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Today’s lecture

• Search theory

• Basics of unemployment insurance

• Some stylized facts

• Krueger and Mueller (2011)
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Search theory

• Why (re)learn the theory of job search?

◦ Comes up a lot in empirical work on unemployment
◦ Useful to be comfortable with recursive methods

• We’ll work in continuous time

◦ Easier to incorporate competing risks
◦ Avoids awkward integer problems
◦ Problem Set #2 looks at discrete case too

• Focus on partial equilibrium

• See notes for details
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The job search problem

• Worker searches until reemployed

◦ Flow benefit b, discounted at rate δ
◦ Flow of offers s, convex cost ψ(s), Inada conditions
◦ Offers drawn from G (w), jobs last forever

• Revealed preference =⇒ cutoff rule (reservation wage)

• Bellman equation:

δU = max
s,w

b − ψ(s) + s

∫ ∞
w

(J(w)− U)dG (w)

where U is value of unemployment, J(w) is value of job

• Stationary problem: U is constant
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First-order conditions
• Here’s the optimization problem:

max
s,w

b − ψ(s) + s

∫ ∞
w

(J(w)− U)dG (w)

• Differentiate w.r.t. s:

ψ′(s∗) =

∫ ∞
w

(J(w)− U)dG (w)

= (1− G (w))E[J(w)− U | J(w) ≥ U]

• Differentiate w.r.t. w (Leibniz’s rule):

J(w) = U

• Value of a job:

J(w) =

∫ ∞
0

e−δtw dt =
w

δ
=⇒ w = δU
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The value of unemployment

• Let’s simplify: assume all jobs pay the same wage w > b

δU = b − ψ(s∗) + s∗(J − U)

=⇒ U =
b − ψ(s∗) + s∗J

δ + s∗

• Not fully solved . . . but about to be useful

• Intuition:

◦ Receive flow utility b − ψ(s∗) while unemployed
◦ Obtain new “asset” J at flow rate s∗

◦ Discount future flows at effective rate δ + s∗
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Comparative statics and the envelope theorem

• Key question: how does increasing UI benefits affect search?

• Take FOC for job search, apply implicit function theorem:

ψ′(s∗) = J − U =⇒ ds∗

db
= − 1

ψ′′(s∗)

dU

db

• Use envelope theorem to sign dU
db (i.e., hold s∗ constant):

U =
b − ψ(s∗) + s∗J

δ + s∗

=⇒ dU

db
=

1

δ + s∗
> 0

• Therefore ds∗

db < 0: UI discourages search
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Competing risks
• Same problem in discrete time:

U = max
s∈[0,1]

b − ψ(s) + β(sJ + (1− s)U)

• Equally tractable . . . but what if we have competing risks?

◦ Directed search effort s1, s2 for two jobs valued at J1, J2

◦ Assume independent draws

• Messy Bellman:

U = max
s1,s2

b − ψ(s1, s2) + β[s1s2 max{J1, J2}+ s1(1− s2)J1 + . . .

. . .+ (1− s1)s2J2 + (1− s1)(1− s2)U]

• Continuous time ensures job offers don’t arrive simultaneously:

δU = max
s1,s2

b − ψ(s1, s2) + s1(J1 − U) + s2(J2 − U)
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Non-stationarity

• Value of unemployment is often non-stationary:

◦ Human capital decay
◦ Scarring/stigma effects
◦ Asset depletion
◦ Discouragement

• Two-tiered UI benefits: get b for D periods, then get b

• Let R denote time remaining on first tier

◦ Continuous time:

δU(R) = max
s

b(R)− ψ(s) + s(J − U)− U̇(R)

◦ Discrete time:

U(R) = max
s∈[0,1]

b(R)− ψ(s) + β(sJ + (1− s)U(max{0,R − 1})
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From theory to empirics

• Today’s focus: job search and the experience of joblessness

◦ How much time do the unemployed spend searching?
◦ What channels do they use to look for jobs?
◦ How does search behavior change throughout a jobless spell?
◦ Why does the job-finding hazard decline with duration?
◦ How do the jobless feel about job search?

• Impossible to discuss this without discussing UI

◦ We’ll touch on UI a little today
◦ But largely defer until next class
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Basics of unemployment insurance (UI)

• Insures consumption against temporary job loss

◦ Pay into system to establish entitlement
◦ Often paired with search requirements

• Cross-country/cross-state variation in program parameters

◦ Benefit level (usually indexed to wages)
◦ Potential benefit duration (PBD)
◦ One-tiered UI vs. two-tiered UI
◦ Monitoring intensity, benefit sanctions
◦ Earnings disregard

• US only (to my knowledge): experience rating

◦ UI benefits are financed through payroll taxes
◦ Firms face higher taxes when ex-workers claim more UI
◦ Interesting effects on hiring/firing incentives (Johnston 2019)
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Negative duration dependence in job-finding
United States: CPS data spanning 1976–2007
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Figure 1 

Notes: The dots show the empirical probability of being 

employed at the next survey as a function of unemployment 
duration, FT, for job losers and job leavers. The line shows 

the theoretical reemployment probability F(t) as a function 
of duration for ?x 

= 0.6cr. 

months of unemployment and then subsequently 
underestimates the job finding probability?it is 
worth stressing that one parameter, p/a, deter? 
mines the level, slope, and curvature in the 
model.6 

To see how the duration-conditional job find? 

ing probability changes with the business cycle, 
I divide the available data into three bins based 
on the average job finding probability during 
the month. In the full sample, an average worker 
finds a job with probability 
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Figure 2 

Afotes: The dots show the difference between the empiri? 
cal probability of being employed at the next survey as a 

function of unemployment duration in months when the 

reemployment hazard is at least 2 percent higher than the 
mean for job losers and job leavers, and the probability in 

months when the reemployment hazard is at least two per? 
cent lower than the mean, FrH-F?r. The line shows the dif? 
ference between the theoretical reemployment probability 

F(t) with fji 
= 0.1a and ?jl 

= 0.5<7. 

lies within 2 percentage points of the mean, is 
above 0.306, or is below 0.266. This classifica? 
tion assigns 32 percent of months to a high job 
finding probability, t E H, and 24 percent to a 
low job finding probability, t E L.I then com? 

pute the job finding probability at each duration 
for these subsets of months, 

F" 
?t?Hr 

2,eff?? + <f + <?)' 

and similarly for FTL. 
Figure 2 shows that F? lies on average about 

8 percent above FTL, with no systematic variation 
as a function of unemployment duration. In other 

words, Ff is simply an upward-shifted version 
of FT, while FTL is a downward shift. The curve 
in the same figure shows the difference between 
the model-generated value of F(r) with p = 

0.7cr and the one with p = 0.5cr.7 Again, this is 6 
One way to reduce the gap between model and data 

would be to introduce a small cost of taking a job, so an 

unemployed worker becomes employed only when <5?(?) 
> s 

> 0, while an employed worker becomes unemployed when 

8?(t) < 0. Positive values of e reduce the job finding prob? 
ability at short durations relative to that at long durations. 

Since, in the baseline model with e = 0, almost all unem? 

ployment spells end with zero duration, this has the added 
benefit of eliminating many implausibly short spells. 

7 
This simple comparative static ignores some poten? 

tially interesting dynamics. Suppose the drift suddenly 
falls from O.lcr to 0.5cr. The distribution of 8? changes 
only gradually, and hence the reemployment hazard takes 
some time to fully adjust to the shock. Still, t months after 
the change in the drift, the reemployment hazard for all 
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Competing risks of new jobs vs. recalls to prior job
Austria: administrative records spanning 2004–2013
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layoffs, the shape of recall and new job hazard 
rates is strongly related to  pre-unemployment 
tenure. For example, the recall and  new job haz-
ard rates both have a single peak for temporary 
layoffs with pre-unemployment tenure between 
6 to12 months. In fact, for temporary layoffs, the 
downward sloping new job hazard rate in Figure 
1 results from aggregating over different tenure 
types.

Why is the job hazard rate hump-shaped? An 
explanation for such a pattern could be that tem-
porarily laid-off agents are waiting for recall, by 
searching less and being more selective in their 
search while expecting a recall. In fact, this is the 
prediction of the (Katz 1985) model, where the 
unemployed update their beliefs about recall in a 
Bayesian manner. The longer they remain unem-
ployed, the lower will be their subjective recall 
likelihood. This leads to a decreasing reservation 
wage and possibly an increasing search inten-
sity and thus, a positive duration dependence in 
the new job finding rate. In Nekoei and Weber (2015), we provide further evidence for this phe-
nomenon. We show that agents’ search behavior 
patterns change abruptly at the date when there 
is a change in recall expectations, either at the 
expected hiring date or at the date when former 
coworkers are recalled by the previous employer.

IV. Job Search Behavior by Layoff Type

Do temporary layoffs search less for a new 
job? The existence of match-specific  investments 

and human capital, or a nonzero search cost cre-
ates a surplus to be shared between employer 
and employee, which causes workers to prefer 
returning to their prior employer. This section 
provides direct evidence of a lower search effort 
by temporary layoffs relative to permanent 
 layoffs. This is based on a survey with detailed 
retrospective and self-reported information on 
job search strategies of 1,500 workers, which 
is reported about six months after entry into 
unemployment between November 2009 and 
May 2010 (Eppel, Mahringer, and Weber 2014). 
Matching the survey data with administrative 
records allows us to distinguish between tempo-
rary and permanent layoffs.

The evidence strongly confirms differences in 
search strategies by type of layoff:  51 percent  of 
the temporary layoffs report no job search at all, in 
contrast to only  14 percent  of the permanent lay-
offs. Temporarily laid-off workers are less likely 
to use any of the seven search methods listed in 
the questionnaire.10 For example, the most pop-
ular method, social contacts, has been used by  
71 percent  versus  28 percent  of permanent and 
temporary layoffs, respectively. Conditional on 
searching, the mean number of methods used by 
temporary layoffs is  3.1  , while permanent layoffs 

10 The seven methods, in order of importance (inde-
pendently of layoff type), are social contacts, Internet job 
search, public employment office, newspaper advertise-
ments, direct applications, private employment agency, and 
other search methods. 
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Figure 1. Hazard Rates for Permanent (left) and Temporary Layoffs (right)
Notes: Exit to the pre-unemployment employer (recalls) illustrated by the triangles, and exit to new jobs by the dots. Each exit 
rate is computed by treating the alternative exit as censored.Nekoei and Weber (2005), Figure 1
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Spike in UI exits at exhaustion; spike in job-finding debated
Austria: 1981–2001VOL. 97 NO. 2 THE SPIKE AT BENEFIT EXHAUSTION 115 

registered unemployment are relatively short. As 
in the United States, the median spell length is 
less than 3 months, while 67 percent of spells end 
within 20 weeks, and 95 percent end within a year. 

The second duration measure, which we 
term time to next job, is the amount of time that 
elapses from the end of the previous job to the 
start of the next job. The median time to next job 
is 3.9 months. Fifty-five percent of individuals 
find a new job within 20 weeks, and 80 percent 
find a new job within one year. 

III. Empirical Results 

Let hu denote the unemployment exit haz- 
ard in week t for an individual who is eligible 
for T weeks of UI benefits. Similarly, let hf, 
denote the job finding hazard. Figure lA plots 
ht,20 and ht,20. Figure 1B shows the correspond- 
ing series for individuals eligible for 30 weeks 
of benefits. In both figures, there is a sharp spike 
in the unemployment exit hazard in the week of 
benefit exhaustion (t = T), and a relatively high 
unemployment exit rate in the weeks immedi- 
ately after exhaustion (consistent with Lalive, 
van Ours, and Zweimiiller 2007). The corre- 
sponding changes in the job finding hazards, 
however, are very small. 

Next, we study the effect of potential duration 
on the hazard rate by examining the difference 
in the hazard rates between individuals eligi- 
ble for 20 and 30 weeks of UI. Define dU = 
ht,20 - ht,30 and 

=ht,2 
- 

h,30. 
Figure 2 plots 

dU and 
da. 

Observe that df is positive for 
all t < 20, indicating that individuals eligible 
for 20 weeks of benefits search harder to find a 
job throughout the unemployment spell (antici- 
pating their shorter duration of benefits) and not 
just at the point when benefits are exhausted. 
There is a small increase in dt from week 19 
to week 23. Twenty-week eligibles are some- 
what more likely to find jobs in those weeks 
than the 30-week eligibles. Conversely, indi- 
viduals eligible for 30 weeks of benefits are 
slightly more likely to find jobs from week 29 
to week 32. These patterns contrast sharply 
with the corresponding series of differences in 
unemployment exit rates (dU), which exhibit 
sharp spikes at and after t = 20 and t = 30. 

To quantify the size of the spikes in job-find- 
ing and unemployment-exit rates around benefit 
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FIGURE 1 

exhaustion, we estimate Cox proportional haz- 
ard models of the following form: 

(1) ht = atexp [f(T - t) + 8(T = 30) + yX], 

where ht denotes the hazard rate in week t, at denotes the "baseline" hazard rate in week t, X 
denotes a set of covariates, f(T - t) is a func- 
tion of the time-to-exhaustion (T - t), and 8 
captures a proportional shift in the hazard for 
people with 30 weeks of eligibility. We cen- 
sor all spells at 50 weeks to focus on hazards 
in the year after job loss. We use a spline func- 
tion for f in order to allow different effects at 
different weeks, as in Meyer (1990). The coef- 
ficients of the exhaustion spline are identified, 
despite the nonparametric baseline hazard, by 
the difference in the hazard rates between the 
20-week and 30-week eligibility groups at each 
t, as in Figure 2. The identification assumption 
is that the two groups would have similar haz- 
ard rates at each duration in the absence of their 
differential UI eligibility. In Card, Chetty, and 

This content downloaded from 18.7.29.240 on Tue, 17 Mar 2015 20:46:06 UTC
All use subject to JSTOR Terms and Conditions

Card, Chetty, and Weber (2007), Figure 1A
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Long-term unemployment rose during the Great Recession
United States: CPS, smoothed and seasonally adjusted

ing model. Third, we allow flows from employment and nonparticipa-
tion into unemployment to occur not just into short durations but also
into long unemployment durations, consistent with observed flows in the
CPS.
Our rationale for exploring duration dependence in the unemployed

job finding rate is based on several recent résumé audit studies that
show that callbacks from employers to set up an interview decline with the
current nonemployment duration on a job applicant’s resume ðGhayad
2013; Kroft, Lange, and Notowidigdo 2013; Eriksson and Rooth 2014Þ.
This form of employer discrimination could arise from human capital
depreciation or employer screening, whereby employers perceive the long-
term unemployed to be less productive employees. Negative duration de-

FIG. 2.—Long-term unemployment and the Beveridge Curve. This figure uses
data from the Current Population Survey and the Job Openings and Labor Turn-
over Survey. PanelA shows the share of unemployedworkers aged 25–55 who have
unemployment durations of more than 26 weeks. The pooled, cross-sectional data
come from monthly CPS surveys. In this panel and in figures 3–5, month fixed
effects have been residualized out of the data to account for seasonality, and the
data are smoothed by taking a 3-month average around each observation. Panel B
shows the Beveridge curve, the relationship between unemployment and vacan-
cies, with both series normalized by the total population ði.e., labor force plus non-
participantsÞ. The arrow in panel B indicates the apparently outward movement
of the Beveridge curve after 2008. A color version of this figure is available online.

S10 Kroft et al.

This content downloaded from 071.233.157.252 on March 29, 2016 00:09:39 AM
All use subject to University of Chicago Press Terms and Conditions (http://www.journals.uchicago.edu/t-and-c).

Kroft, Lange, Notowidigdo, and Katz (2015), Figure 2A
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Average skill (past wage) of unemployed rises in recessions
United States: CPS ORGs

2090 THE AMERICAN ECONOMIC REVIEW JULY 2017

dataset (the rank in the wage distribution in a given year is defined by lining up all 
individuals according to their current wage from the lowest to the highest on the unit 
interval). If wage compression drives the patterns in panel A of Figures 3 and 4, then 
the average wage rank should show no correlation with the aggregate unemployment 
rate. However, panel B in the same figures shows a very strong correlation of the 
average wage rank of the unemployed with the aggregate unemployment rate. The 
correlation coefficient is 0.67 (March CPS: 0.73), suggesting that wage compression 
plays no role. In terms of the magnitude, a percentage-point increase in the unem-
ployment rate is, on average, associated with a 1.5 percentage-point increase (March 
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Figure 3. Average Wage from the Previous Year by Employment Status in the Matched CPS ORG Sample, 
1980–2012

Note: All series are yearly averages, HP-filtered with smoothing parameter 100.
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individuals according to their current wage from the lowest to the highest on the unit 
interval). If wage compression drives the patterns in panel A of Figures 3 and 4, then 
the average wage rank should show no correlation with the aggregate unemployment 
rate. However, panel B in the same figures shows a very strong correlation of the 
average wage rank of the unemployed with the aggregate unemployment rate. The 
correlation coefficient is 0.67 (March CPS: 0.73), suggesting that wage compression 
plays no role. In terms of the magnitude, a percentage-point increase in the unem-
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Mueller (2017), Figure 3A
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Resumes with long employment gaps get fewer callbacks
United States: resume audit study, 2011–2012
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FIGURE II

Callback Rate versus Unemployment Duration

The top figure reports average callback rate by unemployment duration (in
months); résumés for which the individual was currently employed are assigned
unemployment duration of 0. In the bottom figure, the data are grouped into
three- to four-month bins before computing the average callback rate. In both
panels, the dashed line is a (smoothed) local mean, which is generated using an
Epanechnikov kernel and a bandwidth of two months.
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Why does the job-finding rate fall with time out of work?

• Dynamic selection:

◦ Workers on temporary layoff are called back to work
◦ More generally: fastest job-finders exit the risk set

• Changes in search effort:

◦ Demotivation/discouragement
◦ Exhaust stock of appropriate job openings
◦ Learning about own ability
◦ Learning about market conditions
◦ Reference dependence (DellaVigna et al. 2017)

• Changes in job offers:

◦ Scarring (Kroft, Lange, and Notowidigdo 2013)
◦ Skill depreciation

• Changes in reservation wage
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New data on the lives of the unemployed

• UI literature has learned a lot from standard datasets

◦ Jobless durations, reemployment wages
◦ New jobs vs. recalls, match quality
◦ Changes in consumption

• Krueger and Mueller bring new measures to bear

◦ Time-use data on search behavior
◦ Self-reported reservation wages
◦ Subjective wellbeing (happiness)

• Several papers in their shared research agenda:

◦ JPubEc 2010, JEEA 2012, AER P&P 2012, AEJ:Policy 2016
◦ We’ll focus (mostly) on BPEA 2011
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Time-use data

• American Time Use Survey (ATUS)

◦ Drawn from outgoing CPS respondents
◦ Detailed diary of previous day’s activities
◦ Reference: Hamermesh, Frazis, and Stewart (2005)

• Lots of questions enriched by time-use data

◦ Division of household labor
◦ Time use over the life cycle, business cycle
◦ Search behavior of employed/unemployed

• Growing in popularity among economists

◦ Aguiar, Hurst, and Karabarbounis (2013)
◦ Mukoyama, Patterson, and Sahin (2018)

• Challenges: response rate, sample size, measurement error,
cross-sectional (not longitudinal), and multi-tasking
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Time spent searching ↑ as workers approach UI exhaustion
United States: ATUS data spanning 2003–2007

and thus should be less responsive to unemployment benefits.We find
support for this hypothesis as the coefficient on benefits for thosewith
aworking partner is positive and statistically insignificantwhereas the
elasticity for thosewithout aworking partner is−2.1 and significant at
the 5% level (t-ratio 2.02). Moreover, the difference between the
benefit coefficients in the two samples is statistically significant at the
10% level (t-ratio 1.98).

We also split the UI eligible sample into those with annual
household income below and above $25,000. We find that the
unemployed with low annual household income are more responsive
to benefits with an elasticity of −2.7 (t-ratio 1.78) compared to −0.8
(t-ratio 1.29) for those with household income higher than $25,000,
but the difference is not statistically significant at the 10% level.

Although not definitive, these results suggest that liquidity
constraints have a potentially important impact on many job seekers,
as the search intensity of those who have less access to financial
resources appears to respond more strongly to UI benefits. We also
would like to estimate the elasticity of job search with respect to
increases in cash on hand, such as, for example, due to severance
payments. Unfortunately, there is no such information currently
available in the ATUS. Future research with time use data might be
able to distinguish the liquidity effect from the moral hazard effect.

4. Relationship between unemployment duration and job search

The standard searchmodel makes strong predictions regarding the
amount of time spent searching for a job by duration of unemploy-
ment. In particular, for those eligible for benefits, job search intensity
should increase as benefits approach the exhaustion date. By contrast,
search intensity by the ineligible should remain constant throughout
the unemployment spell. Although it would be preferable to examine
these relationships with longitudinal data, we can use ATUS data to
examine the cross-sectional patterns of job search across those with
different durations of unemployment at the time of the survey.

To nonparametrically estimate the unemployment duration–job
search profile we utilize LOWESS to plot the fitted values of a locally
weighted regression of minutes spent in job search on unemployment
duration at the time of the ATUS.18 We exclude those who have an
expectation of recall to their previous employer, as their searchbehavior
is different and affected by the recall strategy of the employer.

Unfortunately, the ATUS interview does not collect information on
unemployment duration. Consequently, we derive unemployment
duration by taking the unemployment duration reported in the last
CPS interview and adding the number of weeks that elapsed between
the CPS interview and the ATUS interview. The large majority of the
ATUS interviews were conducted 3 months after the last CPS interview,
with only 14% after 4 months or more. For those who were not
unemployed at the time of the CPS interview, we impute duration of
unemployment by taking half the number of weeks between the CPS
and the ATUS interviews. We do not show the weekly LOWESS plot for
13 weeks or less, but simply report the average time allocated to search,
as the imputed unemployment duration are quite noisy for those who
become unemployed after their last CPS interview.19

Fig. 3 shows the LOWESS plot separately for those eligible and
ineligible for UI benefits.20 The unemployment duration–search profile
for the UI ineligible group is fairly flat, consistent with standard search
models. For the UI eligible, however, job search increases sharply
between weeks 15 and 26 of unemployment, from less than 20 min to
greater than 70 min, and then falls back to around 25 min.

One problemwith ourmeasure of unemployment duration is that it
does not take into account the possibility of job spells between the CPS
and the ATUS interview. To assess the validity of our assumption, we
matched the CPSwaves 1 to 4 over the years 2003 to 2007 and looked at
individuals whowere unemployed andwithout an expectation of recall
both in wave 1 and wave 4 three months later. We find that 11,8% of
these individuals were employed in wave 2 and/or wave 3. To assess
how this source of mismeasurement could affect our LOWESS plots, we
performed simulations with our ATUS sample in which we randomly
assigned job spells to 11.8% of individuals whowere unemployed in the
CPS aswell as in the ATUS. For each individual with a simulated interim
job spell we subtracted 15 weeks from unemployment duration in the
ATUS. We iterated this procedure 400 times and found, on average, a
slightly smaller increase of time spent on job search before week 26 for
the UI eligible (from 20 to 65 min). The profile of search time for the UI
ineligible group was hardly affected in these simulations.

Asa further robustness check,weprobed the robustness of theprofiles
in Fig. 3 by removing the effects of age, sex, and other characteristics (i.e.,
the explanatory variables in column 1 of Table 2), and then used the
residuals in the LOWESS analysis. Fig. 4 provides LOWESS plots of the
residuals. The general patterns in the duration–search profiles are fairly

18 Note that STATA does not allow the use of survey weights for LOWESS. For this
reason, we duplicate each observation x number of times where x corresponds to the
survey weight (with the “expand” command in STATA). This generates a dataset
representative of the population.

19 About one third of our sample of unemployed individuals (excluding those on
temporary layoff) has an unemployment duration of 14 weeks or more.
20 Note that we exclude observations on eligible individuals from 2003 because the
federal extended benefits program was in effect that year.

Fig. 3. Lowess: job search by unemployment duration. Fig. 4. Lowess: job search by unemployment duration.

305A.B. Krueger, A. Mueller / Journal of Public Economics 94 (2010) 298–307

Krueger and Mueller (JPubEc 2010), Figure 3
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Krueger and Mueller (BPEA 2011): survey design

• Draw a sample of New Jersey UI recipients

◦ 360,000 UI recipients September 28, 2009
◦ Randomly select ≈64,000 respondents
◦ Stratify on duration unemployed × email address available

• Track job search activities for up to 24 weeks

◦ Entry survey about demographics, income, and wealth
◦ Weekly surveys on job search, reservation wage, and job offers
◦ Follow most people for 12 weeks, long-term jobless for 24

• Low response rate (10% for entry survey, more attrition later)

◦ Reweight sample to ensure demographically representative
◦ Match everyone to administrative data on UI receipt

21



New Jersey’s UI system

• State-level benefit parameters

◦ Weekly benefit amt (WBA): min{0.6× prior earnings, $584}
◦ Potential duration ranges from 1 to 26 weeks (usually 26)
◦ Can hold a part-time job (earnings disregard = 20% of WBA)

• Benefit extensions during the Great Recession

◦ Federal Emergency Unemployment Compensation (EUC):
June 2008 → 13 extra weeks, Nov. 2008 → 33 extra weeks

◦ American Recovery and Reinvestment Act (ARRA/stimulus):
Feb. 2009 → extended the EUC, raised WBA by $25

◦ Extended Benefits: March/May 2009 → 13–20 extra weeks

• Bottom line: claimants had up to 99 weeks of benefits

22



Respondents are quite different: need to reweight■
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Weighted sample exhibits similar UI-exit hazards8 Brookings Papers on Economic Activity, Spring 201 1 

Figure 2. Kaplan-Meier Ul Weekly Exit Rate, by Unemployment Duration3 

Percent 
I i 

7 -  Respondents i 
I  Sample frame I Maximum duration 

6' i • ! 

1 13 26 39 52 65 78 91 99 
Unemployment duration (weeks of UI benefits paid) 

Source: Authors' calculations based on administrative data from LWD. 
a. Hazards are weighted with survey weights for respondents and with strata weights for the sample 

frame. Shaded lines indicate 95 percent confidence bands for respondents' hazard rate. Confidence bands 
for the sample frame are not shown because the standard errors are usually small (around 0.001 ), but they 
are higher for less than 20 weeks of UI benefit duration. 

separately for the stratified sample frame and for respondents (both weighted). 
The hazard rate at duration t is defined as the fraction of UI spells ongoing 
at the start of week t that ended during week t. A spell could end because a 
worker found a job or because the worker was no longer eligible for benefits. 
Spells were considered censored if the date of the last UI payment was in 
the week of April 30, 2010 (the date we received the updated administrative 
data on weeks of UI benefits paid) or later.5 Figure 2 shows that the weekly 

5. One minor complication is that the universe consists of all individuals who were 
unemployed at the end of September 2009 and thus includes some unemployed workers who 
filed UI claims as early as May 2006, but those who filed claims in May 2006 or later and then 
exited UI before the end of September 2009 are not included in our universe file. Typically, 
studies that analyze UI exit rates (such as Moffitt 1985 and Meyer 1990) draw their sample 
from the newly unemployed (the inflow), not the stock of unemployed, and thus do not 
encounter this sample truncation problem. The issue can be easily addressed by using only 
information on UI spell duration from the start of the study and thereafter. In other words, 
individual UI spells were included in the number of ongoing spells only for durations equal 
to or greater than the duration at the beginning of the study. For example, if an unemployed 
worker had 60 weeks of UI benefits paid at the start of the study, he or she was not included 
in the number of ongoing spells in weeks 1 through 59, but only in week 60 and onward. 
Including this person in the number of ongoing spells before week 60, in the absence of data 
on unemployed workers who filed claims at the same time but exited unemployment before 
week 60, would severely downwardly bias the hazard at lower durations. 
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Search declines within each UI “cohort”

ALAN В. KRUEGER and ANDREAS MUELLER 13 

Figure 3. Average Time Spent on Job Search, by Unemployment Duration and by Cohort 

Source: Authors' calculations based on the survey data and on administrative data from LWD. 

beginning of the next cohort's. We return to this feature of the data at the 
end of this section. 

Table 2 presents regression estimates where the dependent variable 
is time spent searching for a job per day, as measured by the time diary 
(top panel) or the weekly recall questions (bottom panel). The key explana- 
tory variable is duration of UI benefit receipt; other explanatory variables 
vary across regressions and include age, education, sex, race, ethnicity, 
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Figure 3. Average Time Spent on Job Search, by Unemployment Duration and by Cohort 

Source: Authors' calculations based on the survey data and on administrative data from LWD. 

beginning of the next cohort's. We return to this feature of the data at the 
end of this section. 

Table 2 presents regression estimates where the dependent variable 
is time spent searching for a job per day, as measured by the time diary 
(top panel) or the weekly recall questions (bottom panel). The key explana- 
tory variable is duration of UI benefit receipt; other explanatory variables 
vary across regressions and include age, education, sex, race, ethnicity, 
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Discussant critique: is this just respondent fatigue?
COMMENTS and DISCUSSION 61 

Table 1. Regressions Explaining Job Search Time with Unemployment Spell Duration 
and the Number of Survey Interviews3 

Additional controls 

Vector of controls 
No. of previous for previous 

Regression specification Noneh interviews interviews' 

Dependent variable: time spent on job search yesterday (minutes per day) 
Krueger and Mueller, -2.73 -1 .83 -0.44 

table 2, fourth column (0.25) (0.75) (0.32) 
Krueger and Mueller, - 1 .62 -0.77 -0.45 

table 2, fifth column (0.3 1 ) (0.74) (0.36) 

Dependent variable: time spent on job search in last 7 days (minutes per day) 
Krueger and Mueller, -2.25 -2.45 -0.96 

table 2, fourth column (0.29) (0.85) (0.39). 
Krueger and Mueller, - 1 .54 - 1 .76 -0.90 

table 2, fifth column (0.33) (0.84) (0.40) 

Source: Krueger and Mueller, this volume, and regressions conducted by Krueger and Mueller not 
reported in the paper. 
a. Table reports estimated coefficients on the unemployment spell duration variable in the indicated 

regression specification. Standard errors are in parentheses. 
b. As reported in Krueger and Mueller, this volume, table 2. 
с Vector consists of dummy variables for 1, 2, 3, 4, 5, and 6 or more previous interviews. 

of controls for number of previous interviews has a much stronger impact 
on the character of the results. As the third column of table 1 shows, the 
estimated spell duration effect is now modest and statistically insignificant 
in the time diary data. It remains negative and statistically significant in 
the weekly recall data, but the point estimate is much smaller than in the 
first column. 

I read table 1 and my observations about the authors' figures 3 and 4 
as strong indications that the estimates reported in the rightmost three 
columns of their table 2 overstate the true effect of spell duration on search 
time. My table 1 suggests that the bias results from reporting errors that 
become more severe with repeated applications of the survey instrument. 
However, these results and my remarks about figure 4 indicate that report- 
ing errors do not fully explain the decline in search time as an individual's 
unemployment spell lengthens. In other words, the overall weight of the 
evidence supports the claim that search time declines with spell duration. 
As I remarked at the outset, I see this result as an important finding. 

There is a need for additional research into the relationship between 
spell duration and search time. As Krueger and Mueller point out, it would 
be useful to randomly vary the time interval between interviews to deal more 
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No spike in search activity at benefit exhaustion
(Contrary to Krueger and Mueller’s results from the ATUS)

ALAN В. KRUEGER and ANDREAS MUELLER 19 

Figure 5. Time Spent on Job Search, by Weeks before or after Ul Benefit Exhaustion3 

Source: Authors' calculations based on the survey data and on administrative data from LWD. 
a. Both panels remove person fixed effects. 

corresponding elasticity in Krueger and Mueller (2010), perhaps because 
of the higher unemployment rate in the period under study in this paper or 
the different source of benefit variability. The wage elasticity ranges from 
0.2 to 0.4 in the model in the second column. The identification of the wage 
and benefit elasticities, however, depends on nonlinearities in the benefit 
formula, so these estimates should not be taken too literally. 
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Other results

• Search declines over extensive and intensive margins

◦ Fewer claimants search at all
◦ Those who do search less

• Decline in search parallels increase in early-morning sleep

• No clear evidence that benefit extensions affect search

• Greater search effort is associated with more job offers

• Interesting patterns on reservation wages

◦ Reservation wages are predictive of exit
◦ Many workers accept jobs paying less than w
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Breakdown of time spent searching

20 Brookings Papers on Economic Activity, Spring 201 1 

Source: Authors' calculations based on the survey data, 
a. Percentages may not sum to 100 because of rounding. 

Ill A. Job Search Methods 

The pie charts in figure 6 display the proportion of job search time in the 
past week spent on various methods as reported in the first weekly interview 
(top) and across all interviews (bottom). Almost two-thirds of job search 
time is spent looking at help-wanted ads, placing or answering ads, and 
sending out applications. Contacting friends and relatives, which has 

Figure 6. Time Spent on Job Search by Search Method3 

First interview 

Contacted public employment agency (2%) 
' Other (10%) Looked at help-wanted 

Contacted private ^^^^^И~^^' ads (26%) 
employment agency (3%)' ^^^^^^^H ^ч 

Went to interviews (4%) ^^^^^^^^^H 

Contacted employers ̂̂ ^^^^^^^H ' 
directly (7%) ^  

^ 

 

/ 
Contacted friends or W|:|SI|^^^H / 

relatives (9%) чЕЕ^^Ше / 
^^^^^ÊÊ / Sent out résumés or 

Placed or answered^  -^ 
/ 

applications (25%) 
ads (13%) 

All interviews 

Contacted public employment agency (3%) 

' Other (8%) 
Contacted private ' ^ 

- -' 
employment agency (4%) ' ^^^Ш ^' Looked at help-wanted 

^^^^^m ' ads (27%) 
Went to interviews (3%) ^^^^^^^^m 

Contacted employers ^^^^^^^^^H ' 
directly (8%) ^^^^^^^H ' 

Я^ниН / 
Contacted friends or '¥гЩШШ^^^ш / 

relatives (9%) ^Шв^Нн / 
^Bjj^^^H / Sent out résumés or 

„, , i^^^^H ^^ applications (24%) „, Placed , or answered ̂^^Щ__^-^"^ 
ads (14%) 
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Moods worsen over the course of a jobless spell
ALAN В. KRUEGER and ANDREAS MUELLER 29 

Figure 8. Share of Time Spent in a Bad Mood at Home, by Duration of Unemployment 
and by Cohort3 

Source: Authors' calculations based on the survey data and on administrative data from LWD. 
a. Estimates remove person fixed effects. 

omitted activity in the fixed effects regressions, so its ratings do not change.) 
Job search appears to be a particularly unpleasant activity: it has the high- 
est average rating in terms of sadness and stress, and the lowest in terms of 
happiness. Time spent on job search is rated 0.3 and 0.4 standard deviation 
higher on feeling sad and feeling stressed, respectively, than the next highest 
rated activity, which is "using the computer, Internet, or e-mail." 

The second page of the table divides job search into different categories. 
In the fixed effects specifications, which essentially compare the change in 
emotion as the same individual spends time in different search activities, 
looking at help-wanted ads is associated with the most unpleasant feelings. 
Going on a job interview seems to significantly raise respondents' happiness 
but does not significantly reduce their sadness or stress. 

Table 8 pools together all of the episodes except for those involving job 
search and estimates fixed effects regressions to examine whether indi- 
viduals become less happy and sadder and more stressed over the spell of 
unemployment. As the duration of unemployment increases, respondents 
tend to rate their episodes as more sad and less happy, but not more stressful. 
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UI recipients are especially unhappy during job search
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Sadness during job search rises with jobless duration
34 Brookings Papers on Economic Activity, Spring 201 1 

Figure 9. Sadness during Job Search Episodes, by Duration of Unemployment 
and by Cohort3 

Source: Authors' calculations based on the survey data and on administrative data from LWD. 
a. Estimates remove person fixed effects. 

An unemployed worker who searched for a job on a particular day was likely 
to rate his or her nonsearch activities as more stressful on that day, but not as 
less happy or more sad. Thus, there appears to be evidence of some spillover 
of the stress from job search to other activities during the same day. 

Finally, we looked separately at episodes involving job search. Figure 9 
shows the average rating of sadness over the spell of unemployment during 
job search (after removing person fixed effects). For most cohorts the graph 
displays an upward slope. Table 9 summarizes the results of regressions for 
the three emotions, restricting the sample to episodes involving job search. 
Sadness during job search rises with the duration of unemployment, but 
there is not a significant relationship with happiness or stress. A comparison 
of the coefficient on unemployment duration in tables 8 and 9 indicates 
that the feeling of sadness rises faster during periods of job search than 
during other activities.18 Thus, the emotional burden of job search seems 

18. In a comparison of the models in the two middle columns of table 8 (nonsearch 
activities) with the corresponding columns in table 9 (search-related activities), the p values 
for a test of the null hypothesis that the coefficient on unemployment duration is identical are 
0.14 and 0.002, respectively. 
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