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Abstract

Why do people entitled to longer unemployment benefits remain unemployed
longer? Using French administrative data, we show that unemployment benefit re-
cipients target lower wages over time, and rapidly increase by about 60% their job
applications and job finding just before benefit exhaustion. For individuals still un-
employed after benefit exhaustion, target wages remain constant; yet applications
and job finding drop, in contradiction with standard search models. Benefits exten-
sions hence decrease job finding less than predicted by theory. Overall, longer benefits
delay job finding mostly by postponing a spike in search effort, which validates the
relevance of search behavior to explain unemployment.
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1 Introduction

Figure 1: Job finding rate over time for job seekers eligible to different PBD

Notes: This graph shows the evolution of job finding rates over time of the unemployment spell
(in month) separately for job seekers eligible to 6, 12, 18, 24 and 36 months of unemployment
benefits. These rates correspond to the number of exit to employment in month t divided by the
size of the risk set at the beginning of the month. We also present the evolution of the empirical
hazard of getting a long term job, and the empirical hazard of exiting unemployment registry in
Figure A.5.

It is essential to understand how unemployment insurance (UI) affects individual be-

havior as the design of UI involves a trade-off between insurance and disincentive effects.

A large body of evidence shows that longer unemployment benefits cause longer unem-

ployment duration and papers looking closer at the timing of job finding have highlighted

a spike in exits to employment around benefit exhaustion (we present this pattern in our

French data in Figure 1). Yet, there is limited direct evidence on the mechanisms behind

the impact of longer unemployment benefits on job finding. The classic search model ratio-

nalizes the impact of unemployment insurance on employment assuming a direct relation

between the dynamics of job finding and search behavior (Mortensen (1977)): workers

progressively increase their search effort and decrease their reservation wage over time to

increase their chance to find a job as their remaining unemployment benefits decrease.

After exhausting their benefits, they keep a high level of search effort and a low reservation

wage because incentives to find a job are at their highest level. But the steep drop in job

finding rates observed in Figure 1) just after benefits exhaustion contradicts the model’s

predictions. Does the timing of job finding necessarily coincide with the timing of search

effort? Alternatively, job seekers may store job offers until they exhaust their benefits, or

they may get recalled to their prior employer when they exhaust benefits. Furthermore, the

effect of search behavior on the job finding rate may be clouded by worker heterogeneity
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and dynamic selection. The impact of unemployment benefit on the dynamics of individual

job search behavior hence largely remains an open question.

In this paper, we connect French administrative data on unemployment benefits and

job finding with detailed data on job search at the individual level (Skandalis, 2018).

We are able to measure job search by tracking the applications made on the online search

platform of the French public employment agency. A fairly large share of French job seekers

use this search platform (one fifth of individuals unemployed in 2014 sent at least one online

application on this search platform). The unique feature of this data set is that, unlike data

collected from private job search platforms, it can be connected to other administrative

data sources, allowing us to track unemployment insurance, re-employment and search

behavior over time for more than 500,000 individuals. Because we observe the information

contained in the job openings that individuals apply to (in particular the posted wage for

about half of openings), we can measure job seekers’ target wage. We track the evolution

of job seekers’ search intensity (number of job applications sent) and target wages (average

wage applied to) as long as individuals remain unemployed. We estimate within individual

variation in search behavior in panel models with individual spell fixed effects.

To guide our empirical analysis, we first present a standard search model with finite un-

employment benefits and endogenous search intensity (following Mortensen (1977)). Solv-

ing the model, we show how potential benefit duration (PBD) should affect the evolution

of job search effort and reservation wages over an unemployment spell. The model predicts

that, as benefit expiration approaches, job search effort increases and reservation wages

decrease. After exhaustion, both job search effort and reservation wages stay constant as

job seekers are then facing a stationary environment. Under a standard calibration of the

parameters, we show that, when the baseline benefit duration is long, an extension does

not affect job search effort or the reservation wage at the start of the spell. Our empirical

analysis then proceeds in three steps.

First, we investigate the impact of potential benefit duration on the dynamics of search

effort over the unemployment spell. We highlight a very large increase in search effort

around benefit exhaustion within an individual spell, corresponding to an increase in job

search by up 45-70%. For individuals who are still unemployed, the increase in search

intensity during the months leading to benefit exhaustion is followed by a symmetrical

decrease afterwards. This decrease is surprising as these individuals should have a very

high incentive to exit unemployment when they receive no unemployment benefits. One

challenge for our identification is that job seekers might change their search behavior over

time, independent of benefits exhaustion. We disentangle the impact of benefits exhaustion

from the impact of elapsed unemployment spell by exploiting the fact that job seekers in

France can be eligible to various PBD—ranging from 1 to 36 months. As benefits exhaus-

tion coincides with different times of the unemployment spell for different individuals, we

include time of the spell fixed effects to isolate the reaction to the proximity to benefits
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exhaustion. We hence control for factors that might affect search over time, such as skill

depreciation or employers’ discrimination. Moreover, one might be concerned that our re-

sults are biased because the online applications we can track only represent a small fraction

of the overall search effort for each individual. We therefore systematically replicate our

results on subsamples of individuals who use this platform the most frequently. Overall,

our results are partially consistent with the standard job search model. Search effort does

increase as benefit exhaustion approaches. But job seekers reduce their search effort if they

are still unemployed after exhaustion, which is inconsistent with the model’s predictions

of a constantly high level of search effort after exhaustion.

Second, we explore the impact of potential benefit duration on the dynamics of target

wages. We show that over an unemployment spell, individuals apply to job ads with lower

and lower posted wages until they exhaust their benefits, and keep their target wage con-

stant afterwards. Thus, target wages decline until benefits exhaustion and remain constant

after, consistent with the predictions of the standard search model. We estimate that the

downward trend prior to exhaustion is small on average: 0.1% decrease every month.1 We

note that the decrease in target wage before benefit exhaustion is steeper for shorter PBD,

which is also consistent with the model’s predictions. It suggests that longer unemployment

benefits tend to attenuate the decrease in target wage at the start of the unemployment

spell. Our results are robust to alternative measures of job quality. Moreover, we show that

most of the decrease in target wage comes from applying to occupational job categories

associated with lower wages on average. This suggests that the decrease in target wage

goes along with a decrease in the targeted productivity at the new job rather than with

learning about the true wage distribution for a chosen job category.

Third, we show that the spike in job finding observed when benefits expire is mostly

due to a spike in search effort. The dynamics of job finding closely corresponds to the

dynamics in job applications. In particular, we estimate in a Cox proportional hazard

model that job finding increase by a 60% at benefit exhaustion, similar in magnitude as

the contemporaneous spike in job applications. Moreover, in a panel model at the PBD

group level, we estimate that search behavior can explain about three fourth of the increase

in job finding around benefit exhaustion. We further present direct evidence on recalls and

storable job offers, showing that these channels can explain only a very small share of the

spike in job finding at exhaustion. Overall, our findings validate the critical importance

of the job search channel in explaining the impact of unemployment insurance on re-

employment outcomes.

Overall, our results suggest that benefit extensions have two effects on the dynamics of

search behavior: they postpone a spike in search effort associated with benefit exhaustion

and attenuate the decrease in target wage preceding benefit exhaustion. We complement

this analysis by studying how benefits extension affect the level of search intensity and

1This magnitude is very close to the decrease in reservation wage found in Krueger and Mueller (2011).
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target wages at the start of the unemployment spell in a regression discontinuity design.

French UI rules are different for workers who lose their job before and after 50 years old:

after 50, workers tend to be entitled to longer PBD, beyond 2 years. Our RD estimates

suggest that neither job search effort nor the reservation wage are substantially affected at

the beginning of the unemployment spell by an extension of PBD beyond 2 years. This is

consistent with predictions from standard search models, as search behavior should hardly

be affected by a UI extension in the far future. Our results put together thus offer a

comprehensive picture of the impact of unemployment insurance duration on job search.

Finally, we argue that our finding of a drop in search effort after benefit exhaustion has

important policy implications. It implies that benefit extensions do not cause an increase

in unemployment duration as large as predicted by theory. While giving additional ben-

efits later in the spell delays the increase in search effort and job finding, the increase in

search effort around exhaustion is only temporary. Therefore, the negative effect of benefit

extensions on job finding is limited compared to the case of a permanent increase in search

effort after exhaustion predicted in the standard search model. Moreover, considering that

the job finding after benefit exhaustion appears to decline because of a drop in search effort

rather than because the negative selection of individuals who are still unemployed then,

we note that policies that could maintain search effort at a high level could substantially

increase job finding. However search effort does not seem to respond to incentives as pre-

dicted in standard search models, so a better understanding of the determinant of search

effort would be useful to design such a search boosting policy.

Our paper makes several contributions to the literature. First, we contribute to the

estimation of the impact of unemployment insurance (UI) on search outcomes. Previous

studies focused on the impact of UI duration on search outcomes are limited in their mea-

sure of search outcomes: search is measured at the aggregate level, or once per individual

(usually at the start of the unemployment spell). At the macro level, Marinescu (2017),

Fradkin and Baker (2017) have established that PBD extensions have a negative impact

on search intensity. At the micro level, Lichter (2017) shows that PBD extensions decrease

search intensity measured two months after the start of the unemployment spell while Bar-

banchon et al. (2017) show that PBD extensions do not affect the reservation wage that job

seekers declare when they register as unemployed. These previous articles could therefore

not explore the impact of UI on job search behavior over time, although the dynamics

of job search have been long shown to be crucial in non stationary environments such

as finite duration unemployment insurance (Mortensen, 1977; van den Berg, 2010). Cross

sectional and panel survey data on job search have been exploited to explore the dynamic

dimension of search (Krueger and Mueller (2010), Krueger and Mueller (2011)). However,

in the first case, the dynamic of search could not be disentangled from dynamic selection

and in the second case, the sample size of respondents did not allow for an analysis of the

behavior around and after benefits exhaustion. In contrast, our longitudinal data on job
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search with substantial variation in PBD allow us to estimate the dynamic response of job

search behavior to UI.

Second, our results allow us to get under the hood of behavioral mechanisms that ex-

plain the impact of unemployment insurance on re-employment outcomes. A large body

of literature has estimated a positive impact of unemployment insurance on the duration

before re-employment, as summarized in the meta-analysis of Schmieder and von Watcher

(2016).2 Another longstanding debate has focused on the magnitude of the spike in the job

finding rate observed around benefits exhaustion.3 Our results suggest that search intensity

is the main factor explaining the impact of unemployment insurance on non-employment

duration and the spike in the job finding rate at benefit exhaustion. Furthermore, our find-

ings help explain why re-employment wages are typically unaffected by benefits extensions

(Caliendo et al., 2013; Schmieder et al., 2016; Nekoei and Weber, 2017). Our results are

consistent with UI affecting re-employment wages in two opposite directions: on the one

hand longer PBD delays exits to a period when target wages are lower, but, on the other

hand, job seekers decrease their target wages more slowly when eligible to longer benefits.

Additionally, we find that most of the job applications are made when job seekers start

their unemployment spell or approach benefit exhaustion, times during which the target

wage does not appear to be affected by PBD.

Our third contribution is to test the relevance of search models to explain the impact

of UI duration on re-employment outcomes. The drop in job finding rate after exhaustion

found in the literature that is at odds with predictions from the standard search model

(Mortensen, 1977). Three possible conclusions could follow from this observation, with

various implications for this model: first, the model could be correct but the behavioral

response of job seekers could be empirically dominated by unobserved heterogeneity after

benefits exhaustion. Second, this model would be irrelevant in the case that the timing of

the job finding rate would not reflect the timing of search behavior—for instance because

workers store job offers or choose the timing of their recalls (Boone and van Ours (2012),

Katz and Meyer (1990c)). Third, this model could lack some key features. Our findings

reject the first two conclusions in favor of the third and therefore confirm that search

behavior is central while inviting to explore twists to the standard model to account for

a decrease in search intensity after benefits exhaustion. In particular, DellaVigna et al.

(2017) develop their reference-dependent model to address the puzzle of the decrease in

the hazard of finding a job after benefit exhaustion.4 In this model, the decrease in job

2Evidence of a positive elasticity of unemployment and non-employment durations with respect to PBD
ranging between in 0.1 and 0.7 can be found in Katz and Meyer (1990a), Card and Levine (2000), Lalive
(2007), Lalive et al. (2006), Card et al. (2007a), van Ours and Vodopivec (2006), Schmieder et al. (2012)
Johnston and Mas (2017), Barbanchon et al. (2017))

3Katz (1986), Katz and Meyer (1990a), Katz and Meyer (1990b), Fallick (1991), McCall (1997), Bratberg
and Vaage. (2000), Carling and Jansson. (1996), van Ours and Vodopivec (2006), Card et al. (2007b),
DellaVigna et al. (2017).

4However, DellaVigna et al. (2017) cannot directly observe search intensity and calibrate their model
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finding comes from a decrease in search effort as job seekers get used to lower income.

Fourth, our paper contributes to a growing strand of literature investigating the optimal

time path of unemployment insurance (Kolsrud et al., 2018; Ganong and Noel, 2017). Our

analysis of the impact of longer benefit duration on the dynamics of search behavior and

job finding contributes to shed light on the disincentive effects of unemployment insurance.

The paper is organized as follows. Section 2 presents a very simple version of the stan-

dard search model in order to have a benchmark to which we can compare the empirical

results through the paper. Section 3 presents the institutional setting and our data. Section

4 describes the empirical strategy. In Section 5, we study the evolution in search intensity

around benefits exhaustion, while Section 6 focuses on the evolution of target wages. Sec-

tion 7 investigates how search behavior can explain the dynamic of job finding. Section 8

discusses the impact of benefits extension at the light of our results and review alternative

models that could account for the decrease in search intensity after benefits exhaustion.

Finally, Section 9 concludes.

2 Theoretical framework

To help interpret the empirical findings, we start by developing a simple discrete-time search

model with endogenous search intensity and finite duration of unemployment benefits. The

model is based on Mortensen (1977) and is similar to Krueger and Mueller (2016), except

that we include endogenous search intensity.

An unemployed worker decides in each period her reservation wage φt and her search

effort st ∈ [0, 1]. t here represents the time spent unemployed. Search costs are given by

the function c(s), which we assume to be time-separable, twice continuously differentiable,

increasing, and convex, with c(0) = 0 and c′(0) = 0. Returns to search λ(s) are given by

a function twice continuously differentiable, increasing, and concave, with λ(0) = 0 and

λ′(0) = 0 and represent the probability of drawing an offer from the distributions of job

offers when searching with effort s. The probability for a job seeker to draw an acceptable

job offer depends therefore on the returns to her search effort λ(s), her reservation wage φ

and the job offer distribution F (w). The job offer distribution is constant. For T periods,

a newly unemployed worker receives a fixed amount of unemployment benefits b. If she

stays unemployed after T , she only receives lower welfare transfers with no time limit. For

simplicity here, we consider that workers are hand-to-mouth and consume all their income

at each period. The flow utility from consumption in period t is given by the function u. β

represents the discount rate. At each period, the value function of an unemployed worker

based on employment outcomes.
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is given by the following equations:

If t < T : Vu(t) = u(b) + max
s,φ

{
− c(s) +β

[
λ(s) ·

(∫ φ

Vu(t+ 1)dF (w) +

∫
φ

Ve(w)dF (w)

)

+ (1− λ(s)) · Vu(t+ 1)

]}
If t ≥ T : Vu(t) = u(m) + max

s,φ

{
− c(s) + β

[
λ(s) ·

(∫ φ

Vu(T )dF (w) +

∫
φ

Ve(w)dF (w)

)

+ (1− λ(s)) · Vu(T )

]}

An employed worker receives at each period a wage w and faces an exogenous risk

of losing her job δ. In case of job loss, she is not eligible to unemployment insurance in

this simple version. The value function of an employed worker in this simple setting is

stationary and can be formulated as:

Ve(w) = u(w) + β[(1− δ) · Ve(w) + δu(T )]

We calibrate the model at the monthly frequency, with a discount factor of 0.996 (about

a 5 percent annual discount rate), a constant relative risk aversion utility function with a

coefficient of relative risk aversion of 2. An employed worker may lose his job with a monthly

probability of 0.02. Based on descriptive statistics (Table 1), we set unemployment benefits

to 6 euros/hour and welfare transfers to 3 euros/hour. Following Hall and Mueller (2018),

we assume that the distributions of wages in job vacancies is log-normal, with a mean of

10.77 and a standard deviation of 1.52—corresponding to the mean and standard deviation

of the hourly posted wage in our data.5 The elasticity of the hazard of finding a job with

respect to search effort is set to 0.6. All parameters used for calibration are summarized in

Table A.1.

Figure 2 shows the predicted behavior of job seekers eligible to 24 months and 36

months of unemployment insurance. We see that both search intensity and reservation

wages remain almost constant in the first months and then start to move upwards and

downwards respectively. The adjustment becomes steeper in the few months leading up

to benefits exhaustion. After benefits exhaustion, both remain constant. The model hence

predicts that the hazard of finding a job increases before benefit exhaustion—first slowly

and then fast in the months just before—and remains constant after. When we compare the

behavior associated with different PBD, we see that the model predicts that an extension

of PBD from 24 to 36 months — as is the case in France when workers with a continuous

work history in previous years lose their job after 50 years old — only causes sizeable

5We actually fit the mean and standard deviation of the predicted hourly posted wage for more consis-
tency with the rest of the analysis. We explain how we obtain this measure in the data section.
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differences in search behavior after the first year of unemployment approximately.

Figure 2: Search intensity and reservation wage over the unemployment spell, in the model

Notes: The graph displays the optimal search intensity (in red, y-axis on the left hand-side) and
reservation wage (in blue, y-axis on the right hand-side) each month for an unemployed worker
eligible to 24 months of benefits (in continuous lines) and 36 months (in dashed lines). The vertical
lines indicate the dates of benefits exhaustion, at 24 and 36 months.

3 Institutional setting and data

We track job search behavior using job applications sent on an online search platform,

following the work of Kuhn and Mansour (2014), Faberman and Kudlyak (2016), Belot et

al. (2017). The advantage of our source of data is that job search behavior can be linked

with individual administrative data, and in particular data on UI eligibility.

3.1 Institutional setting

UI eligibility rules In France, workers who lose their job can claim unemployment

benefits after registering at the employment agency. When the claim has been processed,

workers are informed about the date of the start of their benefits, as well as the amount

and potential duration. Workers are eligible to UI if they have worked more than 4 months

during the 28 months preceding job loss (36 for workers who become unemployed after 50

years old). The potential benefits duration (PBD) depends on the number of days worked

during this reference period. During our study period, the PBD cannot exceed 2 years for

workers who become unemployed below 50 years old and 3 years for workers who become

unemployed after. The amount of benefits depends on the wages perceived during the last

12 months, and the replacement rate is 57% in most cases (with a minimal and maximal

cap). The replacement rate is lower than in most European countries but the PBD is

longer. As illustrated in Figure 3, the most frequent PBD are 2 and 3 years, corresponding

to the upper bounds below and above 50 years old. Besides, PBD are dispersed between
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Figure 3: Density of PBD among job seekers eligible to benefits
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Notes: This figure displays density of PBD in our main sample.

4 and 24 months, with some over-representation of PBD at 6, 12 and 18 months.6 After

benefit exhaustion, jobseekers can claim a welfare benefit (mainly “allocation de solidarité

spécifique” or “Revenu de Solidarité active”, which are around 500 euros per month for a

single individual). These welfare benefits are also conditional on job seekers being registered

as unemployed and actively searching for a job.

Counseling and search monitoring All workers registered as unemployed receive

counseling, independent of their eligibility to unemployment benefits. Since 2013, they

are assigned to one of three types of counselling of various intensity, depending on the risk

of long-term unemployment (evaluated by a caseworker when they register). All types of

counselling include in principle a meeting a the start of the spell, one at 4 months and

one at 9 months. The timing of meetings with caseworkers is not synchronized with unem-

ployment benefits duration. Besides, monitoring of search effort is very low and sanctions

against job seekers extremely rare. Importantly, caseworkers cannot use information on

online applications to monitor search effort.

Search activity on the public platform The unemployment agency administers the

most popular search platform in France. In 2013, the platform introduced the possibility for

job seekers to apply online for certain job postings, so that employers receive standardized

applications and spend less time screening applicants. The online applications have been

tracked on the information system and can be merged with other sources of administrative

data collected by the unemployment agency.7 In Table A.2, we document the selection of

6Most likely, these round periods correspond to common contract durations for fixed-term contracts in
France.

7A new tool was progressively introduced to replace online applications in the end of 2017. As a
consequence, the aggregate number of applications diminished and tracking this search channel is more
and more difficult. We can see a decrease in the aggregate number of applications since end of 2017.
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unemployed workers who are using the online search platform, using data on all unemploy-

ment spells starting in 2014 (including both insured and uninsured unemployment spells).

We can detect an online application for about one fifth of these spells, which suggests

that this tool is widely used. Unemployment spells with an online application differ from

all spells in the following ways: they correspond to job seekers who are more likely to be

women (55% versus 49% in total), tend to be younger (on average 31 years old versus 34),

more educated (27 % of them have a higher education degree versus 25%), tend to be white

collars (72% versus 66%), tend to stay unemployed longer and have unemployment spells

more frequently. Overall, the unemployed who use the site are comparable to the overall

population of the unemployed.

3.2 Data

3.2.1 Measures of search behavior

We focus the analysis on two dimensions of search behavior: intensity and selectivity.

Search intensity The first outcome variable that we analyze is the number of appli-

cations sent each month of the unemployment spell. While this only covers one search

channel, it allows us to have a measure of search over time that is not self-reported and

for a very large sample without attrition. This measure of search is therefore particularly

well suited for the analysis of search behavior over time and around benefit exhaustion.

We discuss possible consequences of people using different search channels for our results

in the empirical strategy section.

Selectivity in search The online application data set contains a wide range of informa-

tion on the job postings: job category, type of contract, weekly hours of work, establishment

identifier, employer’s requirement in terms of experience, qualification and diploma, and

posted hourly wage. However, employers choose to post a wage in only 40% of the vacan-

cies in the sample, and this variable therefore contains many missing values. In order to

make use of all the information contained in the job ad, and to assess the quality of the

job even when no wage is posted, we use a linear prediction of the hourly wage based on

all the observable characteristics of the job (Table A.3). Observable characteristics predict

50% of the variance in the posted wage (the R2 is 0.49). In particular, the hourly wage is

positively correlated with the length of the contract, the size of the establishment, as well

as the stated requirements: professional experience, education and qualification level. The

predicted wage and the actual wage in our individual panel sample have a very similar

distribution (Figure A.1). The predicted wage is more dispersed than the hourly wage, as

the latter has a lower bound at the minimum wage.

In our empirical analysis, we measure target wage as the average predicted wage associ-

ated with job postings to which job seekers apply. Following Nekoei and Weber (2017), we
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prefer the concept of “target wage” to “reservation wage” as the job application decision

implies a form of directed search.8 We note however that the target wage and the reser-

vation wage decision are equivalent under simple assumptions, which allows us to directly

speak to the reservation wage literature. Instead of assuming that job seekers choose the

minimum wage they will accept, we assume that job seekers choose where in the wage

distribution to focus their search effort. For each target wage, the arrival rate depends on

the density of job offers in this part of the distribution. The target wage, exactly like the

reservation wage, is thus the result of a trade-off between the probability to transition to

employment and the value of employment.

A more complex directed search model could have included the possibility for job seekers

to apply simultaneously to job postings in different parts of the distribution. But this would

have made our analysis less easily comparable with papers using a random search model.

Moreover, we find that the assumption that job seekers focus on one part of the distribution

at each period is in line with our data: on average, we observe that the maximum wage

applied to is 2% higher than the average wage applied to and the minimum wage 2% lower,

and the mean, median, maximum and minimum wage applied move together over time (see

Figure A.2). This is partly due to the fact that in most periods, job seekers apply to one

job at most on the search platform.

Additionally, we build alternative measures of job seekers’ selectivity for robustness

checks. First, in order to assess how important the prediction stage is for our results, we

replicate the results using the average of wages applied to when vacancies include a posted

wage, and, separately, a number of other measures highly correlated with wage such as

required experience or number of hours. Second, in order to test whether focusing on the

concept of “target wage” affects our findings, we also explore the impact of PBD on the

minimum wage applied to at each period.

3.2.2 Data construction

We exploit online applications sent during the period January 2013 to December 2017.

We match information on online applications with three other administrative data sets

on unemployment spells, unemployment benefits and re-employment. The unemployment

register allows us to identify start and end dates of unemployment spells and collect rich

information on individual characteristics at the moment of registration: gender, family

8Nekoei and Weber (2017) note: “Similar to McCall’s (1970) random search model, this is a partial
equilibrium framework. However, our setting is the opposite of random search models with respect to the
information available about vacancies: here agents apply to a specific job of known quality, while in the
McCall framework they draw random job offers from a known quality distribution. The directed search
framework matches several empirical observations. Job advertisements typically indicate wage ranges or
other information about job quality. Unemployed workers apply for posted vacancies, but they probably do
not base their decisions on a fixed minimum acceptable wage. The target wage is thus a realistic concept,
while the reservation wage reflects a “theoretical construct ... not observed in the data” (Cox and Oaxaca
1990, p. 20). This leads us to believe that the target wage should be easier to measure than the reservation
wage.”
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status, education, skill level, work experience and self-declared characteristics of the job

searched for. The unemployment benefits data contain information on insurance eligibility

such as the maximum duration of benefits, the replacement rate, previous wage as well as

data on actual periods when workers receive their benefits. Finally, we can identify when

unemployed workers start a new job using employers’ mandatory declarations of new hires.

Our study sample is made of individuals who have sent at least one online application

tracked in the information system. Within this sample, we keep individuals who register

as unemployed in 2013-2017 and are eligible to UI. We end up having about 500,000

unemployment spells, corresponding to 490,000 different individuals.

We build a panel by tracking individuals while they are unemployed up to 36 months.

The level of observation is the unemployment spell: one individual can enter several times

in our sample if she has several spells, and each will represent one distinct observation. For

each unemployment spell, we therefore report search activities, exit from unemployment

and re-employment for each month following the registration date. When individuals leave

unemployment, whether they find a job or not, their unemployment spells end and we stop

collecting information on them. Each unemployment spell is therefore observed up to 36

times, but the number of observations can vary.

It should be noted that months of the unemployment spell in our analysis do not exactly

correspond to actual time elapsed since registration, as we exclude periods of interruption

in benefits collection in order to have the date of benefit exhaustion coincide with the date

implied by the potential duration of benefits.9 We make sure that this does not affect our

results by replicating the analysis on the subsample of job seekers who have no interruption

or very short ones.

3.3 Descriptive statistics

In Figure 4, we present the evolution of the two outcome variables over time, for job seekers

with different PBD. In panel (1), we see that the average number of applications decreases

over time. We also clearly see spikes in the applications sent around benefits exhaustion

but the patterns of search look similar otherwise. In panel (2), we see that the target wage

also decreases over time for all PBD, but the negative trends seem different for job seekers

with different PBD. Job seekers eligible to a lower PBD tend to search more on average,

and have a lower target wage. However, because of dynamic selection, these Figures do

not show the causal impact of PBD on the dynamics of job search over the unemployment

9While they are eligible to unemployment benefits, job seekers can experience interruption periods
during which they do not collect their unemployment benefits, because they receive training, work for a
few hours or have holidays. When the interruption ends, job seekers are still eligible to the UI that was
remaining before the interruption, i.e. their entitled UI was not consumed during the period. We exclude
these interruption periods from the unemployment spell and append periods when job seekers actually
receive their UI together. That way, for job seekers who exhaust their benefits, the time of the spell in
which benefits exhaust in our data coincide with the PBD.
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Figure 4: Search behavior over the unemployment spell

(1) Search intensity (2) Target wage

Notes: The graphs present estimates from regressions of search intensity on month of unemploy-
ment spell dummies. The x-axis denotes time of the unemployment spell in month while the y-axis
denotes the number of applications in the left hand side and the average predicted hourly wage
applied to (in euros) on the right hand side. The figures display separately the search pattern for
job seekers with a PBD of 6, 12, 18, 24 and 36 months.

spell: only a selected sub-sample of workers is still present at any given duration, because

some have already exited unemployment.

Table 1: Descriptive statistics

Sample: PBD All 6 months 12 months 18 months 24 months 36 months
(1) (2) (3) (4) (5) (6)

Female 0.58 0.55 0.58 0.59 0.60 0.58
Age 32.22 30.05 29.68 31.92 32.36 54.10
Unemployment spell (day) 601.88 464.77 553.15 647.92 666.99 836.44
Skill level

Blue collar, low skill 0.05 0.06 0.06 0.05 0.04 0.04
Blue collar, high skill 0.09 0.09 0.08 0.09 0.09 0.09
White collar, low skill 0.17 0.21 0.19 0.17 0.15 0.13
White collar, high skill 0.56 0.52 0.53 0.55 0.58 0.55
Management level 0.14 0.12 0.14 0.14 0.14 0.19

Unemployment insurance
Hourly UI 6.32 6.21 5.63 6.20 6.48 7.51
Hourly previous wage (e) 11.73 11.24 10.65 11.36 12.12 14.11

Job search
Number of applications 3.39 3.56 3.51 3.53 3.24 3.38
Hourly wage applied to (e) 9.86 9.70 9.86 9.85 9.93 9.95

Job finding: Proportion who finds a job
before exhaustion 0.66 0.47 0.62 0.72 0.76 0.52
at exhaustion 0.04 0.08 0.04 0.02 0.02 0.01

Number of spells 497,993 26,690 22,178 11,275 184,549 18,982
Number of individuals 488,909 25,604 21,612 11,061 183,985 18,971

Additional descriptive statistics are presented in Table 1. In column (1), we see that

women, young and white collar workers are over-represented in our sample as they are
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more likely to search online. As expected, due to the UI eligibility rules, longer PBD are

associated with older workers, who stay unemployed longer and receive higher unemploy-

ment benefits. The table then presents statistics for job search variables: the number of

online applications made on the platform appears to be very low on average, around 3.4

per unemployment spell, which shows that this search channel does not represent a large

fraction of overall search effort. In the empirical analysis, we will thus present robustness

checks with a subsample of job seekers who use the platform regularly and send a relatively

large number of applications. We also note that job seekers tend to apply to jobs with a

predicted wage very slightly inferior to the wage at their prior job, consistent with previous

evidence (Barbanchon et al. (2017)).

In the last section of the table, we see that on average 66% job seekers find a job

before exhausting their benefits, and 4% find a job the month of benefits exhaustion. This

helps to put in perspective the importance of the spike in job finding rate that has been

extensively discussed in the literature: around benefits exhaustion, we clearly observe a

very large increase in the hazard of finding a job (Figure 1) but workers finding a job at

exhaustion or around still represent a small minority. Comparing columns (2) to (5) shows,

as should be the case almost mechanically, the fraction of workers who find a job before

exhausting benefits is larger for longer PBD, and amounts to up to 76% in the case of 2

years PBD. The probability of finding a job before exhaustion is however lower for workers

eligible to 3 years PBD: the very low job finding rate for these workers likely comes from

their selection (as they must be above 50 years old).

4 Empirical strategy

In this part, we present our empirical strategy and then discuss potential confounders.

4.1 Estimation models

Search behavior around benefits exhaustion Our longitudinal data of job search

allows us to identify the evolution of search over the unemployment spell in a panel model

with individual spell fixed effects. We estimate variation in search behavior around benefit

exhaustion on the sample of individuals with a PBD between 12 and 24 months (see full

distribution of PBD in Figure 3), in order to observe a large number of periods before and

after. We estimate the following linear model:

Yi,t =
11∑

k=−11
k 6=−11

βkD
k
T (i),t + νi + εi,t (1)

Yi,t represents search behavior for spell i during the month of the spell t, conditional

on the spell not being completed by t. Dk
T (i),t = 1{t = T (i) + k} is an indicator for the
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lapsed unemployment spell t being k months to PBD, T (i), νi denotes spell fixed effect.

We include spell fixed effects in order to address a simple form of dynamic selection (i.e.

selection stemming from a correlation between the probability to leave the sample, i.e. the

hazard of leaving unemployment, and the average level of outcome variables). βk represents

the difference in search outcomes with respect to its baseline level in the reference period

k = −11. When we look at the long-term evolution of search around benefit exhaustion,

we estimate βk for a large time window k ∈ [−10; 11]. In all our estimations, we cluster

standard errors at the spell level (Bertrand et al. (2004)).

We only observe Yi,t as long as the unemployment spell i is not completed. As some

workers find jobs during the time window of analysis, the βk for different k are not estimated

on the same sample of individuals. In order to also estimate the βk on the same sample,

we restrict our sample to the unemployment spells that last beyond the time window

of analysis. Differences between the results obtained with and without this additional

restriction will indicate that the effect of benefits exhaustion is heterogeneous or that there

is a more complex form of dynamic selection. We present in Table A.4 descriptive statistics

corresponding to the different subsamples used in the empirical analysis.

Spike in search intensity and job finding at benefit exhaustion Based on the

descriptive statistics (Figure 4) and our results from model (1), it appears that search in-

tensity exhibits a temporary shift in the periods immediately around benefits exhaustion.

In order to estimate the magnitude of the spike in search effort, we also estimate a version

of previous model centred the periods around benefits exhaustion. We estimates the coef-

ficients βk for k ∈ [T − 4;T + 4] and we take as a reference period the six months before,

i.e. k ∈ [−10;−5]. We include time fixed effects to control isolate the impact of benefits

exhaustion from the impact of the time spent unemployed. Under the assumption that

search intensity is affected by the time spent unemployed similarly across PBD groups, we

can estimate the impact of benefits exhaustion on search intensity by adding time of the

spell fixed effects to model (1). This hypothesis is similar to the parallel trend assumption

in a Differences-in-Differences setting: it means that the time path of job search over the

unemployment spell is parallel for different PBD groups outside of benefits exhaustion.

This specification exploits the differences in PBD across individuals to disentangle the

effect of benefits exhaustion from the effect of the time spent unemployed.

Our measure of search effort, the number of monthly applications, is a count variable

with a mass point at zero. Because applications in our data are only a small fraction of total

effort, one additional monthly application represents a very large increase in search effort

and we are unable to observe variation in effort at relatively low effort levels. Therefore

we estimate the variation in search intensity around benefits exhaustion in Poisson count

models. In this model, the observed number of applications each month is considered as a

realization of a Poisson random variable. Poisson regression models do not suffer from the
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incidental parameter problem, and allow for convenient inclusion of fixed effects. In order

to allow for misspecification of the Poisson distribution, we present coefficients estimated

using a quasi-maximum likelihood method (Wooldridge, 2010). The estimated coefficients

from this model can be interpreted as semi-elasticities.

In order to investigate whether individual behavior can explain the spike in the job

finding rate, we then investigate the magnitude of the spike in the job finding rate. We

estimate the coefficients associated with each month-to-exhaustion in a Cox proportional

hazard model. This model allows for an unrestricted baseline hazard in the duration of

unemployment and includes a flexible function of time-to-exhaustion. We estimate models

of the following form:

ht = αt exp(
11∑

k=−11
k 6∈[−10;−5]

βkD
k
T (i),t + νT (i) + γXi) + εi,t

where ht denotes the hazard rate in month t, αt denotes the nonparametric baseline hazard

rate, Xi denotes a set of covariates and other variables are similar to previous models.

Shift in time trend in target wages at benefit exhaustion Based on the descriptive

statistics (Figure 4) and our results from model (1), it appears that target wages exhibit

a negative trend specific to each PBD group until benefit exhaustion and a constant path

after. Unlike the time trend in search intensity, the estimated decrease in target wage is

unlikely to come from search channel substitution and is therefore meaningful economically.

Under the assumption that job seekers have the same target wage on different search

channels, we can interpret this downward trend as evidence that job seekers are less and

less selective in their search over time.10 We estimate the time trend in target wage prior

and posterior to benefit exhaustion separately in the following model:

Yi,t = 1{t < T (i)} · (α1t+ ν1,i) + 1{t ≥ T (i)} · (α2t+ ν2,i) + εi,t (2)

where Yi,t is the logged target wage, t is the time of the unemployment spell, α1 and α2

respectively represent the trend in target wage over time of the unemployment spell before

and after benefits exhaustion.

One challenge for this empirical analysis is that our measure of selectivity contains

missing values as we do not observe the target wage when no application is made on the

search platform. Values are more likely to be missing when online applications do not

represent a large fraction of overall search effort or when the overall search effort is low. In

order to test whether these missing values affect our findings, we replicate our analysis on

the sample of job seekers who have at least one application every period. In this exercise,

10We actually even need a less restrictive assumption as it is enough to assume that, if job seekers have
different target wages on different search channels, their ratio remains constant over time.
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we use coarser time periods (one period represents 4 months instead of 1) in order to keep

a reasonable sample size. We show that the results are very similar, which suggests that

treating missing values as if they were random is not problematic in this context.

4.2 Potential confounders

Our estimates give us the relative increase in overall search effort at benefits exhaustion

only if benefits exhaustion does not cause search channel substitution. Importantly, if job

seekers systematically substitute search effort on the platform to another channel over

time, this does not bias our results: this would be captured in the time of unemployment

spell fixed effect. Search channel substitution would be a confounding factor only if it was

systematically associated with benefits exhaustion. Under which circumstance could it hap-

pen? Job seekers might substitute search channels around benefit exhaustion if they use

online applications in order to decreases their probability to get sanctioned for insufficient

search effort. They would report their search activity on other search channels after ex-

hausting UI because they would not need to have tangible proof of their effort any longer.

This hypothesis does not seem credible for various reasons. First, although searching ac-

tively for a job is a condition for receiving UI in principle, there is very little monitoring

of search effort and extremely rare sanctions in practice in France. Second, as part as this

monitoring, job seekers do not have to provide tangible proves of their search activity:

they are considered as searching actively if they declare doing so and show up at meetings

with their caseworkers, and caseworkers cannot use information on online applications to

monitor search effort. Therefore, applying of the online search platform does not provide

more insurance against potential sanctions than using another search channel. Third, in

most cases, after unemployment benefit exhaustion, job seekers are eligible to a welfare

benefit that is also conditional on search effort.

In general, the key threat to identification is that there is some factor not associated

with UI that affect job search behavior with the exactly same timing as PBD, and for

many different values of the PBD. In particular, one might be worried that meetings with

caseworkers could be systematically correlated with benefit exhaustion. However, benefit

exhaustion does not coincide with a meeting with caseworkers. Instead, job seekers receive

a mail about two months prior to their benefit exhaustion informing them about the timing

of their benefit exhaustion and their potential eligibility to welfare benefits (the payment

of “allocation de solidarité spécifique” is automatic for eligible workers). Overall, we can

not think of any event that would be simultaneous to benefit exhaustion for many PBD

levels and would create a bias in our estimation of the impact of benefit exhaustion.
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5 Impact of unemployment insurance on the dynamic

of search intensity:

The standard search model predicts an increase in search intensity as benefit exhaustion

approaches, and a constant search intensity after exhaustion (see Figure 2). In this section,

we estimate how search intensity changes around benefits exhaustion and provide a direct

test of these predictions.

5.1 Evolution of search effort around benefit exhaustion

Figure 5: Search intensity around benefit exhaustion

(1) PBD FE (2) Spell FE (3) Spell FE, U spell > T + 11

Notes: The graphs present results from regressions of search intensity on time to benefit exhaus-
tion. The period corresponding to 11 months before benefit exhaustion is used as the reference
period. The x-axis denotes time relative to benefit exhaustion in months while the y-axis denotes
differences in the number of applications between t and the reference period. Specification (1)
includes PBD group fixed effect, specification (2) and (3) include spell FE. All models are esti-
mated on the sample of individuals with PBD between 12 and 24 months and for (3), we further
restrict the sample to job seekers who stay unemployed ≥ 11 months after benefit exhaustion.
The vertical lines denote 95% confidence intervals based on standard errors clustered at the spell
level.

Figure 5 shows the profile of search intensity around benefit exhaustion (relative to the

search intensity 11 months before) for job seekers with PBD between 12 and 24 months.

Panel (1) presents the evolution of search intensity with PBD fixed effects. We can see

an overall decreasing trend in the number of applications sent, and a temporary increase

around benefits exhaustion. Search intensity clearly picks up in the 3 months before benefit

exhaustion. Symmetrically, the decrease in search intensity is particularly steep in the 3

months following the exhaustion of benefits. Three months after benefit exhaustion, search

intensity seems to catch up the path it was on before benefit exhaustion, as if the spike

around benefits exhaustion was just a temporary shift from the negative trend.

Specifications in panels (2) and (3) of Figure 5 aim at addressing dynamic selection:

they include spell fixed effects and for panel (3), we additionally restrict the sample to job

seekers who remain unemployed longer than 11 months after they exhaust their benefits

in order to estimate all coefficients on the same sample. Comparing panels (2) and (3) to
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panel (1), we see that the overall decreasing trend is attenuated when spell fixed effects are

included. This indicates that some of the decrease in aggregate monthly applications stems

from compositional changes. This is consistent with the idea that job seekers searching

more intensively exit unemployment faster. Besides, panels (2) and (3) also clearly exhibit

a spike in search effort around benefits exhaustion. The increase in search intensity before

benefits exhaustion appears to start a long time before benefits exhaustion, but slowly

at first, and it becomes steeper in the 3 months before. Here again, the spike in search

intensity appears to be symmetric, and benefit exhaustion is followed by a steep decrease

in search intensity. We notice that the spike is very pronounced while the overall negative

trend in job search vanishes in panel (3). One possible interpretation is that less productive

job seekers have a low and constant search intensity until benefit exhaustion and have a

very large spike then. These graphs hence show that the spike in search is not caused by

dynamic selection, but by individual behavior.

When comparing the evolution of individual search intensity around benefit exhaustion

in panel (3) with predictions from the standard search model in Figure 2, we come to a

mixed conclusion: on the one hand, the increase in job search intensity as benefit exhaustion

approaches is qualitatively consistent; on the other hand, the finding of a decrease in search

intensity after exhaustion is at odds with the standard search model, which predicts stable

and high job search effort after benefit exhaustion. This suggests that the standard search

model misses some key feature to explain search and employment outcomes in the post-

exhaustion period.

5.2 Magnitude of the spike in search intensity

We then turn to the estimation of the magnitude of this spike in search intensity. The

challenge, as seen from the graphical analysis, is to isolate the shift around benefit exhaus-

tion from the overall time trend in search. In order to isolate the effect of the proximity

to benefits exhaustion we control for the impact of elapsed time unemployed in a flexible

way by including time of the spell fixed effects. In particular, this allows us to disentangle

the decrease in search caused by being after benefits exhaustion from the decreasing trend

in search over time, which can be caused by job seekers anticipating decreasing returns to

search (due to skill depreciation or discrimination) or switching to other search channels.

This empirical strategy exploits the fact that different job seekers are “treated” by benefit

exhaustion at different moment of their unemployment spell.

Table 2 reports the variation in the hazard of sending an application for the periods

around benefit exhaustion [T −4;T +4], relative to the reference period [T −10;T −5] esti-

mated in a Poisson count model. Specification (1) includes PBD group fixed effects, while

specifications (2) and (3) include spell fixed effects and both specifications include time of

the spell fixed effects. Coefficients presented in column (3) are estimated on the restricted

sample of job seekers who remain unemployed after T +4 so that the coefficients associated
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Table 2: Magnitude of the spike in search intensity around benefit exhaustion

Outcome variable Monthly number of applications
Sample U spell > T + 4

(1) (2) (3)
T − 4 0.089*** 0.108*** 0.173***

(0.001) (0.001) (0.003)
T − 3 0.151*** 0.178*** 0.232***

(0.002) (0.002) (0.005)
T − 2 0.224*** 0.259*** 0.371***

(0.003) (0.004) (0.008)
T − 1 0.334*** 0.382*** 0.537***

(0.005) (0.006) (0.012)
T 0.387*** 0.449*** 0.687***

(0.006) (0.007) (0.016)
T + 1 0.293*** 0.370*** 0.557***

(0.005) (0.006) (0.014)
T + 2 0.174*** 0.240*** 0.401***

(0.003) (0.005) (0.011)
T + 3 0.065*** 0.104*** 0.223***

(0.001) (0.002) (0.006)
T + 4 -0.022 -0.002 0.087**

(0.001) (0.000) (0.003)
Month of U spell FE Yes Yes Yes
PBD group FE Yes No No
Spell FE No Yes Yes
No. of Obs. 5,110,442 5,017,390 1,750,819

Notes: Coefficients in this table are obtained in Poisson regressions of the number of applications
on time to benefit exhaustion dummies. Coefficients displayed are IRR-1 and represent relative
variations in the hazard of sending an application, with respect to the reference period [T −
10;T − 5]. All models are estimated on the sample of individuals with PBD between 12 and 24
months, and the third model is estimated on the subsample of job seeker who stay unemployed
longer than 4 months after they exhaust their benefits. Robust SE are clustered at the spell level.

with month-to-exhaustion are estimated on the same sample. In column (1), we see that the

average search intensity among “survivors” is 40% higher the month of benefits exhaustion

relative to the reference period. Periods leading up to benefits exhaustion are associated

with a gradual increase, while periods following benefits exhaustion are associated with

a symmetrical decrease. The pattern is very similar in columns (2) and (3) although the

magnitudes are slightly different. In column (2), we see that the shift in search intensity

within individual spells amounts to approximately 45% at benefit exhaustion. Column (3)

shows that the largest spike (up to 70%) is found among job seekers who stay unemployed

longer. Comparing columns (1), (2) and (3), we observe that estimates of the spike are

larger as we include more restrictive controls for dynamic selection. This suggests that

dynamic selection, if anything, attenuates the effect of the individual reaction to benefit

exhaustion. Overall, this makes us confident that getting close to benefits exhaustion causes

a very large temporary relative increase in search behavior (45-70%), with probably some
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heterogeneity in the magnitude. Interestingly, this spike is of a similar magnitude to the

spike in the job finding rate. We discuss further in Section 8 the connection between the

spikes in search effort and in job finding rate.

Robustness checks The online applications represent only a small fraction of search

effort. In order to test whether our results are sensitive to the importance of the use of

this platform, we investigate the evolution of applications for individuals who send many

applications over their unemployment spell in Table A.5. Columns (1), (2), (3) and (4)

present the results for unemployment spells that are in the top of the distribution of total

number of applications, respectively in the first 25%, 10%, 5% and 1%. The specification

used in this analysis corresponds the second specification in the previous table, where

we estimated an increase of 45% at benefits exhaustion. We consistently obtain estimates

ranging between 43% and 45%, regardless of the sample restrictions. It shows that the

magnitude of the spike is not different for people who have a larger use of the online

platform. This suggests that censoring in our outcome variables does not affect our results.

5.3 Heterogeneity analysis

We investigate how individual characteristics are associated with the magnitude of the spike

in search intensity around benefits exhaustion in Table A.6. We estimate the increase in the

probability to send an application of [T −4, T + 4] in comparison with the 6 months before

in the subsample of individuals who stay unemployed more than 4 mores after exhausting

their benefits. We control linearly for time of the unemployment spell instead of including

time fixed effects in order to have fewer parameters to estimate. Column (1) shows that on

average we estimate a 40% increase in the probability to apply in [T − 4, T + 4] using this

model (similar in magnitude to previous estimates). In column (2), we see that the spike

is larger for women with kids, young workers, and workers with a larger replacement rate.

In order to study the role of individual characteristics in more detail, we then explore how

they interact with the slope of the increase just before benefit exhaustion and the slope

of the decrease just after. Being a woman with kids and having a high replacement rate

accentuate the increase in search intensity before and the decrease just after. Conversely,

having a high skill level attenuates the increase before and the decrease after benefits

exhaustion. Being young seems to accelerate the increase before benefits exhaustion but

has no effect on the trend after. The fact that women with children and lower skilled workers

have a steeper decrease in search effort after exhaustion suggests that this decrease could

come from workers who have a higher opportunity cost of working, because of childcare or

welfare transfers.
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6 Impact of unemployment insurance on the dynam-

ics of target wage

The second channel through which UI is predicted to affect employment outcomes in the

standard search model is job seekers’ reservation wage. The model predicts a decrease in

the reservation wage as benefit exhaustion approaches and a stable reservation wage after

exhaustion (see Figure 2). We measure the predicted wage of jobs to which job seekers

apply and document the evolution of their target wage over the unemployment spell.

6.1 Evolution of target wages around benefit exhaustion

Figure 6: Target wage (log) around benefit exhaustion

(1) PBD FE (2) Spell FE (3) Spell FE, U spell > T + 11

Notes: The graphs present results from regressions of log target wage on time to benefit exhaus-
tion. The period corresponding to 11 months before benefit exhaustion is used as the reference
period. The x-axis denotes time relative to benefit exhaustion in months while the y-axis denotes
relative differences in target wages between t and the reference period. Specification (1) includes
PBD group fixed effect, specification (2) and (3) include spell FE. All models are estimated on
the sample of individuals with PBD between 12 and 24 months and for (3), we further restrict the
sample to job seekers who stay unemployed ≥ 11 months after benefit exhaustion. The vertical
lines denote 95% confidence intervals based on standard errors clustered at the spell level.

In Figure 6, we present the pattern of the target wage around benefit exhaustion. The

first specification shows the aggregate evolution in target wage controlling for differences

in level across PBD groups. In specification (2) and (3), we include spell fixed effects to

account for across-individuals heterogeneity in the average level of the target wage. All

graphs exhibit a break in time trend at benefit exhaustion: before benefit exhaustion, we

clearly observe a negative trend in the target wage, which means that job seekers tend to

apply to jobs with a lower posted wage as unemployment duration increases; after benefit

exhaustion, target wages seem to remain constant. When we include more restrictive con-

trols for dynamic selection, the decrease in target wages before benefit exhaustion appears

less steep, but is still clearly visible. We note that this finding is consistent with results in

Krueger and Mueller (2011) based on longitudinal survey data. The dynamics of the target

wage are consistent with the prediction from the classical Mortensen search model (Figure
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2): a decrease in the reservation wage until exhaustion, and a constant target wage after

exhaustion, when job seekers face a stationary environment.

The finding that the decreasing trend in target wage before benefits exhaustion is at-

tenuated when including spell fixed effects (when comparing Figure (1) and (2)) highlights

the role of worker heterogeneity. If workers were identical but for their reservation wage,

workers with a higher reservation wage would tend to exit unemployment more slowly

and specification (1) would under-estimate the downward trend in within-individual target

wages over the spell. In contrast, if more productive workers tended to set a higher reserva-

tion wage, workers with a higher reservation wage would exit unemployment more rapidly

and specification (1) would over-estimate the decrease in individual target wages over the

spell. As we find that the decreasing trend in target wage is over-estimated in specification

(1) without individual spell fixed effects, we conclude that job seekers who have a higher

reservation wage are likely be more productive.

Table 3: Evolution of target wage over the unemployment spell

Outcome variable: Target wage (log)
Sample: PBD All 6 months 12 months 24 months 36 months

(1) (2) (3) (4) (5)
t ∗ 1{t < T} -0.0010*** -0.0021*** -0.0014*** -0.0009*** -0.0009***

(0.0000) (0.0005) (0.0002) (0.0000) (0.0001)
t ∗ 1{t ≥ T} -0.0000* -0.0000 -0.0000 0.0000 0.0000

(0.0000) (0.0001) (0.0001) (0.0000) (.)
Spell FE∗1{t < T} Yes Yes Yes Yes Yes
Spell FE∗1{t ≥ T} Yes Yes Yes Yes Yes
No. of Obs. 715,746 34,129 31,336 267,444 32,389

Notes: The table documents the evolution of target wage over the unemployment spell. We present
separately the coefficients associated with the time trend before and after benefit exhaustion. In
order to estimate all coefficients on the same of unemployment spells, we restrict the sample to
spells that are completed two periods after exhausting benefits or after. SE are clustered at the
spell level.

Shift in time trend at benefit exhaustion The most important take-away from our

graphical analysis is that the target wage exhibits a negative trend before benefit exhaustion

and becomes stationary after. Unlike our findings concerning search intensity, this pattern

in target wage in line with prediction from the classical Mortensen search model (Figure 2).

To further explore this result, in Table 3, we estimate the time trends in target wage within

individual spell before and after benefit exhaustion. Estimates in column (1) indicate that

each additional month spent unemployed is associated with a decrease in target wage by

0.1 % before benefit exhaustion; and negative but very close to zero after. The magnitude

of the decline in target wages is very close to that found in Krueger and Mueller (2011).

In columns (2) to (5), we present coefficients estimated in different PBD samples. We
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find that the shorter the PBD, the steeper the decrease in target wages before benefit

exhaustion. This finding is new and consistent with model predictions. In this model,

job seekers behave the same when they have the same time before benefit exhaustion,

irrespective of their PBD. Moreover, the model predicts that job seekers decrease their

target wage over time with an acceleration in the periods just before benefit exhaustion.

The average decrease in target wages between the start of the unemployment spell and

benefit exhaustion should be steeper for job seekers with shorter PBD as can be seen in

Figure 2. We note that this concavity in the evolution of the target wage over time also

implies that an extension of benefits from an already long PBD has (almost) no effect on

the levels of the target wage at the start of the unemployment spell. Consistently, in section

8.2, we show in a regression discontinuity design that PBD has no impact the level of the

target wage at the start of the unemployment spell.

Robustness checks: One concern is that our measure of target wage is missing when

an individual makes no application. We explore whether this data limitation affects our

results in Table A.7. In the upper part of the table, we present estimates of the time trend

in target wage before and after benefits exhaustion for the full sample in column (1), and

then for job seekers who use the search platform the most: resp. first 25%, 10%, 5% and 1%

in columns (2), (3), (4) and (5). These sample restrictions do not affect at all our estimates:

target wages consistently decrease by about 0.1% every month before benefits exhaustion

and remain flat after. In the lower part of the table, we replicate this result using coarser

time periods: each period represents 4 months instead of 1. This allow us to implement

another sample restriction (while having a reasonably large sample size): we focus on job

seekers who have at least one application in each period, and for whom hence target wages

are never missing (column (11)). Again, the estimates we find when implementing these

sample restrictions are virtually identical to the ones on our main sample. This suggest that

periods in which job seekers are less likely to send out applications are not systematically

associated with a different wage level.

Moreover, we explore alternative measures of selectivity in two directions. First, we

consider an alternative aiming at approximating the reservation wage rather than the

target wage: we take the minimum predicted wage that a job seeker applies to during each

period. Second, in order to determine whether our methodology for the prediction of the

wage affects our finding, we compare it with the evolution of the average actual wage when

not missing, and with job characteristics that are highly correlated with the wage, namely

the number of weekly hours, and the level of professional experience required for the job.

Figure A.3 presents within individual variation in these alternative measures of selectivity

around benefit exhaustion. The pattern looks similar: job characteristics become worse and

worse as benefit exhaustion approaches, and stabilize after exhaustion.
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6.2 Broadness of search

As job seekers appear to be less and less selective over time in their target wages, they

might also search in different occupations or in different locations. We explore graphically

how job seekers change the occupational and geographical scope of their search over time

in Figure A.4. In Panel A, we observe that job seekers tend to send a smaller and smaller

share of their applications to jobs in the occupational category where they initially started

searching11. Moreover, the time path of this variable is very similar to the evolution in the

target wage: it decreases until benefits exhaustion and remains roughly constant after. In

Panel B, we observe the same pattern for skill categories instead, which are more aggregated

and have a clear hierarchy. These figures therefore suggest that the decrease in the target

wage goes along with occupational broadening: job seekers might be more and more likely

to apply for a job for which they are overqualified over time. In order to further explore the

link between target wage and broadness in occupations searched, we quantify the decrease

in target wages that comes from applying to lower wages within one occupation and the

one that comes from applying to lower paying occupations in Table A.8. It appears that

most of the decrease in target wage comes from applying to occupational job categories and

skill categories associated with lower wages on average (columns (4) and (5)). This suggests

that the decrease in target wage goes along with a decrease in the targeted productivity

at the new job rather than with learning about the true wage distribution for the target

job category.

Finally, we see from Panel C (Figure A.4) that job seekers increase the fraction of

applications sent to jobs located close to their city of residence over time. In contrast

with occupations, job seekers therefore seem to narrow down the set of locations where

they search over time. There is no clear change in trend around benefit exhaustion for the

geographical broadness.

7 Mechanisms behind the UI impact on the dynamics

of job finding

Our results allow us to highlight the key role of search intensity in causing the spike in the

job finding rate around benefit exhaustion. In this section, we estimate the magnitude of

the spike in the job finding rate and in search intensity. We review alternative mechanisms

that we can rule out.

11Job seekers have to declare which job they are searching for when they register as unemployed. The
job categories used by the French employment agency (“code Rome”) correspond to occupations at a very
disaggregated level: there are about 400 categories.
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7.1 The spike in job finding rate

Table 4 reports estimates of the relative increase the hazard rate in each month-to-exhaustion

in comparison with the six months before T − 4. Note that we focus here on the duration

before re-employment and non of unemployment as duration of unemployment is a measure

exposed to classification problems, as pointed out by Card et al. (2007b). We include PBD

fixed effects, and specifications (2), (4) and (6) include covariates for individual charac-

teristics. The estimates from specifications (1) and (2) show that the job finding hazard

is approximately 60 % higher the month of benefit exhaustion than in the reference pe-

riod. It is preceded by a gradual increase in the 4 preceding months and followed by a

gradual decrease in the 4 following months. The inclusion of individual covariates does not

importantly affect the estimate.

Table 4: Hazard Model Estimates for time to next job

Outcome variable Time to next job
(1) (2)

T − 4 0.070*** 0.074***
(0.001) (0.001)

T − 3 0.086*** 0.091***
(0.001) (0.001)

T − 2 0.197*** 0.205***
(0.003) (0.003)

T − 1 0.354*** 0.368***
(0.006) (0.006)

T 0.580*** 0.602***
(0.010) (0.010)

T + 1 0.553*** 0.581***
(0.010) (0.011)

T + 2 0.388*** 0.418***
(0.008) (0.009)

T + 3 0.194*** 0.224***
(0.004) (0.005)

T + 4 0.100*** 0.131***
(0.003) (0.003)

Covariates No Yes
Month of U spell FE Yes Yes
PBD group FE Yes Yes
No. of Obs. 3,595,236 3,595,236

Notes: The table documents the shift in various types of hazard during the periods around benefit
exhaustion estimated in Cox proportional hazard models. Estimates represent the increase in
hazard relative to the reference period (it corresponds to the hazard ratio - 1). The reference
period is [T − 10;T − 5], i.e. 10 to 5 months before exhaustion. All models include unrestricted
baseline hazard for duration in months. Specification (2) includes the following covariates: age
and squares, log previous wage and squares, gender, education, qualification level, previous work
experience, past unemployment duration, region dummies. Both models are estimated on the
sample of individuals with PBD between 12 and 24 months. SE are clustered at the spell level.
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Recall versus new jobs Since Katz and Meyer (1990b), we know that the determinants

of being recalled and finding a new job are very different. We expect the latter to be

more directly influenced by search behavior as predicted in search models. In this section,

we therefore study separately the hazard of finding a new job and the hazard of being

recalled at the previous firm. We can only detect recalls and jobs at a new employer

for the subsamble of individuals for whom we have data on previous employer. We thus

present in Table A.9 the coefficients from Cox proportional hazard models for the time to

the next new employer and time to a recall estimated on this restricted sample. We make

the conventional assumption of independent competing risks (Katz and Meyer (1990b) and

Card et al. (2007b)). We first present in columns (1) and (2) the coefficients associated with

the shift in the hazard a finding a job (as in Table 4) estimated in the restricted sample.

The spike at benefit exhaustion is slightly larger in the restricted sample (it corresponds

to a 70% increase). In columns (3) and (4), we see that the hazard of finding a job with

a new employer is about 60% higher during the month of benefit exhaustion than during

the reference period. The spike in the hazard of finding a job with a new employer appears

therefore slightly smaller but very similar in magnitude to the hazard of finding any job.

The estimates from specifications (5) and (6) show that the spike in the hazard of a recall

is considerably larger than the spike of any job finding: this hazard is about three times

larger at benefit exhaustion than in the reference period. However, recalls are scarce in

our sample and this spike is thus contributing very little to the spike in the hazard of

finding a job. A large spike in the hazard of recall was also documented in Katz and Meyer

(1990b) and Card et al. (2007b), although the magnitude is even larger in our sample.

Additionally, Figure A.6 provides visual evidence on these spikes at benefit exhaustion

both for the hazard of finding a new job and the hazard to be recalled.

Overall, this analysis suggests that the spike in the hazard of finding a job around

benefit exhaustion is large and mostly comes from a spike in the hazard of finding a new

job.

7.2 The role of search behavior

In the absence of data on individual behavior, the previous literature could not definitively

determine whether the decline in the hazard of finding a job after benefit exhaustion came

from individual search behavior or from dynamic selection. We document a spike in search

intensity within an individual spell. How much of the spike in the job finding rate can we

explain by individual search behavior? Our estimates of the spike in search intensity go

up to 70% and are similar in magnitude to the spike in the job finding rate. This suggests

that search intensity could explain most of the spike in job finding rate around benefit

exhaustion.

In Table 5, in order to further explore the role of search intensity and target wage, we

regress the empirical hazard of finding a job during each month of the unemployment spell
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Table 5: Determinants of the spike in job finding rate around benefit exhaustion

Outcome variable Empirical hazard of finding a job (log)
(1) (2) (3) (4) (5)

t ∈ [T − 4;T − 1] 0.166*** 0.051*** 0.160*** 0.034* -0.003
(0.027) (0.019) (0.029) (0.019) (0.017)

t = T 0.538*** 0.247*** 0.527*** 0.212*** 0.131***
(0.044) (0.031) (0.048) (0.030) (0.026)

t ∈ [T + 1;T + 5] 0.452*** 0.190*** 0.441*** 0.157*** 0.155***
(0.044) (0.034) (0.053) (0.038) (0.041)

Search Intensityt,t−3 (log) 0.721*** 0.749*** 0.683***
(0.060) (0.058) (0.060)

Target Wage Ratiot,t−3 (log) -0.715 -1.641** -1.161*
(0.810) (0.718) (0.613)

Covariates Yes Yes Yes Yes Yes
PBD group FE Yes Yes Yes Yes Yes
Month of U spell FE Yes Yes Yes Yes Yes
Search Intensity∗Month of U spell FE No No No No Yes
No. of Obs. 2,495,098 2,495,098 2,495,098 2,495,098 2,495,098

Notes: The table presents a linear regression of the empirical hazard of finding a job on time
dummies, individual covariates and search behavior variables at the PBD group and month of
the spell level. Observations are weighted by the number of individuals still unemployed (i.e. the
risk set). The dependent variable is the logged proportion of individuals in the risk set who find
a job each month. Search intensity represents the logged average number of applications sent
by individuals in the risk set; Target wage ratio represents the logged average ratio of wages
applied to over past wages. We include 3 lags of search behavior variables and present coefficients
corresponding to their sum. In (5), we include interactions of month of the spell FE and search
intensity variables and the coefficient represents their average. We include covariates representing
the average characteristics of individuals in the risk set: age, skills, education level, past wage,
reservation wage, total search over the unemployment spell. The reference period is [T−10;T−5].
Robust standard errors clustered at the PBD group level.

on time to benefits exhaustion dummies and successively add additional controls for search

behavior. Observations are averaged at the PBD group level (and weighted by the number

of individuals still unemployed, i.e. the risk set). The data take the form of a panel at the

PBD group and month of the spell level and regressions include the corresponding fixed

effects. It should be noted that in this exercise, we can not address dynamic selection issues

very rigorously as we can only control for the average characteristics of the risk set.

Column (1) provides another estimate for the magnitude of the spike in the job finding

rate around benefits exhaustion. In this model, we find that the job finding rate is about

53% higher the month of benefits exhaustion than during the reference period, consistent

with the Cox model estimates (Table 4). In column (2), we additionally control for search

intensity. In order to allow flexibly for a delay in the effect of search on re-employment,

we include 3 lags of search behavior variables. The coefficients presented in the table are

the sum of the contemporary effect and the three lagged effects. We observe that, when

we control for search intensity, coefficients associated with the periods around benefit ex-
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haustion drop by half (the month of benefit exhaustion is associated with a 25% increase).

In column (3), we include the target wage ratio (target wage divided by previous wage)

instead of search intensity. Coefficients associated with the periods around benefit exhaus-

tion are similar to estimates obtained in specification (1). It suggests that, in contrast

with search intensity, target wage explains relatively little of the spike in job finding rate

around benefits exhaustion. In column (4), we include both dimensions of search together,

and the coefficients associated with the periods around benefit exhaustion are even slightly

below their level in (2). Finally, in column (5) we allow the effect of search intensity on job

finding (returns to search) to vary with time of the unemployment spell. The idea here is

that returns to search might decrease as time spent unemployed increases either because

workers with low returns to search stay unemployed longer (this would fall under dynamic

selection effects that we can only imperfectly control for in this model) or because returns

to search decrease within individuals due to human capital depreciation or discrimination.

Importantly, we want to control for a potential impact of time spent unemployed on returns

to search independent of the impact of benefits exhaustion, which we can do as different

groups of job seekers have benefits that expire at different times in our data. We find that

coefficients associated with benefits exhaustion are the lowest in this specification, and

represent roughly one fourth of their value without controlling for search behavior (the

month of benefit exhaustion is associated with a 13% increase). This implies that search

behavior and the returns to search can account for about three quarters of the spike in the

job finding rate at benefit exhaustion.

In all specifications in the table, we consistently find that a 1% increase in search

intensity during the previous 4 months increases by about 0.7% the probability to find a

job. This suggests that the elasticity of the job finding rate to search intensity is about 0.7—

higher than previously thought (Lichter (2017)). Besides, as one would expect, the wage

ratio has a negative effect on the probability to find a job. Coefficients are less precisely

estimated, but the table suggests that an decrease by 1% in the target wage ratio during

the previous 4 months increases by about 1% the chances to find a job. Finally, although

we did not present this coefficient in the table in the interest of space, our estimates suggest

that each additional month unemployed significantly decreases the effect of applications

on job finding by 0.01 ppt.

As a robustness check, we replicated this analysis for the hazard of a recall and the

hazard of a new job separately (Table A.10 in Appendix). We find that almost all of the

spike in the hazard of finding a new job seem to be explained by search behavior, while

very little of the spike in the hazard of being recalled is. This is consistent with one would

expect.

30



7.3 Alternative channels

Our results hence establish that job search effort is the main determinant of the increase

in job finding rate before benefit exhaustion and the decrease after. This rules out two

types of alternative channels: dynamic selection and storable job offers. First, the decline

in job finding rate after benefit exhaustion could entirely be driven by dynamic selection,

i.e. the exit of the most employable workers at benefit exhaustion. By documenting the

role of individual behavior, our results show that, on the contrary, workers who are still

unemployed after benefit exhaustion are not necessarily less employable. These are workers

who have been unlucky in their search and face a low job finding rate as their job search

effort declines after exhaustion. This suggests that policies that increase job search after

exhaustion could counteract this decline in job finding.

Second, our results allow us to rule out that storable job offers explain the spike in job

finding rate at benefit exhaustion (Boone and van Ours, 2012). The idea of storable job

offers is that job seekers can choose to make their contract with a new employer start at

the exhaustion of their benefits. Our finding of an increased search effort around benefits

exhaustion is inconsistent with storable job offers causing the spike in the job finding

rate. Additionally, our data allow us to investigate the time between the application and

the start of the contract: we can track back the application associated with a hire with

confidence when we observe that a worker made an online application to an establishment

in the year before being hired in that establishment. With this method, we are able to

measure the delay between the application and the hire for the first job after the start of

unemployment for 11,000 spells (3% of the spells with PBD between 12 and 24 months):

the median duration corresponds to 28 days and the average is 44 days. In Table A.11, we

separately measure the spike in the job finding rate for different delays between the date of

application and the date of hire. Storable job offers would predict that a larger spike in the

job finding rate for jobs with a long delay between application and hire, and no spike for

jobs with a short delay. We observe a large spike in all cases. This confirms that storable

job offers play a minor role in explaining the spike in job finding rate, and therefore backs

up the fundamental assumption of search models that the timing of re-employment reflects

the timing of search.

Our results hence confirm that job search models are a relevant framework to under-

stand the impact of unemployment insurance. At the same time, our results are not fully

consistent with the standard job search model (Mortensen, 1977) because job search effort

declines after exhaustion instead of remaining high and constant. In the next section, we

discuss what additional mechanisms could account for the decline in job search effort after

benefit exhaustion.
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8 Discussion:

Our results make two major contributions to the literature: they allow to test predictions

of the standard search model and they permit to refine the understanding of UI duration

on employment outcomes. We discuss them here.

8.1 What are the potential drivers of search behavior?

Our finding of a decrease in search intensity after benefit exhaustion represents a puzzle

for the standard model. We now briefly review three types of departure from the standard

model that could explain this pattern and discuss related empirical evidence.

Adjustment cost: Job seekers could decrease their search effort after benefits exhaustion

because their incentive to search decreases after they have paid the cost of adjusting to a

lower income level. Such a temporary cost could come from different sources. Reference-

dependent individuals could suffer from the income loss at benefit exhaustion, and then

update their reference level of income as time goes by without finding a job (DellaVigna et

al. (2017), Koenig et al. (2016)). A worker with committed consumption (Chetty and Szeidl

(2016)) would increase search effort to avoid paying a fixed cost of adjustment; but if she

fails, she would decrease search once she has paid the cost. Habit formation (Constantinides

(1990), Campbell and Cochrane (1999)) may also explain the decrease. Additionally, job

seekers may also have an incentive to find a job before exhaustion in order to avoid the

costs of claiming welfare benefits, including stigma and administrative burdens. Once these

costs of welfare receipt are incurred, the incentive to search may be lower.

Income effect: Another strand of explanation could be that job seekers still face similar

incentives to search for a job after exhausting their benefits but do not have enough time

or liquidity. It could be useful to incorporate in search models a third way for individuals

to allocate their time (additional to job search and work), such as informal work or home

production. Although these activities might pay much less than work, individuals might

chose to allocate time there when they have a low income if financially constrained. A

similar line of reasoning could be that searching for a job not only costs time but also money,

which could also lead job seekers with low income to diminish their search if financially

constrained.

Learning effect: Perceived returns to search might also drop around benefit exhaustion

due to the increase in job application in periods leading to benefit exhaustion. A worker may

learn around benefit exhaustion that finding jobs is harder than expected: after increasing

job search effort and still not finding a job, the worker may conclude that optimal search

intensity is low. Chetty (2003) and Potter (2018) feature a worker learning mechanism;
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Spinnewijn (2015) and Mueller et al. (2018) highlight biases in perceived returns to search.

Another explanation (related to learning but different) could be provided by stock-flow

models: in this framework, job seekers can immediately observe all available vacancies but

are constrained in the amount of applications they can send by the availability of vacancies

corresponding to their profile. They can apply to a large number of vacancies when they

intensify their search as all vacancies from the stock are new to them. But after they have

applied to all suitable vacancies prior to exhausting their benefits, they need to wait for new

ones to be posted and their effort is therefore bounded by the rate of arrival of new suitable

vacancies (the flow). We can observe the date when each vacancy is posted and therefore

test the relevance of stock flow in this context. Figure A.7 presents the evolution of the

average duration between vacancy creation and application around benefit exhaustion in

(1) and the evolution of the number of applications sent to vacancies posted since less than

1 week (“flow”) or more (“stock”). We do not observe any jump in the average duration

between vacancy creation and application around benefit exhaustion, and the patterns of

applications to vacancies from the stock and from the flow look very similar. This suggests

that the stock-flow mechanism can not explain the decrease in applications after benefit

exhaustion.

8.2 The impact of UI extensions

Our analysis highlights theo effects of an extension of unemployment insurance on the

dynamics of job search. In order to have a comprehensive picture of the impact of UI

extensions on job search, we exploit a discontinuity in the UI eligibility rules to estimate the

impact of a UI extension on the level of job search at the start of the unemployment spell.

Then we discuss how our results shed light on the impact of UI extensions on employment

outcomes.

Table 6: RD Estimate of the impact of PBD on search at the start of the unemployment
spell

First stage Fuzzy RDD
Outcome variable: PBD (log) UI duration (log) Search intensity Target wage

(1) (2) (3) (4)
RD Estimate 0.159*** 0.760*** 0.202 -0.019

(0.030) (0.176) (0.181) (0.065)
No. of Obs. 60,214 60,214 60,214 24,114

Note: Estimates correspond to a fuzzy RDD, where the treatment variable is the log of PBD. Estimates
should therefore be interpreted as the impact of a 1% increase in PBD. Each coefficient in this table is
estimated in a separate RDD. The estimation follows Calonico et al. (2014). The kernel used for local
polynomial estimation is triangular. We exclude individuals who became unemployed just before or after
they turned 50 years old and present the results using three different trimming procedures. Robust standard
errors are presented in parenthesis.
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Impact of UI extensions on levels of search effort and target wages We comple-

ment our analysis on the impact of PBD on the evolution of search behavior over time by

evidence on the impact of PBD on levels of search intensity and target wage. We estimate

the impact of PBD on search behavior at the start of the unemployment spell in a regres-

sion discontinuity design. We exploit a discontinuity in the UI rules that workers face when

they lose their job around 50 years old: before 50, workers are eligible to unemployment

benefits for up to 2 years based on the count of days worked in the 28 months preceding

the job loss (each day worked correspond to one day of UI); after 50, workers are eligible

to up to 3 years of benefits based on the days worked in the previous 3 years. As we can

not observe the count of worked days necessary to compute PBD, we estimate the impact

of PBD on job search in a fuzzy RDD, where we instrument PBD by the age at job loss.

Note that most of the individuals affected by the instrument see their PBD increase beyond

two years so our RDD estimates correspond to the impact of an extension of PBD from a

very long baseline duration. In Table 6, column (1) shows that having a 1% higher PBD

in our sample increases by 0.75% the duration of actual benefits, while columns (3) and

(4) suggest that an increase in PBD has no significant impact on the monthly number of

applications and target wage during the first 3 months of unemployment. This is consistent

with the predictions of the standard search model (Figure 2) and confirms the conclusion of

Barbanchon et al. (2017) who find a zero impact of PBD on the reservation wage declared

at the start of the spell. Although we cannot draw a definitive conclusion based on this

RDD because of the relatively small sample size and the concerns of selection around the

threshold (we discuss in Appendix potential issues and robustness checks), this additional

analysis suggests that an extension of PBD in the far future does not affect job search

behavior today. These results are complementary to our previous analysis: overall, they

suggest that job seekers only change their behavior in response to a benefit extension in

the periods close to their benefit exhaustion.

Explaining the impact of UI extensions on re-employment outcomes Our find-

ings of non-stationary effects of unemployment insurance on job search help rationalize the

impact of UI extensions on re-employment outcomes. Nekoei and Weber (2017) made that

point clear in the case of the impact of PBD on re-employment wages. They show that

PBD has two opposite effects on re-employment wages: on the one hand, a long PBD has

a positive impact on the target wage at any given time of the unemployment spell; on the

other hand, long PBD tends to delay re-employment to a later period when target wages are

lower because target wages decrease over time. Our results confirm, and also complement

their analysis in two ways. First, we show that search effort exhibits a large spike at benefit

exhaustion and that a lot of the job finding occurs then. This contributes to attenuate any

effect of PBD on re-employment wages: at benefit exhaustion, target wages reach a low

level that is independent of PBD. Second, we decompose the decrease in target wage into
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a decrease in wage within an occupation and switches to occupations with lower wages: we

show that the latter matters the most. Therefore, the decrease in the target wage does not

seem to be driven by learning of the true wage distribution in an occupation, which could

have been at play in workers started their unemployment spell with over-optimistic ideas

on wage offers (Feldstein and Poterba, 1984; Hogan, 2004). Instead, our results suggest that

job seekers accept to apply to less and less productive jobs over time, at a potentially high

welfare cost. Similarly, our results on the dynamics of job search can also shed light on the

impact of PBD on the duration before re-employment. Long PBD have a negative impact

on job finding by postponing the spike in the job finding rate. This could be accentuated

by decreasing returns-to-search (Notowidigdo (2013)), as job seekers would intensify their

efforts at a moment when they are less productive.12

9 Conclusion

How does finite duration unemployment insurance affect search behavior over time? We

answer this question using unique longitudinal data on job search and unemployment in-

surance eligibility. For identification, we exploit extensive variation in potential benefit

duration in panel models with individual spell fixed effects. We find that the unemployed

strongly increase their number of applications as benefit exhaustion approaches, and de-

crease it after exhaustion. The spike in job search effort at benefit exhaustion matches in

timing and magnitude the 60% spike we observe in exits to jobs at benefit exhaustion.

This result helps us understand the microeconomic impact of an extension of unemploy-

ment benefits duration: it delays the spike in job applications, which leads to a longer

unemployment duration. Our data also allow us to explore the evolution of selectivity in

job search: we show that job seekers decrease their target wage until they exhaust their

benefits and keep it at a constant level after. These findings support models of unemploy-

ment insurance where job search effort is the key behavioral channel. At the same time, a

standard search model does not perfectly fit the data: it predict a permanent increase in

search effort after exhaustion, while we only find a temporary spike. This result has policy

implications: the negative effect of benefit extensions on job finding is lower than predicted

by the standard search model.

12Note that we observe decreasing returns-to-search in our sample but we cannot rule out that this
comes from dynamic selection.

35



Bibliography

Barbanchon, Thomas Le, Roland Rathelot, and Alexandra Roulet, “Unemploy-

ment insurance and reservation wages: Evidence from administrative data,” Journal of

Public Economics, 2017.

Belot, Michele, Philipp Kircher, and Paul Muller, “Providing Advice to Job Seek-

ers at Low Cost: An Experimental Study on On-Line Advice,” R&R in in Review of

Economic Studies, 2017.

Bertrand, Marianne, Esther Duflo, and Sendhil Mullainathan., “How Much

Should We Trust Differences-in-Differences Estimates?,” The Quarterly Journal of Eco-

nomics, 2004, 119 (4)., 249–75.

Boone, Jan and Jan C van Ours, “Why is There a Spike in the Job Finding Rate at

Benefit Exhaustion?,” De Economist, 2012.

Bratberg, Espen and Kjell Vaage., “Spell Durations with Long Unemployment Insur-

ance Periods.,” Labour Economics, 2000.

Caliendo, Marco, Konstantinos Tatsiramos, and Arne Uhlendorff, “Benefit du-

ration, unemployment duration and job match quality: A Regression-discontinuity ap-

proach,” Journal of Applied Econometrics, 2013.

Calonico, S., M.D. Cattaneo, and R Titiunik, “Robust nonparametric confidence

intervals for regression-discontinuity designs,” Econometrica, 2014, 82, 2295–2326.

Campbell, John Y and John H Cochrane, “By Force of Habit: A Consumption-Based

Explanation of Aggregate Stock Market Behavior,” The Journal of Political Economy,

1999.

Card, David and Phillip B.. Levine, “Extended benefits and the duration of UI spells:

evidence from the New Jersey extended benefit program,” Journal of Public Economics,

2000.

, Raj Chetty, and Andrea Weber, “Cash-on-Hand and Competing Models of In-

tertemporal Behavior: New Evidence from the Labor Market,” The Quarterly Journal

of Economics, 2007.

, , and , “The Spike at Benefit Exhaustion: Leaving the Unemployment System or

Starting a New Job?,” American Economic Review Papers and Proceedings, 2007.

Chetty, Raj, “Consumption commitments, unemployment durations, and local risk aver-

sion,” NBER Working paper, 2003.

36



and Adam Szeidl, “Consumption Commitments and Habit Formation,” Economet-

rica, 2016.

Constantinides, George M, “Habit Formation: A Resolution of the Equity Premium

Puzzle,” Journal of Political Economy, 1990.

DellaVigna, Stefano, Attila Lindner, Balazs Reizer, and Johannes Schmierder,

“Reference dependent job search: Evidence from Hungary,” Quarterly Journal of Eco-

nomics, 2017.

Faberman, J. and M. Kudlyak, “The Intensity of Job Search and Search Duration,”

Working Paper, 2016.

Fallick, Bruce C, “Unemployment Insurance and the Rate of Re-Employment of Dis-

placed Workers,” The Review of Economics and Statistics, 1991.

Feldstein, M. and J. Poterba, “Unemployment Insurance and Reservation Wages,”

Journal of Public Economics, 1984.

Fradkin, Andrey and Scott Baker, “The Impact of Unemployment Insurance on Job

Search: Evidence from Google Search Data,” Review of Economics and Statistics, 2017.

Ganong, Peter and Pascal Noel, “Consumer Spending During Unemployment: Positive

and Normative Implications,” Working Paper, 2017.

Hall, Robert and Andreas Mueller, “Wage Dispersion and Search Behavior: The Im-

portance of Non-Wage Job Values,” Journal of Political Economy, 2018.

Hogan, V, “Wage Aspirations and Unemployment Persistence.,” Journal of Monetary

Economics, 2004.

Johnston, A. and A. Mas, “Potential Unemployment Insurance Duration and Labor

Supply: The Individual and Market-Level Response to a Benefit Cut.,” Jounal of Political

Economy, 2017.

Katz, Lawrence., “Layoffs, Recalls, and the Duration of Unemployment.,” NBER Work-

ing Paper, 1986.

Katz, Lawrence and Bruce Meyer, “The Impact of the Potential Duration of Unem-

ployment Benefits on the Duration of Unemployment.,” Journal of Public Economics,

1990.

and , “Unemployment Insurance, Recall Expectations, and Unemployment,” The

Quarterly Journal of Economics, 1990.

37



Katz, Lawrence F and Bruce D Meyer, “Unemployment insurance, recall expecta-

tions, and unemployment outcomes,” The Quarterly Journal of Economics, 1990.

Kenneth, Per-Anders Edin Bertil Holmlund Carling and Fredrik Jansson., “Un-

employment Duration, Unemployment Benefits, and Labour Market Programmes in Swe-

den,” Journal of Public Economics, 1996.

Koenig, Felix, Alan Manning, and Barbara Petrongolo, “Reservation Wages and

the Wage Flexibility Puzzle,” CEP Discussion paper, 2016.

Kolsrud, J., C. Landais, P. Nilsson, and J. Spinnewijn, “The Optimal Timing of

Unemployment Benefits: Theory and Evidence from Sweden,” The American Economic

Review, 2018.

Krueger, Alan and Andreas Mueller, “Job search and unemployment insurance: New

evidence from time use data,” Journal of Public Economics, 2010.

and , “Job Search and Job Finding in a Period of Mass Unemployment: Evidence

from High-Frequency Longitudinal Data,” Brookings Papers on Economic Activity, 2011.

and , “A contribution to the empirics of reservation wages,” American Economic

Journal: Economic Policy, 2016.

Kuhn, Peter and Hani Mansour, “Is Internet Job Search Still Ineffective?,” Economic

Journal, 2014.

Lalive, Rafael, “Unemployment Benefitcs, Unemployment Duration, and Post-

Unemployment Jobs: A Regression Discontinuity Approach,” The American Economic

Review, 2007.

, Jan van Ours, and Josef Zweimüller, “How Changes in Financial Incentives Affect

the Duration of Unemployment,” The Review of Economic Studies, 2006.

Lichter, Andreas, “Benefit Duration and Job Search Effort: Evidence from a Natural

Experiment,” R&R in Joural of Public Economics, 2017.

Marinescu, Ioana, “The General Equilibrium Impacts of Unemployment Insurance: Ev-

idence from a Large Online Job Board.,” Journal of Public Economics, 2017.

McCall, Brian B., “The Determinants of Full-Time versus Part-Time Reemployment

Following Job Displacement,” Journal of Labor Economics, 1997.

Mortensen, D. T., “Unemployment Insurance and Job Search Decisions.,” Industrial and

Labor Relations Review, 1977.

38



Mueller, Andreas, Johannes Spinnewijn, and Giorgio Topa, “Job Seekers’ Per-

ceptions and Employment Prospects: Heterogeneity, Duration Dependence and Bias,”

Working Paper, 2018.

Nekoei, Arash and Andrea Weber, “Does Extending Unemployment Benefits Improve

Job Quality?,” American Economic Review, 2017.

Notowidigdo, Matthew J., “The Incidence of Local Labor Demand Shocks,” R&R in

Journal of Labor Economics, 2013.

Potter, Tristan, “Learning and Job Search Dynamics during the Great Recession,” Work-

ing Paper, 2018.

Schmieder, Johannes F. and Till von Watcher, “The Effects of Unemployment In-

surance Benefits: New Evidence and Interpretation,” The Annual Review of Economics,

2016.

, Till von Wachter, and Stefan Bender., “The effects of extended unemployment

insurance over the business cycle: evidence from regression discontinuity estimates over

20 years,” The Quarterly Journal of Economics, 2012.

, , and , “The Effect of Unemployment Benefits and Nonemployment Durations on

Wages.,” American Economic Review, 2016.
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Appendix

A.1 Model calibration

Table A.1: Model calibration

Parameter Value
Discount factor 0.996
Relative risk aversion 2
Hourly benefit 6
Hourly welfare 3
Mean of hourly wage 10.77
Standard deviation of hourly wage 1.52
Job destruction 0.02
Return to search λ(s) = 0.5 ∗ s0.6
Cost of search c(s) = 0.4 ∗ s1.1
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A.2 Descriptive statistics

Table A.2: Selection of the unemployed workers applying on the online search platform

Mean Mean Difference T stat
All population > 0 online application (2)-(1) (1)=(2)

(1) (2) (3) (4)
Female 0.49 0.55 0.07 123.82
Age 34.12 31.23 -3.63 -295.29
Single 0.62 0.65 0.04 76.32
Look for full time job 0.90 0.92 0.03 97.26
Education

No diploma 0.04 0.02 -0.03 -143.65
Middle school 0.13 0.10 -0.04 -116.47
Vocational high school 0.34 0.34 0.01 17.80
General high school 0.24 0.27 0.04 96.78
Higher education 0.25 0.27 0.02 45.94

Qualification
Blue collar, low skill 0.09 0.07 -0.03 -87.18
Blue collar, high skill 0.12 0.10 -0.02 -67.82
White collar, low skill 0.22 0.22 -0.00 -1.28
White collar, high skill 0.44 0.50 0.07 136.86
Intermediary 0.07 0.08 0.01 28.92
Management 0.06 0.04 -0.03 -112.84

Duration of unemployment spell 389.58 486.91 122.06 300.66
Number of previous registrations 0.49 2.05 1.96 1909.08

Number of spells 5,392,835 1,092,584

Notes: Among all unemployment spells started in 2014, we compare those for which we observe
at least one application on the online search platform with the population.
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Table A.3: Linear model for the prediction of posted hourly wage

Outcome Hourly wage
Full time job 0.116***

(0.009)
Number of weekly hours -0.026***

(0.001)
Contract tern (ref: < 6 months long)

Permanent contract 0.452***
(0.005)

Long-term contract 0.111***
(0.005)

Establishment size (ref: < 5)
5 to 20 employees 0.048***

(0.004)
20 to 50 employees 0.098***

(0.004)
50 employees 0.218***

(0.004)
Required experience (ref: No experience)

Some work experience 0.362***
(0.003)

Required qualification (ref: blue collar, low skill)
blue collar, high skill 0.222***

(0.009)
white collar, low skill 0.032***

(0.008)
white collar, high skill 0.200***

(0.008)
intermediary position 0.968***

(0.009)
management position 4.221***

(0.013)
Required education (ref: no diploma mentioned)

vocational high school diploma -0.083***
(0.005)

general high school diploma -0.034***
(0.005)

Higher education diploma 0.450***
(0.005)

Job category FE YES
County FE YES
N 1,200,061
F 14,007.577
R2 0.485

Notes: In this Table, we present the regression of the posted hourly wage on all characteristics contained in the
job ads. The sample is made of all job ads from our sample for which the posted wage is not missing (41% of
job ads in our sample).
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Figure A.1: Predicted hourly wage

Notes: In this Figure, we present the distribution of hourly wages posted in the job ads in
our sample and the predicted hourly wage based on a linear prediction using all characteristics
contained in the job ads. The posted wage is missing for 59% of job ads in our sample. We present
separately the distribution of predicted hourly wage when the posted wage is observed and when
it is missing.

Figure A.2: Within individual variation in log predicted wages applied to over U spell
(month)

Notes: This Figure illustrates the evolution of the dispersion in predicted wages of job vacancies
one individual applies to. The x-axis denotes time of the unemployment spell in month. The
y-axis denotes relative variation to the (spell-level) mean. This is based on all job seekers from
our study sample (with all PBD).
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Table A.4: Samples description

Sample 1 Sample 2 Sample 3 Sample 4
PBD: All ∈ [12, 24] PBD ∈ [12, 24] PBD ∈ [12, 24]
Unemployment spell: > PBD+4 > PBD+11
Female 0.58 0.59 0.55 0.55
Age 32.22 31.60 34.80 35.83
Single 0.61 0.58 0.57 0.58
Wants a full time job 0.92 0.92 0.89 0.88
Unemployment spell (day) 601.88 637.43 1161.31 1332.81
Skill level

Blue collar, low skill 0.05 0.04 0.06 0.07
Blue collar, high skill 0.09 0.09 0.10 0.11
White collar, low skill 0.17 0.16 0.18 0.18
White collar, high skill 0.56 0.57 0.54 0.53
Management level 0.14 0.14 0.12 0.12

Unemployment insurance
PBD (day) 533.00 637.12 596.97 595.07
Hourly UI 6.32 6.30 6.27 6.28
Replacement rate 0.57 0.57 0.56 0.56

Job search
Number of applications 3.39 3.34 4.90 5.33
Hourly wage of job applied to (e) 9.86 9.91 9.74 9.71

Job finding: Finds a job
before benefits exhaustion 0.66 0.74 0.44 0.41
at benefits exhaustion 0.04 0.02 0.04 0.04

Number of spells 497,993 323,958 55,458 32,216
Number of individuals 488,909 320,665 55,249 32,147
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A.3 Search intensity around benefits exhaustion

Table A.5: Evolution of search intensity over the unemployment spell

Additional sample restriction: Number of applications over the U spell
≥ 4 ≥ 7 ≥ 11 ≥ 24

(Share of sample) 25% 10% 5% 1%
Sample: All

(1) (2) (3) (4)
T − 4 0.110*** 0.116*** 0.101*** 0.137***

(0.002) (0.002) (0.002) (0.006)
T − 3 0.177*** 0.182*** 0.163*** 0.171***

(0.003) (0.004) (0.004) (0.008)
T − 2 0.258*** 0.268*** 0.238*** 0.251***

(0.004) (0.006) (0.006) (0.012)
T − 1 0.376*** 0.383*** 0.357*** 0.352***

(0.007) (0.009) (0.010) (0.018)
T 0.435*** 0.451*** 0.433*** 0.425***

(0.009) (0.012) (0.014) (0.025)
T + 1 0.359*** 0.380*** 0.352*** 0.394***

(0.008) (0.010) (0.012) (0.023)
T + 2 0.250*** 0.276*** 0.291*** 0.383***

(0.006) (0.008) (0.011) (0.025)
T + 3 0.132*** 0.155*** 0.153*** 0.273***

(0.004) (0.005) (0.006) (0.020)
T + 4 0.014 0.065* 0.096* 0.171*

(0.000) (0.002) (0.004) (0.014)
Month of U spell FE Yes Yes Yes Yes
Spell FE Yes Yes Yes Yes
No. of Obs. 1,505,642 74,4640 36,7274 80,083
Sample: U spell > T + 4

(5) (6) (7) (8)
T − 4 0.187*** 0.197*** 0.203*** 0.284***

(0.004) (0.005) (0.006) (0.014)
T − 3 0.231*** 0.238*** 0.248*** 0.281***

(0.005) (0.007) (0.008) (0.016)
T − 2 0.365*** 0.373*** 0.363*** 0.409***

(0.009) (0.011) (0.013) (0.024)
T − 1 0.526*** 0.520*** 0.507*** 0.520***

(0.014) (0.016) (0.019) (0.033)
T 0.653*** 0.656*** 0.652*** 0.632***

(0.019) (0.022) (0.027) (0.045)
T + 1 0.515*** 0.508*** 0.492*** 0.520***

(0.015) (0.018) (0.022) (0.038)
T + 2 0.375*** 0.366*** 0.395*** 0.504***

(0.012) (0.014) (0.019) (0.041)
T + 3 0.216*** 0.205*** 0.216*** 0.359***

(0.008) (0.009) (0.011) (0.031)
T + 4 0.070* 0.097** 0.135** 0.244**

(0.003) (0.005) (0.008) (0.024)
Month of U spell FE Yes Yes Yes Yes
Spell FE Yes Yes Yes Yes
No. of Obs. 640,780 358,635 194,723 49,817

Notes: Coefficients are obtained in Poisson regressions of the number of applications on time-to-
benefit exhaustion dummies on the sample of individuals with PBD between 12 and 24 months.
Coefficients (IRR-1) represent relative variations in the hazard of sending an application, with
respect to the reference period [T − 10;T − 5]. Robust SE are clustered at the spell level.

45



Table A.6: Heterogeneity of the spike in search intensity

(1) (2) (3) (4)
[T − 4;T + 4] 0.382*** 0.294

(0.004) (0.083)
[T − 4;T + 4]∗Woman with kid 0.076**

(0.002)
[T − 4;T + 4]∗Man with no kid -0.014

(0.000)
[T − 4;T + 4]∗Man with kid 0.033

(0.001)
[T − 4;T + 4]∗Age (log) -0.217***

(0.010)
[T − 4;T + 4]∗High education level 0.028

(0.001)
[T − 4;T + 4]∗High skill level -0.022

(0.001)
[T − 4;T + 4]∗Past wage (log) -0.066

(0.004)
[T − 4;T + 4]∗Amount UI (log) 0.166***

(0.007)
[T − 4;T + 4]∗Was unemployed before -0.075

(0.007)
[T − 4;T + 4]∗Past U duration if positive (log) 0.015

(0.000)
[T − 4; 0] ∗ t 0.172*** -0.053

(0.001) (0.004)
[0;T + 4] ∗ t -0.124*** 0.157

(0.001) (0.025)
[T − 4; 0] ∗ t∗Woman with kid 0.025**

(0.000)
[0;T + 4] ∗ t∗Woman with kid -0.034*

(0.001)
[T − 4; 0] ∗ t∗Man with no kid -0.035***

(0.000)
[0;T + 4] ∗ t∗Man with no kid 0.020

(0.000)
[T − 4; 0] ∗ t∗Man with kid -0.010

(0.000)
[0;T + 4] ∗ t∗Man with kid -0.014

(0.000)
[T − 4; 0] ∗ t∗Age (log) -0.069***

(0.001)
[0;T + 4] ∗ t∗Age (log) 0.029

(0.001)
[T − 4; 0] ∗ t∗High education level 0.006

(0.000)
[0;T + 4] ∗ t∗High education level 0.018

(0.000)
[T − 4; 0] ∗ t∗High skill level -0.021*

(0.000)
[0;T + 4] ∗ t∗High skill level 0.068**

(0.002)
[T − 4; 0] ∗ t∗Past wage (log) -0.029

(0.001)
[0;T + 4] ∗ t∗Past wage (log) 0.017

(0.001)
[T − 4; 0] ∗ t∗Amount UI (log) 0.083***

(0.001)
[0;T + 4] ∗ t∗Amount UI (log) -0.066***

(0.001)
[T − 4; 0] ∗ t∗ Was unemployed before -0.045

(0.001)
[0;T + 4] ∗ t∗ Was unemployed before 0.057

(0.004)
[T − 4; 0] ∗ t∗Past U duration if positive (log) 0.006

(0.000)
[0;T + 4] ∗ t∗Past U duration if positive (log) -0.003

(0.000)
Spell FE Yes Yes Yes Yes
t Yes Yes Yes Yes
t ∗X No Yes No Yes
No. of Obs. 1,750,819 1,640,249 1,750,819 1,640,249

Notes: Coefficients in this table are obtained in Poisson regressions. Coefficients displayed are IRR-1 and represent relative
variations in the hazard of sending an application, with respect to the reference period [T−10;T−5]. All models are estimated
on the sample of individuals with PBD between 12 and 24 months and who stay unemployed longer than 4 months after they
exhaust their benefits. Robust SE are clustered at the spell level.46



A.4 Target wage around benefit exhaustion

Table A.7: Evolution of target wage over the unemployment spell

Observation level: One period is 1 month
Number of applications

Sample restriction: over the U spell
All ≥ 4 ≥ 7 ≥ 11 ≥ 24

(Share of sample) 100% 25% 10% 5% 1%
(1) (2) (3) (4) (5)

t ∗ 1{t < T} -0.0010*** -0.0011*** -0.0010*** -0.0010*** -0.0010***
(0.0000) (0.0000) (0.0001) (0.0001) (0.0001)

t ∗ 1{t ≥ T} -0.0000* -0.0001** -0.0000 -0.0001* -0.0001**
(0.0000) (0.0000) (0.0000) (0.0000) (0.0001)

Spell FE∗1{t < T} Yes Yes Yes Yes Yes
Spell FE∗1{t ≥ T} Yes Yes Yes Yes Yes
No. of Obs. 337,003 274,217 196,911 130,615 45,800

Observation level: One period is 4 months
Number of applications

Sample restriction: over the U spell each period
All ≥ 4 ≥ 7 ≥ 11 ≥ 24 > 0

(Share of sample) 100% 25% 10% 5% 1%
(6) (7) (8) (9) (10) (11)

t ∗ 1{t < T} -0.0038*** -0.0039*** -0.0040*** -0.0038*** -0.0042*** -0.0053***
(0.0003) (0.0003) (0.0003) (0.0004) (0.0005) (0.0011)

t ∗ 1{t ≥ T} -0.0003*** -0.0003*** -0.0004*** -0.0005*** -0.0006*** -0.0000
(0.0001) (0.0001) (0.0001) (0.0001) (0.0002) (0.0003)

Spell FE∗1{t < T} Yes Yes Yes Yes Yes Yes
Spell FE∗1{t ≥ T} Yes Yes Yes Yes Yes Yes
No. of Obs. 160,097 128,211 88,560 55,788 17,399 7,415

Notes: The table documents the dynamic of target wages over the unemployment spell. The
outcome variable is the logged target wage. We present separately the coefficients associated with
the time trend before and after benefit exhaustion. In order to have the possibility to observe the
trend after benefit exhaustion, we restrict the sample to spells that are completed two periods
after exhausting benefits or after. SE are clustered at the spell level.
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Figure A.3: Alternative measures of target wage around benefit exhaustion

A/ MINIMUM PREDICTED WAGE
(1) PBD FE (2) Spell FE (3) Spell FE, U spell > T + 11

B/ ACTUAL WAGE, WHEN POSTED

C/ WEEKLY HOURS

D/ DURATION OF REQUIRED EXPERIENCE

Notes: The graphs present results from regressions of search intensity on time to benefit exhaus-
tion. The period corresponding to 11 months before benefit exhaustion is used as the reference
period. The x-axis denotes time relative to benefit exhaustion in months while the y-axis denotes
differences in the number of applications between t and the reference period. Specification (1)
includes PBD group fixed effect, specification (2) and (3) include spell FE. All models are esti-
mated on the sample of individuals with PBD between 12 and 24 months and for (3), we further
restrict the sample to job seekers who stay unemployed ≥ 11 months after benefit exhaustion.
The vertical lines denote 95% confidence intervals based on standard errors clustered at the spell
level.
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Figure A.4: Broadness of search around benefit exhaustion

A/ PROPORTION OF APPLICATIONS SENT TO A JOB REQUIRING A SKILL LEVEL EQUAL
OR ABOVE THE INDIVIDUAL’S

(1) PBD FE (2) Spell FE (3) Spell FE, U spell > T + 11

B/ PROPORTION OF APPLICATIONS SENT TO THE JOB CATEGORY WHERE THE
INDIVIDUAL IS SPECIALIZED

C/ PROPORTION OF APPLICATIONS SENT TO JOBS LOCATED IN THE CITY OF
RESIDENCE OR IN A NEARBY CITY

Notes: The graphs present results from regressions of search intensity on time to benefit exhaus-
tion. The period corresponding to 11 months before benefit exhaustion is used as the reference
period. The x-axis denotes time relative to benefit exhaustion in months while the y-axis denotes
differences in the number of applications between t and the reference period. Specification (1)
includes PBD group fixed effect, specification (2) and (3) include spell FE. All models are esti-
mated on the sample of individuals with PBD between 12 and 24 months and for (3), we further
restrict the sample to job seekers who stay unemployed ≥ 11 months after benefit exhaustion.
The vertical lines denote 95% confidence intervals based on standard errors clustered at the spell
level.
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Table A.8: Channels behind the decrease in target wage over time

Outcome variable (log) Target wage “Within”: Wage applied to “Between”: Average wage
in the initial category: in category applied to:

Job category Skill category Job category Skill category
(1) (2) (3) (4) (5)

month˙before -0.0010*** -0.0002*** -0.0005*** -0.0008*** -0.0007***
(0.0000) (0.0001) (0.0000) (0.0000) (0.0000)

month˙after -0.0001** -0.0001** -0.0000 -0.0000** -0.0001***
(0.0000) (0.0000) (0.0000) (0.0000) (0.0000)

No. of Obs. 325,954 88,753 148,023 328,551 328,558

Notes: The table documents the evolution of wage over the unemployment spell. We present
separately the coefficients associated with the time trend before and after benefit exhaustion. In
order to estimate all coefficients on the same of unemployment spells, we restrict the sample to
spells that are completed two periods after exhausting benefits or after. SE are clustered at the
spell level.
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A.5 Spike in job finding rate

Figure A.5: Empirical hazard rate for job seekers eligible to different PBD

Exit from unemployment registry Employment with a long term contract

Notes: These rates correspond to the number of exit to employment in month t divided by the size of the risk
set at the beginning of the month. This graph is based on our main sample.

Figure A.6: Empirical hazard rate for job seekers eligible to different PBD

(1) New job finding rate (2) Recall rate

Notes:These rates correspond to the number of exit to employment in month t divided by the
size of the risk set at the beginning of the month. This graph is based on our main sample. In
this graph, new job finding rate and recall are treated as independent competing hazards, and
therefore data are censored when the first job is found, whether it is a new job or recall.
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Table A.9: Hazard Model Estimates for time to next new job versus time to recall

Outcome variable Time to next job Time to next new job Time to recall
(1) (2) (3) (4) (5) (6)

T − 4 0.099*** 0.102*** 0.110*** 0.113*** 0.102 0.105
(0.002) (0.002) (0.003) (0.003) (0.009) (0.009)

T − 3 0.143*** 0.146*** 0.142*** 0.145*** 0.275*** 0.278***
(0.004) (0.004) (0.004) (0.004) (0.025) (0.025)

T − 2 0.243*** 0.248*** 0.237*** 0.242*** 0.528*** 0.535***
(0.006) (0.006) (0.006) (0.007) (0.049) (0.050)

T − 1 0.452*** 0.463*** 0.430*** 0.441*** 1.073*** 1.085***
(0.012) (0.012) (0.012) (0.012) (0.099) (0.100)

T 0.675*** 0.692*** 0.569*** 0.585*** 2.892*** 2.915***
(0.018) (0.018) (0.016) (0.017) (0.242) (0.244)

T + 1 0.716*** 0.737*** 0.606*** 0.626*** 3.124*** 3.150***
(0.021) (0.021) (0.019) (0.019) (0.277) (0.280)

T + 2 0.514*** 0.537*** 0.405*** 0.428*** 2.949*** 2.973***
(0.017) (0.018) (0.015) (0.015) (0.297) (0.300)

T + 3 0.326*** 0.348*** 0.234*** 0.258*** 2.506*** 2.528***
(0.012) (0.013) (0.010) (0.010) (0.286) (0.288)

T + 4 0.263*** 0.289*** 0.158*** 0.184*** 2.796*** 2.821***
(0.011) (0.012) (0.007) (0.008) (0.338) (0.341)

Covariates No Yes No Yes No Yes
Month of U spell FE Yes Yes Yes Yes Yes Yes
PBD group FE Yes Yes Yes Yes Yes Yes
No. of Obs. 1,073,902 1,073,902 1,073,896 1,073,896 1,073,890 1,073,890

Notes: The table documents the shift in various types of hazard during the periods around
benefit exhaustion estimated in Cox proportional hazard models. Estimates represent the increase
in hazard relative to omitted group (it corresponds to the hazard ratio - 1). Omitted group for
exhaustion spline is [T−10;T−5], i.e. 10 to 5 months before exhaustion. The sample is restricted to
individuals for which we can observe at least one non temporary contract before the unemployment
spell in the administrative data on employment. All models include unrestricted baseline hazard
for duration in months. Specifications (2), (4) and (6) include the following covariates: age and
squares, log of previous wage and squares, gender, education, qualification level, previous work
experience, past unemployment duration, region dummies. SE are clustered at the spell level.

52



Table A.10: Determinants of the spike in job finding rate around benefit exhaustion

Outcome variable Empirical hazard of finding a new job (log) Empirical hazard of being recalled (log)
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

t ∈ [T − 4;T − 1] 0.133*** 0.088** 0.129*** 0.070** 0.016 0.092 -0.020 0.103 -0.023 0.030
(0.033) (0.036) (0.032) (0.033) (0.028) (0.107) (0.109) (0.108) (0.118) (0.083)

t = T 0.429*** 0.296*** 0.422*** 0.249*** 0.080 0.920*** 0.590*** 0.936*** 0.562*** 0.691***
(0.052) (0.051) (0.052) (0.047) (0.066) (0.205) (0.197) (0.205) (0.205) (0.122)

t ∈ [T + 1;T + 5] 0.311*** 0.204*** 0.305*** 0.153*** -0.013 0.822*** 0.572*** 0.839*** 0.550*** 0.857***
(0.032) (0.045) (0.031) (0.046) (0.077) (0.141) (0.194) (0.139) (0.206) (0.176)

Search Intensityt,t−3 (log) 0.348*** 0.432*** 0.463*** 0.852*** 0.927*** 0.675**
(0.082) (0.087) (0.099) (0.221) (0.242) (0.264)

Target Wage Ratiot,t−3 (log) -0.452 -1.241*** -1.770*** 1.066 -0.551 0.441
(0.340) (0.451) (0.589) (0.700) (0.614) (1.664)

Covariates Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
PBD group FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
MonthFE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
SearchIntensity∗MonthFE No No No No Yes No No No No Yes
No. of Obs. 654,446 654,446 654,446 654,446 654,446 654,446 654,446 654,446 654,446

Notes: The table presents a linear regression of the empirical hazard of finding a job on time dummies, individual covariates and search behavior
variables at the PBD group and month of the spell level. Observations are weighted by the number of individuals still unemployed (i.e. the risk set).
The dependent variable is the logged proportion of individuals in the risk set who find a job each month. Search intensity represents the logged
average number of applications sent by individuals in the risk set; Target wage ratio represents the logged average ratio of wages applied to over past
wages. We include 3 lags of search behavior variables and present coefficients corresponding to their sum. In (5), we include interactions of month of
the spell FE and search intensity variables and the coefficient represents their average. We include covariates representing the average characteristics
of individuals in the risk set: age, skills, education level, past wage, reservation wage, total search over the unemployment spell. The reference period
is [T − 10;T − 5]. Robust standard errors clustered at the PBD group level.
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Table A.11: Hazard Model Estimates for time to next job

Time to next job: All jobs Jobs for which we identified the application
Delay between application and hire:

Any < 2 months ≥ 2 months < 1 month ≥ 1 month
(1) (2) (3) (4) (5) (6)

T − 4 0.079*** 0.130* 0.107 0.161 0.172 0.089
(0.001) (0.010) (0.009) (0.022) (0.018) (0.009)

T − 3 0.098*** 0.313*** 0.276*** 0.195 0.147 0.355***
(0.002) (0.024) (0.024) (0.028) (0.017) (0.035)

T − 2 0.227*** 0.314*** 0.385*** 0.198 0.369*** 0.320**
(0.004) (0.025) (0.035) (0.030) (0.041) (0.035)

T − 1 0.413*** 0.666*** 0.921*** 0.117 1.010*** 0.447***
(0.007) (0.050) (0.074) (0.020) (0.099) (0.048)

T 0.675*** 1.088*** 1.270*** 0.629*** 1.490*** 0.786***
(0.012) (0.083) (0.107) (0.096) (0.154) (0.083)

T + 1 0.683*** 1.006*** 1.253*** 0.539*** 1.350*** 0.835***
(0.013) (0.086) (0.118) (0.090) (0.161) (0.095)

T + 2 0.541*** 1.316*** 1.731*** 0.340 1.691*** 1.012***
(0.012) (0.121) (0.172) (0.071) (0.212) (0.129)

T + 3 0.358*** 0.999*** 1.048*** 0.670*** 1.087*** 0.854***
(0.009) (0.105) (0.128) (0.126) (0.167) (0.116)

T + 4 0.251*** 0.739*** 0.901*** 0.502* 0.917*** 0.712***
(0.007) (0.094) (0.134) (0.110) (0.164) (0.119)

No. of Obs. 3,155,236 101,969 79,334 29,698 50,333 58,699

Notes: The table documents the shift in various types of hazard during the periods around benefit
exhaustion estimated in Cox proportional hazard models. Estimates represent the increase in
hazard relative to the reference period (it corresponds to the hazard ratio - 1). The reference
period is [T − 10;T − 5], i.e. 10 to 5 months before exhaustion. All models include unrestricted
baseline hazard for duration in months. Specification (2) includes the following covariates: age
and squares, log previous wage and squares, gender, education, qualification level, previous work
experience, past unemployment duration, region dummies. Both models are estimated on the
sample of individuals with PBD between 12 and 24 months. SE are clustered at the spell level.
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Table A.12: Magnitude of the spike in search intensity around benefit exhaustion, restricted
to periods before finding a job

Outcome variable Monthly number of applications
Sample U spell > T + 4

(1) (2) (3)
T − 4 0.127*** 0.125*** 0.139***

(0.002) (0.002) (0.005)
T − 3 0.198*** 0.201*** 0.168***

(0.003) (0.003) (0.006)
T − 2 0.302*** 0.308*** 0.328***

(0.005) (0.006) (0.012)
T − 1 0.484*** 0.495*** 0.520***

(0.009) (0.010) (0.020)
T 0.584*** 0.606*** 0.709***

(0.012) (0.014) (0.030) )
T + 1 0.459*** 0.495*** 0.648***

(0.010) (0.012) (0.027)
T + 2 0.308*** 0.354*** 0.569***

(0.008) (0.011) (0.027)
T + 3 0.187*** 0.218*** 0.464***

(0.006) (0.007) (0.023)
T + 4 0.054 0.069* 0.406***

(0.002) (0.003) (0.021)
No. of Obs. 3,155,236 2,815,840 639,910

Notes: Coefficients in this table are obtained in Poisson regressions of the number of applications
on time to benefit exhaustion dummies. Coefficients displayed are IRR-1 and represent relative
variations in the hazard of sending an application, with respect to the reference period [T −
10;T − 5]. All models are estimated on the sample of individuals with PBD between 12 and 24
months, and the third model is estimated on the subsample of job seeker who stay unemployed
longer than 4 months after they exhaust their benefits. Robust SE are clustered at the spell level.
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A.6 Regression discontinuity design

We use a RDD in order to investigate the impact of PBD on the level of search intensity

and target wage when individuals become unemployed. We exploit a discontinuity in PBD

depending on the age at the time of job separation. After 50 years old, workers are entitled

to as many days of benefits as days worked within the last 36 months before job separation,

the maximum PBD is thus de facto 36 months. Before 50 years old, workers are eligible to

as many days of benefits as days worked within the last 28 months before job separation,

with a maximum PBD fixed by UI rules to 24 months. Besides this difference in PBD

schedule, UI rules are the same for claimants above and below 50 years old. We cannot

observe the number of days worked, so we can not detect which individuals are affected by

the change in UI rules at 50. Instead of running a sharp RD, we therefore run a fuzzy RD

using the log PBD as a treatment variable. The estimates we obtain in that case can be

interpreted as the impact of being having a 1% longer PBD. We estimate the parameter δ

in the following model, where we instrument the log PBD with the dummy 1(agei ≥ 50)

indicating that the claimant is over 50 years old at job separation:

Yi = α + δ log(PBDi) + P0(agei − 50) ∗ 1(agei < 50) + P1(agei − 50) ∗ 1(agei ≥ 50) + εi,t

with P0(.) and P1(.) two polynomials whose coefficients are estimated (without constant).

The same discontinuity has been exploited in Barbanchon et al. (2017) in order to esti-

mate the impact of PBD on self-reported reservation wage at the start of the unemployment

spell. The authors have documented the existence of some selection around the 50 years

old threshold, suggesting that job seekers can to some extend manipulate the moment at

which they become unemployed. Like the authors, we therefore trim our sample to exclude

job seekers who become eligible just around 50 (we present the results with various trim-

ming procedures). It can be noted that this selection would probably create a negative bias

in the estimated impact of PBD on search intensity (resp. positive on selectivity), if we

consider that job seekers who manipulate their unemployment start in order to be eligible

to longer unemployment benefits are probably more subject to moral hazard.
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A.7 Potential mechanisms:

Figure A.7: Duration between vacancy creation and application around benefit exhaustion

(1) Duration between vacancy (2) Nb of applications to vacancies
creation and application from the stock and the flow

Notes: These figures present variation in search around benefit exhaustion, in the interval [T −
4;T + 4], relative to the reference period [T −10;T −5]. In specification (1), the outcome variable
is the log of the duration between vacancy creation and application (i.e. the “age” of the vacancy
when the application is sent). In specification (2), the outcome is the number of applications sent
to vacancies posted since less than 1 week (“flow”) or more (“stock”). The estimation model in
(2) is a Poisson count model. The vertical lines denote 95% confidence intervals based on standard
errors clustered at the spell level.
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