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heterogeneity and duration dependence in both perceived and actual job finding. Using longitudinal
data from two comprehensive surveys, we document that elicited beliefs are (1) strongly predictive
of actual job finding, (2) subject to an optimistic bias that is larger for the long-term unemployed, and
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framework that allows for elicitation errors and systematic biases in beliefs. We find a substantial
amount of heterogeneity in true job finding rates, accounting for most of the observed decline in job
finding rates over the spell of unemployment. We also find that job seekers' beliefs systematically
under-react to these differences in job finding rates. We show theoretically and quantify in a calibrated
model of job search how these biased beliefs contribute to the slow exit out of unemployment and
can explain more than 10 percent of the incidence of long-term unemployment.
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1 Introduction

A critical challenge for unemployment policy is the high incidence of long-term unemployment. While
long unemployment durations and a large share of long-term unemployed have been a common phe-
nomenon in European countries (see Ljungqvist and Sargent [1998] and Machin and Manning [1999]),
the Great Recession has imported this concern to the US as well (Kroft et al. [2016]).1 The consequences
of job loss can be large, but especially so for people who get stuck in longs spells of unemployment (e.g.,
Jacobson et al. [1993], Kolsrud et al. [2018]). Moreover, the high incidence of long-term unemployment
seems indicative of substantial frictions in the search and matching process (e.g., Clark and Summers
[1979]), and can contribute to the persistence of employment shocks (e.g., Pissarides [1992]).

An ubiquitous empirical finding in the literature is the negative duration dependence of exit rates
out of unemployment. As it is crucial for formulating policy responses, understanding why employment
prospects are worse for the long-term unemployed has been the topic of a long literature.? In theory,
long-term unemployment may reduce a worker’s chances to find a job (e.g., due to skill-depreciation
or duration-based employer screening), but less employable workers also select into long-term unem-
ployment. Empirically, separating the role of duration-dependent forces from heterogeneity across job
seekers has been a challenge until today. Since the seminal work by Lancaster [1979] and Heckman
and Singer [1984] among others, several studies have tried to estimate or calibrate the contribution of
different forces to the negative duration dependence in exit rates out of unemployment. Direct evidence
on the potential role of heterogeneity has been particularly limited.?

This paper takes a novel approach to address this question, using newly available data on unemployed
job seekers’ perceptions about their employment prospects together with actual labor market transitions.
We present a conceptual framework that takes advantage of our ability to jointly observe job seekers’
perceptions and actual job finding to identify heterogeneity in true job finding rates and separate
dynamic selection from true duration dependence in explaining the observed decline in job finding. The
key idea underlying identification in this framework is that the covariance between perceptions and
actual job finding helps uncovering the extent of ex-ante heterogeneity in true job finding probabilities.
The predictable variation in job finding provides a lower bound on the ex-ante heterogeneity in job
finding. Beliefs can also be used in combination with a model that relates job seekers’ elicited beliefs
to their job finding probability to estimate the heterogeneity in the latter. This builds on recent work
using risk elicitations to estimate heterogeneity in ex-ante risks in Hendren [2013, 2017].

Our analysis goes further in two important dimensions. Both are key to uncover the heterogeneity
in job finding that contributes to the observed duration dependence and are relevant by themselves.

First, in addition to idiosyncratic error in the beliefs (Hendren [2013]), we allow job seekers’ beliefs to

"While the share of long-term unemployed workers (longer than six months) has been consistently above 50% in most
European countries in recent decades, in the US this share rose from 20% to just below 50% in the aftermath of the Great
Recession. In 2019, the share of LT unemployed was 50.4% and 20.3% in the EU and the US respectively (Eurostat; CPS).

2See Shimer and Werning [2006], Pavoni [2009] and Kolsrud et al. [2018] for the consequences for the design of the
unemployment benefit profile. See Pavoni and Violante [2007], Spinnewijn [2013] and Wunsch [2013] for the consequences
on the design of workfare, job search assistance and training programs.

3For a review of the relevant literature, see Machin and Manning [1999] who write: ‘To conclude, it does not really seem
possible in practice to identify separately the effect of heterogeneity from that of duration dependence without making some
very strong assumptions about functional form which have no foundation in any economic theory.” See Kroft et al. [2013],
Alvarez et al. [2016], Jarosch and Pilossoph [2018] and Farber et al. [2018] for recent examples in this literature.



systematically over- or under-react to differences in job finding, either across job seekers or over the
unemployment spell. This bias affects the covariance between perceptions and job finding and thus helps
uncovering the heterogeneity in job finding from that covariance. We identify this bias by leveraging
variation in job finding rates at different unemployment durations. Second, we allow for transitory
differences in job seekers’ job finding within a spell (e.g., temporary spells of reduced search, vacancy
supply shocks), which do not contribute to the observed decline in job finding rates through dynamic
selection. We show that we can separately identify permanent and transitory differences in job finding
using the covariances between job finding and contemporaneous vs. lagged beliefs.

We turn to the data to estimate the relevant moments in our conceptual framework and document
a number of novel facts about job seekers’ perceptions. We use two distinct surveys, which elicited
unemployed job seekers’ beliefs about their chances of re-employment - which we thus refer to as the
job finding probability. The first survey is the Survey of Consumer Expectations (SCE), which started
in December 2012 and is run by the Federal Reserve Bank of New York. The survey has a rotating
panel structure where a representative sample of about 1,300 household heads is interviewed every
month for a period of up to 12 months (see Armantier et al. [2017] for details). The second survey
is the Survey of Unemployed Workers in New Jersey, which surveyed a large sample of unemployment
insurance recipients in NJ every week from October 2009 to March 2010 (see Krueger and Mueller [2011]
for details). A crucial feature of our data is its longitudinal nature, which allows to compare reported
perceptions to ex-post realizations as well as to analyze the evolution of perceptions over the spell of
unemployment for the same individuals. Both surveys also elicited job seekers’ beliefs about job finding
at different horizons and/or in different ways, so we can study robustness to the elicitation method and
use multiple measurements to reduce elicitation error (Morrison and Taubinsky [2019]).

The empirical analysis provides three main results. First, the perceived job finding probabilities
significantly and strongly predict actual job finding at the individual level. This holds even when
we control for a rich set of observable co-variates. In the SCE, the job finding probability is around
.5 percentage points higher for an individual who reports his or her job finding probability to be 1
percentage point higher. Moreover, we find that the covariances of job finding with contemporaneous
beliefs vs. with lagged beliefs are of similar size, suggestive of the persistence in job seekers’ prospects.
We use the empirical correlation between beliefs and job finding to inform our non-parametric bounds,
which indicate substantial heterogeneity in job finding that can explain at least half of the observed
decline in job finding.

Second, comparing the perceived and actual job finding across job seekers, we confirm in our data
Spinnewijn’s (2015) finding of an overall optimistic bias, but furthermore, we find that the bias rises
strongly with unemployment duration. In the SCE, the elicited beliefs are in fact unbiased for job seekers
at the start of the unemployment spell, but the observed decline in perceived job finding probabilities
is only half of the observed decline in actual job finding rates. Hence, the long-term unemployed
substantially over-estimate their probability of finding a job. We use the under-reaction in beliefs to
inform our model of beliefs, and find that — combined with the high covariance between beliefs and job
finding — it suggests that potentially all of the observed declined in job finding can be explained by
dynamic selection.

Third, when using only within-person variation, we find that, if anything, job seekers report slightly



higher job-finding probabilities the longer they are unemployed. This result is perhaps surprising, given
the large empirical literature trying to identify the true duration dependence in job finding and often ar-
guing that it is negative. It is consistent, however, with our reduced-form analysis that finds substantial
heterogeneity in job finding, thus leaving limited scope for true negative duration dependence.

To jointly estimate the heterogeneity and dynamics of the true and perceived job finding rates, we
propose a statistical model that allows us to infer the parameters of interest with exact equivalents of
the moments in the data. Our model can allow for a differential response of beliefs to cross-sectional and
longitudinal variation in job finding, using both changes in the means of perceived and true job finding
and their covariances over the spell. We prove the semi-parametric identification of a stylized two-period
version of the model and verify that the identification arguments hold up in the estimation of the fully-
specified dynamic model, showing how parameter estimates change with the empirical moments.

The estimates from our statistical model confirm the substantial heterogeneity in true job finding
rates, accounting for almost all of the observed decline in job finding rates over the spell of unemployment
(84.7 percent; s.e. 36.4). True duration dependence explains the remainder and thus plays a limited
role, also in comparison to the importance it has been attributed in prior work. In line with the reduced-
form evidence, the pre-dominant role played by dynamic selection proves to be robust to alternative
distributional and functional-form assumptions in the statistical model. The estimation also confirms
the under-response of job seekers’ beliefs to variation in job finding. Job seekers with a high underlying
job finding rate tend to be over-pessimistic, whereas job seekers with a low job finding rate are over-
optimistic. The latter remain unemployed longer, but they do not revise their beliefs downward. In
the absence of significant duration dependence in true job finding, this explains why the long-term
unemployed are over-optimistic. Our statistical framework is parsimoniously specified but fits the key
moments in our data very well, whereas restricted versions of the model perform radically worse.

We finally study how the under-reaction in job seekers’ perceptions itself can contribute to the
observed decline in job finding and the incidence of long-term unemployment. To this purpose, we set
up a job search model a la McCall [1970], introducing heterogeneity and duration dependence in job
offer rates and allowing for biased beliefs. The key mechanism that we highlight in this structural model
is that job seekers’ behavior mitigates the mechanical effect of differences in job offer rates on job finding
rates, but only when these differences are perceived as such. If perceptions under-respond to differences
in job offer rates, either across job seekers or over the unemployment spell, the resulting differences
in job finding rates will be amplified. The larger variation in job finding leads to a stronger decline
in the observed job finding. To quantify the impact on the incidence of long-term unemployment, we
calibrate the model with moments from our data and the statistical model. Correcting the biases in
beliefs reduces the share of workers who are unemployed for longer than 6 months, by 2 — 3 percentage
points. Defining the incidence of long-term unemployment as the ratio of the LT vs. ST unemployment
rate, we find that the biases in beliefs jointly explain 11 — 12% of this incidence.

Our paper aims to contribute to three different strands in the literature. As discussed before, we try
to contribute to the large literature studying the different sources of duration dependence in job finding.
We use a novel strategy to separate dynamic selection from true duration dependence, finding a pre-
dominant role played by dynamic selection. Recent resume audit studies (e.g., Kroft et al. [2013]) have

documented large declines in callback rates over the unemployment the spell, suggesting the importance



of true duration dependence instead. The evidence from audit studies themselves, however, is mixed
(see Farber et al. [2018]) and the duration dependence in callback rates may not translate into duration
dependence in job finding (e.g., Jarosch and Pilossoph [2018]). Alvarez et al. [2016] use data on multiple
unemployment spells instead and find evidence for positive duration dependence.* In general, direct
evidence on the role of heterogeneity has been limited to the dynamic selection in longer unemployment
spells based on observables, which tend to play a moderate role only (e.g., Kroft et al. [2016]).

Second, our analysis of the biases in beliefs relates to a strand in the behavioral labor economics
literature trying to understand the role of information frictions and behavioral biases in the job search
process. The new survey evidence confirms the optimistic bias in job seekers’ beliefs (Spinnewijn [2015],
Arni [2017], Conlon et al. [2018]) and the persistence in beliefs seems consistent with the lack of updating
of reservation wages over the unemployment spell (Krueger and Mueller [2016], Drahs et al. [2018]).°
Adding to this evidence, our paper highlights the under-reaction in beliefs to differences in job finding,
both across workers and over the unemployment spell, and shows the importance of the optimistic
bias among the long-term unemployed in particular. The biases in beliefs add to other behavioral
frictions distorting job search, like present bias (DellaVigna and Paserman [2005]), reference-dependence
(DellaVigna et al. [2017]) and locus-of-control (Caliendo et al. [2015], Spinnewijn [2015]), and indicate
the potential for information policies in particular.

Third, our work relates to recent papers using survey elicitations to improve the estimation or cali-
bration of structural models of job search. For example, Hall and Mueller [2018] use elicited reservation
and offered wages in the New Jersey survey to identify different sources of wage dispersion in a search
model. Conlon et al. [2018] relate expectations to realized wage offers in the SCE and focus on the
updating of beliefs in response to wage offers to estimate a model of on- and off-the-job search with
learning frictions. Similar to our numerical analysis, they then use the estimated structural model to
assess the quantitative importance of these learning frictions. That job seekers’ beliefs have predictive
value has been documented elsewhere (Spinnewijn [2015], Arni et al. [2016]), but to our knowledge, it
has never been used to bound the heterogeneity in job finding and its contribution to the observed de-
cline in job finding. Elicited expectations are increasingly used in other applications, too, for example to
study educational and occupational choices (e.g., Delavande and Zafar [2014], Arcidiacono et al. [2014],
Wiswall and Zafar [2015]) or household finance (e.g., Fuster et al. [2018] and Crump et al. [2018]).

The paper proceeds as follows. Section 2 discusses the data. Section 3 sets up a conceptual framework
and documents the basic facts in the data. Section 4 sets up the statistical model and estimates hetero-
geneity and duration dependence in perceived and actual job finding. Section 5 presents a behavioral

model of job search, including numerical results on the impact of biases in beliefs. Section 6 concludes.

“See also Honoré [1993] who proves identification with multiple unemployment spells in the context of the mixed
proportional hazard model. The comparative advantage of our approach is that it also captures heterogeneity that is
specific to a given unemployment spell (e.g., savings, family structure, etc.).

°In a related experiment with uncertainty about job search ability, Falk et al. [2006] find limited updating in beliefs.

See also the experimental evidence in Belot et al. [2020] who show how tailored information can change job seekers’
scope of search and Altmann et al. [2018] who show how information treatments can improve the re-employment outcomes.



2 Data

As briefly discussed in the introduction, our empirical analysis builds on two distinct surveys. The first
survey is the Survey of Consumer Expectations (SCE), which is run by the New York Federal Reserve
Bank and surveys a representative sample of about 1,300 household heads across the US. The sample is a
rotating panel where each individual is surveyed every month for up to 12 months (see Armantier et al.,
2013, for details). Our sample period stretches from December 2012 to June 2019 during which 948 job
seekers have been surveyed while unemployed. The second survey is the Survey of Unemployed Workers
in New Jersey, which was collected by Alan Krueger and Andreas Mueller and surveyed around 6,000
unemployed job seekers (see the appendix of Krueger and Mueller [2011] for details). In what follows, we
refer to the survey as the Krueger-Mueller (KM) survey. The surveyed job seekers were unemployment
insurance recipients in October 2009 and interviewed every week for 12 weeks until January 2010. The
long-term unemployed were surveyed for an additional twelve weeks until March 2012.

Both surveys elicit the beliefs individuals hold when unemployed about their prospects to become
employed again. In the SCE, unemployed job seekers report the probability they expect to be employed
again both within the next 3 and 12 months. In the KM survey, job seekers report the probability that
they expect to be re-employed within the next 4 weeks, as well as how many weeks they expect it will
take before they are employed again.” The beliefs are elicited up to 12 times (5 times) in the SCE
(KM survey) for job seekers who remain unemployed. The KM survey is a weekly survey, but the belief
questions were administered only every four weeks, starting about one month into the survey period.®

In addition to the elicited beliefs, both surveys contain information on the individuals’ employment
outcomes, and hence, we can link perceptions to actual outcomes for the same individuals. The SCE
is superior to the KM survey in this respect because it suffers less from attrition and skipping. As
reported by Armantier et al. [2017], out of those who completed one interview in the SCE, 74 percent
completed two interviews. Attrition is much lower after the second interview and, in fact, 58 percent
completed all 12 monthly interviews of the SCE panel. In addition, we find that nearly half of surveys
where the respondent was unemployed were followed by three consecutive monthly interviews, which is
the sub-sample that we use when comparing elicitations to employment outcomes over the next three
months. Even if there was no attrition, this number would be at most 75 percent, since unemployed
respondents who are rotating out of the panel survey do not have three monthly follow-up surveys
(this affects anyone in interviews 10, 11 and 12).% In the KM survey, out of those 2,384 individuals
who completed the belief questions at least once, 60 percent completed the belief questions twice, but
only 21 percent completed them more than twice. To a large extent, this drop-off in participation in
the KM survey is simply due to the shorter horizon of the survey. However, we also find that the

elicited belief about the probability of finding a job was negatively related to the number of follow-up

"Both are online surveys. The KM survey asked participants to slide a bar between 0 and 100, randomizing the initial
position. The exact questions and response format is shown in Appendix A.

8Given that many individuals had already found a job after a month or left the survey for other reasons, and given the
lower interview frequency of the belief questions, the sample of interest for our study is substantially smaller than the full
weekly panel of the KM survey. Note also that for individuals who did not complete a weekly survey exactly four weeks
after the last time the belief questions were administered, the belief questions were administered at the next interview.

9Respondents in the SCE who failed to complete three interviews consecutively are not invited back to the survey.



Table 1: Descriptive Statistics for the Survey of Consumer Expectations (SCE) and the
Krueger-Mueller (KM) Survey, and Comparions to the Current Population Survey (CPS)

SCE CPS KM Survey CPS NJ
(in %) 2012-19  2012-19 2009-10 2009-10
High-School Degree or Less 44.5 49.0 32.5 46.6
Some College Education 324 29.8 374 24.6
College Degree or More 23.1 21.2 30.1 28.7
Ages 20-34 25.4 47.6 38.1 39.4
Ages 35-49 33.5 28.4 354 33.4
Ages 50-65 41.1 24.0 26.5 27.2
Female 59.3 45.9 48.6 43.5
Black 19.1 22.2 24.4 21.4
Hispanic 12.5 20.1 27.5 22.1
Monthly job finding rate
... Full sample 18.7 24.0 10.3 16.4
... Duration 0-6 months 25.8 29.5 13.5 21.6
... Duration 7+ months 12.7 13.4 9.2 10.0
# of respondents 948 — 2,384 —
# of respondents w/ at least 2 surveys 534 — 1,422 —
# of survey responses 2,597 211,129 4,803 2,818

Notes: The SCE and KM survey are restricted to unemployed workers, ages 20-65, with interviews where
the belief questions were administered. The samples for the CPS are restricted to unemployed workers,
ages 20-65. In addition, the fourth column restricts the sample to the state of New Jersey. Survey weights
are used for all statistics shown in the table. The monthly job finding rate in the SCE and CPS is the
U-to-E transition rate between two consecutive monthly interviews. The monthly job finding rate in the
KM survey is calculated as the fraction of unemployed workers who accepted a job or started working in
the next four consecutive weekly interviews.

surveys completed.!® While the invitations and reminder emails explicitly stated that respondents are
invited back to the survey regardless of their employment status, this suggests that the KM survey still
exhibited some differential attrition by expected employment outcomes, introducing a potential bias
when relating beliefs to employment outcomes later in the survey. For this reason, we focus mostly on
the SCE when comparing beliefs to employment outcomes.

Table 1 compares some basic survey outcomes and demographics for the unemployed workers in the
two surveys as well as the Current Population Survey (CPS). All samples are restricted to unemployed
workers, ages 20-65. The sample of unemployed in the SCE is relatively small, which is due to the
fact that — unlike the KM survey — the SCE samples the entire population and the sub-sample of
unemployed is only a small fraction of it. Note that while the SCE is representative of the population of
U.S. household heads, the CPS is representative of individuals, which can explain some of the observed

differences, particularly in age.!! The KM survey’s sample is representative of unemployment insurance

10We find that the elicited probability is 26 percent for those with four weekly surveys within the next four weeks, whereas
it was 34 percent for those with less than four weekly survey within the next four weeks. For linking the employment
outcomes to the elicited beliefs in the KM survey, we find that only about 17 percent of survey participants completed
four consecutive weekly interviews following an interview where the 4-week belief question was elicited.

HTables B1 and B2 show how sample characteristics change across the sub-samples used in the analysis.



recipients in New Jersey, see Krueger and Mueller [2011] for details. The KM survey over-sampled long-
term unemployed workers, but the survey includes survey weights, which adjust for both oversampling
and non-response. The differences in the sampling universe also explain some of the differences in the
characteristics of the unemployed between the SCE and the KM survey. The monthly job finding rate in
the SCE is 18.7 percent compared to 10.3 percent in the KM survey, where the lower rate in the latter is
likely due to the lower job finding rate in the immediate aftermath of the Great Recession, but may also
be driven by differential attrition. In both datasets the job finding rates exhibit substantial negative
duration dependence. In the SCE (KM) survey, monthly job finding rates of long-term unemployed
workers are about one half (two thirds) of the job finding rates of the short-term unemployed. The job
finding rate in the CPS is somewhat higher compared to the SCE, but the observed percent decline in

job finding between the short- and long-term unemployed is similar across the two surveys.!'?

3 Empirical Evidence

This section presents the elicitations of job seekers’ perceptions and how they relate to actual job finding.
Our central objects of interest are the true and perceived job finding rate, which we denote by T; 4 and
Z; q respectively, and how they differ across individuals i and unemployment durations d. We first
demonstrate conceptually how the relation between elicited beliefs and actual job finding can be used
to analyze heterogeneity and duration dependence in both perceived and true job finding rates. The
conceptual framework guides the reduced-form empirical evidence that we present in this section. We
then add functional and distributional assumptions in the next section to estimate the full distribution

of true and perceived job finding rates across job seekers and unemployment durations.

3.1 Conceptual Framework

An individual’s job finding probability T; 4 cannot be directly observed, nor is it possible to observe
differences in job finding across individuals or how individual job finding evolves over the unemployment
spell. We do, however, observe the realization F;,; of the job search of an unemployed individual at
duration d, i.e., whether she finds a job (F; 4 = 1) or not (F; 4 = 0). We can also observe how the average
job finding rate Eq(T; 4) = E4(F;,q) among the unemployed job seekers changes over the unemployment

spell. This is typically found to be decreasing, as is the case in our data (see Table 1).

The observed duration dependence in job finding can be decomposed as follows:!'3
covg (1 4, T q
Fa(To) ~ Bars (Toasr) = BalTia — Tiay) + ot Tier), )
1 - Eq(Tia)

where the subindex denotes the duration at which the job seekers are sampled to evaluate the corre-
sponding moment. This decomposition clearly demonstrates how any negative duration dependence in

job finding can be driven by true duration dependence in job finding, E4(T; 4 — Tj.4+1) > 0, or by the

12The comparison sample for the KM survey in the CPS includes both recipients and non-recipients, which likely explains
their higher job finding rate. Krueger and Mueller [2011] show in administrative data that UI weekly exit hazard in the
sample frame is 2.6% per week, or 10.0% per month, which is close to the 10.3% job finding rate in the survey.

13We provide the derivations underlying the equations in this section in Appendix C.



dynamic selection of job seekers with worse re-employment prospects into prolonged unemployment,
covq (Ti.4,Ti.4+1) > 0. The dynamic selection itself depends on how much heterogeneity there is in

individuals’ job finding and whether individuals’ job finding probabilities are persistent,
covgq (Tya, Tj,.a41) = varq (Tiq) — covg (Tya, Ti.a — T av1) - (2)

When all heterogeneity in job finding probabilities is permanent, the contribution of dynamic selection
to the observed decline in job finding is fully determined by the variance in job finding vary(T;4). In
the other extreme, where all heterogeneity in job finding probabilities is transitory, dynamic selection
does not contribute to the observed decline in job finding.

The challenge is to separate the role of these forces empirically as individual job finding rates
cannot be observed. Through surveys, however, we can elicit an individual’s perceived job finding
probability Z; 4 and how it evolves over the unemployment spell. Importantly, when ez-ante elicitations
are predictive of ex-post realizations, their relationship can be leveraged to learn about the ex-ante
heterogeneity in true job finding itself. The elicited beliefs can also be compared to job seekers’ average

job finding to learn about biases in beliefs and their evolution over the unemployment spell.

Lower Bound on Heterogeneity If individuals had perfect information about their employment
prospects, the heterogeneity in job finding chances would be fully captured by the variance in elicited
beliefs. Beliefs, however, may be subject to bias and elicited with error. Still, the predictive value
of individuals’ elicitations can help uncovering the heterogeneity in true job finding probabilities. For
binary risks the covariances of beliefs with ex-post job finding realizations and with ex-ante job finding
probabilities simply coincide, covg (Z; 4, Fi,q) = covq (Z; 4, T; q). So, when elicited beliefs are an unbiased
- but potentially noisy - measure of job finding, the covariance between beliefs and ex-post job finding
exactly identifies the variance in ex-ante job finding probabilities vary (T; 4) (see Hendren [2013]).

More generally, even when beliefs are biased, we can bound this variance using the Cauchy-Schwarz

inequality (see Morrison and Taubinsky [2019]),

covq (Z; 4, Fz’,d>2
vary (Zi.q)

varg (T; q4) > (3)
For a given variance in elicitations, a larger covariance between elicitations and realizations indicates
less noise in the elicited beliefs, and thus a larger variance in the job finding probabilities. When the
elicited beliefs are subject to noise, we can further tighten this bound by using multiple elicitations in
job seekers’ beliefs, Zfd (which are available in both surveys). Following a similar argument as Morrison

and Taubinsky [2019], we find that the variance in job finding probabilities is bounded by

1 2
cova (2L Fia) cova (224, Fia)

covg (Zil,dv sz>

varg (T;.q4) >

(4)

This bound relies on the elicitations not being negatively correlated, conditional on job finding chances,



and their conditional expectation (and thus the bias) being the same.*

The bounds in (3) and (4) use only beliefs to predict the variation in job finding probabilities. More
generally, from the variance decomposition, we know that any predictable variance, varq (Eq (1,4 Xi.4)),
provides a non-parametric lower bound on the variance in true job finding probabilities, varq (T} q).

While this holds for any set of observables, we find that job seekers’ beliefs are particularly predictive.

Model of Beliefs While the non-parametric bounds are robust to biases in beliefs, we can go
beyond partial identification by specifying how beliefs relate to observable variation in job finding.
Consider the following model of beliefs where job seekers’ elicited beliefs are an affine transformation of
true job finding,

Zig="bo+ 01T 4+ ¢€iq, (5)

with ¢; 4 capturing random error in the elicited beliefs (E(g; ¢|T;,4) = 0). The intercept by captures a
bias in perceptions that is common to all individuals. The slope parameter b; captures the extent to
which the variation in job finding rates is perceived. The covariance between perceived and actual job

finding scales the variance in true job finding rates with the slope parameter by,
covi(Zi,a: Fi,a) = brvarg(T} q4). (6)

If job seekers’ elicitations under-react to variation in job finding (b; < 1), the covariance between
perceived and actual job finding underestimates the variance in true job finding, and vice versa.

Now we can leverage the variation in job finding rates across durations to learn about the slope
parameter. Intuitively, this parameter is revealed by the compression of the differences in Z’s relative

to the distribution of T’s across durations. For the linear model, this becomes

_ Eanr (Ziav1) — Ea(Zia)
Egi1 (Tiav1) — Eq (T;.q)

by (7)
E.g., with by < 1, the low-T; 4 types are more optimistic and thus over-optimism is predominant among
those who fail to find a job and remain unemployed for longer.!®

Note that our identification argument for varq(7T; 4) continues to hold in the presence of non-classical
measurement error with E(g; q|T; 4) linear in T; 4. While it changes the interpretation of by, capturing
both biases and non-classical measurement error, it does not change any of the equations above.'® We

use the statistical model further below to probe the sensitivity of our results to the type of measurement

Note that the lower bound in equation (3) can also be expressed as 899 cova(Zi,a, F;,a) where 8% is the coefficient
in the linear regression of F; q on Z; 4. Similarly, the lower bound in equation (4) can be expressed as Blvcovd(Zilyd, Fiq)
where 37V is the coefficient in the linear regression of F; 4 on Zil’d, but where Zil,d is instrumented for by ZZd.

1511 principle, we could use other observable variation in job finding rates to estimate how perceived and true job finding
relate, for example between more and less educated job seekers. However, in that case we would need to assume that the
average bias remains constant across workers with different education (or any other observable used). Using time spent
unemployed to obtain variation in job finding rates gives the advantage that we can actually observe how job seekers’
beliefs change over the spell, allowing us to relax the assumption that perceptions respond in the same way to variation in
job finding across and within job seekers. We show this in the statistical model in Section 4.

16To be precise, the covariance between elicitations and job finding in (6) still pins down the variance of job finding
probabilities, subject to the attenuation factor bi, which is still identified by the compression of the differences in Z’s
relative to the differences in T7’s across durations in (7).
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error, and find that our results are generally robust.

Persistence in Job Finding The decomposition in equations (1) and (2) highlights that tran-
sitory heterogeneity in job finding does not contribute to dynamic selection. Only if differences in job
finding probabilities are persistent, does the lower bound on heterogeneity translate to an upper bound
on the role of true duration dependence. We can again use the relationship between actual job finding
and elicited beliefs, but now using the lagged rather than contemporaneous beliefs, to shed light on the

persistence in job finding probabilities. For the linear beliefs model, we have

covat1 (Zid, Fi 1) = bicovgr (Tia, Ty 1) s (8)

which relates to the dynamic selection term in equation (1). When the heterogeneity in job finding can
be represented by permanent differences and random transitory shocks, T; ¢ = T; + 7; 4, their respective
role is fully captured by the difference in predictive value of lagged and contemporaneous beliefs.!”

In what follows, we describe the elicited beliefs, how they relate to actual job finding, and how
they change over the spell of unemployment. We use this evidence to gauge the importance of the
different forces underlying the observed duration dependence in job finding, following the decomposition
arguments above. We then develop these arguments in full in the context of a statistical model in Section
4. Tt is important again to note that our identification of the distribution of actual job finding does not
rely on separating the role of biases vs. elicitation errors, nor does it depend on how job seekers’ search
strategy relates to the elicited beliefs. We do, however, take a stance on both issues when we study the

impact of beliefs on search in Section 5.

3.2 Elicited Beliefs about Job Finding

The two surveys ask unemployed job seekers to report their chances of finding a job that they will accept,
which we refer to as the job finding probability (see Appendix A for the wording of the questions asked
in both surveys). Figure 1 shows the histograms of these perceived job finding probabilities at the three-
month horizon in the SCE and the one-month horizon in the KM survey.'® For both surveys there is
substantial dispersion over the entire range of potential probabilities. The perceived probabilities over
the one-month horizon in the KM survey are more skewed to the left than the perceived probabilities
over the three-month horizon in the SCE and the former are relatively high compared to the latter.
While the elicitation horizon may be relevant, this comparison is difficult because it is across different
samples. A common issue when eliciting probabilities is that subjects may bunch at round numbers.

We do observe significant bunching for both measures, in particular at 50%, as apparent in Figure 1.1

"In Appendix C, we show indeed that, in this case,

varq (T3)

0 B (Lol ®)

covgi1 (Zi,at1, Fias1) — covat1 (Zia, Fiav1) = bivarg (1i,4) |1 —

18The question in the KM survey was for a 4-week period, but for simplicity we refer to it as a 1-month period.
9Manski [2004] discusses other surveys where respondents use the entire range of probabilities from 0 to 100, as well as
additional evidence that respondents are willing and able to provide meaningful probabilistic responses.
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Figure 1: Histogram of Elicitations of the 3-Month Job Finding Probability in the SCE (left panel) and
the 1-Month Probability in the KM survey (right panel)
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To assess the validity of our elicitations and the robustness to bunching, we compare the elicited
beliefs about job finding at different horizons in the same sample of job seekers. In the SCE, job seekers
report the perceived job finding probability at a three-month horizon as well as at a twelve-month
horizon. We compare the distribution of the twelve-month job finding probabilities to the imputed
job finding probability over twelve months based on the elicitation over a three-month horizon (see
Appendix Figure D3). We find a high correlation of 0.76 between the two measures at the individual
level. We also find that the distribution of the ratio of the two statistics has a mode of 1 (see Appendix
Figure D4). This suggests that many survey respondents submit responses that are fully consistent
with each other, at least if they believe that they live in a stationary world where the unemployment
probability does not change over the spell of unemployment.

In the KM survey, job seekers report not only the perceived probability of finding employment,
but also how many weeks they expect it will take to be employed again. The inverse of the expected
unemployment duration equals the perceived job finding rate averaged over the remaining unemployment
spell. Hence, the elicited average job finding rate and the job finding rate for next month should be
related, again depending on whether an individual expects the job finding rate to change over the
unemployment spell.?’ Importantly, the alternative elicitation has the advantage that it avoids the
sharp bunching at 0, 50 and 100, but except for the difference in bunching, the distribution looks very
similar to the distribution of the perceived job finding rates for the next month. The individual-level
correlation between the two measures equals 0.65 (see Appendix Figure D3).2! The similarity between
the different measures is also confirmed by Figure D4 in the Appendix, which plots the distribution

of the ratio of the two measures, indicating that for most peoples the two measures indeed coincide.

29To be precise, given that the question was phrased in weeks, we impute the implied 1-month re-employment probability
as1—(1— %)4, where z is the elicited remaining weeks unemployed.

2INote that throughout the paper we trim extreme outlier observations: In the KM survey, we eliminate 51 responses
where the elicited and imputed probability are more than 75 percentage points apart and thus clearly inconsistent with each
other. In the SCE, we eliminate 316 observations, where the 3-month probability is larger than the 12-month probability.
We report robustness checks in the Appendix for not imposing these restrictions. If we do not impose this restriction, the
correlation coefficient between the two measures remains high at 0.56 in the KM survey and 0.72 in the SCE.
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Figure 2: Averages of Actual Job Finding Probabilities, by Bins of Elicited Probabilities (SCE)
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Overall, the similarity between the alternative elicitations is re-assuring. Our empirical analysis using
the KM survey will focus on the elicited probability, but we will show that our results are similar for

the expected duration measure and robust to the observed bunching at 0, 50 or 100.

3.3 Job Finding Beliefs and Outcomes

We now study how job seekers’ beliefs about job finding probabilities compare to actual job finding

outcomes.?2

Predictive Power of Beliefs We can assess the predictive power of job seekers’ beliefs by relating
the elicited beliefs about job finding to actual job finding. Figure 2 shows the average job finding
probability within the next three months by the perceived three-month job finding probability in the
SCE. The positive gradient clearly reveals the strong predictive nature of the elicited beliefs - on
average, people who report a higher job finding probability are more likely to find a job. Still, job
seekers reporting the lowest probabilities tend to be too pessimistic (on average), while job seekers
reporting higher probabilities tend to be too optimistic. The average job finding probability ranges
from 18 percent to 72 percent for job seekers reporting probabilities in the first to the last decile.

Panel A of Table 2 reports the corresponding regression estimates, regressing a binary indicator for

22We focus here on the SCE’s 3-month elicitation as it suffers less from attrition and gaps in survey completion, but
we replicate all results in this Section for the KM survey in the Appendix. In the SCE, we restrict the sample to those
interviews where we have 3 monthly consecutive follow-up interviews, to make sure that we do not miss any employment
spells. Similarly, for the KM survey, we restrict the sample to those with four weekly consecutive interviews to avoid
under-counting of job finding due to attrition and gaps in the weekly survey.
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Table 2: Linear Regressions of Realized Job Finding Rates on Elicitations (SCE)

Panel A. Dependent Variable:

3-Month U-E Transition Rate (1) (2) (3) (4)
Prob(Find Job in 3 Months) 0.586%%* 0.464%%%  0.501%%*
(0.073) (0.069)  (0.092)
Prob(Find Job in 3 Months) x LT Unemployed -0.258*
(0.142)
LT Unemployed -0.078
(0.094)
Controls X X X
Observations 1,201 1,201 1,201 1,201
R? 0.131 0.148 0.218 0.259
Panel B. Dependent Variable:
3-Month U-E Transition Rate (1) (2) (3) (4)
Prob(Find Job in 3 Months) 0.346**
(0.136)
3-Month Lag of Prob(Find Job in 3 Months) 0.366**%*  0.301***
(0.105)  (0.101)
Controls X X
Observations 474 474 474 474
R? 0.063 0.123 0.063 0.159

Notes: Survey weights are used in all regressions. All samples are restricted to unemployed workers in the SCE, ages
20-65. Controls include dummies for gender, race, ethnicity, household income, educational attainment, and age and
age squared (see Appendix Table D1 for results showing the control variables). Robust standard errors (clustered at
the individual level) are in parentheses. Asteriks indicate statistical significance at the *0.1, **0.05 and ***0.01 level.

whether a job seeker has found a job within the next three months on the elicited probability. The
results confirm the predictive nature of the elicited beliefs. On average, the job finding probability
is 0.59 percentage points higher for an individual who reports his or her job finding probability to
be 1 percentage point higher. The coefficient is only slightly lower when adding various controls,
including gender, age, income, educational attainment, race and ethnicity, in column 3 of the table. This
demonstrates that individuals’ beliefs contain relevant information about future employment prospects
above and beyond these demographic controls. The coefficient on the elicited job finding probability
is high, but still significantly smaller than 1. This attenuation could be driven both by random errors
in perceptions or elicitations, which increase the variance in elicited beliefs, or by systematic biases in
beliefs reflected by the parameter b; in the linear beliefs model.

In similar regressions carried out in the KM survey, we find a coefficient of 0.260 (s.e. 0.109) for
the 1-month probability question (see Table D3 in the Appendix). The smaller coefficient in the KM
survey compared to the SCE could be driven by the different horizon used for the elicitation. Indeed,
we find a larger coefficient (0.402; s.e. 0.178) when we run the same regression but with the inverse of
the expected duration as the independent variable. Similar to the SCE, the perception questions retain

significant predictive value when adding controls, and the predictive power is higher for the short-term
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unemployed with a coefficient of 0.382 for the 1-month probability and 0.513 for the inverse of the

expected duration, compared to a coefficient of 0.501 in the SCE, as reported in column 4 of Table 2.

Robustness We probe the robustness of our estimates by running different versions of the re-
gression reported in column 1 of Table 2. Appendix Table D2 shows that our results are robust (1) to
instrumenting the 3-month eliciation with the 12-month elicitation (coefficient of 0.71), (2) to excluding
answers equal to 50% (coefficient of 0.59), (3) to not trimming the sample for inconsistent answers
between the 3- and 12-month elicitation (coefficient of 0.55), (4) to including only one unemployment
spell for each person (coefficient of 0.62), (5) to including only the first observation for each person (co-
efficient of 0.44), (6) to including only those individuals who entered the SCE survey as employed and
separate into unemployment during the survey period (coefficient of 0.65), (7) to controlling for cohort
and time fixed effects (coefficient of 0.57), (8) to including only answers for those unemployed 3 months
or less (coefficient of 0.57). In line with column 4 in Table 2, we also find that the coefficient declines
with unemployment duration, with a value of 0.50 for those unemployed 4-6 months and a value of 0.35
for those unemployed 7 months or more, though the coefficient remains highly statistically significant in
all samples. Note also that we cannot reject the hypothesis of the equality of coefficients with the one
in the baseline specification for all sub-samples except for the long-term unemployed. Overall, we find
that our results are robust and confirm the substantial predictive power of reported beliefs for realized
job finding. We also report the same robustness checks for the regression with controls, as in column 3

of Table 2. Again, the results for all robustness checks are similar to the baseline results.

Lower Bound on Heterogeneity The explanatory power of the beliefs in the SCE is large
(R? = 0.13) and almost the same as for all other observables together (R? = 0.15).22 Moreover, the
results in column 2 and 3, where the R? increases from 0.15 to 0.22 when adding the elicited beliefs
to the regression model with controls, confirm that the elicited beliefs have predictive power above
and beyond observable characteristics. To formally assess the amount of heterogeneity in job finding,
we calculate the non-parametric lower bounds on the variance in job finding probabilities derived in

Section 3.1. The first row in Table 3 reports the lower-bound using the 3-month elicitation only, which
cov(F; 4,%;.4)*

is computed as var(Zsa)
i,

and equals 0.032. This lower bound can be tightened by including the
COU(Fi,d,Zi,d)cov(FLmZilfi)
cov(Zi,a,2}7)

lower bound to 0.038.24 As discussed, we can also tighten the bound further by including observable

12-month elicitation in the SCE data as a second elicitation, . This increases the

characteristics. The variance of the predicted job finding, using both beliefs and demographics (column

23Note that even if the perceived and actual job finding probabilities were to coincide, we would not expect an R? of 1 as
we are not using the actual job finding probability but a dummy variable for the realization of the probability. The inherent
randomness associated with the realization of the job finding probability thus implies an R? that is substantially lower
than 1 even if beliefs were unbiased and measured without error. In the case where job seekers had perfect information

about their types, the R? of the regression of actual job finding on beliefs would be equal to % for large

N. Using these moments from the SCE data, we obtain a value of 0.36, suggesting that the R? of 0.13 for the actual job
finding realizations is substantial and that the elicited job finding probabilities have substantial predictive power.

24 A5 discussed, the lower bound argument requires the conditional expectations of the respective elicitations to be equal
and the elicitations, conditional on job finding, not to be negatively correlated. Hence, we converted the elicited 12-
month probability (lefl) into a 3-month probability (Zilfj)7 assuming the latter is constant over the spell of unemployment:

~ 1
Zia=1-(1-2Z3)".
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Table 3: Non-parametric Lower Bounds for the Variance
of 3-Month Job Finding Probabilities (SCE)

Lower bound based on: Value S.e.

... 3-month elicitations only 0.032  (0.009)
. 3- and 12-month elicitations 0.038 (0.010)

... controls only 0.036  (0.009)
. controls and both elicitations 0.054 (0.010)

Notes: Standard errors are bootstrapped with 2,000 replications.

3 in Table 2), equals 0.054. To interpret the magnitude of these variances, we compute how much the
implied dynamic selection could contribute to the observed negative duration dependence in job finding
(see equations (1) and (2)). The decline in the 3-month job finding rate between months 0-3 and months
4-6 equals 17.0 percentage points. A variance in 3-month job finding of 0.032 could account for a decline
in the job finding rate of 8.9 percentage points through selection, which is 52% of the observed decline
of 17.0 percentage points. The higher variance of 0.054 could explain a decline of 15.1 percentage points
through selection or 89% of the total observed decline.?®

A first caveat with these calculations is that we use the full sample to compute the lower bounds in
Table 3, while it is the variance in job finding conditional on unemployment duration that is relevant for
determining the contribution of selection to the observed negative duration dependence in job finding.
We fully address this in our statistical model in the next section that parametrizes the relevant hetero-
geneity and dynamics and uses the reduced-form empirical moments for estimation by simulating exact
equivalents in the model. Our reduced-form evidence already indicates that beliefs become somewhat
less predictive when controlling for unemployment duration, though it remains highly predictive for the
short-term unemployed (see columns 4 in Table 2 for the SCE). Indeed, in the SCE, when residualizing
the beliefs, taking out the variation across durations, the lower bound variance becomes smaller (0.03),
but could still account for half of the decline in the observed job finding rate at the beginning of the
unemployment spell. When restricting instead to the short-term unemployed (see Appendix Table D4),
the lower bound variance becomes larger again (0.06) and could in fact account for all of the decline,
leaving no role for true duration dependence.26

A second caveat is that some of the heterogeneity in job finding identified by our approach may
be transitory and thus does not contribute to selection over the unemployment spell. To assess this
further, we use the elicited beliefs in the SCE to infer the persistence in individual job finding rates,
by restricting the sample to those who remained unemployed for at least 4 months and relating actual

job finding to beliefs lagged by 3 months. The results in Panel B of Table 2 show that in this sample

25 Appendix Table D5 reports the non-parametric bounds in the KM survey, which are substantially lower than in the
SCE, but refer to the 1-month probability rather than to the 3-month probability. The lower bound on the variance
based on the 1-month elicitation in the KM survey can account for an observed decline in the monthly job finding rate of
0.45 percentage points per month, or 3.3 percent per month, when expressed as a percent of the job finding rate for the
short-term unemployed. Computed over a period of 3 months, this is about two thirds of the relative decline estimated
based on the 3-month elicitation in the SCE.

26 As illustrated in Figure 5a in the statistical model, the variance of job finding probabilities is likely to be declining
with unemployment duration, which is consistent with the observation in both datasets that the covariance between beliefs
and job finding is lower for the long-term unemployed.
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the coefficient on the reported beliefs are generally smaller, but the reported beliefs retain a strong
predictive power beyond the horizon of the 3-month question administered in the SCE. We find that
for this sample of job seekers the relative difference in the covariance between the job finding and the
contemporaneous and lagged beliefs, is only 11%. This suggests that most of the variation in job seekers’
job finding prospects, captured by the 3-month horizon question, is driven by persistent differences.?”
Again, the statistical model in the next section is used to properly account for this issue.

Overall, our reduced-form results suggest that heterogeneity in job finding is important for explaining

the observed duration dependence in job finding.

3.4 Biases in Beliefs

We now document how beliefs and actual job finding differ along the unemployment spell. In contrast
with job seekers’ true job finding, we can also study the within-individual change in their beliefs over the
unemployment spell. As discussed above, it is possible to identify a lower bound on the heterogeneity
in job finding from elicitations in beliefs without reference to potential biases in beliefs. However, if one
wants to go beyond the lower bound and identify the level of the variance in job finding, one needs to

identify the nature of these biases in the first place.

Average Bias by Duration While we cannot compare the actual and perceived job finding
probabilities at the individual level, we can compare averages at the group level. Overall, the results
indicate an average optimistic bias that is largely driven by the long-term unemployed. At the three-
month horizon in the SCE, we find an average optimistic bias (8 pp) indicating that job seekers perceive
their chances to be 20 percent higher than they are. Figure 3 compares the averages in the SCE by
unemployment duration. The figure confirms that the observed duration dependence in actual job
finding rates is strongly negative. The perceived job finding rates are also decreasing, but at a slower
rate. As a result, the bias is increasing with unemployment duration, resulting in a clear bias towards
over-optimism for the long-term unemployed. In the KM survey, the overall bias is substantially larger
in the KM survey, but we find similar results by duration of unemployment.?®

Using the patterns of perceived and realized job finding, one can inform the model of beliefs in
section 3.1. Based on equation (7), we compute an estimate of by for two different duration intervals
in the SCE. We find estimates of b; of 0.512 (0-3 vs. 4-6 months) and 0.556 (4-6 vs. 7+ months),
suggesting that jobseekers’ perceptions under-respond to their true job finding probability. Using an
average of 0.534 of the two estimates and an estimate of 0.054 of the covariance between the 3-month
eliciation and realized job finding, cov(Zi & Fﬁd), we can leverage equation (6), to obtain an estimate for

the variance in job finding probabilities of var(T; 4) = 0.101. Benchmarking this as before, such variance

2"Combining equations (6) and (9), one can solve for var(r) as a function of b; and data moments. Using our estimate
of b1 = 0.534 from further below and the values for the moments covg+1 (Zi,a+1, Fi,a+1) = 0.0308, covi+i1 (Zi,a, Fi,a+1) =
0.0289 and E4(T;,q) = 0.491, we get an estimate of var(r) = 0.0045, which corresponds to 8% of the total variance. The
covariance moments are computed in the sample used for the regressions in Panel B of Table 2. Note that this derivation is
done for a stylized model that ignores true duration dependence in job finding. Moreover, we compute again all moments
over all durations, whereas the equations are exact only for a given duration d.

28Table D6 in the Appendix contains underlying numbers for both the SCE and the KM survey. Note that we restrict
the sample for this comparison to interviews that were followed by 3 consecutive monthly interviews (SCE) or 4 consecutive
weekly interviews (KM survey).
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Figure 3: Perceived vs. Realized Job Finding by Duration of Unemployment (SCE)
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would account for a decline of 28 percentage points over the first three months of the unemployment
spell through selection, which more than fully accounts for the observed decline. However, the relevant
moments in the decomposition equation (1) condition on duration and account for the persistence in

job finding, which reduces the contribution of dynamic selection to the decline in job finding.?*

Job Finding Beliefs by Duration The panel dimension of the surveys provides a unique oppor-
tunity to assess the duration dependence in perceived job finding. Table 4 shows the results of linear
regressions of the elicited beliefs on duration of unemployment, measured in months. The first column
shows the results for the sample restricted to the first observation for each unemployment spell, the sec-
ond and third column shows the results for the pooled cross-section of all observations available during
an unemployment spell. The results of all three columns confirm the negative effect of unemployment
duration on the elicited beliefs in the cross-section. However, it is again unclear whether these patterns
are due to selection — those with high perceived probabilities find jobs faster and leave the sample — or
due to changes in the beliefs at the individual level.

To adjust for selection, we exploit the repeated survey questions answered by the same job seekers
over the unemployment spell. Column 4 in Table 4 includes in the regression spell or person fixed
effects. Note that in the SCE, some individuals have multiple unemployment spells and thus we control
for each spell separately, whereas in the KM survey we only observe one spell per person.? In the SCE,
the estimated effect of duration turns from negative to positive when including spell fixed effects with
the job finding probability at the 3-month horizon increasing by 0.2 (0.6) percentage points per month,

though the coefficient is not statistically significantly different from zero. Panel B in Table 4 shows

29Using the residualized covariance, which takes out all variation across durations, we obtain an estimate for the variance
of 0.067 (see Appendix Table D4). The implied decline in job finding is just above the observed decline (18.6 p.p.).

30Consistent with Elsby et al. [2015], we treat transitions from unemployment to out of the labor force and back to
unemployment as part of the same unemployment spell.
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Table 4: Linear Regressions of Elicitations on Unemployment Duration (SCE and KM)

Panel A. SCE, Dependent Variable:
Elicited 3-Month Probability (1) (2) (3) (4)

Unemployment Duration, in Months -0.0057***  -0.0050*** -0.0043***  0.0022
(0.0007)  (0.0007)  (0.0006)  (0.0064)

Demographic Controls X

Spell Fixed Effects X

Observations 882 2,281 2,281 2,281

R? 0.110 0.090 0.155 0.824

Panel B. KM Survey, Dependent Variable:

Elicited 1-Month Probability (1) (2) (3) (4)

Unemployment Duration, in Months ~ -0.0012 -0.0020 -0.0025*  0.0216**
(0.0020) (0.0021) (0.0014) (0.0077)

Demographic Controls X

Individual Fixed Effects X

Observations 2,278 4,435 4,318 4,435

R? 0.001 0.003 0.119 0.902

Notes: Survey weights are used in all regressions. All samples are restricted to unemployed workers, ages
20-65. The demographic controls are the same as in Table 2. Column 1 shows the results for a sample that
is for each individual restricted to the first observation in the survey; column 2 shows the results for the full
sample; column 3 shows the results for the full sample with demographic controls; and column 4 shows the
results for the full sample with spell or individual fixed effects. Robust standard errors are in parentheses
and are clustered at the individual level except for column 4 in Panel A, where they are clustered at the
spell level. Asteriks indicate statistical significance at the *0.1, **0.05 and ***0.01 level.

that this pattern is much stronger for the KM survey, where an additional month spent unemployed
significantly increases the perceived job finding probability by 2.2 (0.8) percentage points per month.3!

Figure 4 illustrates the difference between the observed (cross-sectional) duration dependence and
the true (individual-level) duration dependence in the reported beliefs graphically. To increase power
and control for potential cohort effects, the figure aggregates by time unemployed in survey rather than
showing results by duration of unemployment. The left panel shows how the average of the perceived
job finding probability is decreasing in time spent unemployed since the first interview observed in a
given spell, conditional on still being unemployed.??> The right panel in Figure 4 shows the change in
the perceived job finding probability within individual unemployment spells, again as a function of time
spent unemployed since the first interview. The figures confirm the findings from the regression. In
the cross-section, the perceived job finding probability is decreasing in time spent unemployed, but this

decline disappears once we control for selection and look at the within-spell changes only.?? In the KM

3'Note that in an environment where the 1-month horizon probability is increasing, the 3-month horizon probability
may increase by less or more, depending on the initial level of the job finding probability.

32Figure D7 also shows results by unemployment duration for each cohort in the KM survey. There is no evidence of
see-saw patterns or systematic cohort effects in beliefs, as there is for search effort in Krueger and Mueller [2011].

33In principle, the patterns of the within-spell changes could be driven by dynamic selection, since the observations later
in the spell require the job seeker to be unemployed for longer. The relationship in column 4 of Table 4, however, remains
positive in both surveys even when we restrict the sample to those with relatively short spells of 6 months or less.
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Figure 4: Perceived Job Finding Probabilities by Time since First Interview (SCE and KM)
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survey, job seekers even report higher job finding rates as they remain unemployed for longer.

Robustness We extensively probe the robustness of the finding that beliefs are not revised down-
ward and also evaluate potential forces that may underlie the (weakly) increasing beliefs about job
finding probabilities. We report here only a brief summary and refer to the Appendix D.3 for details.
First, we find that the results in column 4 of Table 4 are similar for other measures of perceived job
finding, such as expected remaining duration in the KM survey and the 12-month probability in the
SCE survey. The results are also robust to excluding answers of 50 or 100 percent, or to excluding
individuals who find a job within the next month. Moreover, we find that our results are robust to
controlling for changes in aggregate labor market conditions or aggregate time fixed effects during our
sample period. Finally, we find that our estimates are unlikely to be biased due to sample selection
based on individuals dropping out of the labor force: In the SCE, those unemployment spells with a
transition into out of the labor force do not exhibit any significant decline of beliefs over the spell of
unemployment. Moreover, in the KM survey, the belief questions were administered independent of

search effort and thus including those dropping out of the labor force. We conclude that our finding
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that beliefs are not revised downward is very robust.

Discussion Our analysis of job seekers’ beliefs corroborates earlier evidence that job seekers’ are
too optimistic about their re-employment prospects (Spinnewijn [2015], Arni [2017], Conlon et al. [2018],
Drahs et al. [2018]). Importantly, we find that the over-optimistic bias is particularly strong among
long-term unemployed workers, implying that beliefs are under-responsive to differences in job finding,
across job seekers and/or along the unemployment spell. As discussed, this under-reaction is important
for inferring the heterogeneity and duration dependence in true job finding using job seekers’ beliefs.
We develop this insight further in Section 4. The under-reaction in beliefs is also important if it entails
that job seekers do not adjust their search strategy to the specific employment prospects they face. We
will study this issue further in Section 5.34

The empirical finding that job seekers, if anything, update their perceived job finding probability
upward over the unemployment spell is surprising. However, our reduced-form evidence already suggests
that there is limited scope for negative true duration dependence in the actual job finding probabilities.
This suggests that various mechanisms underlying true duration dependence like human capital depre-
ciation (see Acemoglu [1995] and Ljungqvist and Sargent [1998]), stock-flow sampling (see Coles and
Smith [1998]) and employer-screening based on unemployment duration (see Lockwood [1991]) are em-
pirically not important or, at least, not perceived as such. However, even with substantial variation in
employment prospects across job seekers (rather than over the spell), we would expect that job seekers
learn from the lack of success and update their beliefs downwards the longer they are unemployed. The
lack of updating that we find thus remains surprising, but seems consistent with Krueger and Mueller
[2016] who show — using data from the KM survey — that reservation wages are nearly constant over the
spell. Their finding, however, is not sufficient to infer a lack of updating in beliefs about job finding, as
other inputs into the probability of job finding such as search effort, the offer probability or the wage
offer distribution may change over the unemployment spell, t0o.%

While we do not attempt to micro-found these biases, it is worth noting that a number of behavioral
models can explain the observed optimistic biases in beliefs, why biases become more important or
why there may be lack of learning over the spell. For example, regarding the dynamics, job seekers
may be subject to the gambler’s fallacy. This is an application of the law of small numbers with
unsuccessful job seekers inferring from a series of bad draws (as their unemployment spell lasts) that
the probability of a good draw increases (Rabin and Vayanos [2010]).36 Job seekers may also have

motivated beliefs, managing their expectations to maintain a positive self-image or to get positive

34Providing direct evidence that biases in beliefs distort behavior is challenging. In Section 5, we study this through the
lens of a model that we calibrate to match true and perceived job finding in our data. In Appendix D.3.3, we discuss some
further evidence on how perceptions correlate with reported search efforts and reservations wages.

3%In fact, if job seekers learned about the wage offer distribution and revised their reservation wage downward as in
Burdett and Vishwanath [1988], this type of learning would provide a reason for positive true duration dependence in
job finding. However, the perceived wage offer probabilities and (expected) search effort may change as well. We study
the relation between wage offer probability, reservation wages and job finding in a McCall model of job search in Section
5. Regarding search efforts, the evidence in Krueger and Mueller [2011], which documents patterns of search behavior in
the KM survey, suggests a decline in search activity over the unemployment spell at the individual level, but two recent
papers find that search activity is constant or even increasing, at least prior to the exhaustion of unemployment benefits
(see Marinescu and Skandalis [2019] and DellaVigna et al. [2020]).

36Note that the same application of the law of small numbers may induce job seekers to become overly discouraged as
they over-infer from a series of bad draws how employable they are (Rabin and Vayanos [2010]).
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value from optimistic expectation, potentially accounting for the implied distortions in their search
behavior (e.g., Brunnermeier and Parker [2005] and Koszegi [2006]). The argument would be that
lasting unemployment causes hardship and increases the demand for optimistic expectations. We cannot
provide directs test of either theory, but the findings that the perceptions of long-term unemployed are
more biased and less predictive can be consistent with these behavioral models.?” In a similar spirit,
we provide further evidence in Appendix D.3.3 that the perceptions of unemployed individuals are not

responsive to macro-economic indicators (while the perceptions of employed workers are).

4 Statistical Framework

This section describes a statistical model that allows us to use the reduced-form moments from our
empirical analysis to jointly identify (1) the extent of heterogeneity in job finding rates, (2) the dynamics
of job finding rates over the spell of unemployment and (3) the biases in perceived job finding rates
as well as their evolution over the spell of unemployment. The model draws heavily on the conceptual
framework developed in Section 3.1, but fully specifies the heterogeneity across job seekers and the
dynamics over the unemployment spell, which allows to infer the parameters of interest with exact

equivalents of the moments in the data.

4.1 Model Setup

We introduce notation 77", to denote the probability of finding a job in the next 2 months for individual
¢ with unemployment duration d. The monthly job finding probability equals T; 4 = Tl%d and Ti?:d =
Tia+(1=T;q)T;a41+ (1 —T;q)(1 = T; 441)T; a+2 is the probability of finding a job in the next 3 months.
fod is the elicitation of the corresponding perceived probability. Ffd describes the actual job finding.

We assume that the monthly job finding rate of individual ¢ at duration d satisfies
Tia= (1= 0)UT; +7a) € 0,1], (10)

where 6 is a scalar that determines the depreciation in job finding over the spell of unemployment (or
appreciation when negative), T; is the persistent component of the job finding rate that is common
across durations and 7; 4 is a transitory change in job finding rate at duration d with E(7; 4/T;4) = 0.
T; and 7; 4 are distributed according to some distributions gr and g, respectively.

We continue to impose the same linear structure on the relationship between job finding rates and
elicited beliefs at the 3-month horizon:

Z3, = bo+ blﬂ?d +¢ei4 €[0,1]. (11)

2y

As stated before, we cannot separate the role of biases in perceptions vs. elicitations underlying the
bias parameters and error terms. The variable ¢; 4 captures random error in the elicited perceptions,

which can be driven by either noise in the beliefs themselves or by noise in the elicitation of the beliefs.

37This finding is also supported by the recent experimental evidence in Altmann et al. [2018] showing the differential
impact of information on workers by predicted time spent unemployed.
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In our baseline model, we assume that the conditional mean of the error term is independent of Ti’d,
E (Ei,d‘ﬂ?:d) = 0, but non-classical measurement could still be captured through the slope parameter
bi. While this separation is not needed to identify the heterogeneity in job finding, we do gauge the
robustness of our estimates to different distributional assumptions on the error term, including the

mean-independence assumption.

4.2 Identification

A key advantage of the statistical model is that the parameters of interest are estimated using exact
equivalents of the moments in data. To be more precise, in the conceptual framework, we derived
relationships between data moments and parameters for a given duration d, but due to limited sample
size, it is not possible to compute these moments in our data for each month of the unemployment spell.
Instead, the data moments are computed over intervals of duration (or the entire unemployment spell)
and thus subject to selection and duration dependence within these intervals. The statistical model
develops an account of the data that fully addresses these issues in an internally consistent manner.
For the identification of the parameters in the statistical model, we build on the identification
arguments presented in Section 4 and develop them formally in a stylized two-period version in Appendix
Section E.3. To further validate the identification arguments in the full model, we show how the
estimated parameters change with the values of the targeted moments and how the model’s fit changes
when restricting the key features of the model, in particular regarding the heterogeneity and duration
dependence of both actual and perceived job finding rates. We also show extensively how the model
estimates are robust to different functional forms, distributional assumptions and incidental parameters.
As discussed in Section 3, we face two interdependent identification challenges. The first is to
disentangle the heterogeneity and true duration dependence in job finding rates that underlies the
observed duration dependence. The second is to identify how beliefs change with variation in job
finding rates. Given our assumptions on the geometric depreciation and the permanent vs. transitory

shocks, we can rewrite the earlier decomposition of the observed job finding in equation (1) as

Eq1(Tiav1)
Eq(T;.q)

vary(T;)
Ey(Tia)(1 — Eg(T;0)) ]’

(1-06)|1— (12)
where the subindex again denotes the duration at which the job seekers are sampled to evaluate the
corresponding moment. The evolution of the observed job finding depends on the depreciation in job
finding and the variance in the persistent component only.

In the absence of transitory shocks and biases in beliefs, we could simply identify the relevant
variance in job finding through the covariance between perceived and actual job finding, and equation
(12) would give the depreciation of job finding. In the presence of transitory shocks, the covariance
between perceived and actual job finding is no longer sufficient. As discussed before in Section 3.1,
transitory shocks generate more contemporaneous covariance of elicitations and job finding rates, but
do not generate more covariance between elicitations and the job finding one period ahead. Hence, we
can separately identify the variance in transitory shocks through the difference in covariances, since the

contemporaneous covariance depends on both persistent and temporary components of T; 4, whereas the
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one period ahead covariance only depends on the persistent component. We develop this identification
argument formally in Appendix Section E.3 and show that the ahead covariance is a monotone function
of the dispersion in transitory shocks.?®

Finally, the presence of systematic biases in beliefs also changes the covariance between perceived
and actual job finding relative to the variance in true job finding. If job seekers under-react to variation
in job finding (by < 1), the covariance between perceived and actual job finding underestimates the
variance in true job finding. As already discussed in Section 3.1, we identify this potential compression
by leveraging the variation in job finding rates across durations.

By jointly exploiting the elicited beliefs and the structure on the relationship between elicited beliefs
and job finding embedded in a dynamic framework, the statistical model goes beyond earlier work
identifying the role of heterogeneity through the dynamic selection on observables only. Other prior
work has tried instead to use indirect evidence on true duration dependence in job finding (e.g., Kroft
et al. [2013]) or to infer heterogeneity in multiple-spell data. Compared to the approach that uses
data on multiple unemployment spells as a source of identification (see, e.g., Honoré [1993] and Alvarez
et al. [2016]), our approach is made possible by the availability of elicitations and realizations for the
same individual in the same unemployment spell and thus does not rely on multiple spells for the same
individual.®® As mentioned before, our identification strategy abstracts from search decisions underlying

the job finding rates and how they are affected by job seekers’ beliefs, which we study in Section 5.

4.3 Distributional and Functional Form Assumptions

We propose to parametrize our model relatively parsimoniously. Baseline job finding rates, T;, follow the
Beta distribution with shape parameters o and . The Beta distribution is defined over the interval [0, 1]
and is quite flexible in terms of its shape.?’ The transitory component of the job finding rate, Ti d, follows
a uniform distribution subject to the bounds [-T;, ﬁ — T;], and with masspoint(s) at the bounds of
this interval such that E(r; 4|T;) = 0 for all T;.1 Random error in perceptions or elicitations, €i.d, follows
a uniform distribution on the interval [—o., 0] subject to the bounds [—by — blff’d, 1—by— blTi?,)dL and

with masspoint(s) at the bounds of this interval such that E(g; 4|T?;) = 0 for all T7,.42 As discussed

38In particular, Appendix Section E.3 starts with a formal proof of identification, showing that in a two-period version of
the statistical model, where o, = 0, all other parameters are an explicit function of moments with an empirical counterpart
in the data. We then develop the identification arguments in a two-period model with o, > 0. While we cannot solve
explicitly the model for these parameters, we complement the argument by showing that a monotone relationship exists
between o, and the one period ahead covariance. We then also prove the identification of an extra longitudinal belief
parameter 6 # 6 discussed in Section 4.5.

3%Relying on multiple unemployment spells may skew the estimation results since a sample of individuals with multiple
(frequent) spells may not be entirely representative of the population. In addition, identification through multiple un-
employment spells only identifies the extent of heterogeneity that is fixed between unemployment spells, which may be
years apart, whereas our approach also identifies the heterogeneity that is fixed within a spell but varies across spells (e.g.,
changes in marital status, savings or unemployment insurance eligibility may affect the job finding probability).

4ONote that for our exercise here it is important that there is a continuum of job finding probabilities or at least a large
number. Assuming two types for the job finding probabilities and estimating their relative mass is not an attractive option,
because our observed elicitations are reported on the interval between 0 and 1. A model with only two underlying job
finding rates thus would not perform well in matching the distribution of these elicitations.

“'More precisely, 7|T; follows a uniform distribution on the interval [max(—o, —T;), min(o, ﬁ —T;)], with a mass-
point at the bound of this interval if a bound is binding, such that E(7; 4|T;) = 0 for all T;.

42More precisely, E\Tf:d follows a uniform distribution on the interval [max(—os, —bo — blejd), min(oe,1 — by — blejd)],
with a masspoint at the bound of this interval if a bound is binding, such that E(e;4|T}4) = 0 for all T},
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before, the identification of heterogeneity does not rely on particular distribution functions for T, 7; 4
and ¢; 4, and we test the sensitivity of our results to alternative distributional assumptions. Finally, job
finding rates depreciate at a geometric rate over the unemployment spell in our baseline specification,
with 65 = (1 — #)?. In an alternative specification, we assume a piece-wise linear specification for the
depreciation where 6; =1 — df if d < 12 and 65 = 1 — 120 otherwise.

4.4 Targeted Moments and Estimated Parameters

In our data, we observe the means of realized and perceived job finding rates at different durations,
as well as their covariance and the variance in perceived job finding rates. As already noted above,
we focus on the moments from the SCE data, because due to attrition we have less confidence in the
moments in the KM data that relate to the co-variance of perceptions and actual job finding. In the

estimation of our model, we target the following moments in the SCE data:

1. The mean of the 3-month job finding rate at durations 0-3 months, 4-6 months and 7+ months:
Mpy, = 0.642, mp,, = 0.472 and mp,, = 0.256.13

2. The mean of elicitations of the percent chance of finding a job in the next 3 months at durations
0-3 months, 4-6 months and 7+ months: mz,, = 0.616, mz,, = 0.529 and mz,, = 0.409.

3. The variance of elicitations of the percent chance of finding a job in the next 3 months: s% = 0.093.
4. The covariance of the 3-month job finding rate and elicitations: crz = 0.054.
5. The covariance of the 3-month job finding rate (3-month ahead) and elicitations: cr, 5,z = 0.025.

6. The monthly change in 3-month elicitations as measured by the coefficient on duration in the
regressions of perceived job finding rates on unemployment duration, controlling for individual
fixed effects: mgz = 0.008.44

This implies that we have a total of 10 moments that we try to match. With two parameter
distributions, there are 7 parameters to estimate («, 5, o, 0, by, b1, 0.) and thus the model is over-
identified. Following our earlier discussion, the parameters o and 8 and 6 are mainly identified through
the mean of job finding rates at durations 0-3, 4-6 and 7 and higher, and the covariance of elicitations
and job finding rates, whereas the parameter o, is mainly identified through the differences in the
covariances cz, r, and cz, g, ,. The parameters by and by are mainly identified through the mean of
the deviations of elicitations from actual job finding rates at durations 0-3, 4-6 and 7 and higher. While
by is mainly identified by the average bias between elicitations and job finding, b; is identified by the

gradient of this bias by duration.*®> The parameter o, is identified through the variance of elicitations.

“3Note that we assume that the maximum duration for each job seeker is two years, but we relax this assumptions in a
set of robustness checks, where we allow for a maximum duration of up to five years.

“Note that this is slightly higher than the value reported earlier in the paper, because the sample here is restricted to
the sample where we have at least 3 consecutive interviews.

“®Note that the gradient of the perceived job finding depends on the covariance of elicitations and job finding rates,
determining the dynamic selection, and on the mean of monthly innovations in elicitations, determining the true-duration
dependence in beliefs. As shown in Appendix Section E.3, in a stylized two-period model, the mean of monthly innovations
provides no additional identifying variation.
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Table 5: Estimation Results

A. Parameter Estimates

Parameter/Moment Explanation Estimate  (S.e.)
E(T;) Mean of distribution of permanent component, 7; 0.403 (0.057)
Var(T;) Variance of distribution of permanent component, T; 0.045 (0.022)

or Dispersion in transitory component of job finding rate, 7; 4 0.334 (0.213)

0 Depreciation in job finding 0.017 (0.047)

bo Intercept bias 0.265 (0.045)

b1 Slope bias 0.550 (0.101)

o Dispersion in elicitation errors, ¢; 4 0.453 (0.020)

B. Additional Moments

Moment Explanation Estimate  (S.e.)
Varo(T},) Variance in 3-month job finding rates at d =0 0.076 (0.014)
Vary(T?) Variance in permanent component of TEO at d =0 0.057  (0.023)
Vary(Z3)) Variance in 3-month elicitations at d = 0 0.081 (0.005)

TD 12-month decline in job finding rates (total) 0.459 (0.061)
LD 12-month decline in job finding rates (longitudinal) 0.070 (0.171)
1-£5 Share explained by selection (in %) 84.71 (36.37)

Notes: The total decline (TD) in 3-month job finding is defined as Eo(7}) — E12(1}12). The longitudinal decline (LD) in
3-month job finding is defined as Fjy (Tfo — Tflg) .

4.5 Estimation and Results

We use the method of simulated moments to estimate the model parameters and minimize the sum of
squares of the deviation of the empirical moments from the moments simulated from the model. We use
the inverse of the bootstrapped covariance matrix of the empirical moments as weighting matrix, where
the bootstrapped variances were computed with 2,000 repetitions. Standard errors were obtained by
estimating the model on 200 bootstrap samples and taking the standard deviation of estimates across the
200 samples. As shown in the Appendix Table E1, our model matches the 10 moments very well, even
though it is over-identified. There is almost no discernible difference for the monthly innovations and the
variance and co-variance moments, which all carry a large weight in the estimation. The weighted sum
of squared residuals is 0.47. Table 5 shows the parameter estimates and selected moments of interest.

The estimation delivers two important sets of results, which confirm the reduced-form findings.

Heterogeneity vs. Depreciation The estimation reveals substantial heterogeneity in the job
finding rates and confirms that the negative duration dependence in job finding rates is predominantly
driven through dynamic selection. Figure 5a shows that the model estimates imply a large dispersion
of persistent types, T;, at the start of the unemployment spells. The estimated Beta distribution
is unimodal and slightly skewed to the left. As the high-T; types find jobs, the distribution of the
persistent component 7T; among survivors becomes more skewed to the left with a substantially lower

average overall. These changes are more extreme one year into the unemployment spell. Figure 5b
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Figure 5: Heterogeneity and Duration Dependence in the Estimated Model

(a) Distribution of T; among Survivors (b) Duration Dependence in Job Finding
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shows that the large amount of heterogeneity in job finding rates accounts for most of the observed
duration dependence in job finding rates. The figure compares simulations of the baseline model (solid
line), with a model where all heterogeneity is eliminated and the only source of duration dependence
in job finding rates is 6 # 0 (dashed line). Our model attributes 84.7% (s.e. 36.4%) of the decline in
3-month job finding rates, which is from 0.70 to 0.24 over the first year of unemployment, to selection.*
The remainder — a decline of only 7 percentage points — is due to the depreciation of the job finding
probability over the spell of unemployment. This corresponds to a modest monthly depreciation rate
of 1.7 percent for the 1-month job finding rate.

To assess the amount of heterogeneity predicted by our model, we can compare it to our reduced-
form estimates in Section 3. The variance of 3-month job finding probabilities in our model for all
durations is 0.102, which exactly coincides with our earlier calculation using reduced-form estimates for
cov(Zz &> Fi?:d) /b1. The importance of adding structure on the beliefs can be gauged by comparing this
value to our non-parametric lower bound estimates in Section 3.3. We found that the non-parametric
lower bound on the variance in job finding using the 3-month elicitation alone was 0.032. This corre-
sponds to 31 percent of the estimated variance in 3-month job finding probabilities in our model. We
tightened this bound further by including both the 3-month and the 12-month elicitation as well as the
observables used before to obtain a variance of predicted values of 0.054, which now corresponds to 53
percent of the estimated variance. The total variance of 3-month job finding probabilities in our model
is somewhat larger than the variance of 0.076 that is reported in Table 5, where we restrict the sample
to newly unemployed workers. Finally, a significant share of this variation (25%) is driven by transitory

shocks, which do not contribute to dynamic selection. Overall, the differences in job finding are thus

46We note that this relative role is relatively imprecisely estimated, but this is not too surprising, given its residual
nature and thus dependence on all other parameters in the estimation. Nevertheless, we strongly reject the case that
attributes all of the observed duration dependence to depreciation at the individual level.
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estimated to be highly persistent, but somewhat less than suggested by the reduced-form evidence.*”

Biases in Beliefs The estimation also confirms the importance of biases in beliefs. Perceptions
substantially under-react to the variation in job finding across workers. On average, workers who face a
10 percent higher job finding probability on average perceive their chances as only 5.50 percent higher
(s.e. 1.01). The slope bias is thus large and significant. Since the average wedge between actual and
perceived job finding is small, low-7; types are estimated to be over-optimistic and conversely high-T;
types are over-pessimistic. Our baseline model does not allow for the variation in job finding rates to
be perceived differently across and within job seekers. This implies that job seekers perceive only about
half of the 7 percentage point decline of job finding over the first 12 months of their spell.

We probe the robustness of our results to the latter assumption, and extend our model to allow for
beliefs to be perceived differently across and within job seekers. Specifically, we assume a linear model

for the elicitations of the perceived 3-month job finding rate:

Z3y = bo+bTy+eiac(0,1], (13)
where we define the variable Tm, in analogy to equation (10) above,

Toa = (1=0UT +74) € [0,1] (14)

The variable de captures the duration dependence in perceptions through the parameter 6.4 This
dynamic parameter depends on the perceived depreciation, but also any learning from unsuccessful job
search and is expressed at the monthly frequency so that it directly corresponds to the parameter that
controls the true duration dependence, 8. For example, while b; < 1 implies that perceptions under-
react to variation in job finding across individuals, 6<6 implies that perceptions change even less with
variation in job finding over the spell.

We can identify any additional duration dependence in beliefs that is separate from duration de-
pendence in job finding (i.e., f + ) using the variances of perceived job finding and the covariances
of actual and perceived job finding over the spell of unemployment. Intuitively, more depreciation in
perceived job finding (higher é) implies a lower variance of perceived job finding and a lower covariance
between actual and perceived job finding at higher durations of unemployment. We again develop this
identification argument formally in Appendix Section E.3.%°

We add the variance of perceived job finding and the covariance with actual job finding at different
duration intervals as additional moments to estimate the new parameter 6. Column 14 of Appendix
Table E4 shows the estimation results, which are very similar to the baseline model. The slope coefficient

is almost identical (b = 0.52) and the duration dependence parameter 6 is 0.022, which is small and

4T This is higher than in our back-of-the-envelope calculation in footnote 3.3, which did not condition on a given duration
d and ignored any potential true duration dependence in job finding.

“®Note that Tf’d = Ti,d + (1 — Ti,d)Ti,d+1 + (1 — Tiyd)(l — Ti,d+1)Ti,d+2-

49 Appendix Section E.3 starts with a formal proof of identification, showing that in a two-period version of the statistical
model, where o, = 0 and 6 # 0, all parameters are an explicit function of moments with an empirical counterpart in the
data. We then develop the identification arguments in the full model. While we can no longer solve explicitly for these
parameters, we show that a monotone relationship exists between 6 and both the variance of perceived job finding for the

long-term unemployed as well as the covariance with actual job finding for the long-term unemployed.
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very close to the 0.017 in the baseline model. The corresponding beliefs parameter 0 is slightly larger
at 0.037, but note that the change in perceptions over the unemployment spell depends on both the
parameter 0 as well as b;. More precisely, while 0 is slightly larger than 6 and thus Ti’d declines more
over the spell than Ti?d, to get to the change in ij 4 the change in ng is multiplied by b; = 0.52. As
shown in Table E4, the extended model predicts a decline of actual job finding at the individual level
of 8.9 percentage points over the first 12 months of the unemployment spell, whereas the decline in
perceived job finding equals 8.2 percentage points. The fact that the perceived and actual job finding
decline at similar and modest rates over the spell, indicates that there is limited scope for learning
from remaining unemployed.’® We note that the fact that perceptions decline slightly at the individual
level is still consistent with our positive within-spell estimates in the empirical section because of the
presence of mean reversion in transitory job finding. We also note, not surprisingly, that the fit of the

restricted model in column 15 where § = 6 is close to the fit of the unrestricted version in column 14.

4.6 Robustness

We study the robustness of our results when using alternative specifications, alternative moments, and
alternative functional forms and distributions.

We have aimed to parametrize our model as parsimoniously as possible. To illustrate this, we
estimate a number of versions of the model where we restrict parameter choices as reported in Table
6 (see also the Appendix Table E2, which reports all the estimated parameters). Regarding the actual
job finding rates, we first estimate a version of the model where we do not allow for any depreciation
in job finding rates, § = 0 (column 2). Unsurprisingly, this model version fits the data nearly as well
as the baseline. In contrast, when we estimate a version of the model where we do not allow for any
heterogeneity in T; 4, the model fits the data very poorly (column 3). The two versions jointly underline
the relative importance of heterogeneity relative to true duration dependence to explain the empirical
moments. We also estimate a version of the model, where we set only o, = 0, i.e., we do not allow for
any transitory changes in job finding. As shown in column (4) of Appendix Table E2, this specification
has difficulty in matching both cz, r, and cz, ;. ,. The version without transitory shocks implies a
much larger extent of heterogeneity in T; and, as a result, an appreciation of the job finding rates over
the unemployment spell (0 < 0). Given our estimation procedure leveraging elicitations to learn about
heterogeneity in types, it proves to be important to allow for transitory heterogeneity.

Regarding the perceived job finding rates, we estimate a version of the model where we do not allow
for any under-response to differences in job finding (column 5 with by = 1). The fit gets substantially
worse, indicating the importance of allowing for the slope bias. Very similar results are obtained when
adding also the restriction that the intercept bias equals zero (column 6 in Table E2 with by = 0).

We also assess the estimated heterogeneity in our statistical model using the variation in job finding
that is not predictable based on observable characteristics. To this purpose, we estimate the model on

a set of moments obtained from the residuals of regressions of the 3-month belief question and of the

50T his is also illustrated in Appendix Figure E2, which shows the difference in actual and perceived job finding by duration
of unemployment in the estimated extended model. It shows that at the individual level, there is almost no change in the
bias by duration of unemployment. The figure also implies that the optimistic bias of the long term unemployed is almost
entirely driven by the dynamic selection of over-optimistic individuals into long-term unemployment.
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Table 6: Selected Moments and Model Fit for Restricted Versions of the Model

(1) (2) (3) (4) () (6)

Moments Baseline 6 =0 NO. heterog. or=0 b =1 bo =0

inT; q bp=1
Varo(TgO) 0.076 0.079 0.000 0.085 0.051 0.047
Vary(T?) 0.057 0.065 0.000 0.085  0.040 0.033
LD 0.070 0.000 0.430 -0.116  0.054 0.071
1—-LD/TD (in %) 84.71 100.00 0.000 125.67 82.20 77.53
Weighted SSR 0.470 0.695 49.198 2.514 12.251 21.613

Notes: TD stands for total decline in 3-month job finding, whereas LD stands for longitudinal decline
in 3-month job finding over the first 12 months of the unemployment spell. See Table 5 for details.

3-month job finding rate on demographic controls (the same set of controls as used for the regressions
reported in Table 2). The estimation results are similar to the baseline, with the role played by true

5L Of course, the extent of heterogeneity is smaller, as the

duration dependence being close to zero.
effects of observables are parsed out from all moments. We also obtain a comparable estimate for by
(0.559), which suggests that the relationship between observed heterogeneity in job finding and beliefs
is similar as the relationship between unobserved heterogeneity in job finding and beliefs.

We finally probe the robustness of our findings to alternative assumptions about functional form and
distributions as well as extensions of the model, as reported in Appendix Tables E3 and E4. Without
discussing these estimates in detail, the table shows that the parameter estimates are very stable across
all of the results reported in the table. In particular, our results are robust to assuming that 7T; follows
the Gamma distribution, and to assuming that ¢ follows a truncated normal distribution, which no
longer satisfies mean-independence of the error term. Our results are also robust to assuming piecewise
linear duration dependence instead of geometric depreciation and extending the horizon of the model to
5 years. We also find that our results are robust to fully persistent elicitation errors (i.e., ;4 = €;) and
bunching at 0, 0.5 and 1 of the elicited beliefs. Furthermore, we report the results for a model, where
a share o of individuals has random elicitations (Zf’ 4 = bo +¢) and a share 1 — « correctly perceives
their job finding prospects (Zf’ 4= Tf’d) The model results are very similar to our baseline, and the
value of 1 — « is close to the value of by, suggesting that b; in our baseline may instead capture the
share of individuals who perceive their job finding prospects correctly. Finally, our results are very
similar when excluding individuals with recall expectations when generating the data moments, when
restricting the set of moments by using only 0-6 and 7+ months for the time intervals and dropping the
mean of monthly innovations, so that the model is exactly identified, or when using the inverse of the

bootstrapped variances as weights instead of the full variance-covariance matrix.

5 Structural Model of Job Search with Biased Beliefs

In the statistical model we have estimated the heterogeneity and duration dependence in perceived

and true job finding, but we have abstracted from the underlying behavior of job seekers and how it

51The estimation results and targeted moments are shown in Tables E4 and E5 in the Appendix.
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depends on their beliefs. Using our estimates from the statistical model, in this section, we calibrate a
McCall type model, which explicitly relates workers’ job search to their perceived and true job finding
prospects. We use the calibrated model to quantify the impact of biases in beliefs on unemployment
duration and the incidence of long-term unemployment. We refer to Appendix F for further details on

the model and its calibration.

5.1 Model

We consider a stylized version of McCall’s search model in which agents decide how to set their reserva-
tion wage. We allow for heterogeneity and duration dependence in both the true and perceived arrival
rates of wage offers, denoted by ;4 and /A\i,d respectively.’> Wage offers are drawn from a known
distribution w ~ F (uw, 0120). The perceived value of unemployment for agent ¢ at duration d equals

1 .
Ui,d = u(bu) + — maX{Ui7d+1 + )‘Ld/ [Vz (w) — Ui,d+1)] dF (w)},
1490 R R

where § is the discount rate, u(b,) is the per-period utility flow when unemployed and V; (w) is the
value of being employed at wage w.>> A job seeker sets her reservation wage R; 4 to maximize her
perceived continuation value at any time of the unemployment spell. At this reservation wage, the
agent is indifferent between accepting a job and remaining unemployed, U; 4 = V (R; 4). The resulting

actual and perceived job finding rate for agent ¢ at time ¢ equal
Tia=Xia(1—F(Rig)) and Zig = Aiq(1 - F (R;q)) (15)

respectively, corresponding to the actual and perceived job finding rates in our statistical model.

We assume two types of job seekers: a high type h and a low type I, with A > A, and ¢ denoting the
share of job seekers with a high arrival rate. For both types of job seekers, the arrival rate depreciates
at geometric rate 6. As in the statistical model, we allow for three types of biases in job seekers’ beliefs,
but now applied to the arrival rates. First, job seekers may be subject to a uniform bias By. That is,
any type’s arrival rate is perceived as M = M + By. Second, job seekers misperceive their employability
type with probability 1 — By. That is, Prob(j\m = j\j])\Z-,g = M) = By. This is a parsimonious way to
capture that job seekers’ beliefs under-react to their differences in risk. Finally, job seekers perceive a

depreciation rate of their arrival rates of By6.>*

52In order to provide tractable characterizations of the impact on job finding and on duration dependence, all the action
in terms of heterogeneity, dynamics and biases is introduced through the arrival rates. As we assume that the wage offer
distribution is known, optimal search behavior is represented by a simple reservation price rule (see Rothschild [1974] and
Bikhchandani and Sharma [1996]) and this is not affected by the dynamics we introduce in the perceived arrival rate.
We abstract away from other potential biases. See Dubra [2004] and Conlon et al. [2018] for models with varying priors
regarding the wage offer distribution and learning based on the received wage offers. See Spinnewijn [2015] for a model of
search efforts with biased beliefs, distinguishing between baseline beliefs - regarding the baseline probability of job finding
- and control beliefs - regarding the increase in the job finding probability when searching more.

53The value of employment follows a similar structure, given an arrival rate of offers, A, and accounting for an exogenous
job separation rate, . For our analytical derivations, we set Ac = ¢ = 0, but we relax this in the numerical analysis.

51The arrival rate of worker i of type j after d periods of unemployment equals A; g = (1 — 0)'1 M, while the perceived
arrival rate equals A; g = (1 — Bg0)* X + By with probability By and \; 4 = (1 — By0)? A\™7 + By otherwise. Note that our
model ignores additional random errors in the beliefs, which we cannot credibly separate from noise in the elicitations.
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Biased Beliefs The setup allows us to illustrate a key behavioral mechanism in the presence of
biased beliefs. When a job seeker’s employment prospects change, she adapts her job search strategy
to mitigate the impact on her employment chances. This response, however, only comes into play when
the change in employment prospects is perceived. In our model, when the arrival rate of offers increases
for a job seeker, this mechanically increases the job finding rate. However, the job seeker becomes more
selective and increases her reservation wage (and thus decreases the job finding rate), but only to the
extent that the increase in the arrival rate is perceived. The mechanical and behavioral effect thus work

in opposite directions:®

i = [1— F(R)dr — 7 f (R) 22145 (16)

Mechanical Effect ~————~—"""""
Behavioral Effect

For constant arrival rates, we show that the pass-through elasticity of the arrival rate to the job
finding rate simplifies to
TA _q_ d\;

i N v 1
: ik a7)

for k; = %1 f %%%i)E (“(TL)/(_&()RZ') |lw > Ri> > 0. Importantly, the mitigating behavioral effect is pro-
portional to d\;/d\;, highlighting the impact biased beliefs have on actual unemployment outcomes.
For the same true arrival rates, job seekers who are more optimistic about their employment prospects

take actions that cause them to exit unemployment more slowly.

Heterogeneity vs. Duration-Dependence The wedge between the true and perceived arrival
rates, either across agents or over the unemployment spell, changes the observed duration dependence
in job finding rates. Giving the mitigating impact of job seekers’ behavior, any difference across job
seekers’ or over the unemployment spell that is not perceived leads to larger differences in actual job
finding. This implies stronger negative duration dependence in job finding and thus a higher incidence

of long-term unemployment. In our model, we can state:

Proposition 1. Starting from a stationary, single-agent model (6 = 0, \* = X' = X\) and assuming
Kk < mz’n{l/Bl, /\0/39}:

i. A mean-preserving spread in the true arrival rates (A\* > A for ¢ = 1/2) introduces negative

duration dependence in the job finding, g;g’;g < 1, and at a higher rate when By < 1.

55While we introduce variation in job finding through the arrival rates, it is important to note that the mechanical and
behavioral effect would continue to have opposite signs when changing the mean of the wage offer distribution instead,
like in Conlon et al. [2018]. A more favorable wage offer distribution increases job finding for a given reservation wage,
but workers would increase their reservation wage if this is perceived. See Dubra [2004] for general conditions under which
optimistic job seekers remain unemployed for longer. The mechanical and behavioral effect have also opposite signs in a
model with endogenous search, like in Spinnewijn [2015], when varying the baseline probability of finding employment,
keeping the returns to search fixed. The two effects would have the same sign, however, when varying the returns to search
instead; job seekers with higher returns to search find jobs at a higher rate and search more if they perceive the higher
returns. In contrast with the other three sources of heterogeneity, this final source of heterogeneity would give rise to a
positive correlation between job finding and the optimistic bias, which is opposite to what we find in the data.
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ii. Geometric depreciation in the true arrival rates (0 > 0) introduces negative duration dependence

a1 (Tiat1)

in the job finding rates, b Ba(T,a) < 1, and at a higher rate when By < 1.
alTs,q

See Appendix F.1.1 for the proof. First, when arrival rates are heterogeneous across job seekers,
those with lower resulting job finding rates are more likely to remain unemployed. Following equations
(1) and (2), the dynamic selection is stronger the larger the variance in job finding rates. We can

approximate this variance at the start of the spell for limited heterogeneity (\; = A + d);) by

varg (T) = varg ([1 — F(R)dA — M (R) ‘Z?dﬂ) (18)

x [1+ K% —2K(2By — 1)] varg (d)). (19)

The approximation shows that the variance in job finding rates is increasing in the heterogeneity in true
arrival rates, but less so the more this heterogeneity is perceived.?¢
Second, the evolution of job finding rates over the spell depends on how the arrival rates evolves

and how the reservation wage responds,

Eir (Tiar) _ Ba(Aari [1 - F (Rg41)))
Eq(Tia) Eq(\[l = F(Rg)])

Any depreciation of the arrival rates translates mechanically into negative duration dependence in the
job finding rates. However, when job seekers perceive the depreciation in arrival rates, they will adjust
their reservation wages and thus the acceptance rates. Starting from a stationary setting, the effect on

the relative job finding rate equals

Eq11(Ti,a41
ﬂEhmngmxﬂ_L
do Ao

where the behavioral effect is again scaled by the perception of the depreciation By. As the perceived
depreciation lowers the arrival rates more later in the spell, it induces workers to lower the reservation
wage more later in the spell, translating into a larger increase in the acceptance rate later on. This
behavioral response thus works in the opposite direction as the mechanical effect.

In sum, both heterogeneity and true duration dependence cause the observed duration dependence in
job finding rates to be magnified when the respective force is under-estimated. Making job seekers’ beliefs

more accurate would thus reduce duration dependence and the incidence of long-term unemployment.

5.2 Numerical Analysis

We calibrate our structural model with heterogeneity and duration dependence in the actual and per-

ceived arrival rates, targeting a subset of moments from our empirical and statistical analysis.®” Ap-

56The argument regarding the variance holds at any duration d, but its impact on duration dependence is normalized
by Eq(Ti,4) (1 — Eq (T;,4)). Hence, changes in the average job finding rate Eq (T;,4) can lead to offsetting effects for d > 0,
while the job finding rate at d = 0 remains constant for a mean-preserving spread.

5"While in theory it is possible, to perform the same estimation exercise in the structural model as in the reduced form
statistical model, fitting our cross-sectional data moments requires a large number of types, which is computationally
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pendix Tables F'1 and F2 show the targeted moments and calibrated parameters. As in the statistical
model, the targeted moments include the empirical true and perceived job finding rates for the short,
medium and long-term unemployed. But rather than targeting the covariances between true and per-
ceived job finding rates, we directly target the true duration dependence in job finding as estimated
in the statistical model. In particular, we target the ratio of the sample average of job finding when
long-term unemployed (> 6 months) vs. the sample average of job finding when short-term unemployed
(< 6 months). This ratio is estimated to be 0.90 in the statistical model. We gauge the sensitivity of
our results to setting this target ratio at 0.75, which is below any estimate from the statistical model.
The estimated parameters minimize the sum of squared differences between data moments and
simulated moments from the model. We closely match our targeted moments and obtain plausible

values for standard labor market statistics. We provide details on the calibration in Appendix F.2.

Comparative Statics We use the calibrated model to illustrate the opposing mechanical and
behavioral effects on job finding (see Appendix Figure F1). Starting from our baseline model, decreasing
the arrival rate of job offers by 10 percent increases the unemployment duration by 10 percent in the
absence of behavioral responses, but this increase is mitigated to only 6.8 percent when the worse
employment prospects are accurately perceived. In line with Proposition 1, we also find that a 10
percent increase in the spread of arrival rates increases the share of unemployed workers who are
unemployed for longer than 6 months by 28 percent. A 10 percent increase in the correlation between
the actual and perceived arrival rates, however, reduces that share of LT unemployed by 3.7 percent.
Similarly, increasing the depreciation rate from its baseline level to the high level, corresponding to our
two calibration models respectively, the share of LT unemployed increases by 16 percent, but the impact

would be mitigated to an increase of 13 percent if the change in depreciation were perceived as such.

Counterfactual Analysis We also use the calibrated model to quantify the impact of eliminating
the biases in beliefs on job seekers’ employment and the incidence of long-term unemployment in partic-
ular (see Appendix Table F3). While eliminating all three biases jointly (By = 0, By = By = 1) lowers
the average unemployment duration slightly, the impact on the share of LT unemployed is significant as
it decreases by 8.2 percent (2.4 pp). Interestingly, the results are qualitatively similar for the calibrated
model with a high depreciation rate. While the effect on the average unemployment duration is slightly
larger, the effect on the share of LT unemployed is basically the same at 8.9 percent. The model’s
prediction that biased beliefs contribute substantially to the high incidence of LT unemployment seems
robust to the relative importance of heterogeneity vs. depreciation in the true arrival rates. This is
not too surprising as job seekers’ perceptions under-react to the overall variation in job finding in both
calibrations. In line with Proposition 1, both under-reacting to the cross-sectional and to the longi-
tudinal variation increases the incidence of LT unemployment.’® Expressed as the ratio of the LT vs.

ST unemployment rate, we conclude that 11 — 12 percent of the high incidence of LT unemployment

challenging, given that we need to solve the decision problem for each type.

58The probability that high (low) types perceive themselves as high (low) types equals B; = 0.84 in the baseline model.
The cross-sectional bias becomes smaller (B1 = 0.89) in the model with high depreciation. However, with no perceived
depreciation in both models (By = 0), the under-estimation of the depreciation is more pronounced in the latter.
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in our model is explained by biased beliefs. We view this as a clear lower bound as we focus only on

systematic biases in beliefs but ignore random errors in perceptions as an additional source of bias.

6 Conclusion

This paper analyzes job seekers’ perceptions about their employment prospects and how these percep-
tions relate to employment outcomes. We have offered three sets of results:

We have documented empirically (1) that reported beliefs have strong predictive power for actual job
finding, (2) that job seekers are over-optimistic in their beliefs, particularly the long-term unemployed,
and (3) that job seekers do not revise their beliefs downward when remaining unemployed.

We have then developed a novel framework, where we show how the relation between beliefs and
ex-post realizations can be used to disentangle heterogeneity and duration dependence in true job
finding rates. Using this framework, we find that the reported beliefs reveal a substantial amount of
heterogeneity in true job finding rates, accounting for most of the observed decline in job finding rates
over the spell of unemployment. Moreover, we find that job seekers’ beliefs are systemically biased and
under-respond to differences in job finding rates across job seekers. Job seekers with low job finding are
over-optimistic and select into long-term unemployment without adjusting their beliefs downward.

We have also shown in a model of job search how biases in beliefs contribute to the slow exit
out of unemployment and the incidence of long-term unemployment. Unemployed workers with worse
employment prospects are over-optimistic, setting their reservation wage too high and not sufficiently
adjusting it as the unemployment spell progresses. Calibrating this model, we find that this mechanism
significantly increases the incidence of long-term unemployment.

Our analysis demonstrates the broader value of having data on both expectations and realizations
for the same individuals over time. In our context, the data allow us to learn about job seeker’s true
employment prospects, providing us with a novel identification strategy to separate dynamic selection
and true duration dependence, with well-known implications with regard to a broad range of labor
market policies. Further, the data allow us to learn about biases in the perceived employment prospects
and to study their interplay with behavior in determining unemployment outcomes. We believe this
opens up an important area of research with again wide-ranging policy implications. Our findings for
example raise the question of whether biases in beliefs amplify the rise of long-term unemployment
in recessions. If unemployed workers fail to adjust their beliefs about their employment prospects in
response to developments in the aggregate labor market, the lack of a behavioral response is likely to

lead to greater unemployment levels than would otherwise be the case.
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Online Appendix (Not for Publication)

A Survey Questions

A.1 Survey of Consumer Expectations
Question about 12-Month Job Finding Prospect

What do you think is the percent chance that within the coming 12 months, you will find a job that you
will accept, considering the pay and type of work?

[Ruler & box]

Question about 3-Month Job Finding Prospect

And looking at the more immediate future, what do you think is the percent chance that within the

coming 8 months, you will find a job that you will accept, considering the pay and type of work?

[Ruler & box]

A.2 Krueger-Mueller Survey
Question about 1-Month Job Finding Prospect

What do you think is the percent chance that you will be employed again within the next 4 weeks?

Please move the red button on the bar below to select the percent chance, where 0% means ‘absolutely

no chance’ and 100% means ‘absolutely certain’.

[ ! %

0% 100%
Absolutely no chance Absolutely certain

[NB: Initial position on bar is randomized.]

Question about Expected Duration

How many weeks do you estimate it will actually take before you will be employed again?
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B Descriptive Statistics and Sample Comparisons

This appendix provides additional descriptive statistics for both surveys, for the main samples used
in the analysis and a series of sub-samples. Table B1 shows statistics for the SCE, while Table B2
shows statistics for the KM survey. In both tables, column 1 shows the full sample of unemployed,
column 2 shows the main sample used in the longitudinal analysis and column 3 shows the main sample
used for the analysis of predictive power of beliefs. The samples statistics are very similar across the
different main samples, except for the sample in column 3 for the KM survey, which is substantially
smaller and somewhat selected. Columns 4 and 5, shows descriptive statistics for the short- and the
long-term unemployed. The long-term unemployed in both surveys are older and more female, though
little differences exist by education. Finally, columns 6 and 7 show descriptive statistics separately
by number of surveys completed. In the SCE, attrition appears to be non-random with respect to
education, though survey weights adjust for this. Reassuringly, the monthly job finding rate is similar
across the two samples. In the KM survey, attrition also appears non-random, but again survey weights
adjust for this. Moreover, the sample in column 7 with two surveys or more, which is the variation we use
for the longitudinal analysis in the KM data, is similar to the full weekly panel, which is representative

of the Ul population in New Jersey over the survey period.
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Table B1: Sample Comparison in the SCE

Unemployed: Unemployed:

Full Main samples Sub-samples of sample (2)
(in %) sample (1) (2)  (3) 4 6) 6 (7)
High-School Degree or Less 34.9 44.5 421 437 421 420 46.6 394
Some College Education 314 324 326 303 30.3 345 359 30.6
College Degree or More 33.7 23.1 254  26.0 276 23,5 175 299
Ages 20-34 23.1 254 23.8 21.2 294  19.1 299 20.3
Ages 35-49 34.0 33.5 344 33.1 345 344 328 354
Ages 50-65 42.9 41.1 417 45.7 36.1 46.5 374 44.2
Female 51.3 59.3  58.0 55.3 53.3 62.0 60.6 56.6
Black 11.1 19.1 18.2 14.3 179 185 199 172
Hispanic 9.6 125 122 11.0 13.2 114 11.3 128
Monthly job finding rate — 18.7 182 173 242 132 189 18.0
# respondents 12,200 948 882 494 513 479 395 487
# respondents w/ > 1 survey 10,147 534 477 278 260 239 166 311
# survey responses 84,174 2,597 2,281 1,201 1,070 1,211 756 1,525

Notes: All samples are restricted to ages 20-65. Survey weights are used to compute the descriptive statistics. The

table shows descriptive statistics for the full sample in the SCE, including those employed and out of the labor force,
as well as statistics for (1) all unemployed, (2) all unemployed where the sample was trimmed from observations
with inconsistent elicitations between the 3-month and the 12-month probability, and (3) the same sample as in
(2) but in addition limited to interviews with at least 3 consecutive monthly follow-up interviews (used to measure
3-month job finding). Sample (2) is the baseline sample in our paper and sample (3) is used for the analysis of the
predictive power of beliefs in Section 3.3. Sub-sample (4) consists of unemployed workers of durations 0-6 months
and sub-sample (5) of unemployed workers of duration of 7 or more months. Sub-sample (6) consists of those in the
main sample (2) with less than 9 interviews over the 12 months of the SCE and sub-sample (7) consists of those in
the main sample (2) with at least 9 interviews over the 12 months of the SCE.
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Table B2: Sample Comparison in the KM Survey

Monthly panel:

Monthly panel:

Weekly Main samples Sub-samples of (2)

(in %) panel (1) (2) (3 4 ) 6 (7

High-School Degree or Less 32.6 325 324 302 32.8 323 39.6 29.3
Some College Education 38.0 374 374 36.7 370 375 380 371
College Degree or More 29.5 30.1  30.2 33.0 30.2  30.2 224 33.7
Ages 20-34 35.3 38.1 38.7 21.7 449 35.7 551 314
Ages 35-49 36.5 354 348 318 35.8 343 31.8 36.2
Ages 50-65 28.2 26.5 26.5 46.4 19.3 30.0 13.1 324
Female 48.1 48.6 473 427 46.2 47.8 50.2 46.0
Black 22.8 24.4 241 15.2 23.0 24.6 30.7 21.1
Hispanic 23.6 275 27.8 169 33.7 249 31.8 26.0
Monthly job finding rate 11.1 10.3 10.5 10.5 13.5 9.5 — 9.2

# respondents 4,939 2,384 2,278 552 397 1,884 744 1,534
# respondents w/ > 1 survey 3,835 1,422 1,296 121 175 1,118 0 1,296
# survey responses 27,021 4,803 4,435 734 572 3,863 744 3,691

Notes: All samples are restricted to unemployed workers, ages 20-65. Survey weights are used to compute the
descriptive statistics. The table shows descriptive statistics for the full weekly panel of the KM survey, as well
as statistics for (1) the full monthly panel with elicitations about job finding , (2) the same sample as in (1)
but trimmed for observations with inconsistencies between the elicitation of the 1-month probability and the
expected remaining duration, and (3) the same sample as in (2) but in addition limited to interviews with at
least 4 consecutive weekly follow-up interviews (used to measure 1-month job finding). Sample (2) is the baseline
sample in our paper and sample (3) is used for the analysis of the predictive power of beliefs. Sub-sample (4)
consists of unemployed workers of durations 0-6 months and sub-sample (5) of unemployed workers of duration of
7 or more months. Sub-sample (6) consists of those in the main sample (2) with only 1 interview in the monthly
panel and sub-sample (2) consists of those with more than 1 interview in the monthly panel.
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C Theoretical Derivations in Conceptual Framework

This appendix provides the derivations underlying the characterizations in Section 3.1.

Decomposition of Duration Dependence We first establish the following result linking the
expectations at different durations:

covg (Xi5,Tia)

Eg1(Xis) = Eaq (Xis) — (20)

1-Ey(Tia)
To obtain this expression, we note first that
Sid . /Sid Sid — Sid+1) .
E T — ) T d — ) ) ) d
«(Tia) Sq Sd Sid "
_ / Sid — Sz‘,d+1dz. 1 Sd—i—l.
Sd Sd

where S; 4 refers to the survival rate to duration d for individuals of type i. We can then re-write

Sid+1 Sd / Sia(l— Ti,d)X sdi

Ei1(Xis) = Surt X 5di = S S,

1 Sid . Sid .
= [ ZMydi— [ 2T X d
1—Eq(Tiq) { Sq 00 ! / Gy b Z}

_ 1 J T Xipdi — [f s;dTi,ddZ} [f S;dXi,édl}

L= Ba(Tia) | = || 52T aXiodi — | 52 Tiadi] || 552 X 50|

1

o {E;(Xis) (1= Eg(Tpa)) — cova (Tya, X

1 E, (Ti,d){ 1 (Xis) ( 1 (Tia)) — covg (Ti a0, Xi )}

covg (T a, Xi5)
= FE;j(X;5) — —m—————>=
( 1, ) 1 . Ed (E7d)

which proves the earlier statement.
The decomposition of the observed duration dependence immediately follows from applying equation
(20) to the average job finding. That is,

covg (Ti.a, Ti.d+1)

Eq(Tia) = Ear1 (Tian) = Ea(Tig = Tiaer) + — Eq(Tia)

where

covg (T a, Ti.av1) = covg(Tig, Tia+ (Tiavr — Tia))

= warq (Tiq) — covq (T a, Tig — Tiav1) -
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Lower Bound on Heterogeneity We first note that

covg (Z; g, Fiq) =

o

1 (ZiaFia) — Eq(Zia) Eq (Fiq)
= Ey(Eq(ZiaF;dTia)) — Eqa(Zia) Eq(T;.q)

= Ey(Eq4

idLidlTia)) — Eq(Zia) Eq (T} q)
idlia) — Ea(Ziq) Eq (T;.q)

= covg(Zia, Tia) -
Now we can use the Cauchy-Schwarz inequality,

2
varg (T q) varq (Ziq) > cova(Zia, Tiq)
2
= covg(Zia, Fia)”.
Hence, we have derived the first lower-bound on the variance in job finding rates,

covq (Z; 4, Fi,d>2
vary (Zi.q)

varg (Tia) >

We next use Proposition 3 in Morrison and Taubinsky [2019] to derive a second lower-bound using

two measurements of the beliefs, Z! id and Z? i which requires that both are independently distributed

conditional on T} 4 (i.e., Z!; L Z?,|T; 4) and have the same conditional expectation (i.e., E ( id|ﬂvd> =
a (T;,4))). Following the proof in Morrison and Taubinsky [2019], we first note that

covg (214, Z2q) = Eq(Z4Z%q) — Ea(Z}4) Ea (Z}4)
= Eq(E ( iz,d’Ti,d))—Ed(a(ﬂ,d))Ed(Oé(ﬂ,d))
= B (a(T0)’) - Bala(T.0)"

a(a ( 4)) and

covg (Fi,d,Zf;d> = covg (Ti g, (Tia)) -

So we can combine these expressions with the Cauchy-Schwarz inequality,

vary (Ti,a) varg (a (T;.4)) > covg (T, o (Tia))?

to derive the lower bound

covg (Fi,d, Zild> covq (Fi,da sz>

varg (T;,q) >
covg (szv 22 >

Note that if the two measurements are positively correlated, conditional on T; 4, the lower bound

argument continues to hold, since then covy (Zl-{d, sz) > var (a (T q)).
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Linear Beliefs Model For the linear beliefs model, we have
Eqi(Ziaq) =bo+ b1Eq(T;4) for any d.

Hence, it trivially follows that
_ Eanr (Ziar1) — Ea(Zia)
Eqy1 (Tiav1) — Ea(Tia)

The variance in job finding is thus identified by

b1

1 Eq1 (Tiar1) — Ea (Tia)
Tig) = — Fia,Zi4) = : :
vera i) =, > cov B o) = gin) — Ba(Zua)

x covg (Fi.d, Zi.q)

We also note that with two elicitations ZZ-17 4 and ZZ?, 4 that are both some linear transformation of
ﬂ,d7
Zi],d =0y +0T;a+ Eg,d’

our earlier lower bound becomes tight,

1 2
covg (Fi,d7 Zz',d) covg (Fi,d7 Zz',d)

varg (Tiq) =
covg (Zi{d, Z3d>

But this is only the case when the error terms are independently distributed. The covariance ratio

becomes a lower bound when the error terms are positively correlated.
Persistence in Job Finding For the linear beliefs model, it naturally follows that

covg1 (Fiav1, Zia) = bicovgin (Tiaq1,Tia) -

This term relates to the dynamic selection term contributing to the duration dependence in job finding,
but is backward-looking rather than forward-looking. We characterize this relationship in case the job
finding probability consists of a permanent term and a random transitory term, independently drawn
every period,

Tia="T;+ Tig-

Here, the forward-looking covariance simplifies to the variance in the persistent component,

covg (Ti q41, Ti.a) = varg (T;) .
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The backward-looking covariance can be re-expressed as

covgy1 (Tias1,Tia) = covgpr (Ti + Tia1, Ti + Tia)
= Egn (T + 1i,041) (Ti + 1i4)) — Eayr (Ti + Ti.a41) Eay1 (Ti + Tia)
= Eat1[Eap1 (T + Tia1) (T + 73,0) | T3)]
—Eat1 [Eay1 (Ti + 7ia41|T3)] Earr [Easrr (T + 75,0l T5)]
= B (TP + Timig) — Eas1 (1) Egyr (T; + 7i4)

= warqy1(T;) + covay1(T;, 7i,q)

Here, we can apply the characterization of the conditional expectation in (20) to re-express

covg1(Ti,1ia) = Ear1 (Timia) — a1 (i) Egg (Tia)
covg (T, T;.a) covq (Tia, T.q)
= FE;(T;7;4) — ’ = _ F TYNNVE, (1 ) — —& 2 bd2 780/)
d( ”LTZ,d) 1— Ed (ﬂ,d) d+1 ( 2) d (led) 1— Ed (,—Z_‘i,d)
Eq (TiTEd> By (T) vary (Tiq)
1= By(Trg) Y 1= By (Tha)
1
= - ——— [Eq (Ti77y) — E((TY)E (774) — (Eap1 (T3) — Eq (Ty)) varq (7:.4)]
1—-Eq(T;q) ’ ’
1
- T1-E, (Tia) [cov (T3, Tz%d) — (Bay1 (i) — Ea(T;)) varg (7i,a)]
Eq1(T;) — Eq (Th)
1= By (Toa) varq (T; )
_varg (T3) varq (Ti,q)
[1— Eq(T;,0)]

where we have used

covg (Timia, T+ 750) = Ea(T77ia) + Eq (Ti7}) — Eq(Timia) Eq (Ti) — Eq (Ti7,4) Ea (7:.4)
= Eq(Tir}y)
covg (T3, T;
aer () = Ba(T) =~ 05 and
2y

oo (T72) = Ea(Tis)~ EAT)E () =0

Hence, we have
varg (T;) varq (7;,q)

[1— E4(T;0)

covgi1 (Ti g1, Tia) = varqe1(T;) —

while instead

covgi1 (Tia1, T ar1) = vargr1(T;) + vargen (7id+1) = varge1 (1) + varg (iq)
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Putting the two expressions together, we obtain

varg (T;)
[1— Eq(T;4)]"

)

covgi1 (Ti a1, T av1) — covgp1 (Tiat1, Tia) = varg (7iq) [1 -

which shows that the difference in the contemporaneous covariance and lagged covariance is increasing
in the variance in transitory shocks, but decreasing in the variance in the permanent shocks. Combined
with

covg (T;a, Tia) = varq (Ti) + varq (7iq)

and, for the linear beliefs model,

covar1 (Fi a1, Zia) = bicovgrr (Ti a1, Tia)
covgi1 (Fi a1, Zigr1) = bicovgyr (Tigv, Tids1)
covar1 (Fig, Zia) = bicovg (Ti g, T; q)

we can use the difference in contemporaneous and lagged covariance to get an estimate of the variance

in transitory shocks.
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D Additional Empirical Results

In this appendix, we provide additional results on the empirical analysis that we refer to in the paper for
both the SCE and the KM survey. More precisely, we provide (1) additional details on the distributions
of elicitations and their correlations, (2) additional details and a series of robustness checks on the
predictive power of beliefs and the non-parametric lower bounds, (3) additional details on the biases
in beliefs and a detailed robustness analysis of the longitudinal changes in beliefs, (4) evidence on the
relationship of beliefs, job search effort and reservation wages in the KM data, and (5) evidence on the

relationship between beliefs and indicators of labor market tightness in the SCE.

D.1 Elicited Beliefs about Job Finding

Figure D1: Histogram of Elicitations of the 12-Month Job Finding Probability in the SCE
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Figure D2: Histogram of Elicitations of the Expected Remaining Duration in the KM survey
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Figure D3: Comparison of Kernel Density Estimates for Alternative Forms of Elicitations
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Figure D4: Ratio of Imputed Probabilities and Elicited Probabilities based on Alternative Forms of
Elicitations in the SCE (top panel) and KM Survey (bottom panel)
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Note: See the main text and Figure D3 for details on the imputed probabilities.



D.2 Job Finding Beliefs and Outcomes

In this section, we provide additional details on the analysis of the predictive value of beliefs, a series of
robustness checks of the findings in Table 2 in the paper as well as the results for the KM survey. The
section also shows additional estimates of the non-parametric lower bounds in the SCE as well as the

lower bound estimates for the KM survey.

Table D1: Regressions of Realized Job Finding Probabilities on Elicitations (Showing Controls)

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

Prob(Find Job in 3 Months) 0.586%** 0.464%** 0.501%**
(0.073) (0.069) (0.092)

Prob(Find Job in 3 Months) x LT Unemployed -0.258%
(0.142)

LT Unemployed -0.078
(0.094)

Female -0.134%* -0.114%* -0.071
(0.055) (0.050) (0.046)

Age 0.017 0.018 0.019
(0.017) (0.015) (0.013)
Age*Age -0.0003 -0.0003* -0.0003*
(0.0002)  (0.0002)  (0.0001)

High-School Degree 0.216* 0.142 0.111
(0.130) (0.124) (0.101)

Some College 0.136 0.098 0.075
(0.121) (0.120) (0.095)

College Degree 0.117 0.054 0.031
(0.121) (0.119) (0.096)

Post-Graduate Education 0.139 0.059 0.034
(0.128) (0.126) (0.105)

Other Education 0.487* 0.388 0.329*
(0.267) (0.261) (0.197)

HH income: $30,000-$59,999 0.127** 0.111%* 0.095%*
(0.055) (0.053) (0.048)

HH income: $60,000-$100,000 0.182%** 0.189*** 0.150%*
(0.058) (0.057) (0.060)

HH income: $100,000+ 0.151%* 0.156** 0.113
(0.079) (0.072) (0.082)

Race/Ethnicity: Hispanic -0.022 -0.049 -0.062
(0.073) (0.067) (0.063)

Race/Ethnicity: African-American 0.157** 0.087 0.088
(0.078) (0.078) (0.070)

Race/Ethnicity: Asian 0.081 0.137 0.157*
(0.100) (0.084) (0.092)
Race/Ethnicity: Other -0.145% -0.131* -0.125%*
(0.076) (0.073) (0.060)

Constant 0.121%** 0.171 -0.104 -0.062
(0.040) (0.402) (0.363) (0.329)

Observations 1,201 1,201 1,201 1,201

R? 0.131 0.148 0.218 0.259

Notes: The table shows the results in Table 2 in the paper with controls. Robust standard errors (clustered at
the individual level) are in parentheses. Asteriks indicate stat. significance at the *0.1, **0.05 and ***0.01 level.
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Table D3: Linear Regressions of Realized Job Finding on Elicitations (KM Survey)

Panel A. Dependent Variable: Monthly Job Finding Rate

Prob(Find Job in 1 Month) 0.260** 0.266%** 0.382°%**
(0.109) (0.094) (0.131)
Prob(Find Job in 1 Month) x LT Unemployed -0.283
(0.180)
LT Unemployed 0.077*
(0.045)
Controls X X
Observations 650 650 650 650
R? 0.039  0.189  0.224 0.234
Panel B. Dependent Variable: Monthly Job Finding Rate
Expected Duration (Inverted) 0.402 0.294 0.513
(0.178)** (0.090)***  (0.140)***
Expected Duration (Inverted) x LT Unemployed -0.493
(0.157)%**
LT Unemployed 0.145
(0.056)***
Controls X X
Observations 650 650 650 650
R? 0.080  0.189  0.223 0.249

Notes: Survey weights are used in all regressions. All samples are restricted to unemployed workers in the
KM survey, ages 20-65, with 4 consecutive weekly interviews following the belief question. For the purpose of
comparability across the columns in the table, the samples are restricted to the same number of observations,
i.e., where all control variables and both elicitations are observed. Expected duration (inverted) is calculated

1

as 1 — (1 — 1)*, where z is the elicited expected remaining duration of unemployment (in weeks). Controls are
dummies for gender, race, ethnicity, household income brackets (4), educational attainment (6), and age and age
squared. Robust standard errors (clustered at the individual level) are in parentheses. Asteriks indicate statistical

significance at the *0.1, **0.05 and ***0.01 level.
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Figure D5: Averages of Actual Job Finding Probabilities, by Bins of Elicited Probabilities (KM Survey)
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Table D4: Lower Bounds: Additional Estimates (SCE)

Residualized Short-term

Full sample (full sample) unemployed

Lower bound measure based on: Value S.e. Value S.e. Value S.e.
.. 3-month elicitations only 0.032 (0.009) 0.016 (0.005) 0.031 (0.012)
... 12-month elicitations only 0.028 (0.008) 0.013 (0.004) 0.016 (0.009)
... 3- and 12-month elicitations 0.038 (0.010) 0.019 (0.006) 0.029 (0.013)
.. controls only 0.036  (0.009) 0.020 (0.006) 0.043 (0.012)
... controls and 3-month elicitations 0.053 (0.010) 0.030 (0.007) 0.059 (0.014)
.. controls and both elicitations 0.054 (0.010) 0.031 (0.007) 0.060 (0.014)

Notes: Standard errors are bootstrapped with 2,000 replications. For the results in the second column, in a
first stage, beliefs (in rows 1 to 3) and the predicted values (in rows 4 to 6) are regressed on three dummies
for unemployment duration (4-6 months, 7-12 months and 13+ months) and then, in a second stage, the
residual of the regression is used to compute the lower bounds. The sample in the third column includes only

those unemployed with a duration of 3 months or less.

Table D5: Lower Bounds Based on KM Survey

Lower bound measure based on: Value S.e.

. 1-month elicitation only 0.0039 (0.0035)
.. elicited duration (inverted) only 0.0081 (0.0086)
.. both elicitations 0.0085 (0.0076)
.. controls only 0.0192 (0.0137)
.. controls and both elicitations 0.0233 (0.0143)

Notes: Standard errors are bootstrapped with 2,000 replications.
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D.3 Biases in Beliefs
D.3.1 Average Bias by Duration

The following table shows the statistics in the SCE underlying the Figure 3 in the paper. It also shows

the corresponding statistics in the KM survey.

Table D6: Comparison of Perceived and Realized Job-Finding Probabilities

Perceived Job- Realized Job-
Finding Probability Finding Rate Sample Size

Panel A. SCE (3-month horizon)

Full Sample 0.491 (0.014) 0.408 (0.022) 1,201
Duration 0-3 months 0.616 (0.028) 0.642 (0.037) 369
Duration 4-6 months 0.529 (0.031) 0.472 (0.050) 184
Duration 7-12 months 0.530 (0.024) 0.333 (0.045) 198
Duration 134 months 0.354 (0.015) 0.221 (0.027) 450
Panel B. KM Survey (1-month horizon)

Full sample 0.256 (0.019) 0.105 (0.022) 734
Duration 0-6 months 0.256 (0.042) 0.135 (0.043) 79

Duration 7-12 months 0.283 (0.031) 0.116 (0.048) 158
Duration 13+ months 0.232 (0.028) 0.076 (0.022) 497

Notes: Survey weights are used for all statistics. All samples are restricted to unemployed workers, ages 20-65. The
KM sample is further restricted to interviews where the belief questions were administered. Standard errors are in
parentheses. Duration refers to self-reported duration in the SCE and duration of weeks of benefit receipt in the KM
survey. The SCE sample for this table is restricted to individuals with 4 consecutive interviews. Actual job finding is
measured in the SCE as the fraction of individuals who reported being employed in month t+1, t4+2 or t43, where t is
the month of the interview where the belief was reported. The KM sample is restricted to those who have not accepted
a job in the same or any previous interviews and are not working at the time of the interview. Actual job finding in
the KM survey is measured as the fraction accepting a job offer or working in an interview at any point in the 31 days
following the interview where the belief was reported.
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D.3.2 Job Finding Beliefs by Duration: Robustness

In this section, we provide additional details on the robustness analysis of our longitudinal results in
Table 4 and Figure 4 in the main paper.

We probe the robustness of the finding that beliefs are not revised downward in several ways and
also evaluate potential forces that may underlie the (weakly) increasing beliefs about job finding proba-
bilities. First, we check whether the results in column 4 of Table 4 hold for other measures of perceived
job finding. In the KM survey, we find that the expected remaining duration decreases with duration of
unemployment when controlling for individual fixed effect. This is obviously consistent with an increas-
ing probability over the spell of unemployment as reported in Table 4. For the purpose of comparison
with the probability question, we take the inverse of the expected duration question and convert it into
a 4-week probability, assuming that the probability is constant over the spell of unemployment (see
footnote 20 for details). Table D8 reports these results. We find that the coefficient is 0.013, which is
close to the estimate based on the probability question (0.022). Using the 12-month probabilities in the
SCE, the coefficient on unemployment duration is negative but insignificant and very close to zero with
an estimate of —0.0027 (0.0065). The point estimate implies that the 12-month probability decreases
by 3.2 percentage points over a 12-month period, which is almost trivial.

The first columns in Tables D7 and D8 report results where we exclude answers of 50 percent, results
where we exclude answers of 100 percent, results where we do not trim outlier answers as discussed
further above, and results where we use self-reported duration of unemployment as the independent vari-
able. While individuals increase their perceived job finding probability as they approach re-employment,
the result remains if we exclude individuals who find and accept a job within the next 4 weeks in the
KM survey. Neither is the estimate affected when we exclude individuals who reported a job offer in
a previous interview but did not accept it (see Table D8). Across all these different specifications, the
results are very similar.

We also find that our results are robust to controlling for changes in aggregate labor market con-
ditions during our sample period. For the SCE, which uses a rotating panel, controlling for changes in
the national, state unemployment rates or quarterly GDP growth has little effect on our estimate of
the duration dependence in perceived job finding rates. More importantly, we also run a specification
with individual fixed effects and fixed effects for calendar time, and find that the results are not af-
fected. Even though calendar time and duration are collinear in a given spell, this model is identified in
the presence of multiple unemployment spells per person. The results are very similar to our baseline
specification, demonstrating that aggregate time trends are unlikely to drive our longitudinal results on
perceived job finding. Note that, for the KM survey, the sample period coincides for all job seekers, so
calendar time and time spent unemployed are collinear and thus it is problematic to include the state
or local unemployment rate into the fixed effect regression. As discussed in Krueger and Mueller [2011],
however, the unemployment rate in NJ was nearly constant over the period of the survey (October 2009
through April 2010) between 9.5 and 9.8 and did not drop below 9.4 until August 2011, so it seems
unlikely that people perceived the job market to improve over the sample period.

Finally, one may be concerned that the beliefs are not elicited for individuals who get discouraged

and drop out of the labor and that as a consequence our longitudinal estimates are upward biased.
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While this is a potential concern in the SCE where individuals were asked the belief questions only
when unemployed, we’d like to start by emphasizing that this is not the case for the KM survey, where
individuals were followed and their perceptions were elicited independently of whether they indicated
searching for a job or not. To further assess this issue in the SCE, we split the sample into those
unemployment spells that were interrupted by or ended with a transition into out of the labor force.
We find a negligent longitudinal decline for those spells with a UN transition of 0.0022 percentage points
per month (or 2.6 percentage points per year). We further assess this issue by imputing the longitudinal
decline for the months where the individual was reported to be out of the labor force based on the
longitudinal decline in the months unemployed. We then re-estimate our regression with spell fixed
effects but now including those survey months where a person was reported out of the labor force as
part of the same spell. As the last column in Panel B of Table D7 shows, the resulting coefficient on
unemployment duration remains positive and becomes even significant, suggesting that even for the
SCE, our longitudinal results are not biased upward. Note that the nature of this exercise is somewhat
different from the one further above, as the imputation procedure implies that we give more weight to
individuals with more or longer transitions into out of the labor force.

The lack of updating over the spell seems pervasive across different groups of job seekers. When
we regress the gradient of perceptions over the spell of unemployment, we find few characteristics that
correlate significantly with it. For example, in the KM survey, measures of impatience, risk aversion or
available savings do not correlate with the beliefs gradient.?® We find a positive within-person correlation
between liquidity constraints and the perceived probability - a job seeker reports a higher job finding
probability when liquidity constraints become binding - but controlling for liquidity constraints does
not attenuate the positive impact of duration on beliefs.

To conclude, we have done extensive robustness checks and find that our results of the lack of
negative updating of beliefs over the unemployment spell is a very robust result in both the SCE and
the KM survey.

59Impatience in the KM survey is measured by the choice of a $20 incentive payment at the beginning of the survey over
the option of a $40 incentive payment after the first 12 weeks of the survey. Risk aversion is elicited as the willingness to
take risks on a scale from 0 to 10.
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Figure D6: Perceived Job Finding Probabilities, by Time since First Interview
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Figure D7: Average Perceived Monthly Job Finding Rate, by Duration of Unemployment and by Cohort
(KM Survey)
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Note: The figure shows averages for each month of unemployment duration and by cohort. The figures in Panel A show

raw averages, whereas the figures in Panel B show averages after removing individual fixed effects and adding the average
for each cohort. The figures does not show averages for month-cohort bins with less than 10 observations.
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D.3.3 Further Evidence on Elicited Beliefs

In this section, we provide some evidence on the relationship between eliced beliefs and job search
behavior as reported in the KM survey. We also report some evidence on how job-seekers’ beliefs
respond to aggregate indicators of labor market tightness in the SCE.

Table D9 reports the results of regressions on reported search behavior in the KM data. We find
that across job seekers, the self-reported reservation wage bears a negative association with the 1-month
probability though statistically insignificant, whereas time spent on job search activities is a positive
predictor of the elicited 1-month probability (significant at the 1 percent level). Overall, these results are,
at least qualitatively, in line with what one could expect from a simple search model with a reservation
wage choice and endogenous search effort: the reservation wage has a negative effect on the probability
of accepting and thus finding a job, whereas search effort increases the probability of finding a job. The
causality, however, may well run in the opposite direction. Job seekers who update positively on the
probability of receiving a job offer are likely to increase their reservation wage. Indeed, we find some
evidence for this in column 4: controlling for individual fixed effects, job seekers who decrease their
reservation wage, reduce at the same time their expected remaining duration, though for the 1-month
probability question the relationship remains small and insignificant. Reverse causality may confound
the relationship between job finding beliefs and search effort as well. Controlling for individual fixed
effects, the correlation between perceived job finding and search disappears.

When deciding how hard to search, the perceived returns to search are key as well (Spinnewijn
[2015]). The survey gauges job seekers’ perceived control by asking whether they could increase their
job finding chances by spending more time searching for a job. Interestingly, the vast majority of job
seekers state that they cannot. Table D9 shows, controlling for search effort, that workers who report
a positive return to search at the margin also report higher job finding probabilities.

We revisit the question on the role of beliefs for job search in our structural analysis in Section
5, where we specify a search model allowing for heterogeneous beliefs about the primitives of the job
search environment and calibrate this model targeting the true and perceived job finding in our data.
Note that our analysis in the statistical model in Section 4 abstracts from job search decisions and does
not rely on any assumption about how beliefs affect job search either.

Table D10 shows workers’ perceptions respond to aggregate indicators of job finding in the SCE. We
find that for unemployed individuals there is no significant relationship between the national or state-
level unemployment rate and the 3-month perception, though standard errors are relatively large. We do
find, however, a highly significant positive correlation with the elicited probability that the stock market
will rise and a highly significant negative correlation with the elicited probability that the unemployment
rate will rise. This suggests that unemployed job seekers take into account their perceptions about
aggregate conditions when expressing their perceptions about individual job finding (or vice versa),
but their perceptions about aggregate conditions seem ill-informed. Interestingly, when looking at the
sample of employed, who were asked the same 3-month perception question for the hypothetical situation
where they become unemployed, there is a strongly negative and significant correlation between the 3-
month perception and the national or state-level unemployment rate. For the state-level results, where

the standard errors are lower, we can reject the hypothesis that the unemployed’s perceptions respond
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as much as the employed’s perceptions to the state-level unemployment rate. At the same time, the
correlation between the perceived individual job finding and the perceived aggregate conditions is very
similar for the employed and unemployed. Overall, the results seem to suggest that unemployed workers’

perceptions under-react to aggregate indicators of their employment prospects.
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Table D9: Linear Regressions of Elicited Perceptions on Time Spent on Job Search and the Reservation Wage
(KM Survey)

Dependent variable: Prob(Find Job in 1 Month) Expected Duration (Inverted)
(1) (2) (3) (4)
Dummy for Control Belief 0.0884 -0.0109 0.1053 0.0533
(0.0253)*** (0.0230) (0.0197)*** (0.0307)*
Time Spent on Job Search (Hours per Week) 0.0013 -0.0014 0.0011 0.0008
(0.0006)** (0.0011) (0.0006)* (0.0014)
Log(Hourly Reservation Wage) -0.0304 -0.0109 -0.0477 0.1346
(0.0346) (0.0758) (0.0298) (0.0812)*
Reservation Commuting Distance (in min) -0.0002 -0.0009 -0.0008 -0.0003
(0.0006) (0.0013) (0.0005)* (0.0013)
Controls X X
Individual F.E. x X
N 3,992 4,087 3,911 3,990
R2 0.129 0.915 0.097 0.891

Notes: Survey weights are used in all regressions. All samples are restricted to unemployed workers, ages 20-65, in the KM survey.

Expected duration (inverted) is calculated as 1 — (1 —1)*, where  is the elicited expected remaining duration of unemployment (in
weeks). The dummy for control belief is set to one for respondents who believe that chances of finding a job increase if they spent
more time searching. Robust standard errors (clustered at the individual level) are in parentheses. Asteriks indicate statistical
significance at the *0.1, **0.05 and ***0.01 level.
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Table D10: Linear Regressions of Macroeconomic Measures on Elicitations (SCE)

Panel A. Unemployed Individuals:

Elicited 3-Month Probability (1) (2) (3) (4)
National Unemployment Rate 0.812
(1.369)
National Job Openings Rate 2.597
(2.460)
State Unemployment Rate -0.236 -0.561
(0.832) (0.763)
Elicited Prob(Rise in US Unemployment) 0.165%***
(0.039)
Elicited Prob(Rise in Stock Prices) -0.079*
(0.042)
Demographics X X X X
State FE X X
Observations 2,593 2,593 2,593 2,569
R? 0.103 0.102 0.175 0.187

Panel B. Employed Individuals:

Elicited (Conditional) 3-Month Probability (1) (2) (3) (4)
National Unemployment Rate -2.699%**
(0.366)
National Job Openings Rate 1.528**
(0.637)
State Unemployment Rate -2.789***  _2.9(1 FH*
(0.244)  (0.270)
Elicited Prob(Rise in US Unemployment) 0.217%**
(0.014)
Elicited Prob(Rise in Stock Prices) -0.096%**
(0.014)
Demographics X X b'e b
State FE X X
Observations 58295 58,295 58295 57,860
R? 0.054 0.055 0.066 0.075

Notes: Survey weights are used in all regressions. All samples are restricted to unemployed workers, ages 20-
65, in the SCE. Robust standard errors (clustered at the individual level) are in parentheses. Asteriks indicate
statistical significance at the *0.1, **0.05 and ***0.01 level.
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E Statistical Framework

E.1 Model Fit and Estimation Results for Restricted Models

In this section, we provide additional details regarding the estimation of the statistical model in the
paper. Table E1 shows details on the model fit for the baseline model. Table E2 shows additional details

on the restricted versions of the model discussed in the paper and shown in Table 6.

Table E1: Matched Moments

Value in
Moment Symbol Data Model
Mean of 3-Month Job Finding Rates:
.. at 0-3 Months of Unemployment MFy, 0.642  0.646
.. at 4-6 Months of Unemployment MEy, 0.472  0.456
.. at 7 Months of Unemployment or More mpg,, 0.256  0.262
Mean of 3-Month Elicitations (Deviation from Actual):
.. at 0-3 Months of Unemployment MZy3 — MEys —0.026 —-0.027
.. at 4-6 Months of Unemployment M7z — MEyg 0.057  0.058
.. at 7 Months of Unemployment or More Mz, — Mg, 0.153  0.147
Mean of Monthly Innovations in Elicitations maz 0.008  0.006
Variance of Elicitations SQZ 0.093  0.093
Covariance of Elicitations and Job Finding G 0.054  0.056
Covariance of Elicitations and Job Finding in 3 Months CZy4,Firs 0.025 0.024
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Table E2: Parameter Estimates and Model Fit for Restricted Versions of the Model

(1) (2) (3) (4) (5) (6)
A. Parameter Estimates Baseline 6 =0 No heterog. o,=0 b =1 b=0
and Selected Moments: inT;q by =1
E(T) 0.403 0.405 0.318 0.419 0.294 0.332
Var(T;) 0.044 0.051 0.000 0.070  0.019 0.019
or 0.334 -0.275 0.000 0.000  0.201  0.245
0 0.017 0.000 0.106 -0.044 0.012 0.015
bo 0.265 0.269 0.341 0.27 0.065  0.000
b1 0.55 0.538 0.349 0.543  1.000  1.000
O 0.453 0.453 0.442 0.454 0.374 0.38
Varo(Tg’O) 0.076 0.079 0.000 0.085  0.051  0.047
Varg(Tf’) 0.057 0.065 0.000 0.085  0.040 0.033
Vam(ijO) 0.081 0.082 0.066 0.083  0.087 0.085
TD 0.459 0.454 0.430 0.452  0.301  0.315
LD 0.070 0.000 0.430 -0.116  0.054 0.071
1—-LD/TD (in %) 84.71 100.00 0.000 125.67 82.20 77.53
B. Model Fit: Data (1) (2) (3) (4) (5) (6)
Targeted Moments:
ME,, 0.642 0.646 0.640 0.598 0.63 0.571  0.627
MFy, 0.472 0.456 0.446 0.460 0.418  0.464  0.520
mp,., 0.256 0.262 0.263 0.218 0.262  0.321  0.373
M7Zys — MEys -0.026  -0.027  -0.027 -0.049 -0.018 0.064  0.000
Mz,s — MEyg 0.057 0.058 0.062 0.041 0.078  0.066 -0.001
Mgy, — Mpy, 0.153 0.147 0.148 0.199 0.151  0.066 0.00
myz 0.008 0.006 0.007 -0.013 0.006  0.004 0.006
32Z 0.093 0.093 0.092 0.069 0.092  0.098  0.099
Cz.F 0.054 0.056 0.056 0.012 0.054  0.059  0.058
CZq,Fays 0.025 0.024 0.025 0.010 0.029 0.034 0.034
Weighted SSR 0.470 0.695 49.198 2.514 12.251 21.613

Notes: The total decline (TD) in 3-month job finding is defined as EO(T{Q:O) — E12(Ti3j12). The longitudinal
decline (LD) in 3-month job finding is defined as Eo(T7o — T} 12) -

69



E.2 Robustness

In this section, we study the robustness of our results when using alternative specifications, alternative
moments, and alternative functional forms and distributions. Tables E3 and E4 show results for various
robustness checks discussed briefly in the paper.

First, we assess the estimated heterogeneity in our statistical model using the heterogeneity that
is not predictable using observable characteristics. The robustness check we perform is to estimate
the model on a set of residualized moments, i.e., the moments obtained from the residuals of a set of
linear regressions of the 3-month belief question and of the 3-month job finding rate on the same set
of demographic controls as in Table 2. The estimation results are shown in Table E4 and the moments
in Table E5 . Overall, the estimation results are very similar to the baseline, with the role played by
true duration dependence being again close to zero. Of course, the extent of ex-ante heterogeneity is
estimated to be smaller in this robustness check, as the effects of observables are parsed out from all
moments. We also obtain a comparable estimate for the slope coefficient b; of 0.559, which suggests that
the relationship between observed heterogeneity in job finding and beliefs is similar as the relationship
between unobserved heterogeneity in job finding and beliefs.

Second, we probe the robustness of our findings to alternative assumptions about the functional
form and distributions as well as extensions of the model, as reported in Tables E3 and E4. Without
discussing these estimates in detail, the table shows that the parameter estimates are very stable across
all of the results reported in the table. In particular, our results are robust to assuming that 7; follows
the Gamma distribution (2), and to assuming that e follows a bounded normal distribution, which
no longer satisfies mean-independence of the error term (3). Our results are also robust to assuming
piecewise linear duration dependence instead of geometric depreciation (4), extending the horizon of the
model to 5 years (5), and doing both (6). We also extend the model to allow for completely persistent
elicitation errors (i.e., €;4 = €;) and find that it has no impact on our estimation results (7). This is
also true when we extend the model to allow for bunching at 0, 0.5 and 1 of the elicited beliefs, by
imposing on the baseline model that any belief in the intervals (0,0.1], [0.4,0.6] resp. [0.9,1) are reset
to the bunching points 0, 0.5 resp. 1. Despite these relatively strong assumptions about the nature of
bunching, the results of the estimation appear not to be affected (8). This suggests that the variations in
elicitations across (rather than within) these intervals is the dominant source of variation that is relevant
for identification of the key parameters in the model. We also report the results for a model (9), where
a share « of individuals has random elicitations (ZZ3 4 = bo +¢) and a share 1 — a correctly perceives
their job finding prospects (ZZ3 4= de) The model results are very similar to our baseline, and the
value of 1 — « is close to the value of by, suggesting that b; in our baseline may instead capture the
share of individuals who perceive their job finding prospects correctly. Our results are also very similar
when using the residualized data moments as discussed before (10), or when excluding individuals with
recall expectations when generating the data moments (11). Furthermore, the results do not change
either when restricting the set of moments by using only 0-6 and 74+ months for the time intervals and
dropping the mean of monthly innovations, so that the model is exactly identified (12), or when using
the inverse of the bootstrapped variances on the diagonal of the weighting matrix (and zero otherwise)

instead of the full variance-covariance matrix as the weighting matrix (13).
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Finally, in (14) we show the results for the extended model, where 0 # 0, as discussed in detail in
the paper. The targeted moments and the model fit are reported in Table E6. Figures E1 and E2 show
the estimated duration dependence in actual and perceived job finding for both the baseline model and
the extended model. Overall, the duration depdencence in both actual job finding and the bias looks
very similar across the two models. For this reason, not surprisingly, the fit of the restricted model in
column 15 of Table E4 where 6 = 6 is close to the fit of the unrestricted version of the extended model
in column 14.

To sumarize, we find that our results for the baseline model are very robust to alternative assump-
tions about functional form and distributional assumptions as well as to extensions of our baseline

model.
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Table E5: Matched Moments (Residualized)

Value in

Moment Symbol Data Model
Mean of 3-Month Job Finding Rates:

. at 0-3 Months of Unemployment M Fys 0.642  0.641

. at 4-6 Months of Unemployment MEy, 0.513  0.525

. at 7 Months of Unemployment or More meg,, 0.369  0.373
Mean of 3-Month Elicitations (Deviation from Actual):

. at 0-3 Months of Unemployment MZy3 — MEys —0.026 —0.025

. at 4-6 Months of Unemployment M7z — MEyg 0.042  0.026

. at 7 Months of Unemployment or More Mz, — Mg, 0.098  0.094
Mean of Monthly Innovations in Elicitations maz 0.009  0.006
Variance of Elicitations s% 0.078  0.078
Covariance of Elicitations and Job Finding cz.F 0.036  0.038
Covariance of Elicitations and Job Finding in 3 Months CZy,Firs 0.020  0.020

Notes: The sample is restricted to unemployed workers, ages 20-65, in the SCE. Moments are computed
based on residuals from a regression on dummies for gender, race, ethnicity, household income, educational
attainment, and age and age squared. Note that the raw mean of the variables in the full sample is added to

the residual.

74



Table E6: Matched Moments (Extended Model)

Value in
Moment Symbol Data Model
Mean of 3-Month Job Finding Rates:
.. at 0-3 Months of Unemployment ME,, 0.642  0.656
.. at 4-6 Months of Unemployment MFyq 0.472  0.452
.. at 7 Months of Unemployment or More mpg,., 0.256  0.250
Mean of 3-Month Elicitations (Deviation from Actual):
.. at 0-3 Months of Unemployment Mzyy — MEy;  —0.026 —0.030
.. at 4-6 Months of Unemployment M7y — MEy, 0.057  0.060
.. at 7 Months of Unemployment or More Mmz,, — Mg, 0.153  0.157
Mean of Monthly Innovations in Elicitations Mmdz 0.008  0.009
Variance of Elicitations:
.. at 0-6 Months of Unemployment 52206 0.098  0.091
.. at 7 Months of Unemployment or More SQZ7+ 0.073  0.079
Covariance of Elicitations and Job Finding:
.. at 0-6 Months of Unemployment CZo6,Fos 0.056  0.055
.. at 7 Months of Unemployment or More CZoy Fry 0.025  0.029
Covariance of Elicitations and Job Finding in 3 Months CZ4,Fiys 0.025 0.021

Notes: The sample is restricted to unemployed workers, ages 20-65, in the SCE.

75



3-Month Perception - 3-Month Job Finding Rate

3-Month Job Finding Probability

o
(N

o
©

©
3

o
o

o
3

o
~

o
w

©
[

o

0.2

0.15

0.1

0.05

-0.05

-0.1

-0.15 -

-0.2

Figure E1: Duration Dependence in Job Finding in Baseline and Extended Model
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E.3 Identification

In this section, we provide further details on the identification of the parameters in the statistical model.
We proceed in two steps:

First, we prove that in a two-period version of the statistical model, where o, = 0, all other
parameters are a function of moments with an empirical counterpart in the data and thus are identified.

Second, we provide a formal identification argument in the two-period model where o, > 0, and
then show that in the full model a monotone relationship exists between o, and the moment cz, r, .,
conditional on having identified all other parameters of the model.

Third, we extend the two-period model to allow for 6 =% 6 and prove that in the version of this
model, where o, = 0, all other parameters are a function of moments with an empirical counterpart in
the data and thus are identified. We then show in the full model that a monotonic relationship exists
between § and the moments CFry Z7, and 82Z7+, conditional on having identified all other parameters of
the model.

E.3.1 Identification in two-period model with o, =0

Proposition 2. In a two-period version of the statistical model with measurement error, var(e), that is
independent of T; g and with o, = 0, the parameters by, b1, and 6 as well as the mean and the variance
of the persistent component of job finding rates, E(T;) and var(T;), and the variance of the elicitation
error, var(g), are identified by the moment conditions for: (1) the means of the elicitations in period
1 and 2, mz, and mz,, (2) the means of the job finding rates in period 1 and 2, mp, and mpg,, (3)
the covariance of job finding and elicitations in period 1, cp, z,, and (4) the variance of elicitations in

: 2
period 1, sz, .

Proof. We start by assuming that there are only two periods, and that o, = 0. In this case, we can

write down the moment conditions for the moments mentioned in the proposition above as:

mz, = bo+ b E(T;) (21)
myg, = bo+bi(1—0)Ey(T;) (22)
mp, = Ei(T;) (23)
mp, = (1-0)Ex(T) (24)
crzy = cov(Fi1,biT;) (25)
sy, = bivari(T;) + var(e) (26)

where sub-indices 1 and 2 on the moments stands for the sample of survivors. Note that Ey(T;) = E(T;)
and vary(T;) = var(T;), i.e. the moments for the sample of survivors in period 1 correspond to the

population moments. The first two moments directly pin down by and by:

mz, —mz,

b = =2 2 (27)
mgp, —Mpg
myzy. myzg
by = my — —2—mp, (28)
mpg, mpg,



Then, we can write:

crz = covr(Fin, biTh)
= W[E\(Fi1T;) — B (F;
= W[EW(E\(FiaTiT;)) — BT,
= [B(T7) — E(T))*)
= byari(T;) = byvar(T;) (29)

e

N
no

N

Hence, we can pin down the mean and the variance of 7; from moment conditions (23) and (29):

E(T) = mn (30)

mp, — Mg
var(T;) = mcﬂzl (31)
2 1

We next note that we can re-write the expected value of T;, conditional on survival to period 2 as:

E\[Ti(1-T;)]

Ey(T;
_ E(TY) - E(T)
1— E(T;)
_ E(T)(1 = E\(T3)) — vary(T5) (32)
1 - E(T3)
Substituting this into the moment condition for mpg,, we get:
E(T;)(1 — Ey(T;)) — var (T;)
mp, = (1-10) : 1 — E(ZT) : (33)
7
Rearranging and using equation (30), we get:
o mF2(1 — mFl)
0 = 1-
mp, (1 —mp ) — vari(T;)
_ _ mp,(1 —mp)
- mpg, —mMmg
mFl(l - mF1) - Wcﬂ,%
_ 4 (mz —mz)(mp,(1—mp)) (34)
mp (1 —mp) — (mp, —mp )cr 2z,
Finally, given b1, we can solve for var(e) by using the moment condition for 8221:
2 myz, —my
var(e) = sz — m%,zl (35)

Since var(e) is increasing in o, the equation implies a value for o..
In conclusion, equations 27, 28, 30, 31, 34 and 35 solve parameters by, by, 6 and moments E(T;),

var(T;) and var(e) for any distribution of these variables as function of moments that we observe in
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the data (mgz,, mz,, mp,, mp,, cr,,z, and 5221). The two-period model with o, = 0 is thus identified.
O

Proposition 3. In a two-period version of the statistical model with both a measurement error, €, that
is independent of T; 4, as well as a non-classical measurement error of the form n = co + 11} 4, and
with o, = 0, the parameters I;O = by, 131 = by + c1, and 0 as well as the mean and the variance of the
persistent component of job finding rates, E(T;) and var(T;), and the variance of the classical elicitation
error, var(g), are identified by the moment conditions for: (1) the means of the elicitations in period
1 and 2, myz, and mzg,, (2) the means of the job finding rates in period 1 and 2, mp, and mpg,, (3)
the covariance of job finding and elicitations in period 1, cp, z,, and (4) the variance of elicitations in

; 2
period 1, sy .

Proof. As argued in the main text of the paper, the model continues to be identified exactly in the
presence of non-classical measurement error, as long as it is a linear in 7;. The proof is almost trivial,

as we can re-express equations 21, 22, 25 and 26 from above as:

mz, = (bo+co)+ (b1 +c1)Er(Th) (36)
mz, = (bo+co)+ (b1+c1)(1—0)Ea(T;) (37)
cr,z, = covi(EF;, (by +c1)Th) (38)
5221 = (b + cl)zvarl (T;) + var(e) (39)
mz, = bo+bi1Ei(T)) (40)

mg, = bo+bi(1—0)Ey(T;) (41)

crz, = cov(Fy,bT;) (42)

sy, = (b1)?var1 (T;) + var(e) (43)

These moment conditions are identical to the ones in the model without non-classical measurement
error, except that we replaced by and b; with bo and by. It follows from the proof for Proposition 2
that the parameters by, b1, # and moments E(T}), var(T}) and var(e) are functions of moments that
we observe in the data (mz,, mz,, mp,, mp,, cp 7z, and S2Z1). The two-period model with o, = 0 and

non-classical measurement error of the form n = ¢y 4 ¢17; is thus identified. O

E.3.2 Identification of o,

Our conjecture is that in a two-period version of the statistical model with measurement error, ¢, that
is independent of T; 4, with transitory shocks to job finding, 7; 4, that are independent of T}, and with
G(T;) following a two-parameter distribution, the parameters by, b1, 8, and o, as well as the mean and
the variance of the persistent component of job finding rates, F(T;) and var(T;), and the variance of the
elicitation error, var(e), are identified by the moment conditions for: (1) the means of the elicitations

in period 1 and 2, mz, and mg,, (2) the means of the job finding rates in period 1 and 2, mp, and mpg,,
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(3) the covariance of job finding and elicitations in period 1, cp, z,, (4) the covariance of job finding in
period 2 and elicitations in period 1, ¢p, z,, and (5) the variance of elicitations in period 1, 8221.
We again consider a model with only two periods, period 1 and 2. In this case, we can write down

the moment conditions for the moments mentioned in the proposition above as:

mz, = bo+ b E(T; +71) (44)
mzg, = bo =+ b1(1 — H)EQ(ﬂ + Tiyg) (45)
mp, = E(Ti+7i1) (46)
mp, = (1—0)E(T;+ 7’@2) (47)
Cr,z; = COup (Fi, bl (Tz + Ti71)) (48)
Cry 7, = covy(Fy, b1 (T; + Ti,l)) (49)
3221 = blvary(T; + 7:1) + var(e) (50)
The first two moments again directly pin down by and by:
b, = T MA (51)
mF2 — mpl
bp = myg — wmm (52)
mpg, — Mg
We can again re-write the expectation conditional on survival to period 2, now of T; + 7 1, as:
E (T +7i1)(1 =Ty — 75,1)]
Es(T; ; = : :
BT - BEA(T?) — Ex(7}y)
1 - B(T3)

BT~ B(T) ~ van(Ty) — vary (i) -

1 — Ey(T;)

because E1(7;1) = E1(T7;1) = 0. Similarly, we obtain
E(T;)(1 — E(T;)) — T;

BT + mg) = LB —von (1) 54)

1 — E(T;)
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because E1(7;1) = E1(TiTi2) = E1(Ti1i1) = E1(13,17i2) = 0. Hence, we can re-write:

cr,z, = covi(Fi1,01(Ty+71i1))
= W[EV(Fa(Ti+7i1)) — EA(E)E(T; + 7i1)]
= W[EW(E1(Fipn (T + 1)\ Ti11)) — Ev(Ty + 1ip) EA(Ts 4 731)]
= 0By EL(Ti 4+ 7ip))(Ti + 70)| T3, 7i1)) — Ex(Ti + 730) Ex(Ts + 731))]
= W[E(T;, +71)%) — Ex(Ti + 70,0) B (Ti + 731))]
= bi[B1(T? +2Tymin + 77y) — By(T) Ev(T)]
= b[E(T?) + Ei (7] ) — Eu(Ti) B (T7)]
= bijvari(T;) + vary (7‘2 1)] (55)

because E1(T;7;1) = 0. Similarly, we obtain:

CFy, 2y —

cova(F2,b1(T; + T1i1))

b1[Ea(Fia(Ti + 7in)) — Ex(Fi2) Ea(Ti + 7i1)]

b1 [Ea(Ea(Fyo(Ti + 73,1)| T3, 731)) — (1= 0)Ea(T; + 732) Ea(T; + 731)]
b1[Ba((1 = O)(T; + 732) (T + 731)) = (1 = ) Ea(T; + 7i2) Ea(T; + 7i,)]
bi(1 = O)[Es(Th + 732) (Ts + 1)) = Ba(Ts + 73.2) Ea (T + 73.1)]
B (T}

)~ BA1Y) - BTy vary (1) vary (T3) + vary (731)
oy (B - ) (BB - S )

bi(1-0)

where the last equality uses the same steps as before to re-write the conditional expectation. Re-

arranging terms and using mp, = E1(T;), mp, = (1 —0) [mp1 — %()} and b; =

CFy,7,

T—mp, 2_mF1 , we get:
vary(T;) +my, — B\(T}) — E\(Tit}y) 1 cpz
bi(1—0 L 120 ( - 77)
1( )[ 1—mF1 1 (M bl 1—mF1
_ myg, —my, mp,(1—mp) vary(Ty) +my, — BEi(T}) — Ev(Ti?)
mp, —mp, mp, (1 —mpg ) —var(T;) 1—mp

mz, — Mz, CF,Z,
_7mF2mF1 +mF27
mpg, — Mg 1- me

_ o Mmzy, —mz sz(l - mFl) UCLTl(T%) + m%‘l - El(j—?)
mp, —mp, mp, (1 —mpg ) —var(T;) 1—mpg
Mz, — Mz, CR,Z
——F——tmp,mp, +mp
mF2 - mFl 1-— F1
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. . C .
Using equation (55) to get vari(1;) = % — vary(7;,1), we can rearrange the equation above, to get:
c Mz, — Mgz, mF2(1 — mFl)
Fy 721 mpeg,—m
MrE, =ME mp, (1 —mp) — b BLS R Cr .,z + UCLT’l(TiJ)

mz2 —mzl

e —vary(ri1) + my, — Ei(T7)

Cc
mzy—Mmz, 1,2,

1—mp

Mz, —Myg CF,Z
_¥mF2mF1 + mp e
mp, — Mg 1—-m F
For two-parameter distributions of T; where E; (Ti3) is either implicitly or explicitly defined by the
first two moments of the distribution, we can define a function h(., .), such that By (T3) = h(E1(T;),var1(T;)),
and thus:

mZQ - m21 mF2(]‘ - mFl)

Mmp, — Mk mpl(l — mFl) — IR

CFQ,Zl 5 — M B

Mz =z CFuZy T vari(Ti)

Mpy —MEy _ . 2 _ Mpy—MFy _ )
Mz, —Mz, Cr,z, —vary (7_@71) + meg h(mF1> Mzy—Mz, Cry,zy —vary (Tl,l))
1-—mp
mz, — Mz, CF1,7,
M T ey i, T2 (56)
mpg, — Mg 1-— mpg

While it is not possible to solve explicitly for o, we note that for he < 0, the right-hand side of the

equation (56) above depends negatively on o, and thus a solution for o, exists.%C A solution also exists

for ho < h, where h is some positive number, as long as h is smaller than some upper bound h.
Having solved for vari(7;1), when a solution to equation (56) exists, we can then find a solution for

the mean and variance of Tj;:

E\(T;) = mpg (57)
’l’)’lFQ—’rI’ZF‘1

T) = - Th - - 58

vary (1) 2 —my, P vary(7i;1) (58)

Rearranging and using equation (47), we also get:

mp,(1 —mp,)
0=1- e (59)
mp (1 —mp) — Mz, —mz, CF1.71 VAT (7i1)
As before, given by, we can also solve for var(e) by using the moment condition for 82Z11
2 Mz, — Mz,
var(e) = sy — ———Cp .z 60
( ) Z1 mp, —mp, 1,41 ( )

In conclusion, if a solution exists to equation (56), implicitly defining o, we can solve for parameters
by, b1, o-, and 0 as well as the mean and variance of the persistent component of job finding rates,

E(T;) = E1(T;) and var(T;) = vari(T;), as a function of the moments mz,, mz,, mp,, mg,, cr, z,,

50Note o, is monotonically increasing in but not equal to vari(7i,1), because of the boundary conditions.
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Figure E3: The relationship between o, and the moment cz, ., in the estimated sub-model
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CFy, 715 5221, as shown in equations 51, 52, 57, 58, 59 and 60.

To provide further evidence on identification of the parameter o, we now proceed by showing that
in the context of our estimated model (i.e., with more than two periods), there is a monotone mapping
between the parameter o, and the moment Cz, r, ,. More precisely, we estimate a sub-model of the
baseline version of our statistical model for different levels of o, by targeting all of the same moments
except Cz, r,, - Figure E3 shows that there is a monotone relationship between the level of o, and the
covariance of elicitations and the 3-month forward job finding rates in this estimated sub-model, which

shows that our parameter o, is identified by the moment Cz, r, , in the full (baseline) model.

E.3.3 Identification in extended model with 6 # 6§

Proposition 4. In a two-period version of the extended version of the statistical model with 6 # 0 and
with measurement error, €, that is independent of T; 4, but with o = 0, the parameters by, b1, 0, 0 as
well as the mean and the variance of the persistent component of job finding rates, E(T;) and var(T;),
and the variance of the elicitation error, var(e), are identified by the moment conditions for: (1) the
means of the elicitations in period 1 and 2, mz, and mz,, (2) the means of the job finding rates in
period 1 and 2, mp, and mpg,, (3) the covariance of job finding and elicitations in period 1, cp, z,,
(4) the variance of elicitations in period 1, SQZI, and (5) a statistic that depends on all these moments

as well as the variance of eliciations in period 2, 32227 and the covariance with job finding in period 2,
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CFy,Z5-

Proof. We assume that there are only two periods, and that o, = 0. In this case, we can write down

the moment conditions for the moments mentioned in the proposition above as:

$Z2

bo + b1 E1(T5;)

bo + b1 (1 — ) Ex(T3)
EN(T5)

(1 —0)Ey(T5)

covi (F1,01T)
cova(F2,01T;)
bivar (T;) + var(e)

b2 (1 — 6)%vary(T;) + var(e)

where sub-indices 1 and 2 on the moments stands for the sample of survivors. Note that Ey(T;) = E(T;)

and vary(T;) = var(T;), i.e. the moments for the sample of survivors in period 1 correspond to the

population moments. One can express the additional moment condition (66) as follows:

cryz, = cova(Fiz,bi(1—0)T})
= bi(1 - 0)[Ex(F;2T;) — Eo(F2)E(Th)]

Re-arranging the moment conditions 61-67 and using equations (29) and (32), we thus get:

The mean of the job finding rate, E(T;) =

(
= b(1-
= b(1-

— 0)[Ex(Ba(FioTi|Ty)) — (1 — 0) B (T3)?
) (1 — 0)[Eo(T7?) — Eo(T;)?]
) (1 — O)vary(T;)

bo + bimp,
1-6
bo + bl m?’I’LF2
Eq(T;)
vary (1)
1—-6 —
( ) m 1 1 _ mFl
byvary (T;)

b1(1 — 0)(1 — O)vary(T3)
bivary (T;) + var(e)
b2(1 — 0)%vary(Ty) + var(e)
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Eq(T;), is directly identified by moment condition in equation



(71).We then take the difference of the first two moment conditions:

mgz, —mgz, = b (mp1 — mm@)

1-6 )

which gives by as a function of moments, 6 and 6. Next combine equations 73 and 75 and equations 74

and 76, to get:

sy, = bicm z +var(e) (78)
1-6
sy, = b —pemz + var(e) (79)
and taking the difference, we get:
146
2 2
71~ 82y = bi(cr,z — mCF2,Z2) (80)
Taking the ratio of equation 77 and 80, we get:
1-6
le - mZQ mFl - 170mF2 81
o 10 (81)
Al Z2 Cm,7, 19 CF»,Z>
Rearranging:
mz, —mz, 1-— é 1-— é
— — 82
82Z1 — 82Z2 (cr,z, 1— HCFz,Zz) mpy 1 Hsz (82)
Rearranging further:
LG Sl —mp, = - _Am +mZ1_mZ21_éc (83)
‘9221 —S2Z2 F1,2, F Iy Fa S2Z1 —5222 1-0 Fa,2Z
Rearranging further:
. Mz "Mz, —m
1—-6 - 5221_5222 F1,2, " ”
1-146 Mz, — Mz, (84)
52 _52 CF27ZQ - mF2
Z1 TZ3

Equation 84 defines the ratio of % as a function of moments only. Using the ratio, one can rearrange

equation 77 to get by as a function of moments only:

by

mFl —

mz,

_mZ2

1-6
1= F>

(85)
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Using b1, one can use equation 61 to get by as a function of moments only:
b() = Mz, — blmF2 (86)

Using b1, one can use equation 73 to get var(T;) = vari(T;) as a function of moments only:

var(T;) = Cngzl (87)
1

Using b; and var(T;), one can use equation 75 to get var(e) as a function of moments only:
var(e) = — b2var(T;) (88)

Using var(7T;), one can use equation 64 to get 6 as a function of moments only:

(mFl - sz)(l - mFl) - UCLT(TZ‘)

mp (1 —mp ) —var(T;)

Using 6 and equation 84, we get 6 as a function of moments only:

mz, m22
S2 S CF1,Z1 F1
f = 1-(1—0)—2_2
- mz, m22
52 5 CFQ,ZQ - mF2
Z1 "Z2

(90)

In conclusion, equations 85 (together with equation 84), 86, 63, 87, 88, 89 and 90 solve parameters
bo, by, 0, 6 and population moments E(T;), var(T;) and var(e) for any distribution of these variables
as function of moments that we observe in the data (mz,, mz,, mp,, mpg,, cry z,, 5221 and the ratio in
equation 84). The two-period model with o, = 0 and 6 # 6 is thus identified.

L]

To provide evidence on the identification of the parameter 0 in the full version of the model that we
estimate with the data, we proceed by showing that in the context of our estimated model (i.e., with
more than two periods and o, > 0), there is a monotone mapping between 6 and the covariance in
duration interval 7+, cp,, z,, as well as a monotone mapping between 6 and the variance of elicitations
in duration interval 7+, 32Z7+' More precisely, we estimate a sub-model of the extended version of
our statistical model, where 6 # 6, for different levels of 6, targeting all the same moments except
CFry 77, and 32Z7+. Figure E4 shows that there is a monotone relationship between the level of § and the
covariance of elicitations and job finding rates in duration interval 7+ as well as a monotone relationship
between level of f and the variance of elicitations in duration interval 7+. This shows that both of these

moments provide variation that identifies the parameter 0 in the full (extended) model.
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Figure E4: The relationship between § and moments CFry Z7, and 5227+ in the estimated sub-model
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F Structural Model

This section provides further details on the derivations and Proposition in the theoretical analysis and

the calibration and counterfactual analysis in the numerical analysis in Section 5.

F.1 Theoretical Analysis

In a stationary setting (with 8 = 0), we have for any individual
Tpq= N[l — F(R;)].

Now dropping subindices, we can consider the impact on the job finding rate 7" of infinitesimal changes

in A and 5\,

dT = [1 — F(R)]d\ — Af(R)fng,

A change in A does not trigger a change in the reservation wage R since it is only the perceived arrival

rate that informs the agent’s reservation wage. Rearranging this equation we get,

drA SR dRdA
AT — 1 —F(R) g\ d\

To unpack the % term we consider the determination of the reservation wage. The reservation wage
is defined by U = V(R), where

U =u(b,) + 141r(5m1%X {U + 5\/R[V(w) - U]dF(’w)]}a

V(w) =u(w) + 11+6{(1 — o) (V(w) + /w (V(z) - V(w))dF(w)) + JU}.

Assuming ¢ = \¢ = 0, we can write,

and thus

140 1 { 149 N 149
w(R) = u+ — max w(R) + A / [V(w) _ u(R)} dF(w)}.
1) ) 146 R 0 R 0

We can totally differentiate this condition with respect to R and 5\, applying the envelope theorem to
the right hand side (i.e., dU/dR = 0) and assuming no job separation risk and no on-the-job search
such that V(w) = (1 4 0)u(w)/d,

So, we can conclude
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Combining this with our earlier result, we find

dT X 1 S [ dF (w) g3

ar - T T T ER o
B fuw) u®)| ]
- 1_1+5T1—F(R)E[ W(R) ’wZR]d)\
B d\
= 1—/425

This corresponds to equation (17) in the main text.

F.1.1 Proof of Proposition 1

First, we consider the introduction of heterogeneity. That is, we assume M = X+ d\ for j = h, [ with
d\" = —d)\!' =~ 0, but we keep 6 = 0. We also assume an equal share of high and low types, ¢ = 1/2.

Now for small differences in actual and perceived arrival rates, we can approximate

dT dl' «
dX;

T;
dX;

Q

)

= MNl—-F(R)]+[1—F(R)dX — Af(R)ZidXi

= Ml-F(R)]+[1 - F(R)] [dxi - /@d;\i} .
Following the derivations in the conceptual framework (see Appendix C), we can write

Eqn(Ti) _, varq(T;)

Eq(T7) Eq(Ty) 1 - Eq(T3))

Given the mean-preserving spread in the arrival rates, we have
Eo(T;) = A1 — F(R)],

We also have
varg(T;) =~ wvarg ([1 — F(R)] [d)\i - /@dj\i} >,

= [1- F(R)]Qvarg [d)\i — /@dj\l} .
= [1- F(R)]2 {varo (d\) + k2varg <d5\> — 2Kcovg <d)\, d;\)}

where

cov (dA,dX) — B ()\h)2 +Bi(1-¢) (AZ)Z F (1= BYoMA + (1— By) (1 — ¢) AbAL — 32
= Byvarg (d\) + (1 — By) [AW - P}
= [2B1 — 1jvarg (dX).
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The last equality follows since varg (d\) = A2 — M\l for ¢ = 1/2.
Hence,
varg(T;) = [L — F(R)]? [1+ &* — 26 [2By — 1]] varg (dX) .

Small changes in the dispersion leave the expected job finding rate unaffected to a first-order, but do
increase the variance in job finding rates. However, the increase in the dispersion is scaled and has a
smaller impact on the variance in job finding rates, the higher By. The first part of the Proposition

immediately follows.

Second, we consider the introduction of geometric depreciation of the true and perceived arrival

rates,

Aa+1 =(1 = 0)\g,
Adr1 =(1— Byb)Aa.

We can write,

Tg+1 _(1-0) 1 — F(Rat1)

T, 1-F(Ry) '
T 1-F(Rgi1)
L] 1P 1o Q)d[im(éﬁ ]
d 1— F(Ry) o

Unpacking the last term, we find

AT F(R) = F(Rap)) Bt — f(Rayn)[1 — F(Ry)|SRis
do [1— F(Rq)]? ’
F(Ra) TR 0 — S (Fas) 5
B 1 — F(Ry) ’
_f(Rd—i-l)d]ZdJ—I f(Rg) 1— F(Rgy,) 4
1-F(Ry) |f(Rit1) 1—F(Ra) ‘”Z%

We now look at the reaction of the respective reservations wage to the depreciation parameter. The

reservation wage is characterized by V(Ry) = Uy where,

V(Rg) = ! ; 6U(Rd)
Ug = u(by) + 1le5 mex {Ud+1 +(1- Bg&)d)\o/R [V (w) — Ud+1]dF(w)},

so substituting the former into the latter for Uy, Uy q,and V(w) gives,

140 1
+ u(Rg) = u(by) + = max S u(Rgy1) + (1 — Bg@)d)\()/
(5 6 Ry Ry

u(w) = ulasn) [ aF (o)}
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Total differentiation yields,

1
:;‘5 '(Rg)dRy = — gdBe(l — Byh)~ 1>\0 [ —u Rdﬂ)} dF(w)d . ..
1 dR 1 dR
ot 5t (Rag) dcéﬂd@ — 5= Byt Aot/ (Ry41) dcé“de,
Hence, we find
dRy 1 By [1— B\ w(w) — u(Rap1) W (Ras1) dRg41
= — T E 2l
do 1+5{ d1—399< 1—0> d R BT (=A== -

and, then by iterating, we get

s s () S o () e[y - ]}

Starting from 6 =~ 0, the reservation wage, arrival rate, and job finding rate are approximate constant

and the perceived arrival rate equals the actual arrival rate. Denoting by R and T'= A [1 — F'(R)] the
reservation wage and the job finding for the stationary type, where we have dropped the subindex 0 in

the notation, we can write

dRg+1 1 [ u(w )—u(R)‘ ] 0 { L }

= —— ByTE| 2y > R (1 il

o lp—o 146 W (R) S:;rl

and thus

s X =N d (- =N s

dlil% =0 Dsear1(1—A) 4 1s Yo (1= A)s7d71s ’
A+ (1= N)[E + 52 :
N FESRNEY <1,

A 22

which proves that the reservation wage responds more at longer durations. The last equality above
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follows from expanding the power series as follows:

o

S =N s =d+ 14+ 1= N(d+2) + (1N d+3)+ (1 - NP d+4)+
s=d+1

=d+1D)A4+0=N4+0=N2+1T =23+ . )+ @ =N+20-N2+...,

dil+O—AXL+O—A%Hl—M2+O—AP+“)+O—AV+QO—AP+”W
d;\rl+¥+(1—/\)2(1+(1—/\)+(1—)\)3+...)+(1—)\)3+2(1—)\)4+...,
d4+1 1= (1-=XN2 (1-NF (1=

-ttt e
?Jr%(l%—(l—A)+(1—A)2+(1—A)3+...),

A4l 1-A

Ty T

Hence, putting things together and starting from 6 =~ 0, we have

a[:] FOR) |y [ 45
iy rw Ll —1}
B f(R) d+1 1-A
B MBTE[ ST TEIREL
[ d+(1 [ }
1= )
/\ R
_ f(R u(w) — u(R)
- FR){ ]1+5B(;TE[UIR‘1U>R],
1 u(w) —u(R)
].—HSBHE[ u’( ) ‘w > R] f(R) -1,
:BQXX—I.

Moreover, since jg =0 for # = 0, we also have

T
SR ok .
d9dBy |,y A

This proves the second part of the Proposition.
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F.2 Numerical Analysis

Table F1 shows the 8 moments that we target in the calibration of our structural model. As in the
statistical model, the targeted moments include the actual and perceived job finding rates for the short,
medium and long-term unemployed. We additionally target an average job acceptance rate underlying
the job finding rates of 0.71, as estimated by Hall and Mueller [2018] using the KM survey. As we
already estimated the true duration dependence in our statistical model using elicited beliefs moments,
instead of targeting these again, we directly target a moment capturing the depreciation in job finding,
i.e., the average of the ratio of true job finding when long-term vs. short-term unemployed within a
spell (i.e., E7(T;.q)/Eoe(T;,q) for a given spell). We simulate this moment using the baseline estimation
of our statistical model, obtaining a value of .895. We also gauge the robustness of our results to the
rate of depreciation and recalibrate the model targeting a ratio .75, which is below any estimate we
obtain in the statistical model (excluding the specification in which we do not allow for heterogeneity).
We set the perceived duration dependence By equal to 0 in both specifications.

Table F2 Panel A shows the set parameter values. We set the separation rate at 0.02 per month,
corresponding the average separation rate in the SCE. We set arrival rate of job offers for employed
workers at 0.15, in line with recent evidence in Faberman et al. [2017] also using the SCE. We assume that
wages are log-normally distributed, with a standard deviation of the logged distribution of o,, = 0.24 as
estimated by Hall and Mueller [2018] with the KM survey data. We normalize the median of the wage
offer distribution to 1. We also assume an annual discount factor 0.996 and CRRA preferences with
relative risk aversion equal to 2. Panel B of Table F2 shows the remaining 7 parameters of our model
{Bo, B1, \i; An, $,0,b,} that are estimated by targeting the vector of 8 moments. We find that the
uniform bias parameter By is negative, but the average bias is still positive. This is due to the share of
low types perceiving themselves as high, who remain unemployed for the longest. The probability that
high (low) types perceive themselves as high (low) types equals B; = 0.84 in the baseline specification.
As we assume that no duration dependence is perceived (By = 0), the corresponding cross-sectional
bias becomes smaller in the model where we target high true duration dependence (B; = 0.89).5! The
estimated parameters minimize the sum of squared differences between data moments and simulated
moments from the model. Table F1 shows that we closely match our targeted moments. We also obtain
plausible values for standard labor market statistics; the elasticity of the unemployment duration with
respect to unemployment benefits is 0.62, which is within the range of estimates in the literature (see
Schmieder and von Wachter [2016]). The elasticity of the reservation wage equals .44, which corresponds
to estimates in Feldstein and Poterba [1984] and Fishe [1982]. The elasticity of the equilibrium wage
equals .04, which is arguably low, but still higher than recent estimates in Jaeger et al. [2020]. The
monthly rate of job-to-job transitions equals 0.024, which is within the range considered by Hornstein
et al. [2011].92

51We have also extended our model with a type-specific bias in the perceived arrival rates. This relaxes the restrictions
of our stylized model that on average the low-type job seekers are more optimistic than the high-type job seekers. However,
the estimated type-specific biases are very close, suggesting that this restriction is not binding.

52We also performed sensitivity checks when changing incidental parameters, including the arrival rate of job offers
for the employed, the dispersion of the wage distribution and the level of risk aversion, which all change the relative
value of unemployment to employment. For the baseline model, it is mainly the parameter b, affecting the flow value
of unemployment that adjusts, while the other parameter estimates remain very similar. The other parameter estimates
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Table F3 shows the impact of eliminating the biases in beliefs on the average unemployment durations
and the share of long-term unemployed. The intermediate columns consider the elimination of one bias
at a time, the last column the elimination of all biases simultaneously. From Panel A, which shows
the results for the baseline model, we see that eliminating all biases lowers the average unemployment
duration, but this effect is numerically very small. Despite the small impact on the overall duration, the
impact on the share of LT unemployed is substantial, which decreases by 8.2 percent (2.4 percentage
points) when all biases are eliminated. Panel B shows the results for the model calibrated with high
depreciation rate. The effect on the average unemployment duration is somewhat larger, at around 0.15
months. However, eliminating the biases reduces the share of LT unemployed by 2.6 percentage points,
which is slightly higher than in the baseline model. Overall, the model’s prediction that biased beliefs
contribute substantially to the high incidence of LT unemployment is robust to the relative importance

of heterogeneity vs. depreciation in the arrival rates.%?

become more sensitive in the model with high depreciation.

53We note that these counterfactual results remain very similar when changing incidental parameters (i.e., wage offer
distribution, arrival rates, risk aversion) in the baseline calibration, but are somewhat sensitive in the calibration with high
depreciation.
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Table F1: Targeted Data Moments and Corresponding Moments in Structural Model

Baseline High Depreciation

Moments Data Model Model
Mean of 3-Month Job Finding Rates:

.. at 0-3 Months of Unemployment 0.642  0.642 0.640
.. at 4-6 Months of Unemployment 0.472 0.470 0.474
.. at 7 Months of Unemployment or more 0.256 0.259 0.255
Mean of 3-Month Elicitations:

.. at 0-3 Months of Unemployment 0.616  0.614 0.615
.. at 4-6 Months of Unemployment 0.529 0.537 0.535
.. at 7 Months of Unemployment or more 0.409 0.404 0.405
Acceptance Rate: 0.710  0.716 0.715
True Duration Dependence:

... Baseline Depreciation 0.895 0.895 -
... High Depreciation 0.75 - 0.751
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Table F2: Calibrated Parameters

Baseline High Depreciation
Parameters Symbol Model Model
A. Set Parameters
Median of wage offer distribution Lty 1 1
Std. dev. of logged wage offer distribution Ow 0.24 0.24
Exogeneous job loss probability o 0.02 0.02
Arrival rate when employed A¢ 0.15 0.15
Discount rate 0 0.004 0.004
Coefficient of relative risk aversion v 2 2
Longitudinal bias By 0 0
B. Estimated Parameters
Uniform bias By -0.014 -0.050
Cross-sectional bias B 0.84 0.89
Low-type arrival rate Al 0.12 0.16
High-type arrival rate An 0.63 0.67
Share of high-types 10) 0.78 0.74
Depreciation in arrival rate 0 0.019 0.046
Unemployed consumption by 0.52 0.52

Table F3: Comparative Statics in Structural Model

Eliminating Biases

Calibrated By=0
Model B[):O Blzl B9:1 Blzl
By=1
A. Baseline Model
Unemployment duration 4.01 4.07 4.01 3.90 3.95
Share of LT unemployed 0.295 0.297 0.275 0.289 0.271

B. High Depreciation Model
Average unemployment duration 3.99 4.15 3.99 3.75 3.85
Share of LT unemployed 0.294 0.299 0.278 0.278 0.267
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Figure F1: Comparative Statics: True vs. Perceived Changes in Arrival Rates

A. Impact of Arrival Rates on Duration
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Figure F1: Comparative Statics: True vs. Perceived Changes in Arrival Rates (continued)

C. Impact of Depreciation on LT Incidence
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Notes: Panel A plots the average unemployment duration as a function of actual and perceived arrival rates, changing
them in the same way for all types relative to the baseline model. Panel B plots the share of long-term unemployment (i.e.,
the share of unemployed workers who are unemployed for longer than 6 months) as a function of the spread of true arrival
rates (while preserving the mean arrival rate) and the correlation between the perceived and true arrival rates. Panel C
plots the share of long-term unemployment as a function of the true and perceived depreciation rate. The output in the
last two panels corresponds to results (i) and (ii) in Proposition 1.
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