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1 Introduction

Recent evidence shows that unemployed workers often overestimate their reemployment prospects
(Mueller et al., 2021; Mueller and Spinnewijn, 2023; Spinnewijn, 2015). Since these mispercep-
tions can distort job search behavior and prolong unemployment, a natural policy response is
to implement information provision strategies designed to correct these beliefs. However, it is
theoretically unclear whether such policies will actually improve employment outcomes. When
jobseekers learn that job finding may be harder than expected, this could encourage them to
intensify their job search, thereby improving reemployment prospects. Alternatively, it could
discourage them and lead them to give up on finding a job altogether.

In this paper, we study the causal effects of a large-scale information provision policy tar-
geting unemployment insurance (UI) recipients in the Danish labor market. Aligning with in-
ternational evidence, Danish Ul recipients tend to overestimate their reemployment prospects.
Against this backdrop, between 2015 and 2017, approximately 40% of new UI recipients were
assessed using a statistical profiling tool that predicted their risk of long-term unemployment
based on various characteristics. Subsequently, those with a high predicted risk received a mes-
sage about their negative reemployment outlook. The policy aimed to correct these individuals’
overly optimistic beliefs, encouraging them to adjust their job search behavior and leave unem-
ployment faster.

We analyze the effect of this information treatment on the likelihood of exiting unemploy-
ment. To establish causality, we leverage that the underlying profiling tool lends itself to a
regression discontinuity (RD) design using jobseekers’ age as the running variable. The profiling
tool builds on a decision tree that includes age as a key splitting variable. This means that many
jobseekers receive the information treatment based on their exact age at the time of profiling,
with cutoffs at ages 28, 29, 54, and 56. By comparing individuals just above and below these
age cutoffs, we obtain quasi-random variation in treatment assignment.

In line with the policy’s objective, the information treatment promotes exits from unem-
ployment: after six month, jobseekers who are just above the relevant age cutoff and receive the
information treatment are seven percentage points less likely to receive unemployment benefits
compared to those just below the cutoff. However, this effect could either indicate that jobseek-
ers are encouraged to find employment faster or that they become discouraged, abandon their
search, and leave Ul without securing paid employment. To distinguish between such encour-
agement and discouragement effects, we analyze the impact of the information treatment on the
likelihood of exiting unemployment into paid employment, as well as into passive support pro-

grams — such as sickness or parental benefits — that provide income support without requiring



active job search. Given the significant differences in the relevance of various passive support
programs across socio-demographic groups, we conduct this analysis separately by gender and
by age, distinguishing between treatment cutoffs at ages 28-29 and 54-56.

The effect of the information treatment differs markedly across these demographic groups,
indicating the presence of both encouragement and discouragement effects. We observe the
strongest evidence of encouragement effects among young men. For this group, the information
treatment leads to a significant increase in unemployment exits, mainly driven by transitions
into paid employment. Additionally, the information treatment encourages some young men to
leave unemployment to pursue further education and receive education benefits. Young women,
on the other hand, appear to be discouraged from actively seeking employment. For them, the
information treatment results in an increased uptake of parental benefits and a higher likelihood
of leaving unemployment without securing employment or receiving other benefits. Among older
jobseekers, we find that women tend to exit unemployment primarily due to an increase in paid
employment when informed about their heightened risk of long-term unemployment. Conversely,
we find evidence of discouragement effects for older men, where the information treatment leads
to an increased uptake of sickness benefits.

We interpret our empirical findings through the lens of a simple job search framework: job-
seekers decide on their search effort while also having the choice to exit unemployment without
finding a job, relying instead on passive support or personal savings. The information treatment
causes jobseekers to lower their expectations about their reemployment prospects, leading to
heterogeneous behavioral responses. Under appropriate functional form assumptions, the re-
vised beliefs encourage some workers to intensify their search efforts, promoting job finding and
exits from unemployment. This is consistent with our findings for young men and older women.
At the same time, the diminished reemployment prospects decrease the continuation value of
receiving unemployment benefits and actively seeking employment. When passive support is
relatively appealing, this may discourage job search entirely, leading to exits from unemploy-
ment into passive support instead. This aligns with our findings for young women, who may
prefer additional childcare time, and possibly with the results for older men who opt for sickness
benefits after leaving unemployment.

Our study relates to the growing body of research demonstrating that jobseekers tend to be
overly optimistic about their labor market prospects, including job finding (Balleer et al., 2021;
Mueller et al., 2021; Mueller and Spinnewijn, 2023; Spinnewijn, 2015) and their earnings poten-
tial (Caliendo et al., 2023; Conlon et al., 2018; Krueger and Mueller, 2016). A key contribution



of our study is that we estimate the causal effects of an actual large-scale information provision
policy that aims to correct these beliefs.

Additionally, our study contributes to the literature on the use of profiling tools in the
labor market. Similar to our setting, these tools use individuals’ characteristics as input for
statistical models to identify common patterns, including predicting long-term unemployment
risk. In most other settings, however, this information is used to assign specific treatments, such
as active labor market policies (see, e.g., Behncke et al., 2009; Black et al., 2007; Frélich, 2008;
Lechner and Smith, 2007; Staghgj et al., 2010), without sharing the outcomes of the profiling
process with the individual. Our results also provide new insights to the literature on online
labor market interventions designed to address the specific needs of individual jobseekers (see
e.g. Altmann et al., 2022; Behaghel et al., 2022; Belot et al., 2019, 2022; Ben Dhia et al., 2022;
Horton, 2017).

2 Empirical Setup

2.1 Unemployment and social security in Denmark

In Denmark, unemployment benefits are organized in a voluntary opt-in system. Eligible job-
seekers can receive benefit payments for a maximum of two years if they have made contributions
for at least 12 months within the past three years. The replacement rate is set at 90% of prior
wage income, capped at DKK18,866 (USD3,075) per month before taxes. To remain eligible for
benefits, recipients must actively search for jobs and document their search activities.
Depending on their circumstances, unemployed individuals may also be eligible for other
forms of public support. Individuals can qualify for educational benefits if they enroll in a sec-
ondary or tertiary education program or vocational training. Moreover, individuals can present
a medical certificate to receive sickness benefits instead of unemployment benefits for up to 22
weeks. Finally, there exists a flexible parental leave system that allows parents, including those
who are unemployed, to be involved in childcare. While mothers are entitled to maternity leave
for 14 weeks immediately after childbirth, either parent can take additional parental leave for
up to 32 weeks. In general, the level of sickness or parental benefits is the same as the level
of unemployment benefits. Importantly, however, individuals on any of these forms of passive

support no longer face job search requirements.

2.2 Profiling tool and information treatment

When becoming unemployed, all jobseekers in Denmark register at the online portal of the

Danish Employment Agency (jobnet.dk) to receive unemployment benefits. Upon registration,



they are asked to answer a voluntary online survey.! The survey is advertised as preparation
for their first caseworker meeting and covers 12 questions related to their education, job search
strategies, job preferences, and reemployment expectations. About 40% of all newly unemployed
individuals answer the survey, and more than 80% of respondents answer during the first two
weeks of unemployment.

During our study period (July 2015 - August 2017), the survey responses of participants
who completed the questionnaire were combined with additional administrative data and fed
into a statistical profiling tool.? As explained in more detail below, the profiling tool generates
a prediction indicating whether individuals face a heightened risk of long-term unemployment,
defined as being unemployed for 26 weeks (six months) or longer. Moreover, upon completing
the survey, jobseekers receive an immediate feedback message. For all respondents, the survey
concludes with an on-screen message expressing gratitude for their participation and explaining
how their survey responses will be valuable for their upcoming caseworker meeting. For individ-
uals classified as ‘high risk’, however, the screen includes an additional paragraph that informs

them about their heightened risk of long-term unemployment:

Your characteristics indicate that reentering employment might be challenging for
you. Our analysis reveals that persons with similar characteristics, who were previ-
ously unemployed like you, encountered greater difficulties in securing new employ-
ment compared to other unemployment benefit recipients. We recommend discussing

and planning the necessary steps with your caseworker to find a job quickly.

The aim of the message is to make jobseekers aware of their higher likelihood of long-term
unemployment. As we return to in Section 3, we expect that this will lead the typical jobseeker
to downward revise their optimistic beliefs about reemployment prospects.

We note that — in addition to conveying this message to the jobseeker — the categorization
of the individual as either high risk or not is also shared with the caseworker who is responsible
for assisting the jobseeker during the search process. In principle, the profiling tool and informa-
tion treatment could thus potentially influence employment outcomes by altering caseworkers’
behavior. In practice, this does not seem to be the case, as the majority of caseworkers report
that their counseling of jobseekers is not influenced by the risk assessment from the statistical
model (STAR, 2021). Moreover, as we discuss in Section 4.3, our empirical findings also indicate

no evidence that caseworkers respond to the information treatment.

'For all individuals who had not received benefits within the last 180 days, the survey is available for twelve
weeks after registration.

*We analyze the first profiling tool that was in use from July 2015 to August 2017 (STAR, 2015). Afterwards,
the statistical model was revised, and the risk assessment was abolished in March 2022.



2.3 Discontinuities in the profiling tool

The profiling tool was developed by the Danish Employment Agency and is based on a simple
machine-learning algorithm, trained to predict long-term unemployment. The algorithm relies
on a single decision tree that examines a range of observable characteristics — including age, eth-
nicity, previous (un)employment, former industry, education, and past receipt of public benefits.
The decision tree determines whether an individual is at high risk of long-term unemployment
by sequentially checking the value of the different variables used in the algorithm. High-risk
individuals in turn receive the information treatment message.

For our empirical analysis, we leverage the fact that the decision tree creates age disconti-
nuities in treatment assignment. Conditional on jobseekers’ other characteristics, whether they
receive the information treatment in many cases depends on whether their age has surpassed a
specific cutoff.? For example, a jobseeker with no employment in the previous year and an edu-
cational background in health is identified as ‘high risk’ and receives the information treatment
only if she is over 29 years old at the time of profiling. As another example, a jobseeker who was
employed in the previous year, has experience in public administration, and has not received
UI benefits in the past five years will receive the information treatment only if she is over 56
years old. Our analysis leverages such age discontinuities in treatment assignment to establish

a regression discontinuity (RD) design.

2.4 Data and regression discontinuity design

Our raw data contains all newly registered Ul recipients between July 2015 and August 2017 who
answered the online survey discussed in Section 2.2. We directly observe their survey responses
and the outcome of the profiling process — whether they are classified as high risk and receive
the information treatment message. Moreover, we link the survey information to administrative
data to reconstruct all input variables used in the profiling model and to observe individuals’
realized labor market outcomes.

With this data, we apply the decision tree to all worker input variables, excluding age.
This partitions the sample into 27 different subgroups (nodes in the decision tree) based on
their non-age characteristics (see Online Appendix Figure A.1). In eight of these subgroups,
age does not affect treatment assignment, so they cannot be used in our RD design. In the

remaining 19 subgroups, treatment assignment depends on whether the worker’s age crosses a

30nline Appendix Figure A.1 shows a full representation of the actual decision tree underlying the profiling
tool in which age is always the last variable examined along all branches whenever possible. Note that a given
decision tree does not have a unique graphical representation as the order of the splitting variables can be altered.
As we progress through our representation of the tree, we either end up at a terminal node without considering
individual’s age (see blue nodes) or we examine individuals’ age against one or more cutoffs before reaching a
terminal node (see red nodes).



particular threshold. Upon inspection, 12 of these groups have only very few individuals near
the age threshold, so we exclude them from our analysis. Additionally, we exclude one subgroup
consisting entirely of individuals of non-Danish origin. These individuals typically face distinct
labor market challenges and potential language barriers may limit the impact of the information
treatment.

After imposing these restrictions, we are left with six sizable subgroups (nodes) where treat-
ment assignment is determined by an age cutoff. These form our main analysis sample. Depend-
ing on the subgroup, the age cutoffs determining treatment are either 28, 29, 54, or 56 years.
We note that focusing on observations around these cutoffs will always result in a sample with
a distinctly bimodal age distribution. We return to this in Section 4.2.

To set up our RD specification, we construct the running variable, RV;, for each person i as
the difference between their age at the time of completing the survey and the relevant age cutoff
(28, 29, 54 or 56). In the absence of measurement error, we would predict all individuals where
RV; > 0 to receive the information treatment and all individuals with RV; < 0 to not be treated.
For some individuals, however, the predicted treatment will deviate from received treatment due
to idiosyncratic measurement error in the historical input variables used in the profiling tool. Due
to updates in the employment agency’s administrative data, the input variables we construct
ex post may sometimes differ slightly from those used when applying the profiling tool in real
time.* This will lead us to assign some jobseekers to the wrong subgroup and cutoff.

The existence of such measurement error effectively implies that our RD design is fuzzy.
Since the measurement error is in fact negligible, we focus our main results on intention-to-
treat effects (ITTs) of the information treatment on labor market outcomes.” We obtain these
by estimating the following equation on the (weighted) sample of individuals with RV; close to

Zero:
Yi = Po + B1RVi + B2RV; X T; + 7T + B3.X; + &, (1)

RV is the running variable (measured in weeks) determining treatment and 7; is an indicator
for crossing the treatment threshold (RV; > 0). X; corresponds to a set of predetermined control
variables. Besides examining average effects of the information treatment on the overall sample,

we conduct separate analyses for distinct groups of jobseekers — based on gender and age —

“Input variables, such as the ‘share of the past year spent on UI,’ may undergo minor revisions as additional
reports are received from various agencies. When assigning workers to subgroups, which determines their treat-
ment status based on potential age cutoffs, we use the most recent available data. If this differs significantly from
the data at the time of survey completion, we may assign the worker to the incorrect age cutoff.

SWe present 2SLS estimates of the Local Average Treatment Effect in Table A.3 of the Online Appendix.
However, since the estimated first stage coefficient exceeds 0.85, these estimates are very close to the estimated
ITT.



who are expected to exhibit heterogeneous responses to the information treatment (see also
Section 3).

In our main specification, we include observations within the optimal bandwidth that min-
imizes the mean squared error (Cattaneo et al., 2017) for our main outcome variable: an in-
dicator of whether an individual continues to receive unemployment benefits 26 weeks after
survey completion, which corresponds to the outcome of the profiling model. Moreover, we
weight observations using a triangular kernel and control for a rich set of predetermined job-
seeker characteristics. We exclude individuals who complete the survey in week zero (the week
corresponding to their actual crossing of the threshold) due to the potentially heightened mea-
surement error for such instances. Additionally, we examine the robustness of our findings by
conducting inference using robust confidence intervals (see Calonico et al., 2014; Cattaneo et al.,

2019), and using a quadratic specification instead of a linear one.

2.5 Validity of empirical approach

To ensure that the RD approach accurately identifies the causal effect of the information treat-
ment, it is critical that individuals on both sides of the cutoff are similar in all relevant charac-
teristics except for their treatment assignment (i.e. no systematic sorting). We argue that this
assumption is highly plausible in our context: there are no incentives or institutional features
that would encourage individuals to enter UI or complete the survey just before or after reach-
ing a specific age threshold. Importantly, the survey invitation received by newly unemployed
individuals does not mention the profiling tool, and the existence of the tool — let alone the
specific algorithm used — is not common knowledge.

To provide empirical support for the identifying assumption, Figure 1 shows the continuity
of the density function for the running variable around the cutoff (see McCrary, 2008). We
observe only minor distributional differences below and above the cutoff, and a statistical test
does not reject the null hypothesis that the density of the running variable is continuous around
the cutoff (p = 0.178).

In Online Appendix Table A.2 we further examine whether there exist discontinuities in
predetermined characteristics — including socio-demographics and labor market histories. We
see no indications of this — across more than 30 balancing tests, only two turn out to be
statistically significant at the 10%-level. This supports the notion that individuals just above

and below the cutoff are indeed comparable to each other.



Figure 1: Distribution of running variable
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Note: The figure shows the distribution of the running variable (measured
in weeks) around the age cutoff defining whether individuals are predicted
to be at low or high risk of long-term unemployment.

2.6 Baseline beliefs and predictive power of information treatment

Before examining the effects of the information treatment, we present descriptive evidence on
jobseekers’ beliefs about their reemployment prospects. In addition to the questions used for the
profiling tool, the survey that new Ul recipients receive also asks about their expected speed of
job finding. Using the group of non-treated individuals within a bandwidth of 150 weeks below
the cutoff, we can compare these beliefs with their realized outcomes to examine baseline beliefs
in the absence of the information treatment.

In line with previous evidence, Figure 2 suggests that unemployed workers in Denmark are
overoptimistic about their reemployment prospects. Approximately 48.5% of jobseekers expect
to find a job within three months, whereas only 31% actually do so. Similarly, only 2% of the
workers in our sample anticipate job finding to require more than six months but the reality is
that 40% have still not secured a job after six months.

Given these overly optimistic baseline beliefs, we expect the information treatment to correct
beliefs downward among treated individuals. This, of course, assumes that jobseekers view the
provided information as both trustworthy and new. In Appendix Table A.7, we substantiate this
by showing that the information from the profiling tool is predictive of actual unemployment
durations, both unconditionally and after accounting for individuals’ reported baseline beliefs.
At least under a Bayesian learner benchmark, this implies that jobseekers should revise their

beliefs downward in response to the information.

S Appendix Table A.7 shows that during the pre-profiling period from April 2014 to June 2015 — when no one
received the information treatment — individuals identified as ‘high risk’ by the profiling tool were more likely to
remain unemployed after six months, even after controlling for their reported baseline beliefs.



Figure 2: Baseline Beliefs and Realized Job Finding
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Note: The figure shows the distribution of the perceived and realized job finding prospects among non-treated
individuals within a bandwidth of 150 weeks below the age cutoff (N = 5,189).

The expected job-finding prospects (Panel A) is elicited during the survey before treated jobseekers were informed
about their heightened risk of long-term unemployment using the following question: How quickly do you think
you will find a new job?

The corresponding realized job finding (Panel B) refers to the duration between the completion of the survey and
the first month in which the individual was employed (as observed in the administrative records). The category
‘leave unempl. for other reason’ accounts for all jobseekers taking up an education, sickness or parental benefits.

3 Theoretical Framework

The descriptive evidence suggests substantial scope for individuals to adjust their subjective
beliefs and that it is reasonable for the average treated jobseeker to raise their perceived risk of
long-term unemployment. In this section, we theoretically illustrate how updating jobseekers’

beliefs may influence their behavior.

3.1 Job search framework

While receiving unemployment benefits, individuals search for jobs and receive a flow utility
of b. Individuals choose their level of search effort, s, which affects the rate at which job offers
arrive, according to the arrival rate \(s). Inspired by Mueller and Spinnewijn (2023), jobseekers
hold subjective beliefs about the job arrival rate, X(s), and maximize utility as if X(s) represents
the true function. We assume that /)\\(s) is an increasing and concave function. For illustrative
purposes, we further assume that all jobs offer the same wage, denoted by V', and that this value
is high enough to be preferred over unemployment.” Effort costs incurred during job search are
captured by the increasing and convex function ~(s).

We denote the value of unemployment while exerting search effort s and facing a specific

(perceived) job offer arrival rate of A as U(s, \). Assuming a time discount rate of p, this satisfies

"This assumption means that we abstract from individuals’ reservation wage choice, the minimal job offer they
would accept. If jobs offer varying wages and jobseekers sometimes reject offers, they may lower their reservation
wage upon learning about the diminished perceived returns to search. This, in turn, may reinforce faster job
finding and exit from unemployment.



a standard asset pricing equation reflecting the flow benefits and costs, and the likelihood of

transitioning to employment:

Moreover, we allow for the possibility that jobseekers may exit unemployment for various
forms of passive support, with the most attractive option offering an exogenously fixed contin-
uation value of R. Depending on the individual, this could involve starting a new education
and receiving educational support, receiving sickness or parental benefits, or even some form of
self-support without a job.

In this framework, individuals’ optimal decisions have a simple, useful characterization.
First, while receiving unemployment benefits and actively seeking employment, we can think
of a jobseeker as jointly selecting a combination of search effort, s, and the corresponding
job finding rate based on their subjective beliefs, X(s) We let U denote the value of being

unemployed when making this choice optimally:

U =maxU(s,A) st. A=A(s) (3)

EWN

The solution to this maximization problem defines the optimal search effort, s*, when receiving
unemployment benefits. Moreover, the decision of whether to remain on unemployment benefits
or opt for passive support is straightforward, and based on comparing the continuation values.
The overall continuation value W is given by W = max {R, U } If U > R, it is optimal to
receive unemployment benefits and continue searching. Otherwise, the individual will choose to

exit into passive support.

3.2 Potential effects of the information treatment

The information treatment informs treated jobseekers that they have a heightened risk of long-
term unemployment. As noted, we expect this to lower their expectations regarding the likeli-
hood of success when searching for employment. We therefore consider the comparative statics
of transitioning from some initial perceived job offer arrival rate Xb(s) to a less optimistic one,
denoted as Xu(s), where Xu(s) < Xb(s).

We first examine the effect of this change on optimal search effort, conditional on remaining
on unemployment benefits. As emphasized by Mueller and Spinnewijn (2023), this effect is am-
biguous and depends on the precise difference in the shape of Xb(s) and Xu(s) Under suitable
functional form restrictions, however, the revised beliefs will lead to increased search effort, as

workers come to realize that they need to search harder to successfully find a job. (“encourage-

10



Figure 3: Graphical Illustration of Potential Treatment Effects
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Note: The figure illustrates the potential effects of the information treatment within the search framework
outlined in Section 3.

The upper panel illustrates how the information treatment potentially encourages job seekers to increase their
search effort, s. The treatment reduces the perceived job finding rate from Ay(s) (black solid line) to Ay (s)
(black dashed line). For the job seeker characterized by the red indifference curves, this induces an increase in
the optimal effort level from s to s”. The overall value of being on UI is reduced from U(s, \) = U(s’, Xy (s'))
to U(s,\) = U(s", Xu(s”)). In addition to the illustration above, Figure A.2 in the Online Appendix depicts
a scenario where the information treatment leads to a reduction in the optimal effort.

The lower panel depicts the relationship between job seekers’ search effort, s, and the perceived value of search,
U, before (red solid line) and after (red dashed line) receiving the information treatment. The perceived value
of search decreases from U(s’, Xp) to pU(s", Ay) due to the information treatment. Given that U(s”,Ay) <
Ry, individuals eligible for the high outside option, Rj (represented by the dash-dotted line), cease their
search activities entirely. Given that U(s”,xu) > Ry, individuals eligible for the low outside option, R;
(dotted line) continue their search and adjust their search effort as illustrated in the upper panel.
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ment effect”). As will be clear from our results, this seems to be the empirically relevant case
in our setting and the upper panel of Figure 3 illustrates such a scenario.®

The initial maximization problem (see Equation (3)) can be visualized as selecting a com-
bination of s and A along the curve Xb(s), where utility increases as one moves upwards and to
the left. When beliefs change, the curve shifts downwards to Xu(s), resulting in a new optimum
with higher search effort.

Since the change in beliefs also reduces the perceived value of unemployment, however, it
may also influence the decision to continue receiving unemployment benefits versus switching to
passive support. We illustrate this in the lower panel of Figure 3. The change in beliefs reduces
the value of unemployment, U. As a result, jobseekers who have access to relatively attractive
passive support, Ry, may find it preferable to give up their job search and switch to passive
support. Conversely, jobseekers with only less attractive passive support options, R;, are likely
to remain on unemployment benefits and continue their search at a higher effort level.

In summary, this simple framework suggests that the information treatment may encourage

exits from unemployment. However, these exits could result from either faster job finding or

from job seekers becoming discouraged and transitioning to passive support schemes.

4 Results

4.1 The effect of the information treatment on exits from unemployment

We start our RD analysis by examining whether receiving the information treatment leads
jobseekers to exit unemployment faster overall. Given the objective of the information treatment,
we focus on the likelihood of receiving unemployment benefits 26 weeks after survey completion.

Figure 4 shows graphical RD results. Panel A shows the share of individuals receiving
the information treatment in relation to the value of the running variable. As anticipated,
crossing the treatment threshold causes a discontinuous jump in the likelihood of receiving the
information treatment, rising from near zero to about 90 percent. As discussed earlier, the slight
imperfect compliance is due to minor measurement errors in the profiling tool’s input variables.

Panel B illustrates the intention-to-treat (ITT) effect by plotting the share of individuals who
receive unemployment benefits after 26 weeks against the running variable. Again, there is a clear
discontinuous change at the treatment threshold. Treated individuals just above the cutoff are
approximately seven percentage points less likely to remain unemployed after 26 weeks compared
to those just below the cutoff. Corresponding numerical I'TT estimates are available in Appendix

Table A.3. In comparison to the sample average, our estimates indicate that the treatment

8The opposite case would imply that downwards correcting beliefs leads to a reduction of search effort. We
graphically illustrate such an ‘intensive margin discouragement’ scenario in Appendix Figure A.2.

12



Figure 4: Graphical illustration of regression discontinuity

A. First stage effect B. Intention-to-treat effect
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Note: The figure illustrates the regression discontinuity around the age cutoff. Panel A depicts the relationship between the
running variable and the likelihood of actually receiving the information treatment after survey completion. Panel B depicts
the relationship between the running variable and the likelihood of still receiving unemployment benefits 26 weeks later. Each
dot represents the average for individuals within bins of the running variable, while the solid lines represent an RD-regression
fitted to the underlying data.

(@) Includes public benefits subject to job search requirements, for example unemployment insurance (UI) benefits and social
assistance.

significantly reduces the probability of becoming long-term unemployed by 6.8 percentage points

or about 16% (p = 0.004). This result is robust to alternative specifications, including dropping
control variables, using a quadratic instead of a linear specification and switching from a data-

driven optimal bandwidth to a more restrictive manual choice.

4.2 Exits to employment vs. other support programs

The results above confirm that the information treatment leads to faster unemployment exit, in
line with both the policy’s overall objective and with the predictions of the theoretical frame-
work from Section 3. However, the additional exits from unemployment could reflect both en-
couragement effects, where jobseekers increase search effort, and discouragement effects, where
jobseekers abandon job search entirely and transition into passive support. To disentangle these
effects, we next decompose the effect of the information treatment on the uptake of various
types of public benefits and employment.

To conduct a meaningful analysis of transitions into other support programs, we need to
split the data into subgroups due to the composition of our RD sample. As noted in Section
2.4, our sample effectively contains two age groups: young workers in their late twenties (around
age cutoffs 28 and 29) and older workers in their mid-fifties (around age cutoffs 54 and 56).
We analyze these groups separately to account for their differential incentives and possibilities
regarding passive support. In terms of lifetime income, leaving the labor force near pension

age has very different effects compared to doing so early in one’s career. Moreover, passive

13



support programs such as educational support and parental leave are primarily relevant for
younger workers. Finally, due to the pronounced gender disparity in parental leave uptake, we
also conduct our analyses separately by gender.

Panel A of Table 1 presents RD estimates of the effect of the information treatment on
the likelihood of receiving various forms of support or no public benefits after 26 weeks. Ad-
ditionally, we decompose the outcome receiving ‘no public benefits’ into paid employment and
self-support through other means. First, we re-estimate the effect of the information treatment
on the likelihood of receiving unemployment benefits after 26 weeks, with separate analyses for
each worker subgroup. For all four subgroups, the estimated effect on the likelihood of receiving
unemployment benefits is negative, although the magnitude and precision of the coefficients
vary. The effect is estimated to be most pronounced for young men (-29.7pp, p = 0.002), while
the effect for older men is markedly smaller and not statistically significant (-1.9pp, p = 0.643).
The estimated effect for both young and older women is similar to the overall effect (-4.6pp
and -8.9pp, respectively). However, only the effect for older women is statistically significant
(p = 0.022), while the effect for young women is not (p = 0.534).°

Despite the broadly similar effects on exits from unemployment, we see very pronounced
differences across the four subgroups when considering the likelihood of receiving other forms of
public benefits after 26 weeks. For young men, the information treatment notably increases the
likelihood of receiving education benefits (+6.8pp; p = 0.029) and exiting public benefits entirely
(+22.3pp; p = 0.021). The latter seems to primarily reflect increased job finding, although
the estimated effect on paid employment is not statistically significant at conventional levels
(+14.2pp; p = 0.137). For young women, the information treatment increases the likelihood
of being on parental leave (+5.9pp; p = 0.022) and the likelihood of leaving unemployment
benefits without securing paid employment or receiving other benefits (+9.5pp; p = 0.039).%°

Viewed through the lens of the theoretical framework from Section 3, these results are
consistent with the notion that young men primarily experience an encouragement effect, while
young women encounter a discouragement effect. After receiving the information treatment,
most young men are motivated to search harder because they lack attractive alternatives. In
contrast, for many young women, additional childcare time on parental leave or time out of the
labor force may present a relatively appealing alternative. The discouragement induced by the

information treatment leads them to abandon their job search altogether, at least temporarily.

9Pairwise tests of the estimated effects reveal that the effect for young men is significantly different from those
for the other groups. However, we cannot reject the hypothesis that the effects are the same for the remaining
three groups.

10Notably, the vast majority (93%) of women receiving parental benefits 26 weeks post-treatment are expecting
a child at the time of the survey, with few using leave for earlier-born children.
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Table 1: Heterogeneous Effects of Information Treatment on Benefit Take-Up

Men — young Women — young Men — old Women — old

(1) (2) 3) (4)
Panel A: Benefit take-up 26 weeks after survey completion
Unemployment benefits(® -0.297** -0.046 -0.019 -0.089**
(0.095) (0.074) (0.041) (0.039)
Educational support 0.068"* -0.024 -0.001 0.001
(0.031) (0.031) (0.003) (0.006)
Sickness benefits -0.000 0.009 0.035" 0.021
(0.024) (0.033) (0.018) (0.020)
Parental leave 0.006 0.059™* 0.000 0.000
(0.007) (0.024) (0.000) 0
No public benefits® 0.223* 0.001 -0.016 0.067*
(0.096) (0.073) (0.041) (0.038)
hereof paid employment(* 0.142 -0.094 -0.055 0.053
(0.095) (0.065) (0.040) (0.038)
hereof other self-support(® 0.081 0.095** 0.045 0.015
(0.070) (0.046) (0.026) (0.022)

Panel B: Benefit take-up 52 weeks after survey completion

Unemployment benefits(® -0.179** 0.046 -0.024 -0.021
(0.086) (0.063) (0.038) (0.035)
Educational support 0.041 -0.037 0.002 -0.004
(0.042) (0.033) (0.003) (0.007)
Sickness benefits -0.074 -0.047 0.002 -0.014
(0.046) (0.042) (0.017) (0.021)
Parental leave -0.001 0.100"** 0.000 0.000
(0.006) (0.037) () ()
No public benefits® 0.212** -0.062 0.025 0.040
(0.101) (0.072) (0.040) (0.037)
hereof paid employment(C> 0.149 -0.052 -0.007 -0.002
(0.102) (0.073) (0.041) (0.037)
hereof other self—support(d> 0.064 -0.030 0.031 0.039*
(0.079) (0.046) (0.024) (0.022)
No. of observation 454 823 3,629 3,557
Bandwidth in weeks [-70:120] [-87:121] [-224:91] [-138:78]

Note: The table reports intention-to-treat effects of the information treatment based on RD regressions for
various subgroups. The young sample includes men and women facing age cutoffs in their late twenties (age
28 or 29). The old sample includes men and women facing age cutoffs in their mid-fifties (age 54 or 56). We
include observations within the “optimal bandwidth” around the age cutoff and weight observations using a
triangular kernel. The “optimal bandwidth” is subgroup specific, and obtained based on the outcome variable
“receiving unemployment benefits 26 weeks after survey completion”. Appendix Table A.4 shows the results are
robust to using a sub-group and outcome specific ”optimal bandwidth”. In all specifications, we include controls
for predetermined individual characteristics, including number of children, marital status, level of education,
average monthly working hours and earnings in the year prior to job loss, and previous industry. For the young
sub-groups (men and women), we additionally control for whether the individual is expecting a child at the
time of the survey. Standard errors are reported in parentheses. *** /** /* indicates statistical significance at the
1%/5%/10%-level, respectively.

(@) The measure is equal to one if the individual receives public benefits subject to job search requirements, that
is, unemployment insurance (UI) benefits or social assistance.

(®) The measure is equal to one if the individual does not receive any public benefit payments in the corresponding
week. This includes paid employment, self-employed, being out of the labor force or having move abroad.
(¢)The measure is equal to one if the individual is paid employed (only observed at the monthly level) and does
not receive public benefits in the corresponding month.

(d)The measure is equal to one if the individual is not paid and and does not receive public benefits in the
corresponding month.

Examining the samples of older men and women reveals stark gender differences and evidence

of both encouragement and discouragement effects. However, the gender patterns are reversed
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in this case. The information treatment makes older women significantly less likely to receive
public benefits (-6.7pp; p = 0.079), which primarily appears to reflect an encouragement effect,
as they are motivated to find paid employment (+5.3pp; p = 0.163). For older men, however,
the treatment appears to discourage active job search, increasing the likelihood of going on
sickness benefits (+3.5pp; p = 0.052) or exiting unemployment without securing employment
(+4.5pp; p = 0.079).1!

Finally, in Panel B of Table 1, we assess the persistence of the estimated effects by repeating
the analysis for outcomes after one year (52 weeks) instead of six months (26 weeks). The results

show a similar pattern, suggesting that the treatment effects are persistent.

4.3 Additional results

We complement our analysis by providing empirical evidence on three additional aspects.

Reservation wages and hours? In our theoretical framework, we assumed that all jobs
were identical, meaning that higher job finding rates could only result from increases in search
effort. In practice, however, the estimated effects could also reflect reductions in reservation
wages or hours if the information treatment makes workers less selective. Panel A of Appendix
Table A.5 examines treatment effects on accumulated working hours and labor earnings. Overall,
the estimated effects align with the intensive margin effects documented in Table 1, though the

precision is insufficient to draw further conclusions about the underlying mechanisms.

Workers’ beliefs or caseworkers’ responses? The outcome of the profiling tool, categoriz-
ing individuals as being at risk or not, is not only shared with the jobseeker, but also with their
caseworker. Hence, a possible explanation for the observed effects could be that caseworkers
adjust their behavior in response to the information(see, e.g., Behncke et al., 2010; Schiprowski,
2020). To test this, Panel B of Appendix Table A.5 examines treatment effects on key outcomes
controlled by the caseworker, namely the frequency of caseworker meetings and the likelihood
of being assigned to an active labor market program (see, e.g., Humlum et al., 2023). We see no
evidence that caseworkers respond to the profiling tool information. This aligns with evidence
from caseworker interviews, indicating that most caseworkers do not rely on the risk assessment

from the profiling tool (STAR, 2021).

1 0One possible explanation for the gender differences among older workers is the disparity in accumulated
pension savings. It is well established that men tend to have accumulated more pension savings than women
by the end of their careers, making it relatively more attractive for men to opt for passive support in the years
leading up to retirement.
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Heterogeneity by baseline confidence: Jobseekers may respond differently to the informa-
tion treatment depending on their prior beliefs. Therefore, Appendix Tables A.6 and A.7 exam-
ine heterogeneity based on individuals’ baseline confidence about their reemployment prospects.
The results in Table A.6 suggest that the positive treatment effects on job finding are more pro-
nounced (and statistically significant) for jobseekers with moderate levels of baseline confidence
compared to those who are most confident. However, as shown in Table A.7, jobseekers with
varying levels of baseline confidence also vary across a range of other characteristics. There-
fore, our design does not allow us to determine whether the heterogeneous effects result from

differences in baseline beliefs or from other variations across the groups.

5 Conclusion

Unemployed workers tend to systematically overestimate their reemployment prospects. In this
paper, we estimate the causal effect of a large-scale information treatment aimed at correcting
these misperceptions.

We find that the information treatment effectively encourages jobseekers to deregister from
unemployment, but the nature of these exits varies across different groups of workers. For older
women and especially for young men, the additional unemployment exits primarily reflect that
the information treatment encourages more intense job search and job finding. On the other
hand, young women and older men tend to become discouraged and transition into other support
programs that do not require job search, or exit the labor force, at least temporarily.

Overall, our results confirm that information policies designed to correct subjective beliefs
can enhance job search outcomes. They also provide a cautionary tale, however: for workers
with reasonably attractive alternatives to job search, the policies may result in discouragement

and may weaken their labor market attachment.
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A

Online Appendix

This Online Appendix provides supplementary information regarding the following aspects:

Details on the profiling algorithm and the implementation of the RD design (Figure A.1
and Table A.1).

A graphical illustration of the potential alternative treatment effects on job search (Fig-
ure A.2).

Balancing tests examining the validity of the RD design (see Table A.2).

Aggregate RD estimates in the pooled sample for different specifications (Table A.3).
Specification tests for the RD estimates by socio-demographic subgroups (Table A.4).
Results on additional outcome variables by socio-demographic subgroups (Table A.5).
Results by baseline confidence groups (see Table A.6)

Summary statistics by baseline confidence groups (Table A.7).

Predictive power of the profiling tool information for unemployment duration (Table A.8)
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Figure A.2: Graphical Illustration of Potential Alternative Treatment Effects on Job Search

Job seekers’
indifference curves

U(S7 ):U(S/,}\\b(sl)) J —‘——____——‘ /\u(S)

"ot g
s S

Note: The figure illustrates how the information treatment potentially encourages job seekers
to lower their search effort, s (depicted on the z-axis). The information treatment reduces the
perceived job finding rate from X, (s) (black solid line) to Xu(s) (black dashed line). For the
job seeker characterized by the blue indifference curves, this induces a reduction in the optimal
effort level from s’ to s”’. The overall value of being on Ul is reduced from U (s, \) = U(s’, A\p(s"))
to U(s,\) = U(s”,xu(s”)). This graphical representation complements the upper panel of
Figure 3, which depicts the scenario where the information treatment induces an increase in
the optimal effort level.
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Table A.3: RD Estimates: Effect of Information Treatment on Risk of Long-Term Unemployment

Dependent variable

Receiving Unemployment Benefits 26 Weeks after Survey(®

(1)

(2)

®3)

(4)

A. Intention-to-treat effect -0.068™** -0.069™** -0.080™** -0.068™*
(0.023) (0.023) (0.028) (0.031)
B. Local average treatment effect
First stage 0.867"** 0.865™** 0.849™** 0.826™**
(0.011) (0.011) (0.014) (0.016)
Second stage -0.079*** -0.080™** -0.094™** -0.082***
(0.026) (0.027) (0.033) (0.038)
Mean dependent variable 0.427 0.427 0.427 0.427
No. of effective observation 9,396 8,994 13,554 5,024
Control variables Yes No Yes Yes
Optimal bandwidth Yes Yes Yes No
Polynomial 1 1 1 2
Bandwidth left (in weeks) 161 148 219 75
Bandwidth right (in weeks) 111 113 147 75
Robust 90% confidence intervals
Intention-to-treat effect [-0.128 ; -0.015] [-0.129 ; -0.014] [-0.128 ; -0.017] [-0.100 ; 0.054]
Local average treatment effect [-0.151 ; -0.020] [-0.153 ; -0.021] [-0.170 ; -0.023] [-0.127 ; 0.059]

Note: The table reports the effects of the information treatment on the likelihood of receiving unemployment benefits 26
weeks after completing the survey for different RD regressions. In specifications (1)—(3), we rely on the optimal bandwidth
selector that reduces the mean squared error (Cattaneo et al., 2017) above and below the cutoff. In specification (1), (2) and
(4), we account for a set of covariates including socio demographics (gender, origin, marital status, number of children, living
in capital region), level and field of education, and labor market histories (average monthly working hours and earnings in
the year prior to job loss, UI fund association, employment 6 months and receipt of parental leave/sickness benefits 26 weeks
prior to job loss), . In specification (3), we use a quadratic (2°4 order polynomial) instead of a linear specification. Standard
errors are reported in parentheses. ***/** /* indicates statistical significance at the 1%/5%/10%-level, respectively.

(@) Includes public benefits subject to job search requirements, for example unemployment insurance (UI) benefits and social

assistance.



Table A.4: Heterogeneous Effects of Information Treatment on Benefit Take-Up —
Subgroup- and Outcome-specific Optimal bandwith

Men — young Women — young Men — old Women — old

1) ) 3) (4)
Panel A: Benefit take-up 26 weeks after survey completion
Unemployment benefits(®) -0.297*** -0.046 -0.019 -0.089**
(0.095) (0.074) (0.041) (0.039)
Education support 0.057** -0.022 -0.001 0.003
(0.025) (0.029) (0.003) (0.007)
Sickness benefits 0.005 0.008 0.045™* 0.031
(0.023) (0.033) (0.022) (0.022)
Parental leave 0.006 0.069"** 0.000 0.000
(0.007) (0.025) 0 ()
No public benefits® 0.217** -0.027 -0.011 0.068**
(0.092) (0.085) (0.040) (0.034)
hereof paid employment(® 0.071 -0.111* -0.061 0.050
(0.084) (0.065) (0.042) (0.032)
hereof other self-support(®¥ 0.051 0.081 0.045 0.015
(0.058) (0.049) (0.030) (0.018)

Panel B: Benefit take-up 52 weeks after survey completion

Unemployment benefits(® -0.127* 0.061 -0.031 -0.019

(0.070) (0.068) (0.037) (0.031)

Education support 0.041 -0.034 -0.002 -0.005

(0.036) (0.030) (0.002) (0.008)

Sickness benefits -0.074* -0.055 0.003 -0.015

(0.044) (0.038) (0.017) (0.017)

Parental leave -0.005 0.089"* 0.000 0.000
(0.007) (0.037) 0 0

No public benefits® 0.162* -0.080 0.030 0.029

(0.093) (0.079) (0.036) (0.030)

hereof paid employment(® 0.123 -0.104 -0.003 0.007

(0.092) (0.082) (0.037) (0.030)

hereof other self-support(® 0.022 -0.030 0.035 0.034*

(0.065) (0.041) (0.023) (0.020)

Note: The table reports intention-to-treat effects of the information treatment based on RD regressions for
various subgroups. The young sample includes men and women facing age cutoffs in their late twenties (age 28
or 29). The old sample includes men and women facing age cutoffs in their mid-fifties (age 54 or 56). We include
observations within the “optimal bandwidth” around the age cutoff and weight observations using a triangular
kernel. The “optimal bandwidth” is subgroup and outcome specific. In all specifications, we include controls
for predetermined individual characteristics, including number of children, marital status, level of education,
average monthly working hours and earnings in the year prior to job loss, and previous industry. For the young
sub-groups (men and women), we additionally control for whether the individual is expecting a child at the
time of the survey. Standard errors are reported in parentheses. *** /** /* indicates statistical significance at the
1%/5%/10%-level, respectively.

(@) The measure is equal to one if the individual receives public benefits subject to job search requirements, that
is, unemployment insurance (UI) benefits or social assistance.

(®) The measure is equal to one if the individual does not receive any public benefit payments in the corresponding
week. This includes paid employment, self-employed, being out of the labor force or having move abroad.
(6)The measure is equal to one if the individual is paid employed (only observed at the monthly level) and does
not receive public benefits in the corresponding month.

(d)The measure is equal to one if the individual is not paid and and does not receive public benefits in the
corresponding month.



Table A.5: Effect of Information Treatment on Additional Outcome Variables

Men — young Women — young Men - old ‘Women — old

(1) (2) ®3) (4)

A. Labor market outcomes (cumulated within 12 months)

Total working hours within 12 months 193.04 -35.46 -36.18 40.54
(121.70) (86.91) (53.64) (44.37)

Total labor earnings within 12 months in DKK1,000 26.67 -14.30 -4.51 5.93
(24.56) (15.68) (12.71) (8.59)

B. Caseworker-related outcomes (within 6 months)

Any ALMP participation -0.101 -0.004 -0.008 -0.018
(0.101) (0.076) (0.041) (0.038)
No. of caseworker meetings/week 0.010 0.006 -0.004 0.008
(0.020) (0.015) (0.008) (0.007)
No. of observation 454 823 3629 3557
Bandwidth [-70:120] [-87:121] [-224:91] [-138:78]

Note: The table reports intention-to-treat (ITT) effects of the information treatment on additional outcome variables based on RD
regressions for various subgroups. The young sample includes men and women facing age cutoffs in their late twenties (age 28 or 29). The
old sample includes men and women facing age cutoffs in their mid-fifties (age 54 or 56). We include observations within the “optimal
bandwidth” around the age cutoff and weight observations using a triangular kernel. The “optimal bandwidth” is sub-group specific, and
obtained based on the outcome variables “receiving UI benefits 26 weeks after survey completion”. In all specifications, we include controls
for predetermined job seeker characteristics, including number of children, marital status, level of education, average monthly working
hours and earnings in the year prior to job loss, and previous industry. For the young sub-groups (men and women), we additionally
control for whether the individual is expecting a child at the time of the survey. Standard errors are reported in parentheses. *** /** /*
indicates statistical significance at the 1%/5%/10%-level, respectively.



Table A.6: Heterogeneous effects of information treatment by baseline confidence

Men - young ‘Women young
Full Baseline confidence Full Baseline confidence
sample High Moderate sample High Moderate
(1 (2) ®3) (4) (5) (6)
Benefit take-up 26 weeks after survey completion
Unemployment benefits(® -0.297*** -0.159 -0.288** -0.046 0.146 -0.095
(0.095) (0.113) (0.127) (0.074) (0.114) (0.094)
Education benefits 0.068"* 0.061 0.050 -0.024 -0.097*" 0.010
(0.031) (0.046) (0.044) (0.031) (0.044) (0.040)
Sickness benefits -0.000 0.040* -0.035 0.009 0.012 -0.018
(0.024) (0.024) (0.035) (0.033) (0.076) (0.036)
Parental benefits 0.006 0.018 -0.005 0.059** 0.039 0.045
(0.007) (0.012) (0.005) (0.024) (0.037) (0.029)
No public benefits® 0.223** 0.040 0.278** 0.001 -0.100 0.059
(0.096) (0.114) (0.131) (0.073) (0.139) (0.095)
hereof paid employment(® 0.142 -0.087 0.272* -0.094 -0.227* 0.006
(0.095) (0.119) (0.121) (0.065) (0.130) (0.085)
hereof other self-support(® 0.081 0.128** 0.006 0.095** 0.131* 0.053
(0.070) (0.056) (0.106) (0.046) (0.075) (0.061)
No. of observation 454 308 239 823 264 493
Bandwidth [70:120] [100:154] [90:111] [87:121] [48:112] [85:135]
Men — old Women - old
Full Baseline confidence Full Baseline confidence
sample High Moderate sample High Moderate
(7) (8) 9) (10) (11) (12)
Benefit take-up 26 weeks after survey completion
Unemployment benefits(® -0.019 -0.052 -0.012 -0.089** -0.062 -0.104**
(0.041) (0.049) (0.060) (0.039) (0.054) (0.047)
Education benefits -0.001 0.004 -0.008* 0.001 -0.005 0.004
(0.003) (0.004) (0.005) (0.006) (0.005) (0.008)
Sickness benefits 0.035* 0.050™" 0.025 0.021 0.059* -0.006
(0.018) (0.021) (0.028) (0.020) (0.033) (0.022)
Parental benefits 0.000 0.000 0.000 0.000 0.000 0.000
(0.000) ¢) ) ) ) )
No public benefits® -0.016 -0.001 -0.006 0.067* 0.008 0.106**
(0.041) (0.050) (0.059) (0.038) (0.056) (0.047)
hereof paid employment(® -0.055 -0.046 -0.032 0.053 0.005 0.076*
(0.040) (0.053) (0.057) (0.038) (0.055) (0.045)
hereof other self-support(® 0.045* 0.043 0.039 0.015 0.002 0.030
(0.026) (0.030) (0.040) (0.022) (0.029) (0.027)
No. of observation 3,629 2,127 1,463 3,557 2,224 2,202
Bandwidth [224:91] [230:120] [181:90] [138:78] [224:79] [128:101]

Note: The table reports intention-to-treat (ITT) effects of the information treatment based on RD regressions for
subgroups classified based on gender and age (see notes of Table 1 for details) with varying levels of baseline confi-
dence. “High confidence” means that individuals expect to find employment within the next three months. “Moderate
confidence” means that individuals expect it to take more than three months to secure a job, or that they acknowledge

uncertainty. The “optimal bandwidth” is sub-group specific, and obtained based on the outcome variables “receiving

unemployment benefits 26 weeks after survey completion”. In all specifications, we include controls for predetermined
job seeker characteristics, including number of children, marital status, level of education, average monthly working
hours and earnings in the year prior to job loss, and previous industry. For the young sub-groups (men and women),
we additionally control for whether the individual is expecting a child at the time of the survey. Standard errors are
reported in parentheses. *** /** /* indicates statistical significance at the 1%/5%/10%-level, respectively.

(a);(b),(e),(d) See notes for Table 1.
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Table A.7: Summary Statistics by Baseline Confidence

Men — young Women — young
Baseline confidence Baseline confidence
Moderate  High  Difference Moderate  High Difference
(1) ) ®3) (4) (5) (6)
Married 0.09 0.06 0.03 0.26 0.17 0.10%**
Number of children 0.33 0.36 -0.03 0.94 0.79 0.15%*
Expecting a child 0.06 0.07 -0.01 0.13 0.04 0.09***
Living in capital region 0.29 0.24 0.05 0.24 0.35 -0.11%**
Level of education
Primary education or unknown 0.06 0.02 0.05%* 0.03 0.02 0.01
Lower secondary education 0.10 0.13 -0.03 0.08 0.07 0.01
Upper secondary education 0.35 0.40 -0.05 0.30 0.32 -0.02
Short cycle tertiary education 0.12 0.15 -0.02 0.07 0.08 -0.01
Bachelor’s degree (or equivalent) 0.22 0.22 0.00 0.34 0.37 -0.03
Master’s degree (or equivalent) 0.14 0.09 0.05* 0.18 0.13 0.05*
Labor market outcomes in last years
Any employment 0.40 0.34 0.06 0.23 0.27 -0.04
Avg. monthly working hours 45.64 38.58 7.07 22.42 28.09 -5.67
Avg. monthly labor earnings (in DKK1,000) 7.25 6.31 0.94 3.15 4.31 -1.15%*
No. of observation 221 233 454 466 357 823
Men - old Women — old
Baseline confidence Baseline confidence
Moderate  High  Difference Moderate  High  Difference
(7) (8) (9) (10) (11) (12)
Married 0.56 0.56 -0.01 0.60 0.56 0.04**
Number of children 1.64 1.71 -0.06 1.76 1.79 -0.03
Expecting a child 0.00 0.00 0.00 0.00 0.00 0.00
Living in capital region 0.27 0.22 0.05%** 0.23 0.21 0.02
Level of education
Primary education or unknown 0.03 0.02 0.01 0.02 0.01 0.02%**
Lower secondary education 0.17 0.17 0.00 0.18 0.15 0.03**
Upper secondary education 0.46 0.52 -0.06*** 0.47 0.48 -0.01
Short cycle tertiary education 0.08 0.08 0.00 0.06 0.06 0.00
Bachelor’s degree (or equivalent) 0.16 0.13 0.03** 0.20 0.25 -0.04%%*
Master’s degree (or equivalent) 0.10 0.08 0.02** 0.07 0.06 0.01
Labor market outcomes in last years
Any employment 0.97 0.98 -0.01%** 0.94 0.95 -0.01
Avg. monthly working hours 127.48 134.42 -6.94%** 110.84 117.13 -6.29%**
Avg. monthly labor earnings (in DKK1,000) 35.33 36.38 -1.06 24.03 25.97 -1.94%**
No. of observation 1,733 1,896 3,629 2,059 1,498 3,557

Note: The table reports summary statistics for subgroups classified based on gender and age with varying levels of baseline
confidence. “High confidence” means that individuals expect to find employment within the next three months. “Moderate
confidence” means that individuals expect it to take more than three months to secure a job, or that they acknowledge

uncertainty. We include observations within the optimal bandwidth (based on the outcome “receiving unemployment benefits

26 weeks after survey completion”) around the age cutoff and weight observations using a triangular kernel. *** /** /* indicates
statistical significant differences at the 1%/5%/10%-level, respectively. Percentage shares unless indicated otherwise.
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Table A.8: Predictive power of profiling information in pre-intervention period
(April 2014 to June 2015)

Dependent variable Receiving unemployment benefits in week 26

) (2)

3)

Predicted to be at-risk 0.068*** 0.054***

(0.011) (0.011)
Baseline belief about job finding

within 1 month -0.216™** -0.209***
(0.022) (0.022)

within 3 months -0.151*** -0.143***
(0.014) (0.014)

within 6 months -0.056™*" -0.051***
(0.016) (0.016)
more than 6 months 0.026 0.021
(0.035) (0.035)

already found a job -0.331*** -0.323***
(0.042) (0.042)

other® -0.287*** -0.307***
(0.049) (0.049)

Constant 0.439™*" 0.560™"" 0.530"*"
(0.008) (0.010) (0.011)
No. of observations 7,930 7,930 7,930
R2 (standard) 0.005 0.028 0.031
R2 (out-of-sample) 0.005 0.028 0.031

Note: The table illustrates the predictive power of the profiling information in a sample of
jobseekers in the pre-intervention period (April 2014-June 2015) when no Ul recipients received
the information treatment. Otherwise, we apply the same sample restrictions as for main analysis
sample including individuals who would be within six years of the relevant age cutoff if the
information treatment had been in place. The columns show linear regressions where the outcome
variable is a dummy for remaining unemployed after 26 weeks and where the explanatory variables
are various dummies: Predicted to be at-risk represents a dummy for being predicted as being
at “high risk” of long-term unemployment (>26 weeks) according to the profiling tool (e.g. this
is the information contained in the information treatment). Baseline belief-dummies correspond
to survey answers to the question ”How quickly do you think you will get a job?”, with “I don’t
know” as the omitted category. ***/**/* indicates statistical significance at the 1%/5%/10%-
level, respectively. To provide a valid measure of whether adding additional variables improves
predictive accuracy, the table includes an out-of-sample R? computed via 5-fold cross validation.
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