analysis of the UI policy (in particular endogenous search effort and savings)
nd would be much more difficult to incorporate in a directed search model in the spirit of
ernandez-Blanco and Preugschat ( 2018 ). 
The rest of the paper is organised as follows. In Section 1 , we focus on the data and some

escriptive facts. Section 2 presents the model and policy problem. Section 3 describes the
stimation and discusses estimation results and model fit. In Section 4 , we discuss welfare and
he corresponding policy results and Section 5 concludes. 

. Data and Descripti v e Facts 

his section presents the data we use and empirical facts about job search behaviour and the
iring process. 

.1. Data 

or the purpose of our analysis, we use data from Germany, as there are various datasets available
hat co v er different aspects of the job search and hiring process. In Germany, most unemployed
ndi viduals recei v e unemployment benefits for up to twelv e months of unemployment and are
ligible for unemployment assistance if they remain unemployed for longer than twelve months.
lder individuals are eligible for longer unemployment insurance payments, but we restrict our

tudy to individuals who receive twelve months of benefits. Unemployed individuals receive
enefits that amount to 60% or 67% of their past wage, depending on their marital status. After
ndividuals run out of UI, they receive means-tested unemployment assistance benefits, which are
round 40% for individuals who earn the average wage in our sample. Unemployment benefits
re financed by social security contributions of w ork ers and firms. 2 

The German setting allows us to base the design and estimation of our model on several
atasets that contain information on job-finding rates, search effort and vacancies. First, we use
he German social insurance data (IEB/SIAB), which provide information on the characteristics
f the unemployed, in particular the length of their unemployment spell and their wage history.
he data contain all individuals who have been unemployed at some time or regularly employed

hrough an employment relationship that is subject to social insurance. We have access to a 2%
andom sample of the population and restrict ourselves to unemployment spells starting from
000 until 2011. Second, we use the IZA Evaluation Dataset (IZA ED), which is a representative
urv e y performed among UI entrants between June 2007 and May 2008. These data come from
 panel where participants were interviewed up to four times after their period of unemploy-
ent commenced. The first interview took place close to the start of their unemployment spell.
dditional interviews took place six, twelve and thirty-six months after they started receiving
I. Participants in this study were asked about their individual search effort (for example, the
umber of applications or number of search channels) and to report their reservation wage (that
The Author(s) 2024. 

2 The German unemployment insurance system compares relatively well to unemployment insurance schemes in other 
eveloped countries, such as the United States and many other European countries. Ho we ver, the system in the United 
tates has a less generous potential benefit duration and replacement rate than Germany and no unemployment assistance 
ystem. For further details on the institutions in Germany, we refer the reader to Online Appendix C . 

https://academic.oup.com/ej/article-lookup/doi/10.1093/ej/ueae095#supplementary-data
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Table 1. Descriptive Statistics. 

Variables N Mean SD 

Panel A: employment register 

Re-emplo yment w age (euros) 55,362 1,605 .33 (1,059 .92) 
Unemployment duration (months) 59,751 12 .59 (12 .71) 
Female 59,751 0 .445 (0 .497) 
Age 59,751 30 .8 (9 .12) 
Married 59,751 0 .324 (0 .468) 
Children 59,751 0 .302 (0 .459) 
College 56,694 0 .096 (0 .294) 
Apprenticeship 56,694 0 .752 (0 .432) 

Panel B: IZA Evaluation Dataset 

Number of applications, month 1 6,815 13 .49 (14 .95) 
Number of applications, month 6 377 9 .15 (10 .09) 
Number of applications, month 12 1,710 8 .11 (9 .78) 
Search channels, month 1 6,898 4 .78 (1 .8) 

Panel C: Panel on Household Finances (quantiles) 

Net liquid assets (euros, p10) 295 −1,003 –
Net liquid assets (euros, p25) 295 −6 –
Net liquid assets (euros, p50) 295 247 –
Net liquid assets (euros, p75) 295 4,997 –
Net liquid assets (euros, p90) 295 40,497 –
Net assets (euros, including home, p50) 295 894 –

Panel D: Job Vacancy Survey 

Number of applicants 62,904 14 .79 (36 .96) 
Time vacancy is open (days) 76,240 56 .75 (67 .08) 

Notes: This table sho ws descripti ve statistics from our different data sources. Panel A shows descriptive statistics from 

the administrative employment registers of individuals who experience their first unemployment spell at the time it starts. 
Panel B summarises search effort measures from the IZA Evaluation Dataset. Panel C uses the Bundesbank Panel on 
Household Finances for information on assets. In panel D, statistics from the IAB Job Vacancy Survey are shown. Here, 
N denotes the number of observations behind each statistic. 
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s, the minimum acceptable wage for them to exit unemployment and start a job). Third, we use
he IAB Job Vacanc y Surv e y (JVS), which is a representative survey conducted among firms on
pen vacancies and hiring decisions made by firms. The surv e y contains information on whether
nemployed applicants were hired and how many applicants firms invite to an interview. Fourth,
e use the Bundesbank Panel on Household Finances (PHF), which contains information on

avings, liquid assets and debt levels. In these data, individuals are also asked to report whether
hey are employed or unemployed. 

Table 1 summarises some of the main characteristics of the data sources. The average monthly
e-emplo yment w age after unemplo yment for job seek ers is 1,605 euros. The re-employment
age is defined as the average monthly earnings an individual receives in the year after the UI

pell has ended. Table 1 also reports some observable characteristics of unemployed job seekers.
n the IZA ED data, individuals use roughly four to five search channels, where most individuals
n the sample look for job advertisements, ask friends or relatives for jobs or use online search
ools. Many individuals are also offered help from their local employment agencies. Table 1
hows that job seekers send out thirteen applications on average at the beginning of the UI spell.
rom the PHF dataset, we extract some information regarding assets (in particular, liquid assets)
f the unemployed. In Table 1 , we show different quantiles from the net liquid asset distribution of
© The Author(s) 2024. 
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he unemployed in the sample. We see that asset holdings are indeed very heterogeneous, where
early half of the individuals have hardly any assets. 3 By contrast, roughly 10% of individuals
ave more than 40,000 euros in liquid assets. Net assets, which also include real estate, are larger,
n average. Finally, the JVS shows that firms receive, on average, fifteen applications and that it
akes around two months to fill an open vacancy. 4 

.2. Descriptive Facts 

n this subsection, we provide some evidence on individuals’ job-finding rates and search effort, as
ell as on firms’ screening and interview decisions, which moti v ates our modelling assumptions.
e then build a model of the job search and recruitment process, which incorporates these

ifferent aspects. 

.2.1. Job-finding rates 
he job-finding rate of unemployed job seekers in Germany is shown in Figure 1 (a). In the
rst months of unemployment, exit rates out of unemployment are abo v e 10%. Ho we ver, job-
nding rates decrease throughout the spell and are only 5% after one year and 2.5% after two
ears of unemployment. 5 Hence, the chance to find a job diminishes the longer someone is
nemployed. There are two explanations for this decline in the hazard rate from unemployment:
rst, selection/heterogeneity or, second, (true) duration dependence. Heterogeneity can enter

n the form of the productivity differences of job seekers. Duration dependence describes the
eclining job prospects for individuals, given their type. Most likely, both selection and duration
ependence contribute to falling hazard rates. 

.2.2. Search effort 
ince we are interested in dynamic UI policies, it is important to consider how individuals
hange their search effort o v er the unemployment spell, because search effort responses are a
ain determinant of the moral hazard costs associated with UI. Figure 1 (b) illustrates the number

f applications that agents write per month as a function of their unemployment duration. At
he beginning of the unemployment spell, they send, on average, more than thirteen applications
er month, while after six months approximately nine applications are sent, and after twelve
onths only eight applications are sent. Hence, the average search effort seems to decrease over

he unemployment spell. 6 Note that we have ignored other measures of search effort for now, for
xample the number of search channels or the time used in a job search. Our choice is moti v ated
y the fact that our model explicitly allows agents to send out applications. 7 

.2.3. Multiple applications per vacancy 
n important factor that determines job search outcomes is how many other applicants are

earching for a similar job. Hence, depending on the number of applications per vacancy, the
ob-finding rate might be higher or lower for a given search effort. The importance of these
The Author(s) 2024. 

3 Net liquid assets are defined as the difference between liquid assets and short-term debt, such as credit card debt. 
4 This time is defined as the difference between the release of the job advertisement and the acceptance of a job offer 

y an applicant. 
5 The small spike at twelve months is due to the benefit exhaustion, which leads more individuals to exit unemployment. 

ee DellaVigna et al. ( 2017 ) for a detailed exploration of the benefit exhaustion spike. 
6 Declining search efforts o v er the UI spell was also documented in the United States by Krueger and Mueller ( 2011 ). 
7 Lichter ( 2016 ) also used the number of applications as a search measure and discussed this choice in more detail. 

 2025
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(a) Job-finding rate

(c) Distribution of applications (d) Share of interviewed applicants

(b) Search effort

Fig. 1. Descriptive Facts. 
Notes: Panel (a) shows the job-finding probability (hazard rate) of individuals on the y axis as a function of 
the unemployment duration on the x axis. Source: SIAB. Panel (b) shows the mean number of applications 

unemployed agents send out in the first month of unemployment, the sixth month of unemployment and 
after one year of unemployment. Source: IZA ED. Panel (c) illustrates the distribution of applications 

across vacancies. The y axis denotes the fraction of vacancies that receive a certain number of applications. 
Source: JVS. Panel (d) shows the fraction of interviewed applicants as a function of the number of 

applications received. Source: JVS. 
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rowding-out effects depend on the number of competitors in the application for a job. Intuitively,
f there are many applicants per vacancy, some job seekers will receive no job offer and will need
o continue their search. Figure 1 (c) plots the histogram of the number of applications an open
 acancy recei ves. The average number of applications is approximately fifteen, with a median of
ve applications per vacancy. This panel suggests that firms have considerable flexibility to select

he best applicant and that the outside option of a firm is to screen or hire alternative applicants. 

.2.4. Employer screening 

n the recruitment process, employers typically select a subset of the applications they receive
nd proceed with further screening. In panel (d) of Figure 1 , we show that the share of applicants
eceiving an interview invitation depends on the number of applications a vacancy receives.
t is clear that the more applications there are, the less likely it is to be invited to an inter-
iew. The interview shares are around 50% for vacancies with five applications (i.e., at the
© The Author(s) 2024. 
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edian), and only 30% for vacancies with fifteen applications (i.e., at the mean). The figure high-
ights that the presence of multiple applications per vacancy is an essential feature for studying
creening; firms who only receive one application for their vacancy almost al w ays interview the
pplicant. 

In the job vacanc y surv e y, employers are also asked whether they consider unemployed
pplicants, depending on the unemployment duration of the applicant. Conditional on stating
hat they consider unemployed applicants, only 75% of firms consider applicants with more than
 few months of unemployment duration ( Online Appendix Figure A2 ) and only 60% of firms
onsider applicants with more than twelve months of unemployment duration. Hence, only 60%
f firms that are, in principle, willing to consider unemployed applicants are willing to accept
ong-term unemployed applicants. Online Appendix Figure A2 illustrates this graphically. 

This surv e y evidence complements the experimental findings of Kroft et al. ( 2013 ), who
ound that the callback rate (interview invitation) of an application that was sent out to open
acancies strongly depends on the unemployment duration presented in the CV of the applicant.
n fact, the probability of receiving a callback from an employer declines by roughly 50% o v er
he unemployment spell. Note that declining callback rates can, in principle, also be generated
y models of human capital depreciation. Ho we ver, Kroft et al. ( 2013 ) demonstrated that the
ecline in the callback rate is much weaker when the unemployment-to-vacancy ratio is high.
his finding is hard to rationalise with human capital depreciation, since human capital would
epreciate independently of labour market conditions. Employer screening, on the other hand,
redicts that unemployment duration is less informative about productivity under adverse labour
arket conditions, since individuals with high productivity also stay unemployed for a longer

eriod. This is in line with the evidence provided by Kroft et al. ( 2013 ). 8 

. Model 

ur model is designed to capture the empirical patterns presented in Section 1.2 . The model
uilds on previous literature, which studies optimal unemployment insurance in a setting with
isk aversion, endogenous effort and savings (see, e.g., Lentz, 2009 ). We extend this work by
ncorporating firms’ hiring decisions to account for the empirical patterns (as in, e.g., Jarosch and
ilossoph, 2019 ). The key feature of our model is that w ork ers are heterogeneous in productivity
nd firms have to select candidates from a pool of multiple applications. Since productivity is
nly observed by w ork ers, firms base their hiring decisions on the expected productivity of each
 ork er, taking unemployment duration and a noisy signal about worker quality into account. 

.1. Work er s 

ime is discrete and each period corresponds to a month. To keep our model in line with the
onceptual framework of Kolsrud et al. ( 2018 ), who theoretically characterised time-varying
ptimal UI schedules, we assume that in each period, a new generation of unemployed workers
s born and lives for T periods. Workers who have been unemployed for t periods get UI benefits
The Author(s) 2024. 

8 In addition, note that they found that the callback rate declines strongly within the first six months of unemployment 
nd is essentially flat afterwards. If the decline in callback rates is mostly driven by human capital depreciation, one 
ould expect a more gradual decline that also affects the long-term unemployed, since it is unlikely that human capital 
eclines very rapidly within six months and then ceases to decline. 

https://academic.oup.com/ej/article-lookup/doi/10.1093/ej/ueae095#supplementary-data
https://academic.oup.com/ej/article-lookup/doi/10.1093/ej/ueae095#supplementary-data
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hat depend on t : 

b t = 

{ 

b 1 if t ≤ D, 

b 2 if t > D. 

hus, w ork ers can get an initial level b 1 for up to D months and a level of b 2 afterw ards. 9 Work ers
iffer in their productivity π j (known to them) and each generation of w ork ers contains a share

j of type j = 1 , . . . , J . The distribution of w ork ers’ productivity types is a beta distribution
 v er the interval [0 , 1] . In addition, each type has an exogenous initial level of assets, denoted
 0 , j . 

Emplo yed w ork ers only decide on the optimal level of consumption and savings. Their budget
onstraint is 

c t = Rk t + (1 − τ ) w − k t+ 1 , 

here k t and k t+ 1 are the asset levels in each period. The corresponding value function and
udget constraint for duration t < T are 

V 

e 
t ( k) = 

{ 

max k t+ 1 ≥0 { u ( c t ) + βV 

e 
t+ 1 ( k t+ 1 ) } if t < T , 

u ( Rk + (1 − τ ) w) if t = T . 

orkers are risk averse and discount the future at rate β and the interest rate is given by R.
here are no separations and employment is an absorbing state. 10 In addition, all w ork ers f ace a
o-borrowing constraint ( k t+ 1 ≥ 0) . 11 

Unemplo yed w ork ers decide on both consumption and savings and their search intensity.
earching with intensity s has a cost ψ t ( s) , but leads to a match probability p( s) = s, which can
e interpreted as sending an application to a firm. 12 Note that we allow the search cost function
o depend on t . In the estimation, we allow for search decay , capturing the idea that sending out
pplications becomes harder o v er time. 

Importantly, the probability of exiting unemployment (that is, the hazard rate) contains both
he probability of meeting a firm and of receiving a job offer from the firm: 

h j,t = s j,t · g j ( t) . (1) 

ere, g j ( t) is the expected offer probability and is determined in equilibrium, as will be discussed
n the next sections. 13 Jobs start in the next period. The survi v al rate in unemployment (that is,
© The Author(s) 2024. 

9 Note that, in practice, the amount of unemployment benefit paid is often tied to the pre-unemplo yment w age. Because 
ur model abstracts from wage heterogeneity, the pre-unemployment wage is conceptually indistinguishable from the 
ost-unemplo yment w age. 

10 Allowing for separations is in principle possible, but would complicate the model by generating an endogenous 
nitial asset distribution. Hence, for simplicity, we assume that jobs last forever. 

11 The no-borrowing assumption is standard in the literature (see, e.g., Chetty, 2006 ) and creates an insurance motive 
or the go v ernment in the first place. Without borrowing constraints, individuals would simply take out a loan and there 
ould be no need for the go v ernment to provide insurance to the unemployed. 
12 Our model can be extended to include multiple applications per w ork er by assuming that w ork ers who search with 

ntensity s stochastically send out S applications, where S is drawn from a Poisson distribution with mean s (as in Kaas, 
010 ). It can be shown that the hazard rate here would be h j ( t) = 1 − exp [ −g j ( t) s j,t ] . In this case, computation of the 
ffer probabilities would be more complicated and require simulation, as some w ork ers who are offered jobs reject them 

n order to accept other offers. As this would also introduce an additional coordination friction, we focus on the simpler 
odel with one application per w ork er. 
13 Note that our use of the term offer probability is identical to the term hiring probability in Lehr ( 2017 ) and Kolsrud 

t al. ( 2018 ). 

by guest on 14 January 2025
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he probability of still being unemployed after t periods) is then defined as 

S j,t = 

t−1 ∏ 

t ′ = 0 

(1 − h j,t ′ ) . 

aken together, the value function for unemployed workers for t < T is given by 

V 

u 
j,t ( k) = max 

s,k t+ 1 ≥0 

{
u ( c t ) − ψ( s) + βh j,t ( s) V 

e 
t+ 1 ( k t+ 1 ) + β[1 − h j,t ( s)] V 

u 
j,t+ 1 ( k t+ 1 ) 

}
. 

he budget constraint is c t = Rk t + b t − k t+ 1 . Note that changes to the benefit system influence
he value of unemployment relative to employment and therefore affect w ork ers’ search decisions.
n the terminal period, the value function is 

V 

u 
j,T ( k) = u ( Rk + b T ) . 

.2. Firms 

.2.1. Matches, information structure and production 

hen w ork ers are matched with a firm, a match-specific productivity q ∈ { 0 , 1 } is drawn, which
eans that the w ork er is either suitable or unsuitable for the vacancy. The probability of being

uitable is given by π j , so that more productive w ork ers have a higher likelihood of being suitable
or any given match. 14 Whether an applicant is suitable or not is not known to the firm, but can
e revealed through a job interview. 

Firms produce an output y when employing a suitable w ork er and zero otherwise. Thus,
onditional on being suitable, w ork ers produce the same output. This assumption simplifies the
odel. 15 Workers are matched to firms according to an urn-ball-matching technology, where

ach matched w ork er randomly arrives at a firm. From the point of view of the firm, the number
f applications it recei ves follo ws a Poisson distribution with parameter μ = a /v , where a is the
ass of matched w ork ers and v is the mass of vacancies. For each candidate, firms do not observe

f they are suitable, but only their unemployment duration and a noisy signal about the type of
 ork er. Whenever a w ork er is suitable, their signal is drawn from N (1 , σ ) , whereas unsuitable
 ork ers send a signal from N (0 , σ ) . This captures the idea that firms do not perfectly observe
hether a w ork er is suitable before conducting interviews, but there is some noise in the process

nd parameter σ go v erns the extent of this noise. Firms can interview applicants and thereby
erfectly reveal their productivity. The goal of the firm is therefore to identify the candidates that
re most likely to be suitable and to verify their suitability through the interview. 

.2.2. Wa g es 
o keep the analysis tractable, we follow Jarosch and Pilossoph ( 2019 ) in assuming an exogenous
age. 16 In our model, firms pay an exogenous wage w to the applicant they eventually hire. One
The Author(s) 2024. 

14 This is similar to the setup of Fernandez-Blanco and Preugschat ( 2018 ), who also assumed that w ork ers differ in 
heir probability of being suitable for vacancies. 

15 An interesting extension would be to allow the output between low- and high-type w ork ers to differ; for example, 
y assuming that the match-specific productivity draws result from N ( μP 

j , σ
P ) distributions, with the mean μP 

j being 
igher for high-type w ork ers. This would introduce an additional trade-off into the model because it would be possible 
o increase the aggregate output by providing firms with as much information as possible about the w ork ers. In our setup, 
he planner prefers to eliminate statistical discrimination because it introduces risk for w ork ers (of having very long 
eriods of unemployment) and because some workers are inefficiently long-term unemployed. 

16 Jarosch and Pilossoph ( 2019 ) moti v ated this by assuming that w ork ers have zero bargaining power in the Nash 
argaining problem, so that their wage rate is al w ays equal to the exogenous unemployment benefit b (the outside 

nuary 2025
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ay to interpret this is in the spirit of wage-posting models, in the sense that firms have previously
ommitted to a wage (without modelling the determination of this wage explicitly) and then make
heir recruiting decisions conditional on this wage. Of course, in a fully spelled-out wage-posting
odel, the wage rate would be endogenous and change with market conditions. Ho we ver, our

oint is that the basic decision structure for firms—selecting the most promising applicant for a
iven w age—w ould be similar in such a more complex setting. 

Since this is conceptually an important assumption, it deserves further discussion (see also
nline Appendix B ). In particular, a fixed wage rules out that firms can offer lower wages to

he long-term unemployed, so that unemployment duration would be reflected in both the job-
nding rate and the wage. Ho we ver, as also pointed out by Jarosch and Pilossoph ( 2019 ), there

s little empirical evidence that this is an important concern. If lower wages compensate for the
o wer expected producti vity, callback rates could be flat or even increase with duration: instead,
he experimental studies find a decline. Furthermore, the decline of re-employment wages o v er
he unemployment spell is mild (Fernandez-Blanco and Preugschat, 2018 ), which also holds
n our German data (see Online Appendix Figures A4 and A5 for both re-employment wages
nd reservation wages). As a result, the assumption of a fixed wage is a reasonable first pass
hen studying the impact of screening. The main difficulty in incorporating endogenous wages

s technical: on the one hand, random search models with multiple applicants per vacancy (such
s ours or that of Jarosch and Pilossoph, 2019 ) make it harder to have endogenous wages. 17 On
he other hand, directed search models (such as that of Fernandez-Blanco and Preugschat, 2018 )
ave endogenous wages; ho we ver, it is harder to incorporate other crucial features when studying
ptimal UI, such as endogenous search effort and savings. 

To ensure that our optimal policy results are not primarily driven by our assumptions on
ages, we have experimented with several extensions, which we describe in more detail in
nline Appendix B . One reason why wages could affect the analysis is that allowing wages

o differ across types could differentially change the search incentives of high- and low-type
 ork ers, thereby influencing dynamic selection and the extent of statistical discrimination. In the

xtension, we allow for exogenous wage heterogeneity to capture this effect. We find that the
ain qualitative conclusions from our analysis are similar in this case (see Online Appendix B ),
hich means that our main results are not driven by the assumption of homogeneous wages.

n addition, we show that exogenously allowing for a mild decline in re-employment wages (as
bserved in the data; see Online Appendix Figure A4 ) leads to very similar results. 

.2.3. Interviewing and hiring decisions 
irms make their interviewing and hiring decisions while facing multiple applicants. We assume

hat there is a very small but positive screening cost C of conducting an interview ( C → 0 ).
herefore, the optimal firm behaviour is to rank applicants by their expected productivity (i.e.,

heir likelihood of being suitable) and sequentially interview applicants until one applicant turns
ut to be suitable. The other applicants are not hired. Since the firm al w ays has to pay the wage,
t will never hire an unsuitable w ork er. A no v elty in this setting, relative to previous literature on
anking by unemployment duration (e.g., Blanchard and Diamond, 1994 ; Fernandez-Blanco and
© The Author(s) 2024. 

ption). Note that, with time-varying benefits and endogenous effort, it is more difficult to moti v ate fixed wages through 
argaining: w ork ers’ outside options change o v er time and zero bargaining power would also result in optimal search 
ffort being zero, as w ork ers w ould be indifferent between w ork and unemplo yment. Instead, the fixed w age could be 
hought of as (an extreme form of) market rigidity. 

17 This is due to random search models typically relying on Nash bargaining, which is a solution for one-to-one 
argaining. Ho we ver, with multiple applicants per vacancy, one firm would simultaneously bargain with multiple w ork ers. 

5

https://academic.oup.com/ej/article-lookup/doi/10.1093/ej/ueae095#supplementary-data
https://academic.oup.com/ej/article-lookup/doi/10.1093/ej/ueae095#supplementary-data
https://academic.oup.com/ej/article-lookup/doi/10.1093/ej/ueae095#supplementary-data
https://academic.oup.com/ej/article-lookup/doi/10.1093/ej/ueae095#supplementary-data
https://academic.oup.com/ej/article-lookup/doi/10.1093/ej/ueae095#supplementary-data
https://academic.oup.com/ej/article-lookup/doi/10.1093/ej/ueae095#supplementary-data
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reugschat, 2018 ) is that firms do not form their ranking based only on unemployment duration,
ut instead combine the information from both unemployment duration and the noisy signals by
omputing the expected productivity. Firms know the composition of the pool of applications, that
s, on average, how many applicants with duration t are suitable ( ST t = 

∑ K 

k= 1 αk S tk s tk πk ) and
ow many are not suitable ( NST t = 

∑ K 

k= 1 αk S tk s tk (1 − πk ) ). These numbers take into account
he facts that the survi v al rates dif fer between lo w- and high-type w ork ers ( S tk ) and that search
ffort can also differ ( s tk ). For example, if high-type w ork ers search more than low-type w ork ers
t a given duration t , more applications will come from high-type w ork ers and there will therefore
e more suitable candidates among applicants. 

To e v aluate the expected producti vity ( � ) of an applicant with duration t and signal φ, firms
hen combine these likelihoods of drawing a suitable applicant with the information contained in
he signal by using Bayes’ rule: 

� ( t, φ) = 

f 1 ( φ) · ST t 

f 1 ( φ) · ST t + f 0 ( φ) · NST t 
. (2)

ere, f 1 is the density of the normal distribution with mean 1 and variance σ and f 0 similarly
s the normal density with mean 0 (recall that suitable applicants send a signal from f 1 and
on-suitable ones from f 0 ). The equation captures that whether an applicant has a high expected
roductivity (that is, is highly likely to be suitable) depends on two factors. First, he/she can send
 high signal. Second, when a large fraction of job seekers with duration t are suitable, firms infer
hat the applicant is also likely to be suitable. In the limit case σ → 0 , the signal perfectly reveals
uitability and there is no reason to take the unemployment duration into account. This will
erve as the full-information benchmark in the analysis. Conversely, when σ → ∞ , the signal
ontains no information and firms only rank applicants based on duration. For intermediate cases
ith σ ∈ (0 , ∞ ) , firms weigh the information contained in both components and their relative

mportance is endogenous. F or e xample, when the benefit system keeps productive types in the
ool longer, unemployment duration can become less informative about productivity and the
anking order then depends more strongly on the signal. 

Having defined � ( t, φ) , we can now turn to the main object of interest from the firm side, which
s the offer probability g j ( t) (see ( 1 )). When an applicant (of type j and duration t) sends his/her
pplication, it arrives at a firm with a random number of applicants. Thus, we need to compute the
robability that no other suitable applicant is ranked higher than this applicant and hired instead.
his requires some algebra relating to urn-ball matching and the Poisson distribution, which is

elegated to Online Appendix A . There, we show that the offer probability g j ( t) , conditional on
eing type j with duration t , is 

g j ( t) = π j 

∫ 

φ

exp [ −p( φ, t) · μ] d N 1 ,σ ( φ) , 

(3)

p( t, φ) = 

T ∑ 

˜ t = 1 

J ∑ 

˜ j = 1 

a ˜ j , ̃ t 

a 

· π ˜ j · P [ � ( ̃  φ, ̃  t ) ≥ � ( φ, t) | ˜ j , t, ̃  t , φ] . 

n an intuitive level, p( t, φ) captures the probability that, conditional on being unemployed
or t periods and sending signal φ, a randomly drawn ‘other’ applicant from the pool of all
pplications is both suitable and sends a signal high enough so that the firm interviews (and
ubsequently hires) this other applicant. In other words, p( t, φ) is the probability of not being
ired when competing against an alternative candidate from the pool of all applicants. Then, the
The Author(s) 2024. 

https://academic.oup.com/ej/article-lookup/doi/10.1093/ej/ueae095#supplementary-data
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quation of the offer probability g j ( t) accounts for three aspects. First, an applicant does, not
nly compete against one other applicant, but on average there are μ applicants per vacancy.
econd, the signal that the applicant sends is stochastic, so that we need to inte grate o v er φ.
hird, the equation takes the probability that the applicant is suitable ( μ j ) into account, as being
ired requires being suitable in the first place. 

The callback rate has a similar expression: 

C j ( t) = g j ( t) + (1 − π j ) 
∫ 

φ

exp [ −p( φ, t) · μ] d N 0 ,σ ( φ) . 

his is the model analogue to recent audit studies that measure the decline in the callback rate
e.g., Kroft et al. , 2013 ), and represents the probability of being contacted and screened by
n employer. The callback probability is the sum of the offer probability (those cases where
n applicant is contacted and subsequently hired) and the probability of being contacted, but
ound unsuitable. Note that there are two components that give rise to the ne gativ e effect of
nemployment duration on the callback probability. First, for a given agent with a high duration,

p( φ, t) tends to be high, which means that the firm is likely to first interview and potentially hire
ne other randomly drawn applicant. This depends on how informative unemployment duration
s about types and on the composition of the pool of applications: if the short-term unemployed
earch a lot, it is more likely that a random other applicant has a short duration and is potentially
onsidered first. Second, this effect is scaled by the mean number of applications per vacancy,
hich is given by μ. In the extreme case of no competition ( μ = 0 ), the offer rate is flat and

qual to π j . In the case of a large applications-per-vacancy ratio μ the competition for jobs is
arge and callback rates are lower. 

.2.4. Vacancy posting and free entry 
he mass of vacancies is pinned down by a free-entry condition. As in Lise and Robin ( 2017 ),
rms can pay c( v) to advertise v vacancies. Vacancies last for one period. The value of an
dditional vacancy is the net output multiplied by the probability of receiving at least one suitable
pplication: 18 

J v = 

y − w 

1 − β

[
1 − exp 

(
−

∑ 

π j a j 

v 

)]
. 

n equilibrium, the marginal vacancy costs are equal to the expected value of an additional
acancy: 19 

c ′ ( v) = J v . 

onceptually, free entry implies that firms can exit when posting vacancies becomes less profit-
ble. Hence, vacancies might ne gativ ely or positiv ely react to changes in unemployment policies.
n our framework, different benefit schemes can reduce firm profits by either reducing o v erall
earch effort or by reducing the number of applications of high-type w ork ers relative to low-
ype w ork ers, because each case mak es it less lik ely that v acancies recei ve at least one suitable
andidate. As a result, firms would reduce the number of vacancies being posted. Later, when we
© The Author(s) 2024. 

18 Note that we assume that v acancies survi ve fore ver and that after the vacancy is filled it stays filled forever. This is 
 helpful approximation, especially when T is large enough. 

19 Depending on the functional form of c ′ ( v) , vacancy creation rents accrue to firms if vacancy costs are not constant. 
o we ver, it is not obvious how to interpret these rents and we ignore them throughout the rest of the paper. 
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Fig. 2. Timing of the Model. 
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iscuss optimal policy, these incentives for vacancies must be taken into account. In Figure 2 ,
e summarise the timing of our model graphically. 

.3. Equilibrium 

he equilibrium of the model consists of 

� policy functions for search effort s j,t,k t and savings k t+ 1 = g u ( k t , t, j ) for the unemployed
and k t+ 1 = g e ( k t ) for the employed, for each type j and duration t , 

� survi v al functions S j,t , 
� expected offer rates g j,t , 
� a mass of vacancies v , 

uch that the policy functions of w ork ers solve the problems described by the value functions for
he employed and unemployed, and such that the expected offer rates are optimal according to
 3 ), given the implied survival rates. 20 

. Estimation 

o far, we have described the data and some empirical facts, followed by a discussion of the
odel and the mechanisms. In this section, we connect our model to the data. We first present

he estimation setup and then discuss the estimation results. 

.1. Setup 

.1.1. Specification 

o estimate the model formulated in Section 2 , we impose the following functional forms on the
nstantaneous utility function and the search cost function: 

u ( c ) = 

c 1 −γ

1 − γ
, ψ t ( s) = A t 

s 1 + 1 /λ

1 + 1 /λ
, A t = ψ 1 t 

ψ 2 . 

ere, λ denotes the elasticity of search effort with respect to the value of employment. The
unctional form is a common assumption and used in Lentz ( 2009 ) and DellaVigna et al. ( 2017 ).
he instantaneous utility function is a standard CRRA utility function, where γ is the risk-aversion
The Author(s) 2024. 

20 While the uniqueness of the equilibrium cannot be pro v ed analytically, we checked for the possibility of multiple 
quilibria, especially around the estimated parameter values, and al w ays converge to the same equilibrium. 
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arameter and, simultaneously, the inverse of the inter-temporal elasticity of substitution. 21 

arameters ψ 1 and ψ 2 capture the notion that the search efficiency can change over time, so that
earching is harder for individuals with a longer unemployment duration. 22 

In our model, agents are heterogeneous in two dimensions: first, their probability of being
uitable applicants and, second, their initial assets. In our baseline version of the model, we
stimate a discrete approximation to the beta distribution with twenty types and assume that there
re three different asset types, which in total leaves us with J = 60 types. 23 Signals are drawn
rom normal distributions with mean 1 when the w ork er is suitable and mean 0 when they are
nsuitable. 24 We set initial assets for the unemployed to be uniformly distributed with 0, 500
nd 3,000 euros. These values are set in order to roughly match the liquid assets of unemployed
ndividuals in the PHF dataset. The wage received by agents during employment is fixed and we
et w = 1,605 euros, which matches the mean re-employment wage in our sample of unemployed.
he estimation is based on the current schedule, so that benefits b t are set to a replacement rate of
3.5% within the first year and social assistance is equal to 40% after one year. 25 These numbers
losely capture the benefits paid to the unemployed in our sample period. The time horizon in our
odel is T = 96 , which amounts to eight years. By choosing this relatively large time horizon,
e a v oid agents’ search beha vior being influenced by end-of-life effects. 26 The vacancy posting

osts are quadratic in the number of vacancies. The functional form for the vacancy posting costs
e use is c( v) = κv 

1 + ρ , where we set ρ = 1 to obtain quadratic vacancy costs. Note that, for the
urpose of the estimation, the free-entry first-order condition (FOC) can be written as 

1 − β

y − w 

κ(1 + ρ) v 

ρ − 1 + exp ( −μS ) = 0 . 

e define an auxiliary variable as 

c = 

1 − β

y − w 

κ(1 + ρ) . 

ith this definition, the FOC becomes 

cv 

ρ − 1 + exp [ −μS ( v)] = 0 . 

hen, we estimate c (i.e., the ratio of κ and y − w) rather than each of its components individually,
s it is only the ratio that matters for the vacancy posting. 
© The Author(s) 2024. 

21 Alternatively, one could think about a CARA utility specification. The constant relative risk-aversion choice is 
oti v ated by the possibility of wealth effects, which implies different attitudes toward gambling with respect to wealth; 

hat is, individuals who have less savings will search more. Shimer and Werning ( 2008 ) compared the implications of 
ARA and CRRA to optimal UI and found only minor dif ferences, because wealth ef fects are quantitati v ely v ery small 

n a search model such as ours. 
22 In a simple manner, this captures various reasons for such ‘search decay’, such as psychological discouragement 

ffects or fewer vacancies to apply for o v er time. 
23 Note that productivity and initial assets are uncorrelated. 
24 The means are a pure normalisation because we estimate the SD of the normal distribution. 
25 In Germany, after UI benefits run out, job seekers can apply for unemployment assistance (UA), which is means 

ested and a fixed payment that does not depend on the pre-unemployment wage. Hence, we choose a value for the 
eplacement rate that roughly amounts to the replacement rate that a typical UA recipient would receive. 

26 Mechanically, in T = 96 , agents stop searching because it only provides disutility to them. This end-of-life effect 
lso influences search efforts in the previous periods. However, in our specification, these effects quickly become small 
nd do not influence search behaviour in a quantitatively important manner in the first years of unemployment. 

by guest on 14 January 2025
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.1.2. Estimation 

ome additional parameters are set prior to estimation to standard values from the literature. We
et the monthly time discount parameter equal to β = 0 . 995 , which leaves us with an annual
iscount factor of roughly 5%. Risk aversion is equal to γ = 2 as in Chetty ( 2008 ) and Kolsrud
t al. ( 2018 ). The interest rate is set to R = 1 /β as in Chetty ( 2008 ), Shimer and Werning ( 2008 )
nd Lentz ( 2009 ). This leaves us with the following parameters to be estimated: 

θ = { λ, B 1 , B 2 , c, ψ 1 , ψ 2 , σ } . 
hus, the parameter vector contains the search effort elasticity λ, the two parameters of the beta
istribution ( B 1 , B 2 ), vacancy posting parameter c, the search decay parameters ( ψ 1 , ψ 2 ) and the
ariance of the signal σ . 

We estimate our model via minimum distance. This procedure minimises the distance between
he data moments and their model equi v alents. The theoretical moments can be computed analyt-
cally, given the solution of the model and the reduced-form moments are estimated as described
n Section 1.2 . We weight each group of moments (that is, the hazard moments, the search
oments, the multiple spell moments and the applications-per-vacancy ratio) by the inverse of

he number of moments in order to give comparable weights to each group. 27 In addition, the
eviations are scaled in percentage terms for comparability. For the estimation of the parameters,
e use a genetic algorithm, which is a global optimisation routine and can deal with potentially

omple x objectiv e functions. 

.1.3. Moments 
or the data moments, we combine information from each of the datasets that we discussed

n Section 1 . First, our moment vector includes the hazard moments from the first twenty-four
onths, grouped into six bins. We also include the change in the search effort in months 6 and

2 relative to the initial effort. Then we add the average number of acceptable applications that
 vacancy receives, as seen in Figure 1 . 28 Finally, we add six multiple spell moments where we
se the mean unemployment duration in spell two, conditional on the unemployment duration
n spell one. Note that we mimic the multiple spell sample in our model by simulating two
nemployment spells for workers with the same type and the identical level of initial assets.
his preserves the intuition of the length of the first unemployment spell being informative about

he second spell of a certain type, while a v oiding the explicit modelling of job destruction and
 eeping our framew ork more in line with standard UI frameworks. 29 Online Appendix Figure A3
hows this non-parametrically. This figure shows that the longer an individual’s UI duration is
n the first spell, the longer their UI duration in the second spell. As discussed in Alvarez et al.
 2023 ), the stronger the correlation between the duration of unemployment in the two spells,
he more important heterogeneity must be. The relatively small slope of the curve suggests that
uration dependence might be important and that heterogeneity is not the sole driver of the
eclining hazard, as a high duration in the first spell implies a relatively small increase in the
xpected duration of the second spell. This leaves us with a total of fifteen moments to match. 
The Author(s) 2024. 

27 F or e xample, with six hazard moments, each moment gets weighted by 1 
6 . This ensures that the estimation does not 

ive a disproportionate weight to fitting the hazard rates (as opposed to the applications-per-vacancy ratio for instance) 
imply because of the number of moments. 

28 To be precise, we truncate the moment at 250 applications; ho we ver, only a handful of firms report that number of 
cceptable applications. 

29 Empirically, we extend our sample to the period from 1983 until 2011, such that we have a sufficiently large sample 
f individuals with two unemployment spells. 

 2025

https://academic.oup.com/ej/article-lookup/doi/10.1093/ej/ueae095#supplementary-data
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Table 2. Estimated Parameters. 

Parameter Description Estimated value 

σ Variance of the signal 8.955 
λ Search cost elasticity 0.461 
c Vacancy cost 0.813 
ψ 1 Search decay, parameter 1 3.111 
ψ 2 Search decay, parameter 2 0.481 
B 1 Type distribution, parameter 1 6.144 
B 2 Type distribution, parameter 2 6.635 

Notes: This table summarises the estimation results of our parameters. 
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.1.4. Identification 

he parameters are jointly identified if any parameter vector θ has distinct predictions in terms of
he model moments. Intuitively, changing a certain parameter needs to have different implications
or the moment vector m ( θ ) compared with changing another parameter. While all parameters can
nfluence all moments and are estimated together, we can discuss a few particular relationships
etween the parameters and the data moments. In our model, the level and slope of the hazard
urve are strongly influenced by the parameters of the distribution of w ork er types, which
etermines how fast low- and high-type w ork ers exit unemplo yment. The search cost elasticity
is also closely related to the hazard curve. The decline in search effort also informs the

stimation of the search decay parameters ψ 1 and ψ 2 , as search decay means that the returns to
earch decline o v er the course of the unemployment spell. The multiple spell moments deliver
dditional information on the unobserved heterogeneity in the model and its relative importance
is- ̀a-vis duration dependence. The higher the slope of the curve of the mean duration, the more
eterogeneity in job-finding rates there should be. The intuition here is that the observation of
wo spells, in principle, allows us to estimate a fixed effect for individuals. If the correlation
etween the UI duration in spell one is strongly correlated with the UI duration in spell two, this
uggests a large amount of heterogeneity (Alvarez et al. , 2023 ), and vice versa. This information
s particularly helpful to estimate σ since the variance of the signal determines the importance of
uration dependence in the model. 

.2. Estimation Results 

n Table 2 , we show the estimated parameters. We estimate the search cost elasticity λ to be
.461. The parameters of distribution of w ork er types are best illustrated by plotting the implied
eta distribution, which is shown in panel (b) of Figure 3 . The distribution is centred around
pproximately 0.5 and most of the probability mass is in the middle of the distribution, with
ome very good and some bad types. Note that we discretise the distribution in practice using
 = 20 points. 30 The heterogeneity in the productivity will translate into a heterogeneity in offer

ates, as shown in panel (b) of Figure 4 . The search decay parameters ψ 1 and ψ 2 are 3.111
nd 0.481, determining the decrease in search efficiency over time. We estimate the variance of
he signal to be equal to σ = 8 . 955 , which implies that the productivity is relatively noisy. In
ther words, signals are comparatively uninformative and the ranking is strongly determined by
nemployment duration. To comprehend the importance of the signal versus the importance of
he unemployment duration, we compare the average offer rate in the estimated model to the
© The Author(s) 2024. 

30 We apply Kennan’s method of discretising continuous distributions where each type has an equal probability mass. 
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Fig. 3. Estimation Results. 
Notes: Panel (a) shows the model-implied job-finding rates (dashed line) and compares them to the data 
(solid line). Panel (b) shows the estimated type distribution (which is a beta distribution). Note that in 

practice we discretise this distribution. 

Fig. 4. Model-Implied Callback and Offer Rates. 
Notes: Panel (a) shows the model-implied average callback rate of an application normalised to one in 
period t = 1. Panel (b) shows the type-specific offer rates for the unemployed that the model generates. 

The solid line corresponds to the low-type w ork er and the dashed line to the high-type w ork er. 
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ypothetical case where firms rank by duration only and disregard the signal ( σ → ∞ ). This
s shown in Online Appendix Figure A6 , which indicates that the presence of the signal affects
ffer probabilities even though the variance is relatively large. 

In panels (a) and (b) of Figure 4 , we illustrate the screening and hiring behaviour of firms
hat the model implies. Panel (a) shows the average decline in the callback rate of an application
elative to period one. Our model suggests that the probability of being screened by a firm (that
s, the probability of a callback) declines throughout the unemployment spell, and is only around
5% after one year of unemployment and drops below 50% after two years. The offer probability
panel (b)) is closely related to the callback probability, as it refers to the likelihood of both
The Author(s) 2024. 

https://academic.oup.com/ej/article-lookup/doi/10.1093/ej/ueae095#supplementary-data


20 the economic journal 

Table 3. Model Fit. 

Data Model 

JFR (0–4) 0.120 0.111 
JFR (5–8) 0.072 0.074 
JFR (9–12) 0.057 0.057 
JFR (13–16) 0.052 0.045 
JFR (17–20) 0.036 0.037 
JFR (21–24) 0.030 0.031 
Decline in search effort, six months 0.678 0.694 
Decline in search effort, twelve months 0.601 0.590 
Mean duration, second spell (0–4) 0.118 0.123 
Mean duration, second spell (5–8) 0.130 0.126 
Mean duration, second spell (9–12) 0.139 0.128 
Mean duration, second spell (13–16) 0.135 0.130 
Mean duration, second spell (17–20) 0.138 0.132 
Mean duration, second spell (21–24) 0.135 0.133 
Applications-per-vacancy ratio 4.314 4.318 

Notes: This table shows the fitted moments from our model. In the second column, one can 
see the data moments and in the third column the model-implied moments. 
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eceiving a call and being suitable for the vacancy. For all types, offer rates decline because
he screening probability declines. Ho we ver, the of fer probability per application of high-type
 ork ers is much greater than for low-type w ork ers, reflecting the fact that high-type workers are
ore likely to be suitable. For all types, there is a substantial decline in the offer probability. For

xample, for the highest type shown in the figure, the offer probability declines by approximately
alf after two years of unemployment. The estimated heterogeneity and duration dependence in
ffer rates then translates to job-finding rates of agents. The job-finding rate is the product of
he offer rate and the probability of sending out an application, namely, the search effort of the
ndividual. The dashed line in panel (a) of Figure 3 shows the model-implied job-finding rate
JFR) of our model. 

.2.1. Model fit 
ow well does our model fit the targeted data moments and how well does our model describe
on-targeted empirical patterns? In terms of targeted moments the fit is very good. Panel (a) of
igure 3 shows the fit of the hazard rate where the solid line is the data hazard and the dashed line

s the model-implied hazard. The model fits the hazard curve closely, except for the spike around
enefit exhaustion. 31 Table 3 shows the additional targeted data moments and the model-implied
oments. Our model replicates the changes in search effort well, as well as the second spell
oments, by capturing a positive slope. Finally, our model fits the applications-per-vacancy ratio

ery well. 
These are two important pieces of evidence that we did not directly include in our estimation:

rst, callback rates and, second, duration elasticities with respect to potential benefit duration.
roft et al. ( 2013 ) found in an experimental audit study that the callback rate from an application
eclines by about 40 percentage points after one year. In addition, the JVS data suggest that 40
ercentage points of firms are not willing to consider unemployed applicants with an unemploy-
ent duration of one year or more, as shown in Online Appendix Figure A2 . Our model indeed
© The Author(s) 2024. 

31 Here, other factors might be important; for example, individuals may exit registered unemployment because they 
re not eligible for social assistance. Because we do not model these features we disregard the spike at benefit exhaustion. 
ee DellaVigna et al. ( 2017 ) for an exploration with present-biased and reference-dependent agents. 

https://academic.oup.com/ej/article-lookup/doi/10.1093/ej/ueae095#supplementary-data
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emonstrates a very similar pattern in terms of callback probabilities. As discussed above, our
stimated model predicts a very similar average decline in callback rates. Thus, we are confident
hat the magnitude of the estimated screening channel in our model is plausible, since it compares
ell to the empirical findings on firm-induced duration dependence. 
Schmieder et al. ( 2012 ) exploited quasi-experimental variations in age cutoffs of potential

enefit duration in Germany. If an individual loses his/her job above a specific age cutoff, the
aximal potential benefit duration increases from twelve to eighteen months. In their paper, the

uthors implemented a regression discontinuity design and found that an additional six months of
enefits increases the mean non-employment duration by 0.78 months. In our model, we perform
his simulation and we find that a benefit extension of six months implies an increase in the mean
uration by 0.66 months. This is very close to the causal estimate from the data and increases
ur confidence that our estimated parameters imply a reasonable elasticity of search effort with
espect to benefits. Furthermore, it ensures that the model-implied responsiveness to benefits is
ealistic. Since we are interested in optimal unemployment insurance, we want to have plausible
ehavioural patterns with respect to benefit payments. 

. Results 

he goal of our analysis is to sho w ho w employer screening affects the optimal design of the
I system. We study this question by comparing the screening model to the ‘full-information
enchmark’ (where firms observe whether an applicant is suitable and do not screen based on
uration). The analysis is structured as follows. First, in Section 4.1 , we compare labour market
utcomes (that is, job-finding rates and their determinants) between the screening model and the
ull-information benchmark, since this is important for understanding why optimal policy differs
etween the two models. Second, in Section 4.2 we explain the optimal policy problem and
iscuss the optimal schedules. Third, Section 4.3 contains the main part of our analysis: we use a
ufficient statistics framework to link the differences in labour market outcomes from Section 4.1
o the optimal policy results and explain the mechanisms behind why introducing screening
hanges the optimal schedule. Our key results in this regard are summarised in Section 4.3.2 .
inally, Section 4.3.4 discusses in more detail how UI policy affects firms’ hiring behaviour in

he screening model and Section 4.4 discusses the welfare implications of taking screening into
ccount when deciding about optimal policy. 

.1. How Does Employer Screening Affect Labour Market Outcomes? 

e start by comparing labour market outcomes between the screening model and the full-
nformation benchmark (FIB). In the FIB, we remo v e the information friction and assume that
rms directly observe whether an applicant is suitable for a vacancy. This corresponds to setting

he variance parameter of the signal ( σ ) to zero. As a result, firms hire a random suitable
pplicant. Since suitability is observed in this setting, there is no longer any reason for statistical
iscrimination based on unemployment duration. Figure 5 compares several important labour
arket outcomes between the screening model and the FIB (see also Table 4 for the underlying

alues and Online Appendix Figure A7 for heterogeneity by the productivity type). 
Figure 5 shows that screening has a substantial effect on the job-search process. The job-

nding rate after the first month of unemployment is almost doubled in the screening model
ompared to the full-information benchmark (14% versus 7.4%). Conversely, the job-finding rate
The Author(s) 2024. 

https://academic.oup.com/ej/article-lookup/doi/10.1093/ej/ueae095#supplementary-data
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© The Author(s) 2024. 

Fig. 5. Job Search Outcomes under Screening versus the Full-Information Case. 
Notes: This figure shows average (a) job-finding rates, (b) survival rates, (c) search effort and (d) offer rates 
for the screening model and the full-information benchmark. Also see Table 4 for the underlying values. 

Table 4. Job Search Outcomes under Screening and the Full-Information Benchmark. 

Offer rate Survi v al Search effort Job-finding rate 

One month Full information 20.20 100 .00 36.70 7 .40 
Screening 31.10 100 .00 45.10 14 .00 

Twelve months Full information 19.10 53 .90 23.60 4 .60 
Screening 19.10 38 .40 26.60 5 .20 

Twenty-four months Full information 18.20 32 .10 21.00 3 .90 
Screening 13.40 23 .70 20.80 2 .90 

Notes: This table shows average job-finding rates, offer rates and search effort at selected unemployment duration. These 
values correspond exactly to those shown in Figure 5 . Note that all numbers are expressed in percentages. For the search 
effort, further recall that the match probability is normalised to p( s) = s, so that the value of effort in the table directly 
corresponds to the match probability (in percentages). 
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f the long-term unemployed is lower with screening (2.9% versus 3.9%). In our model, these
ffects are due to both changes in search effort and offer rates. Search effort in the beginning of
he spell rises due to screening as w ork ers try to escape the prospect of being less employable
nce the y hav e been unemployed for a period of time, which contributes to the initial rise in
he job-finding rate. At twenty-four months of unemployment, the search effort is slightly lower
n the screening model (20.8 versus 21). Offer rates similarly increase in the beginning of the
pell, as firms statistically discriminate and fa v our the short-term unemployed o v er the long-term
nemployed (31.1% versus 20.2%). This also contributes to the rising job-finding rate at the start.
he converse of this effect is that offer rates fall for the long-term unemployed; in the screening
odel, the offer rate after twenty-four months is 13.4%, whereas it is 18.2% in the FIB. Note that

hese values refer to the unconditional offer rate (averaging across all types). Therefore, offer
ates also fall with unemployment duration in the full-information benchmark, which reflects the
election of job seekers by duration. As the composition of the unemployment pool deteriorates
 v er time, less employable individuals remain, who also have a lower offer probability in the first
lace. By contrast, the conditional offer rate for each type is constant with duration in the FIB,
hile it falls in the screening model (see Online Appendix Figure A7 ). Because of the effects on
oth offer rates and search effort, duration dependence is much more pronounced with screening.
 or e xample, in the screening model, the av erage job-finding rate after two years is only 21%
f what it was initially (2.9% versus 14%), whereas it falls to 53% of its initial value in the
ull-information benchmark (3.9% versus 7.4%). 

It is worth comparing our results to those of Jarosch and Pilossoph ( 2019 ). As experimental
tudies only measure the decline in the callback rate, but not whether an applicant is ultimately
ired, it is ex ante unclear to what extent declining callback rates also map into declining offer
robabilities. Given that it is fundamentally difficult to measure offer rates in experiments (since
his would require sending study participants to job interviews), quantifying the link between
allback and offer probabilities requires a structural model of the hiring process, which links the
vailable data to hiring outcomes. Jarosch and Pilossoph ( 2019 ) found that a large fraction of
hose who are not invited for interviews are low-type w ork ers who w ould not have been hired
nyway. Their results suggest that screening has a relatively small impact on actual job-finding
ates; in their model job-finding rates are by at most 8% higher in the full-information benchmark
han in the screening model (see Table 5 in their paper). Comparing this to Table 4 , we find
 larger impact on job-finding rates. Our results therefore point to a larger role of employer
creening for aggregate labour market outcomes. 

.2. The Policy Problem 

o determine the optimal unemployment policy, the go v ernment maximises welfare while bal-
ncing a lifetime budget constraint. We focus on two-step schedules that, as previously introduced
n the model section, consist of three policy variables ( b 1 , b 2 , D) . 32 The proportional income tax

is collected from the employed to finance the expenditures. In this case, the tax also has the
nterpretation of an actuarial fair insurance premium. 
The Author(s) 2024. 

32 While it is possible to imagine more complex specifications, such as having more steps or a fully unrestricted 
chedule, this setup has two key advantages. First, it closely corresponds to the UI policies that are in place in many 
ountries (including, for example, the United States, Germany and Sweden). Therefore, the results can easily be related 
o the actual policies observed in these countries. Second, having only three policy variables makes the optimisation 
roblem more tractable and allows us to reliably find a global maximum, even in the presence of a potentially complex 
bjective function. 
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Table 5. Optimal Schedule: Screening versus the Full-Information 

Benchmark. 

Model 

Policy variable Full-information benchmark Screening 

Initial benefit level ( b 1 ) 59% 63% 

Final benefit level ( b 2 ) 46% 46% 

Potential benefit duration ( D) 19 26 
Tax ( au ) 22.8% 21.3% 

Notes: This table shows the optimal schedule in the screening model and in the full- 
information benchmark. 

 

o  

b

H  

l

T  

u  

t

T  

a  

s
 

m  

h  

(  

i  

c  

f
d
h

s
T
o
t
f

D
ow

nloaded from
 https://academ

ic.oup.com
/ej/advance-article/doi/10.1093/ej/ueae095/7876487 by guest on 14 J
More formally, the objective of the planner is to maximise the value of a newly born generation
f unemployed. 33 We assume that every unemployed individual has the same welfare weight when
orn, which amounts to a standard utilitarian welfare criterion, as in Chetty ( 2006 ): 

W ( b 1 , b 2 , D, τ ) = 

K ∑ 

k= 1 

αk V 

u 
j ( b 1 , b 2 , D, τ ) . 

o we v er, the go v ernment can only maximise the welfare of agents subject to the following
ife-time budget constraint: 

G ( b 1 , b 2 , D, τ ) = 

T ∑ 

t= 1 

R 

−t (1 − S t ) wτ︸ ︷︷ ︸ 
e xpected rev enue 

−
T ∑ 

t= 1 

R 

−t S t b t ︸ ︷︷ ︸ 
e xp. e xpenditure 

. 

he go v ernment collects wτ and spends b t on the unemployed and the probability of still being
nemployed after t periods is given by the survi v al rate S t . Thus, taken together, the problem of
he go v ernment is 

max 

b 1 ,b 2 ,D,τ
W ( b 1 , b 2 , D, τ ) such that G ( b 1 , b 2 , D, τ ) = 0 . 

o compute the optimal schedule, we numerically e v aluate the social welfare function W ( P ) on
 grid for the benefit levels and potential benefit duration ( { b 1 i , b 2 i , D i } i= 1 , ... ,N 

), and select the
chedule that yields the highest level of welfare. 34 

Table 5 shows the optimal schedules for both the full-information benchmark and the screening
odel. The main results are that in the screening model, the initial level of benefits ( b 1 ) is

igher (63% versus 59%) and the potential benefit duration ( D) increases by seven months
nineteen versus twenty-six months). Despite the higher generosity, the UI system is less costly
n the screening model and requires a tax of only 21.3% as opposed to 22.8% in the FIB. This is
onsistent with the observation that screening induces faster exit rates from unemployment due to
© The Author(s) 2024. 

33 Follo wing pre vious w ork on emplo yer screening and optimal UI (Lehr, 2017 ; Kolsrud et al., 2018 ), we abstract 
rom firms’ profits in the social welfare function. A simple way of moti v ating this assumption is that firm profits 
isproportionately accrue to individuals at the top of the income distribution, who carry a lower social welfare weight or 
ave a much lower marginal utility from consumption than the unemployed. 

34 For the two benefit levels, we set up the grid using 1-percentage-point steps. To ease the computational burden of 
olving the model for each grid point, we parallelise these function e v aluations on a high-performance computing cluster. 
he advantage of this grid search approach is that it guarantees finding a global maximum without making assumptions 
n the shape of the objective function. In Online Appendix E , we show that the global maximum is robust (in the sense 
hat the first and second best policies are very similar, for example), and that the objective function is smooth and concave 
or uni v ariate v ariations of the parameters. 
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he additional incentive to search early in the unemployment spell (Figure 5 ). As we will explain
n more detail in the next section, the changes in the optimal policy should be interpreted from
he perspective of Figure 5 : introducing screening affects firms’ hiring behaviour and w ork ers’
earch effort (relative to the full-information case), which changes aggregate job-finding and
urvi v al rates and therefore the optimal policy. 

To conclude this section, it is interesting to relate these results to Kolsrud et al. ( 2018 ). They
ound empirically that introducing an inclining tilt ( b 2 > b 1 ) into the schedule would be welfare
mproving in the context of a partial equilibrium model without employer screening. 35 To what
xtent does screening reinforce the case for an inclining schedule? We have also computed the
ptimal schedule in the screening model when holding the potential benefit duration fixed at

D = 19 . In this case the optimal schedule is ( b 1 , b 2 ) = (0 . 64 , 0 . 48) . This means that the tilt
ecomes more declining in the screening model, since the planner mainly raises b 1 . From the
erspective of the sufficient statistics framework that we discuss in Section 4.3 below, one of the
easons for this result is that the moral hazard costs are higher for raising b 2 than for raising b 1 .
herefore, the hiring externality does not reduce the moral hazard costs as much (in percentage

erms) as it does for b 1 . 36 

.3. Why Does Screening Change the Optimal Policy? 

he goal of this section is to analyse in more detail why the optimal schedule from the full-
nformation benchmark is not optimal anymore in the screening model. As a starting point
or this analysis, we compare w ork er and firm side outcomes between the screening model
 1 ) after imposing the optimal schedule from the full-information benchmark on it and ( 2 ) when
sing the schedule that is actually optimal in the screening model. This comparison is shown
n Table 6 . We impose the optimal schedule from the FIB onto the screening model by setting
 b 1 , b 2 , D) = (0 . 59 , 0 . 46 , 19) and letting the tax rate adjust to balance the budget, given the
ob-finding and survi v al rates of the screening model. 

On the w ork er side, the table shows that the optimal schedule first raises the time spent in
nemployment, as the survi v al rates after both twelve and twenty-four months rise. For example,
ith the optimal schedule, 44.1% of w ork ers are still unemployed after twelve months, whereas

t is only 41.4% under the schedule from the FIB. In line with the increase in survi v al rates,
ggregate search effort declines, reflecting the fact that more generous benefits discourage search
ffort. To illustrate how the selection of types changes with the optimal schedule, the table
lso shows a breakdown of survival rates by types (using as examples the lowest- and highest-
ype w ork ers in the population). The lowest-type w ork er has a very low probability of being
uitable for vacancies and is therefore likely to become long-term unemployed, whereas few of
he highest-type w ork ers enter long-term unemplo yment. With the optimal schedule, survi v al
ates of both types increase, although more strongly for the high-type w ork ers. 37 As we will
The Author(s) 2024. 

35 Extrapolating from their sufficient statistics estimates using a structural model, they found that welf are w ould be 
aximised at b 1 = 0 . 48 for the short-term unemployed and b 2 = 0 . 68 for the long-term unemployed. 
36 For the case of b 1 , we find that the externality-adjusted moral hazard costs are 49.7% lower in the screening model 

han in the full-information benchmark, which increases the optimal value for b 1 . For b 2 , the adjusted MH costs are 
nly 24.6% lower in the screening model, so that the optimal level of b 2 does not increase as much. For screening to 
ush towards a flat or inclining benefit profile, the externality from raising b 2 ( EXT ( b 2 ) ) would need to grow relative to 
XT ( b 1 ) . Kolsrud et al. ( 2018 ) found that shifting the tilt towards a more inclining profile is welfare improving when 
S b 1 / MH b 1 < CS b 2 / MH b 2 . 
37 The ratio of high-type w ork ers relative to low-type w ork ers at t = 12 is 0.36 with the schedule from the FIB and 

.4 with the schedule from the screening model. 

anuary 2025
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Table 6. Comparison of Schedules in the Screening Model. 

Optimal schedule 
from the FIB 

Optimal schedule from 

the screening model 

Avg survi v al (twelve months) 41 .4% 44 .1% 

Avg survi v al (twenty-four months) 26 .9% 28 .7% 

Avg survi v al (twelve months), lo w type 68 .4% 70 .0% 

Avg survi v al (twenty-four months), lo w type 57 .0% 58 .5% 

Avg survi v al (twelve months), high type 24 .7% 27 .8% 

Avg survi v al (twenty-four months), high type 11 .2% 12 .8% 

Aggregate search effort 4 .317 4 .262 
Vacancies 1 .04 1 .037 
Applications per vacancy 4 .152 4 .11 
Avg offer rate (one month) 31 .4% 31 .2% 

Avg offer rate (twelve months) 19 .8% 20 .5% 

Avg offer rate (twenty-four months) 14 .6% 15 .5% 

Tax 18 .8% 21 .3% 

Notes: In this table, we compare different outcomes of the screening model for ( 1 ) the optimal schedule from the full- 
information benchmark (i.e., setting ( b 1 , b 2 , D) = (0 . 59 , 0 . 46 , 19) ) and ( 2 ) the schedule that is optimal in the screening 
model ( ( b 1 , b 2 , D) = (0 . 63 , 0 . 46 , 26) ). For the breakdown of survival rates by type (rows 3–6), we show the two examples 
of the lowest type and the highest type. 
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nalyse in Section 4.3.4 below, these shifts in the composition of the unemployment pool will
mpro v e firms’ beliefs about the long-term unemployed. Finally, regarding the tax, implementing
he optimal UI schedule requires raising the tax relative to using the schedule that is optimal in
he full-information benchmark. If the optimal schedule from the FIB was implemented in the
creening model, the budget-balancing tax rate would only be 18.8%. The optimal schedule from
he screening model then increases the UI budget, so that the tax is 21.3%. Note that the optimal
chedule from the FIB is cheaper in the screening model than in the FIB (18.8% versus 22.8%).
he reason for this is that w ork ers exit unemplo yment f aster, so that the go v ernment needs to
ollect less tax revenue. 

On the firm side, the number of vacancies declines only slightly, so that the mean number
f applications per vacancy overall declines (from 4.152 to 4.11). Regarding firms’ profits, the
ssumptions from the estimation allow us to compute the change—rather than the levels—of
rofits (see Online Appendix A3 for details) between the policy regimes. We find that profits
ecrease very slightly by 0.53 percentage points. Importantly, switching to the optimal schedule
ncreases the average offer probabilities at twelve and twenty-four months by around 1 percentage
oint (6.1% relative to the baseline value of 0.146), which means that it becomes more likely
hat long-term unemployed job seekers exit unemployment. We examine this increase and the

echanisms behind it more closely in Section 4.3.4 below. 

.3.1. Sufficient statistics: background 

he social planner problem that determines the optimal UI schedule is complex, as it depends on
arious factors, such as the marginal utilities in unemployment and employment, how likely it is to
e unemployed at different periods, the responsiveness of the search effort to benefits (that is, the
orresponding elasticities) and firms’ offer probabilities. Therefore, it is not easy to understand
hy a different schedule is optimal in the screening model compared to the full-information
enchmark, as all of the factors are (potentially) different in the screening model. To better
nderstand these differences, we connect our analysis to the ‘sufficient statistics’ approach from
he public economics literature, which has developed simple formulae to capture the economic
© The Author(s) 2024. 

https://academic.oup.com/ej/article-lookup/doi/10.1093/ej/ueae095#supplementary-data
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otives for and against providing UI benefits. The sufficient statistics help to show more clearly
hy screening changes the optimal policy and give some direct insights into the trade-offs of the

ocial planner. 
For this exercise, we first need to discuss the theory behind the optimal policy problem. We

xactly follow the framework of Kolsrud et al. ( 2018 ), and a full technical derivation of the
ufficient statistics can be found in their paper. Kolsrud et al. ( 2018 ) showed that the optimal
chedule balances the consumption smoothing gain and the moral hazard cost . In addition, in
mployer screening models, there is also a hiring externality that reflects the fact that changes in
he UI policy can change firms’ interviewing and hiring decisions that arise in equilibrium. In
he following, we briefly introduce the formulae and explain the intuition that is important for
ur analysis (for more details, see also Online Appendix A3 ). Since the optimal schedule in the
creening model has both a higher initial benefit level b 1 and a higher potential benefit duration

D (see Table 5 ), we need two sets of sufficient statistics—one for each of these policy variables.

ufficient statistics for b 1 : We start by discussing the case of b 1 (the formulae for D will be
ery similar). We consider a simplified policy problem where the go v ernment only varies b 1 to
nd its optimal level (conditional on D and b 2 ): 

max 

b 1 ,τ
W ( b 1 , τ ) such that G ( b 1 , τ ) = 0 . (4)

his problem is ef fecti vely uni v ariate, as, conditional on b 1 , the tax needs to be set to balance the
udget. The first-order condition for b 1 can be written in terms of the consumption smoothing
CS) benefit, the moral hazard (MH) cost and the externality (EXT) term: 

CS ( b 1 ) = MH ( b 1 ) − EXT ( b 1 ) . (5)

olsrud et al. ( 2018 ) defined the externality-adjusted moral hazard cost as ˜ MH = MH − EXT . 38

quation ( 5 ) corresponds exactly to the first-order condition of problem ( 4 ) and means that at
he optimal level of b 1 , the insurance gain (CS) is equal to the externality-adjusted moral hazard
ost. Therefore, when the goal is to understand why the planner picks a certain schedule, it is
elpful to look at the sufficient statistics, as they give some direct insights into the trade-off the
o v ernment faces. 

Two of the key variables of the social planner problem measure the time individuals spend
n average in the first and the second steps of the schedule. By D 1 = 

∑ D 

t= 1 R 

−t S t we denote
he (discounting-adjusted) time spent receiving b 1 and, similarly, D 2 = 

∑ T 
t= D+ 1 R 

−t S t refers to
he time spent receiving b 2 : the higher survi v al probabilities ( S t ) are, the higher D 1 and D 2 . The
onsumption smoothing gain is defined as 

CS ( b 1 ) = 

∑ D 

t= 1 β
t S t E[ u 

′ ( c u t )] /D 1 − λ

λ
. 

he interpretation is that CS captures the mean expected marginal utility in unemployment,
eighted by the relative time unemployed individuals spend at each duration ( β t S t / D 1 ), and

ompares it to the marginal value of public funds (the Lagrange multiplier λ on the budget
The Author(s) 2024. 

38 Note that, in principle, the externality could also be added to the consumption smoothing gain (that is, on the 
eft-hand side of the equation). We follow the discussion in Kolsrud et al. ( 2018 ) by adjusting the MH costs rather than 
he CS gain. 

https://academic.oup.com/ej/article-lookup/doi/10.1093/ej/ueae095#supplementary-data
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onstraint from problem ( 4 )), which can be thought of as the marginal utility of employed
 ork ers. 39 Therefore, the CS gain is commonly referred to as the gap in marginal utilities. 
The moral hazard cost is 

MH ( b 1 ) = 

εD 1 ,b 1 D 1 ( τ + b 1 ) / b 1 + εD 2 ,b 1 D 2 ( τ + b 2 ) / b 1 

D 1 
. (6) 

he moral hazard term measures the importance of behavioural responses (represented by the
lasticities εD 1 ,b 1 and εD 2 ,b 1 ), which change the time individuals spend in unemployment, relative
o the mechanical revenue loss from increasing b 1 . The mechanical effect is the loss in revenue
rom having to pay higher benefits if behaviour and therefore survi v al rates are constant. To
nderstand the expression for the MH cost, it is helpful to note that the impact of a raise in b 1 on
he budget can be written as ∂G ( P ) / ∂b 1 = −MRL − BR , where MRL is the mechanical revenue
oss and BR the behavioural response. The moral hazard term is then defined as MH = BR / MRL .
he MRL is equal to D 1 for the case of raising b 1 and the BR is the numerator from ( 6 ). The

nterpretation is that raising b 1 by 1 e reduces revenue by (1 + MH ) MRL e . The MH cost therefore
ndicates how strong the behavioural effects are on top of the mechanical effect from raising b 1 .

Finally, the externality term depends on how firms adjust their interviewing and hiring decisions
n response to changes in b 1 : 

EXT ( b 1 ) = 

T ∑ 

t= 1 

K ∑ 

k= 1 

β t αk S t,k s t,k 
∂g t,k 

∂b 1 
( V 

e 
t,k − V 

u 
t,k ) 

1 

D 1 λ
. 

he externality term is new in screening models and would not be present in partial equilibrium
odels without firms. As a result, it is worth discussing this term in more detail. The externality

erm captures the notion that firms change their interviewing and hiring decisions after a UI
olic y reform. F or e xample, when a UI policy changes the selection of types in a way that
ore productive types are among the long-term unemployed, this will increase offer rates for

ndividuals with a high unemployment duration. As firms do not choose offer rates to maximise
 ork er utility, these changes in g t,k have a first-order impact on welfare rather than dropping
ut due to the envelope theorem. Looking at the term more closely, the externality measures
o what extent increases in b 1 can raise the job-finding rate via offer rates ( s tk ∂g t,k / ∂ B ), which
an increase welfare by moving w ork ers from unemplo yment into emplo yment ( V 

e 
t,k − V 

u 
t,k ). 

40 

hese changes are weighted by the likelihood of each type staying unemployed for long enough
o experience the increase in offer rates ( αk S t,k ). 

In practice, computing the sufficient statistics requires a value for the Lagrange multiplier.
ince the planner problem in ( 4 ) is a one-dimensional optimisation problem, we can numerically
olve for the optimal level of B and then compute the implied value of the Lagrange multiplier
rom the first-order condition at the optimum (see ( 5 )). 

ufficient statistics for D: Finally, we need sufficient statistics for the potential benefit duration
 D), as our goal is also to understand why the planner raises D in the screening model relative
o the full-information benchmark. The formulae are very similar to the case of b 1 . As D is a
© The Author(s) 2024. 

39 Technically, the Lagrange multiplier can be obtained from the FOC for the tax rate and is a function of marginal 
tility of employed workers. See Online Appendix F for more details. 

40 Note that s tk ∂g t,k / ∂ B is the deri v ati ve of the job-finding rate with respect to B when the search effort is constant. 
ividing by λ at the end simply results from rearranging the FOC, so that the externality term is on the right-hand side 

ogether with MH. 

https://academic.oup.com/ej/article-lookup/doi/10.1093/ej/ueae095#supplementary-data
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Fig. 6. Sufficient Statistics for the Potential Benefit Duration ( D). 
Notes: The figure illustrates how we derive sufficient statistics that capture an increase in the potential 

benefit duration ( D ). 
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iscrete variable, we cannot take the deri v ati ve with respect to D directly. Instead, we consider
he case of changing benefits between durations of 20 and 26 months (knowing that D = 26 is
he optimal solution in the screening model). When setting benefits on this interval (which we
enote b D 

) from b 2 to b 1 , this corresponds exactly to extending D to 26. For other values, it
f fecti vely creates a three-step schedule (see Figure 6 ). The purpose of this exercise to study why
he planner finds it optimal to increase benefits on this interval due to screening. 

We define d 0 = 19 and d 1 = 26 . Given the three-step schedule, time spent in unemployment
s now broken down into the three variables D 1 = 

∑ d 0 −1 
t= 1 R 

−t S t , D 2 = 

∑ d 1 
t= d 0 

R 

−t S t and D 3 =
 T 
t= d 1 + 1 R 

−t S t . The new formulae for the CS gain and MH cost are (EXT is unchanged) 

CS ( b D 

) = 

∑ d 1 
t= d 0 

β t S t E[ u 

′ ( c u t )] / D 2 − λ

λ
, 

MH ( b D 

) = 

εD 1 ,b D D 1 ( τ + b 1 ) / b D 

+ εD 2 ,b D D 2 ( τ + b D 

) / b D 

+ εD 3 ,b D D 3 ( τ + b 2 ) / b D 

D 2 
. 

.3.2. Sufficient statistics: overview of main results 
ith these theoretical concepts available, we now discuss the results. The advantage of the

ufficient statistics is that they reduce the complexity of the social planner problem to a few
nterpretable statistics. How does screening affect the insurance gain and the efficiency cost of
roviding UI benefits? Furthermore, how important is the hiring externality relative to these
actors? We address these questions in this section. 
The Author(s) 2024. 
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Fig. 7. Sufficient Statistics: Why Does Screening Affect the Optimal Schedule? 
Notes: This figure shows the values of the CS gain, the MH costs, the hiring externality (EXT) and the 

externality-adjusted MH costs for different values of b 1 (panel (a)) and b D (benefits between durations of 
20 and 26 months, shown in panel (b)). The solid lines show the sufficient statistics in the full-information 

model and the dashed lines show them in the screening model, illustrating why the introduction of 
screening induces the planner to choose a different optimal policy. The vertical lines show the 

intersections of CS and ˜ MH (i.e., the optimal level). 

Table 7. Sufficient Statistics for b 1 Evaluated at b 1 = 0 . 59 . 

Full-information benchmark Screening model Dif ference (relati ve to the FIB) 

CS 0.450 0.480 0 .03 (6.8%) 
MH 0.470 0.400 −0 .07 ( −14.1%) 
EXT 0.020 0.180 0 .16 ˜ MH ( = MH − EXT) 0.450 0.220 −0 .22 ( −49.7%) 

Notes: This table shows the sufficient statistics for the case of raising b 1 evaluated at b 1 = 0 . 59 . The values correspond 
to those shown in Figure 7 . It is optimal to increase b 1 whenever CS ( b 1 ) > 

˜ MH ( b 1 ) , and vice versa. 
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Figure 7 compares the sufficient statistics between the screening model and the full-information
enchmark. In both models, we set ( b 2 , D) = (0 . 46 , 19) (the optimal values from the full-
nformation benchmark) and vary the value of b 1 . In each case, we let the tax adjust to balance
he budget. Panel (a) shows the case of raising b 1 . In the full-information benchmark, b 1 = 0 . 59 is
ptimal and therefore the consumption smoothing gain and the externality-adjusted moral hazard
osts (the solid line) intersect at this point. Next, the figure shows that introducing screening
hifts the consumption smoothing gain upwards and the adjusted moral hazard costs downwards
the dashed lines). The new intersection occurs at b 1 just abo v e 0.66. Therefore, it is optimal to
aise b 1 in the screening model. 41 Table 7 shows the values of the sufficient statistics at b 1 = 0 . 59 .
n the screening model, the consumption smoothing gain is 6.8% higher and the moral hazard
ost is 14.1% lower. The externality plays a significant role, as it amounts to roughly 50% of the
oral hazard cost. Panel (b) of Figure 7 shows that the reasons for raising D are similar: again,

he consumption smoothing gain rises, while the moral hazard costs fall. 
© The Author(s) 2024. 

41 Note that this calculation assumes that the only policy variable of the planner is b 1 , and D and b 2 stay at their initial 
alues. As a result, the optimal value of b 1 is higher than in Table 5 , where the planner simultaneously increases D. 
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The main part of our analysis is to use these sufficient statistics results to analyse the mecha-
isms explaining why introducing screening changes the optimal policy. We begin by describing
 high-level overview of the chain of events that makes it optimal for the planner to increase
 1 . This is a summary of the main mechanisms, which will then be explained in more detail in
ection 4.3.3 below. As the reasons for why the planner raises D are very similar to raising b 1 ,
e focus on the case of raising b 1 in the main text. Online Appendix F contains a similar analysis

or why the planner raises D. The chain of events once screening is allowed for (as opposed to
eing in the full-information benchmark) is as follows. 

1) Employers start screening by unemployment duration. Since firms discriminate against in-
dividuals with a long unemployment duration, offer rates are higher for the short-term
unemployed and lower for the long-term unemployed, compared to the full-information
benchmark (see Figure 5 (d)). 

2) Workers internalise these changes and adjust their search effort. They search more at the
beginning of the spell to a v oid long-term unemployment. 

Because of points (1) and (2), w ork ers exit unemployment faster than they would in the
ull-information case. The average time w ork ers spend receiving b 1 ( D 1 = 

∑ D 

t= 1 R 

−t S t ) falls
ignificantly. Duration D 2 also falls. See panels (a)–(c) of Figure 5 . 

3) These changes in offer rates and search effort already have implications for the planner in
that they raise the MH cost and CS gain (note that there will be an offsetting effect on the
MH cost; see point (4)(b) below). 
( a ) Since w ork ers exit f aster and spend less time receiving b 1 (i.e., D 1 falls), it is cheaper for

the go v ernment to raise benefits: both the MRL and the BR fall. The moral hazard cost
is defined as the ratio between the BR and MRL. Since the MRL falls more strongly, this
effect increases the MH cost. 

( b ) In addition, because w ork ers internalise screening, their search effort becomes more
responsive with respect to benefits (the partial equilibrium elasticities εP E 

D 1 ,b 1 
and εP E 

D 2 ,b 1 
).

This means that w ork ers reduce their effort more strongly when benefits are increased.
This effect again increases MH costs. 

( c ) Because w ork ers find jobs faster, the tax on emplo yed w ork ers to finance the UI scheme
does not need to be as high as before. Consumption of employed workers increases and
the wedge in the marginal utility from consumption between employed and unemployed
w ork ers (and therefore the CS gain) goes up. 

4) There is a ne w ef fect due to screening: raising benefits increases offer probabilities (more
formally, ∂g t / ∂b 1 > 0 for most t in the screening model, compared to ∂g t / ∂b 1 ≈ 0 in the full-
information benchmark). 42 Because of its effect on search behaviour, raising b 1 impro v es the
average quality of long-term unemployed applicants. Firms recognise this and are more likely
The Author(s) 2024. 

42 The reason for ∂g t / ∂b 1 only being approximately rather than exactly zero in the full-information benchmark is 
hat even with perfect information (and no statistical discrimination), benefits still influence the applications-per-vacancy 
atio. F or e xample, if benefits were so high that few people search, the applications-per-vacancy ratio would be low and 
he offer probability would be high for an individual vacancy (since there is no competition). Ho we ver, we find that 
g t / ∂b 1 is close to 0 in the full-information benchmark. 

5
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Table 8. Moral Hazard Costs: Components. 

Component Full information Screening Change (%) 
Implied change in 
the MH cost (%) 

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

1 D 1 11 .780 9 .584 −18 .6 14 
2 εD 1 ,b 1 (partial equil.) 0 .134 0 .160 19 .5 –
3 εD 1 ,b 1 0 .131 0 .183 39 .8 15 .4 
4 ( b 1 + τw) / b 1 1 .387 1 .318 −4 .9 −1 .9 
5 D 2 11 .318 10 .622 −6 .1 −3 .8 
6 εD 2 ,b 1 (partial equil.) 0 .271 0 .296 9 .5 –
7 εD 2 ,b 1 0 .256 0 .133 −48 .2 −29 .5 
8 ( b 2 + τw) / b 1 1 .166 1 .098 −5 .9 −3 .6 
9 MH 0 .468 0 .402 −14 .1 –

Notes: This table shows each of the components of the moral hazard cost equation (see ( 7 )) for the screening model and the 
full-information benchmark. The last column shows a simple calculation to sho w ho w much changes in each component 
matter for the o v erall MH costs: using the equation for the MH cost, the calculation replaces a single component by 
its value in the screening model (column (3)) while leaving all other components at their value in the full-information 
benchmark (column (2)). Then, the last column reports how strongly replacing an individual component changes the MH 

cost (in percentages). 
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to interview long-term unemplo yed w ork ers due to their impro v ed beliefs (see Section 4.3.4
below for the mechanisms behind why benefits affect offer rates). 
( a ) The increase in offer rates has a positive externality effect on welfare ( EXT > 0 ). 
( b ) In addition, the increase in offer rates also reduces the moral hazard costs, as it makes

εD 2 ,b 1 smaller (this offsets the increase in the MH cost from point (3)). 

5) Taking stock. Combining points (3) and (4), the moral hazard is 14.1% lower in the screening
model (since point (4)(b) more than offsets points (3)(a) and (3)(b)) and the consumption
smoothing gain is 6.8% higher. In addition, there is a positive hiring externality, as raising
b 1 increases offer rates for the long-term unemployed, so that the externality-adjusted MH
costs are 49.7% lower. Therefore, it is optimal to raise b 1 . 

.3.3. Sufficient statistics: more detailed analysis 
aving described the main chain of events, we now turn to a more detailed discussion. We start
ith the impact of screening on moral hazard costs. Recall the expression for the MH cost: 

MH ( b 1 ) = 

BR ︷ ︸︸ ︷ 
εD 1 ,b 1 D 1 ( τ + b 1 ) / b 1 + εD 2 ,b 1 D 2 ( τ + b 2 ) / b 1 

D 1 ︸︷︷︸ 
MRL 

. (7) 

he MH cost is the ratio of the behavioural response (the revenue loss that is generated by the
lasticities εD 1 ,b 1 and εD 2 ,b 1 ) and the mechanical revenue loss from raising b 1 , which can be
hown to be equal to D 1 for the case of raising b 1 . With this equation in mind, we can discuss
n detail why moral hazard costs change in the screening model relative to the full-information
ase. Table 8 shows all components of the moral hazard costs for both the screening model and
he full-information benchmark. In the following, we discuss each of the components of the
oral hazard equations. When possible, we refer to the point from the chain of events that the

omponent is corresponding to (points (3)(a), (3)(b) and (4)(b) in particular). 
© The Author(s) 2024. 
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� Avera g e time spent receiving b 1 (point (3)(a)). Because firms are more likely to hire short-
term unemployed individuals, and w ork ers search more in the beginning of the spell, D 1

falls (by 18.6%). This lowers the mechanical revenue loss from raising b 1 ; that is, there are
fewer people who receive b 1 , so the mechanical cost of raising b 1 is lower. It also lowers the
behavioural response. The logic for the behavioural response is similar: since D 1 is lower,
the budgetary impact of raising D 1 by a given percentage (corresponding to εD 1 ,b 1 ) is lower.
Ho we ver, the mechanical revenue loss falls more strongly than the behavioural part. 43 This
effect alone would lead to higher MH costs, since the MH cost is the ratio between the
behavioural and mechanical components. To assess the magnitude of this effect, we perform
a back-of-the-envelope calculation where we leave all components of the MH equation at
their value from the full-information benchmark and only replace D 1 by its value from the
screening model. Substituting in the new D 1 raises the moral hazard costs by 14% (column
(5)), which is a significant change. 

� The elasticities. The elasticities of D 1 and D 2 with respect to benefits ( εD 1 ,b 1 and εD 2 ,b 1 ) are
key components of the moral hazard cost, as they determine the fiscal cost of raising b 1 .
In our model, these elasticities are determined both by w ork er and firm behaviour. In the
following, we investigate the role of each side of the labour market. 

– Partial equilibrium (point (3)(b)). To focus on w ork er behaviour first, we compute
the partial equilibrium elasticities (how D 1 and D 2 change when we raise b 1 while
holding offer rates constant). We find that these partial equilibrium elasticities increase:
εP E 

D 1 ,b 1 
increases by 19.5% and εP E 

D 2 ,b 1 
by 9.5%. The interpretation is that w ork ers reduce

their search effort more strongly in the screening model when the go v ernment raises
benefits. Theoretically, it is not obvious how these elasticities should change when we
introduce screening and w ork ers anticipate that job-finding rates fall the longer they stay
unemployed. Search effort is determined by a forward-looking optimisation problem
that does not have an analytical solution. Whether screening increases or reduces the
elasticities is therefore a quantitative question. 44 

– Including firm responses (point (4)(b)) . When we take firm responses (the reaction of
offer rates to benefits) into account, εD 1 ,b 1 is still larger in the screening model. Ho we ver,
there is a substantial change in εD 2 ,b 1 : this elasticity is substantially lower in the screening
model than in the full-information benchmark. The reason for this is that in the screening
model, raising b 1 increases offer rates for the long-term unemployed. Therefore, raising
b 1 does not increase D 2 as much as in the full-information model, because the effect
on hiring reduces D 2 . In other words, the increase in offer rates at a higher duration
( ∂g t / ∂b 1 > 0 ) partially offsets the decline in search effort ( ∂s t / ∂b 1 < 0 ). 

– Our back-of-the-envelope calculation suggests that these changes in elasticities play
a significant role for the moral hazard cost: replacing εD 1 ,b 1 by the value from the
screening model (while leaving everything else at the value from the full-information
The Author(s) 2024. 

43 The reason for this is that the behavioural part also has a second term (relating to b 2 ), where D 1 is not rele v ant. 
ividing both terms by D 1 leads to the following expression, which is decreasing in D 1 : MH ( b 1 ) = εD 1 ,b 1 ( τ + b 1 ) / b 1 + 

D 2 ,b 1 ( D 2 / D 1 )[ ( τ + b 2 ) / b 1 ] . 
44 In the model, search effort has a closed-form solution that depends on the difference between the value function of 

mplo yment and unemplo yment ( �V j,t+ 1 = V e t+ 1 − V u j,t+ 1 ). Using the closed-form solution for optimal search effort (the 
ormula is given in the Online Appendix ), it can be shown that the search elasticities can be written as εs t ,b 1 = λε�V j,t+ 1 ,b 1 , 
here λ is the exponent of the effort function. Therefore, search elasticities rise when ε�V j,t+ 1 ,b 1 increases. Since the 
alue functions are forward looking, the impact on these elasticities cannot be easily investigated analytically. 

ry 2025
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benchmark) increases the MH cost by 15.4% and replacing εD 2 ,b 1 lowers the MH cost
by 29.5%. 

� The tax. In the screening model, the tax rate needed to sustain the same schedule that is
optimal in the full-information benchmark is lower: the tax rate is only 18.8% rather than
22.8%. 45 Since w ork ers exit unemployment faster, the go v ernment does not need to collect
as much revenue and can lower the tax rate. From the perspective of the go v ernment, the
cost of unemployment is ( b 1 + τ ) w for the short-term unemployed and ( b 2 + τ ) w for the
long-term unemployed. This reflects the fact that the go v ernment needs to pay benefits and
loses tax revenue if w ork ers are unemployed. As the tax rate is lower in the screening model
than in the full-information benchmark, this effect reduces the cost of unemployment by
making the foregone tax revenue lower and lowers the moral hazard cost. Quantitatively,
we find that this plays a smaller role: our calculation suggests that these changes lower the
moral hazard costs by between 1.9% (the reduction of b 1 + τ ) and 3.6% (the reduction of
b 2 + τ ). Since the contribution of this effect on the moral hazard cost is small, we have
omitted it from the chain of events; note, however, that changes in the tax rate are more
significant for the consumption smoothing gain (point (4)(c)). 

� Avera g e time spent receiving b 2 ( D 2 ). Because of changes in both offer rates and search
ef fort, fe wer people enter long-term unemployment and D 2 is 6.1% lower in the screening
model. This makes the behavioural response smaller; for a given elasticity, there are fewer
people receiving b 2 who reduce their effort. The mechanical revenue loss is not affected,
since it depends only on D 1 . Therefore, a reduction in D 2 lowers the moral hazard cost, as
the behavioural response gets smaller relative to the mechanical revenue loss. However, this
effect does not matter much in a quantitative sense, as it only implies a 3.8% reduction in
the moral hazard costs according to our back-of-the-envelope calculation. As a result, we
have omitted it from the main chain of events. 

In addition to the moral hazard costs, the consumption smoothing gain also changes when we
ntroduce screening. Recall that the CS gain is given by 

CS ( b 1 ) = 

∑ D 

t= 1 β
t S t E[ u 

′ ( c u t )] / D 1 − λ

λ
. 

We see that the consumption smoothing gain is higher in the screening model than in the full-
nformation benchmark. This was point (4)(c) in the chain of events. This means that the wedge
etween the utility of the unemployed and the utility of the employed becomes larger due to
creening: it is more valuable to transfer 1 e to the unemployed. Formally, the increase is driven
y a fall in the Lagrange multiplier: it falls from 0.0076 (full-information benchmark) to 0.0073
screening model). Note that the Lagrange multiplier is not as straightforward to interpret as some
f the other statistics, as it is the ‘marginal value of public funds’ (the Lagrange multiplier on the
o v ernment budget constraint) that is jointly determined by all the parameters of the optimisation
roblem. 46 To see more directly how the gap in marginal utilities between the employed and
© The Author(s) 2024. 

45 Recall that we impose ( b 1 , b 2 , D) = (0 . 59 , 0 . 46 , 19) in the screening model and allow the tax rate to adjust to 
alance the budget. Therefore, the tax rate differs between the two models. 

46 As discussed in Online Appendix A3 , using the FOC for the tax, the Lagrange multiplier can be written as a 
ransformation of the marginal utility of the employed, which also takes the behavioural response to tax changes and 
ffects of the tax on offer rates into account. 
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Table 9. Avera g e Marginal Utility of Consumption. 

Full information Screening 

Employed 0 .006 0 .006 
Unemployed, nineteen or less months 0 .011 0 .011 
Gap (unemployed vs. employed) 73 .9% 88 .5% 

Notes: This table shows the average marginal utility from consumption for the employed 
and unemployed workers with an unemployment duration of nineteen or less months 
(which corresponds to the optimal length of the first benefit level in the full-information 
benchmark). In the third row, the gap in marginal utilities is computed as ( E( u ′ u ) −
E ( u ′ e )) /E ( u ′ e ) , with E ( u ′ u ) and E ( u ′ e ) being the marginal utilities in unemployment and 
employment. 
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nemployed differs, we also compute the average marginal utility in Table 9 . 47 The table shows
hat the gap in marginal utilities is higher in the screening model: the marginal utility of the
nemployed is 88.5% higher instead of 73.9%. In the screening model, the tax that is needed
o finance the UI schedule is lower since w ork ers find employment more quickly. Therefore,
onsumption of the employed rises, which lowers their marginal utility. 48 Therefore, the table
hows that the gap in marginal utilities rises when we introduce screening, which contributes to
he higher consumption smoothing gain. 

.3.4. Mechanisms behind changes in offer rates 
n the sufficient statistics analysis, we have seen that the hiring externality can lower the effective
oral hazard costs of UI reforms (see point (4)(a) in the chain of events). The hiring externality

aptures the changes in offer probabilities due to a reform (e.g., ∂g j t / ∂b 1 in the case of b 1 ),
hich has a first-order impact on w ork er welf are. In this section, we discuss in more detail
hy implementing the optimal schedule—relative to using the schedule that is optimal in the

ull-information benchmark—raises offer probabilities. This is useful to better understand how
he hiring externality is determined in our model. 

Intuitively, our model captures three different reasons why a change in the UI policy can
f fect of fer rates. First, firms optimally form beliefs regarding the productivity of the applicants,
epending on the selection of good and bad types o v er the unemployment spell. For example,
f the UI policy keeps good types in the pool for longer, firms will become more optimistic
bout the productivity of the long-term unemployed and will be more likely to invite a long-
erm unemployed job seeker for an interview. Second, a firm’s interviewing decisions depend
n the composition of the pool of applicants. Even if a firm’s beliefs are constant, this is an
dditional channel through which UI reforms can change offer rates. For example, if UI benefits
re initially high, this reduces the search effort of the short-term unemployed. As a result,
rms will receive fewer applications and are more likely to consider long-term unemployed job
eekers (there is a similar effect if the composition of types shifts to wards lo wer-type w ork ers,
The Author(s) 2024. 

47 Consistent with the formulae for the sufficient statistics, the average marginal utility is computed as 
 t 2 
t= t 1 ( β

t S t ) / ( 
∑ t 2 

t= t 1 R 

−t S t ) E( u ′ ( c u t )) for the unemployed and as 
∑ T 

t= 1 ( β t (1 − S t )) / ( 
∑ T 

t= 1 R 

−t (1 − S t )) E( u ′ ( c e t )) for 
he employed. 

48 Note that the average marginal utility of the employed also declines slightly with screening. The reason is that, 
ith screening, w ork ers exit unemplo yment f aster. Thus, the composition of the unemplo yed shifts tow ards individuals 
ith a short unemployment duration, who still have more savings available. Changes in savings behaviour can also play 
 role; for example, when w ork ers anticipate that they will find a job quickly, they consume more of their savings at the 
eginning of their period of unemployment and their marginal utility declines. From the perspective of the planner, this 
 ould mak e providing benefits less valuable. 

nuary 2025
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Fig. 8. The Impact of the UI Policy on Offer Rates: Decomposition. 
Notes: Panel (a) shows the average change in offer rates (in percentage points) for each unemployment 
duration when comparing the optimal schedule and the schedule that is optimal in the full-information 

benchmark (both in the screening model). Panel (b) shows the decomposition of this change into the effect 
of changing beliefs, changing competition and a changing applications-per-vacancy ratio (see the text for 

details). 
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ho are less likely to be suitable). Third, the UI policy also affects the number of applicants
er vacancy. If the overall search effort is so low that firms receive only a few applications per
acanc y, the y will be more lik ely to consider the long-term unemplo yed due to the lack of other
pplicants. 

To illustrate the role of these three channels quantitatively, we perform a decomposition based
n the equation for offer probabilities: 

g j ( t) = π j 

∫ 

φ

exp [ −p( φ, t) · μ] d N 1 ,σ ( φ) , 

p( t, φ) = 

T ∑ 

˜ t = 1 

J ∑ 

˜ j = 1 

a ˜ j , ̃ t 

a 

· π ˜ j · P [ � ( ̃  φ, ̃  t ) ≥ � ( φ, t) | ˜ j , t, ̃  t , φ] . 

uppose that we have computed the offer rates in the screening model, given the optimal schedule
rom the full-information model ( g 

0 
j t ). Then, we use the screening model to compute offer rates,

iven the schedule that is actually optimal in the screening model ( g 

1 
j t ). Panel (a) of Figure 8

rst shows the average change in offer probabilities ( g 

1 
j t versus g 

0 
j t ) from moving to the optimal

chedule (relative to the schedule that was optimal in the FI model). As we have seen in previous
ections, the hiring externality contributes significantly to the new schedule being optimal.
he figure shows that the magnitude of the resulting offer rate changes, indicating that offer

ates rise by up to 0.9 percentage points (pps; which is around 6% relative to the pre-reform
evel). 

For the decomposition, the equations above allow us to construct counterfactual offer proba-
ilities, where we only vary certain elements of the equation while keeping the other components
xed. We compute the following three counterfactual offer rates. 
© The Author(s) 2024. 
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� Only � ( φ, t) and � ( ̃  φ, ̃  t ) are replaced by the values from g 

1 
j t and everything else stays at

its value from g 

0 
j t ( beliefs ): firms only update their beliefs, while the pool of applications

the y receiv e is e xactly the same. 
� Only a ˜ t , ̃ k /A is replaced by the value from g 

1 
j t ( competition by other applicants ): firms keep

their old beliefs, but the characteristics of the other applicants change (e.g., more short-term
or long-term unemployed). 

� Only μ is replaced by the value from g 

1 
j t ( applications per vacancy ): in this case, only the

mean number of applicants per vacancy changes. 

ote that this is an accounting decomposition rather than a structural one, as the effects are
nterrelated. The interpretation of the e x ercise is whether simply substituting in certain factors,
uch as the updated beliefs, while keeping everything else constant, can explain the changes in
ffer rates between the model simulations. 

Panel (b) of Figure 8 shows the results; that is, to what extent each factor alone can explain the
ifference in offer rates seen in panel (a). Most strikingly, we see that the change in beliefs plays
 significant role in explaining the differences (the solid line). Substituting in the new beliefs,
hile leaving everything else constant, replicates the shape of the curve in panel (a) and also

ccounts for a sizeable fraction of the quantitative changes. The changes in beliefs can further
xplain why offer rates fall at the beginning of a spell. As illustrated by ( 2 ), beliefs depend on
he fraction of suitable applicants at each unemployment duration. Under the optimal schedule,
he selection of types o v er the course of the unemployment spell changes so that job seekers
ith high unemployment durations are more likely to be suitable. As a result, firms e v aluate their
roductivity more positively and become more likely to interview and subsequently hire them,
hich slightly hurts unemployment workers with a short unemployment duration (as their offer

ate falls slightly). 
The second effect that can be evaluated is due to the changing competition from other applicants

the dashed line). This effect increases the likelihood of being hired, as there are fe wer indi viduals
ith a short unemployment duration and even fewer suitable candidates among those applicants.
his in itself increases the probability of being hired at each unemployment duration, and, for
xample, partially counteracts the negative impact of changing beliefs on offer rates early in the
nemployment spell. 

Finally, the number of applicants per vacancy declines slightly under the optimal schedule.
ith fewer applicants per vacancy, it becomes less likely that another applicant will have higher

xpected productivity. Therefore, from the perspective of a given w ork er, their probability of
eing hired increases. 

We also performed this e x ercise separately for the case of varying b 1 and D to see whether the
wo policy variables have a different impact on offer rates (see Online Appendix Figure A8 ). We
nd that the decomposition looks similar in both cases, although the increase in D has a more
ronounced effect on offer rates at longer unemployment duration (abo v e two years). In both
ases, the belief channel plays the largest role. 

Taken together, the increase in offer rates induced by the optimal schedule (which generates
he hiring externality and contributes to making this schedule optimal) can be explained by the
hree effects discussed in this subsection. Most importantly, the decomposition highlights that in
 ranking model, offer rates do not depend only on firms’ beliefs about the expected productivity
f a given applicant, but also on the number and characteristics of the other applicants. 
The Author(s) 2024. 
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Fig. 9. Screening Model: Welfare Gains and Losses from the Optimal Schedule. 
Notes: Panels (a)–(c) show the welfare gains and losses for unemployed individuals with different 

unemployment spell lengths, depending on the productivity type of the individual (averaged over the asset 
types). These gains and losses are both computed in the screening model, comparing the optimal schedule 
to the schedule that is optimal in the full-information case. Panel (a) first shows the ex ante welfare change 
from the perspective of the beginning of the spell and panels (b) and (c) sho w dif ferent durations. Panel (d) 

shows the mean change in assets later in the spell. 
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.4. Welfare Implications: Who Gains and Loses from Taking Screening into Account? 

o conclude our analysis, we look at the welfare gains from taking screening into account. Who
ains and who loses when the go v ernment implements the optimal schedule from the screening
odel, relative to using the schedule that is optimal in the full-information model? 
In this context, we discuss two particular cases. The first is using the optimal schedule from the

ull-information benchmark (with σ = 0 and without re-estimating the remaining parameters).
e impose the schedule that is optimal in this model on the screening model and compare welfare

etween this schedule and the optimal schedule. Panel (a) of Figure 9 shows the ex ante welfare
hange. The figure shows that low-type w ork ers gain while high-type w ork ers lose ex ante, with
hanges being close to 0 in the middle of the distribution. To better assess the magnitude of the
© The Author(s) 2024. 
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elfare changes, we also convert these utility differences to a money metric by computing the
sset amount that is required to make the w ork er indifferent between the two states. The low-type
 ork ers gain up to 1,777 e from moving to the optimal schedule, whereas the high-type w ork ers

ose up to 937 e . Moving to the optimal schedule therefore has important distributional welfare
onsequences. Note that, on average, the welfare gains and losses somewhat cancel out and the
verage welfare gain is 259 e . 

Panels (b) and (c) show how welfare changes for individuals who have been unemployed for
onger periods. For example, all w ork ers (irrespective of their type) who have been unemployed
or twelve or thirty-six months gain from the transition to the optimal schedule due to its higher
enerosity and the longer period for which the high level of benefits is paid out. Note that, even
nemplo yed w ork ers at an unemployment duration of thirty-six months are better off with the
creening schedule, even though at that point both schedules pay the same level of benefits. This
s due to the fact that workers can save part of the higher benefits in previous periods and keep
ore assets until very late in the spell (panel (d)). 
These results complement Table 6 by showing the welfare changes from moving to the opti-
al schedule, relative to wrongly implementing the optimal schedule from the full-information

enchmark. Ho we ver, note that the full-information benchmark does not match the same data
argets as the estimated model, as, for example, job-finding rates are different (recall Figure 5 ).
herefore, a closely related question is what happens if we re-estimate the full-information
odel. The interpretation of this second e x ercise is whether wrongly taking the FI model, es-

imating it and computing an optimal policy with it provides misleading results. In practice,
e find that re-estimating the FI model leads to a fairly similar optimal policy: b 2 and D

re identical to the optimal policy in the FIB and b 1 is higher (0.62% rather than 0.59%).
nline Appendix Table A3 shows the fit of the full-information model, which deteriorates rela-

ive to the full model (as the search and multiple spell moments cannot be fitted as closely as they
an with the screening model). Online Appendix Table A4 compares the parameters between
he two estimations. The welfare comparisons are quite similar to those shown in Table 9 , as the
ptimal policy is so similar between the FIB and the re-estimated full-information model. The
elfare gain from taking screening into account, relative to using the estimated FI model, ranges
etween 1,258 e for the lowest-type w ork ers and −730 e for the highest-type w ork ers, although
t should be noted that the average welfare gains are small and only amount to 134 e . Therefore,
e find that taking screening into account primarily has a distributional impact on welfare and

ubstantially benefits the lowest-type w ork ers in the population. 

. Conclusion 

n this paper, we study how employer screening affects the optimal UI system. We build a
odel of job search and recruitment behaviour where firms have incomplete information about
 ork er productivity and take the unemployment duration of w ork ers into account when making

nterviewing decisions. This makes it less likely that the long-term unemployed are invited for
nterviews. The model is estimated to match several important features of the data regarding
ob-finding rates, search effort and vacancies. 

What are the implications of employers’ screening behaviour for the optimal UI system? Our
nalysis suggests that the presence of screening makes the initial benefit level slightly higher
nd that benefits should be paid out for a substantially longer time than in the full-information
enchmark. We closely examine the reasons for these changes in the optimal policy using a
The Author(s) 2024. 
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ufficient statistics characterisation of the optimal schedule. Our main finding is that the changes
n the optimal schedule in the screening model (relative to the optimal schedule in the full-
nformation benchmark) are due to the following: first, an increase in the insurance gain from
roviding benefits; second, a decrease in the moral hazard costs; and third, a benefit from the
iring externality, which leads to lower externality-adjusted moral hazard costs. Our analysis
hows in detail how these changes in the sufficient statistics are related to w ork ers’ changed
earch incentives and consumption, as well as firms’ hiring behaviour. Another key conclusion
s that the hiring externality that arises in employer screening models can be quantitatively
mportant for the optimal schedule. This finding complements recent theoretical work about hiring
xternalities in employer screening models (Lehr, 2017 ; Kolsrud et al. , 2018 ), and suggests that
 better understanding of the hiring externality is important in assessing the welfare gains from
hanging the UI policy. Finally, we examine the welfare gains and losses when the go v ernment
akes screening into account and find that the optimal schedule substantially benefits low-type
 ork ers, while reducing the welfare of higher-type workers, thereby having a distributional effect
n welfare. 

Our analysis provides opportunities for further theoretical and empirical research on the
elationship between employer screening and UI. On the theoretical front, a particularly important
venue for future research is to endogenise wages. While this is challenging, it would allow the
e gativ e informational effect of the unemployment duration to be reflected in both the reduced
ffer rates and the reduced wages, and lead to a richer analysis of the impact of the UI reforms.
n the empirical side, given that we find screening to be important for optimal UI design, it is also

mportant to conduct more empirical work to measure callback and potential offer rates, and to
etermine how they vary in different economic circumstances (for example, across occupations
r the UI benefit regime). This would lead to a more detailed assessment of how the optimal
nemployment insurance system should take employer screening into account. 

eutsche Bundesbank, Germany 
niversity of Leicester, CEP & IFS, UK 

dditional Supporting Information may be found in the online version of this article: 
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