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Structural Model and Experimental Data*

This paper estimates a structural model of job search which accounts for utility costs and 

benefits linked to mandatory reemployment programs. The estimation uses data from a 

randomized experiment which generates exogenous variation in the threat of program 

participation. I use the compensating variation (CV) as a measure of the impact of the 

experimental treatment on worker welfare, the welfare costs. I find that participants would 

be willing to give up 1.5–1.7 weeks of UI on average to avoid participation in the program, 

although the program has a positive effect on the job finding rate. Welfare costs vary 

across workers and are found to be larger for workers with weaker employment prospects. 

Overall, the analysis shows that the welfare costs are substantial and therefore necessary 

to take into account when evaluating the case for mandatory reemployment programs.
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1 Introduction

A key objective in the design of an unemployment insurance (UI) system is to
balance costs from disincentive effects against benefits such as the value of the
insurance scheme for recipients. Another center of attention is on policies to fur-
ther promote employment via a focus on the job search process or the skills of the
unemployed. Many UI systems worldwide use mandatory reemployment pro-
grams (MEP) where participation is a condition for remaining eligible for UI to
try to achieve some of these objectives. MEP include activation programs as well
as e.g. caseworker meetings at the job center.1 While empirical work on this type
of programs has found some positive impacts on e.g. job finding after program
participation, it has also documented threat effects, that is, impacts arising prior
to actual participation and caused solely by the threat of future participation; see
Black et al. (2003); Hall et al. (2021); Geerdsen (2006). This suggests that while
these programs may involve benefits from training and learning, they may also
trigger utility costs due to e.g. a loss of leisure. Utility costs increase the incen-
tive for (potential) future participants to find employment and thus avoid MEP.
In this case MEP promote employment by reducing the benefits of the UI system,
i.e. the value of the insurance scheme for recipients via welfare costs which arise
although the unemployed may never participate in MEP. Such (welfare) costs
thus reduce the social benefit of MEP, and a key question for the design of UI
systems is therefore the size and relative importance of such costs.

To shed light on this question, this paper estimates a structural model of job
search which takes into account that (future) program participation may influ-
ence individual decision making. The paper centers around two questions: what
are the individual utility and welfare costs of these programs, and who bears the
costs and benefits, if any?

I use a randomized experiment that generates exogenous variation in the threat
of future program participation to identify the utility costs and benefits of MEP.
The randomized experiment was conducted in Denmark in 2008, and the inter-
vention involved either caseworker meetings or participation in an activation
program for UI recipients in the treatment group. Importantly, participation in
the treatment was a requirement for benefit eligibility. The intervention lead to
a large and immediate increase in job finding (see also Maibom et al. (2017)).
However, as argued above, these differences in initial job finding are not suffi-
cient for assessing the social benefit of the intervention which would also require

1MEP type programs also include e.g. classroom training, job training, job search assistance as
well as temporary (public) work arrangements, see e.g. Heckman et al. (1999); Card et al. (2010). In
the U.S. MEP are an important part of the WPRS and RESEA; see US Department of Labor (2000).
In the EU, MEP are a key element in the mutual responsibilities approach; see EUCommission
(2018). Lastly, note that MEP could also be referred to as active labor market programs in settings
where participation is required for continued benefit eligibility.
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quantifying the impact of the experimental treatment on worker welfare, i.e. the
welfare costs.

Overall, the experiment is an opportunity to compare similar unemployed
across different environments, while the structure of the model generates a map-
ping from data moments to structural parameters such as utility costs and ben-
efits. The dynamic job search model is set up to represent the incentives of the
unemployed in the experiment.2 The agents are risk-averse, and while unem-
ployed they decide how much to search and whether to accept a job offer if one
arrives. Participation in MEP is mandatory while unemployed. It triggers utility
costs, but may also increase the return to search. As in Moffitt (1983), utility costs
could be both monetary and non-monetary. The model includes several dimen-
sions of observed and unobserved heterogeneity to allow for differences in the
incentive to and the likelihood of finding employment. This heterogeneity later
translates into dispersion in the welfare costs of the experimental treatment.

In the model the treatment group is suddenly introduced to a new series of
future events (the experiment), including a higher probability of future partici-
pation in MEP. The estimation procedure controls for endogenous eligibility for
randomization and program participation, as well as the details/timing of the
treatment protocol. This implies that rich model predictions can be contrasted
to data for each period from the beginning of the experiment and thus leverage
identification of the utility costs of MEP further.

The estimates of the model imply that utility costs associated with program
participation are sizable. Based on model counterfactuals, I find that more than
70 percent of the experimental impacts are accounted for by changes in decisions
about search intensity only. Threat effects are therefore an important driver of
the impacts of the experiment. Further, the response to treatment is dynamic.
Since the threat of future program participation changes during the different ex-
perimental stages, individuals search more in the early stages of the experiment
compared to the later stages. These results outline the behavioral changes, as
interpreted through the model, which leads to the experimental impact such as
the differences in job finding. They also implicitly illustrate how the model gen-
erates ample opportunity to analyze how the impacts of MEP generalize outside
the specific setting of the experiment.

To evaluate the welfare costs of the intervention, I calculate the distribution of
the compensating variation (CV). The CV is the monetary compensation which
makes individuals indifferent to being assigned to the treatment group or not. I
find that the average CV corresponds to around 1.5-1.7 weeks of UI. Comparing

2Methodologically the model is in accordance with a novel framework developed in Ferrall
(2004, 2012) (see also Todd and Wolpin (2006); Attanasio et al. (2012); Lise et al. (2004)). I formulate
the job search model in a similar framework and extend the model solution in Ferrall (2012) by
adding an inner Markov chain which is included to discipline the evolution and identification of
unobserved heterogeneity.
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the welfare costs (CV) and operating costs of MEP to the gains from increased
job finding, I calculate the average social benefit of the intervention. In the case
of meetings, the social benefits fall by 50% after incorporating the CV, and in the
case of activation it removes the social benefits completely.3

I construct different model counterfactuals where I change the duration of the
threat stage, i.e. the period in which treated individuals know of future program
participation but can still escape it by finding employment. The results show
that both employment impacts as well as welfare costs increase when the threat
of future MEP is more intense. These results therefore illustrate the potential
danger of focusing too narrowly on employment impacts, which is the primary
focus of the large empirical literature focused on the effects of MEP type pro-
grams, see e.g. Heckman et al. (1999); Card et al. (2010, 2018) for reviews. My
analysis shows that welfare costs are quantitatively important and thus crucial
to take account of in the design of a UI system with MEP. Ignoring their exis-
tence implies that we put excessive weight on the efficiency of UI systems, i.e.
the speed of job finding, while overall welfare may be deteriorated. My analysis
is the first empirically-based quantitative assessment of this overall relationship
for MEP.

I also analyze heterogeneity in the welfare costs and benefits of MEP. For in-
dividuals with good employment prospects and only modest job search prior to
the experiment, the welfare costs are low, and the response in terms of increased
job finding is large. On the contrary the welfare costs are larger, and the increase
in job finding smaller, for individuals with low returns to job search. The dis-
persion in welfare costs illustrates a classic screening paradox. While MEP may
be successful in terms of promoting faster job finding for some groups at low
welfare costs, it is disproportionately more costly for the people in greater need
of insurance in the first place. These results link back to theoretical work on
the role of screening through e.g. workfare type programs (see e.g. Besley and
Coate (1992); Nichols et al. (1982)).4 My results imply that key insights from this
previous literature are empirically relevant in the job search context. However, I
also show that the job search process further magnifies welfare costs and thereby
identify some of the key trade-offs which arise when MEP are used in UI.

3Note that the (welfare) analysis focuses on whether the experimental treatment was a useful
intervention in its current scale and form. In this sense, the paper is a first intermediate step to-
wards solving for an optimal level of MEP, as chosen by e.g. a social planner in a setting where
MEP are rolled out to all workers, and where e.g. equilibrium effects or effects on alternative (un-
modeled) margins such as e.g. employment separations should be incorporated into the analysis.
I discuss this further in the final section of the paper.

4The theoretical literature on the effects of workfare in a static setting has shown that while
workfare, i.e. MEP type interventions which only involve utility costs and no benefits, can im-
prove the targeting of transfers through screening, the overall welfare implications are unclear.
A key insight is that the welfare costs of workfare primarily affect the actual participants, while
individuals with better alternatives are less affected.
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The paper proceeds as follows. The next section provides some background
including an introduction to the randomized experiment and the available data.
The following section describes key features of the data, the model and the esti-
mation. Finally, the last sections contain the results and a conclusion.

2 Background and the experiment

2.1 UI and MEP in Denmark

There are two types of benefits for unemployed workers in Denmark; UI benefits
and social assistance. Approximately 80% of the labor force are members of a UI
fund and therefore potentially eligible for UI benefits. The remaining 20% may
receive means-tested social assistance. UI benefits are essentially a flat rate due
to a cap on payments that is binding for 80-90% of workers. UI benefits are
subject to taxes as other earnings, and the benefit duration in the period under
study is four years.

The Danish UI system is referred to as an example of the flexicurity model
where MEP are a crucial component; see Andersen and Svarer (2007). UI re-
cipients receive generous benefits when eligible, but also have an obligation to
take action to return to employment, including adequate job search and partici-
pation in MEP. The use of MEP is among the most intensive in the OECD with
more than EUR 1.6 billion spent on such programs; see Ministry of Employment
Expert Panel (2014). In the Danish setting, failure to show up (without prior
warning) to a mandatory meeting/activation program at the job center means
that the payment of UI stops, or that a sanction is issued.56

MEP in Denmark primarily consist of contact (meetings at the job center) and
activation; see Maibom et al. (2017). At inflow into unemployment, a UI eligible
individual has to register at the local job center, upload a suitable resume and
engage in job search to receive UI. After registering, the unemployed individual
must attend a quarterly meeting with a caseworker and participate in an activa-
tion program after nine months of unemployment (six months if under the age of

5See Law on UI Eligibility Executive Order No. 808, § 17. Svarer (2011) reports that the size of
sanctions related to failure to meet eligibility criteria (e.g. participating in a meeting) ranges from
a loss of benefits for two to three days to three weeks. In severe cases, benefits can be removed
until new eligibility through employment has been established.

6Note that the role of sanctions in job search and in connection with job center activities is the
subject of a related literature; see e.g. Fredriksson and Holmlund (2006); Boone et al. (2007). The
sanctioning rate was very low in the Danish labor market at the time of the experiment, and the
intention of the experiment was to counsel, not monitor; see Maibom et al. (2017). I therefore
focus on the “direct” utility costs and benefit aspects of MEP. See also Van Den Berg and Van
Der Klaauw (2006); van den Berg and van der Klaauw (2019) who use a randomized experiment
and analyze counseling and monitoring programs both theoretically and empirically. They do not
consider the existence of utility costs beyond the direct cost of searching.

5



30) and, subsequently, every 26 weeks. In the experiment outlined below, these
labor market policies apply to both controls and treated. Treated individuals are
further obliged to participate in additional activities which I describe next.

2.2 Experiment

The experiment was conducted in different regions in Denmark in 2008. Each re-
gion was assigned their own treatment and control group. The target population
of the experiment was UI-eligible individuals who became unemployed in the
period of February to July in 2008 (immigrants are excluded from the sample as
special rules may apply). Assignment to the treatment and control groups was
based on the date of birth. Individuals born 1st to 15th were assigned to the con-
trol groups, while those born from the 16th to 31st were assigned to the treatment
groups. The unemployed workers were not given any information about the
selection criteria. Maibom et al. (2017) present an evaluation of the experiment
and find no deviations from random assignment, and I therefore treat it as such.

The treatment was different across regions and consists of either an intensifi-
cation of individual meetings (henceforth the meetings region, MR) or early ac-
tivation (henceforth the activation region, AR).7 At inflow into the experiment,
treated individuals received a letter explaining the new guidelines and require-
ments that would apply to them. The information letter marks the start of the
treatment since the worker may react to this information.

Table 1 presents an overview of the additional activities in the treatment group.
In the MR, the treatment group had to participate in individual meetings every
other week with a caseworker for the first 13 weeks of the experiment. The
meetings lasted around 30 minutes, in addition to preparation, waiting time and
transportation time. The stated intention of the meetings was to counsel the un-
employed and discuss job opportunities and productive job search, not to mon-
itor them. The high frequency of the meetings created possibilities to follow the
unemployed more closely, likely increasing the perceived intensity of the inter-
vention substantially from the point of view of the unemployed.8 In the AR, the

7Denmark has consisted of five regions since 2007. They are primarily responsible for the
health care sector and serve as administrative entities at a level between municipalities and the
central government. The AR consists of the Central Jutland region which includes the second
largest city in Denmark. The MR consists of Region Zealand and the Capital Region which in-
cludes the capital city in Denmark. The AR is the smallest of the two regions. According to the
official statistics from the Ministry of Employment, there were 16,492 UI recipients in the AR in
March 2008. The treatment share is thus less than 5% when we consider the local labor market
as the region. These numbers only include individuals receiving UI benefits (not social assistance
and the like) and thus only represent a smaller portion of job seekers.

8It is, for instance, well known that the unemployed often consider these interactions with
the job center or public employment service as burdensome and even costly. See e.g. OECD
(2001) for some cross-country experiences and Ministry of Employment Expert Panel (2014) for

6



treatment group was required to participate in activation programs for at least
25 hours per week from the 14th until the 26th week of the experiment. The acti-
vation programs were primarily intended to assess and (slightly) upgrade skills,
i.e. shorter educational and training programs (see Maibom et al. (2017)). This
category of programs is the most commonly used activation instrument in Den-
mark. Since these programs are typically shorter in duration (4-8 weeks), the
experimental treatment would in practice often involve two consecutive pro-
grams.

Overall, the experiment can be divided into three stages of varying duration as
outlined in Table 1: i) a threat (TH) stage, which begins with the information let-
ter and stops when treatment begins equaling 1 − 2 weeks in MR and 13 weeks
in the AR; ii) a treatment (T) stage; and iii) a post-treatment (PT) stage, which
marks the end of the experiment. Note that the individual incentives change as
individuals progress through the experiment; for instance, if the unemployed
consider program participation as costly, they may increase their search effort
as the T stage approaches. Similarly the incentive to leave unemployment de-
clines as the PT stage approaches and a decline in the intensity of MEP is near.
The job search model accounts for the fact that incentives change as individuals
progress through the experiment, permitting an accurate representation of the
incentives faced by unemployed workers and, thus, a credible estimation of the
key decision parameters.

Table 1: Content of the experiment

Meetings Region Activation Region

Treatment stages Treatment Weeks Treatment Weeks

Announcement Information letter 0 Information letter 0

Threat stage Waiting Period 1 Waiting Period 1-13

Treatment stage Individual meetings 1-13 Activation program 14-26

Post-treatment stage 14- 27-

Note: This table presents the additional activities in the treatment group across the two different
regions and the weeks in which they occur counting since the start of the experiment. The

post-treatment stage marks the end of the experiment where individuals in the treatment group
face the same obligations as in the control group (see also Section 2.1).

Denmark. An interesting study in this respect is Behncke et al. (2010) who study the effects of
caseworker interactions (meetings). They find that caseworkers, who place less weight on a har-
monic and co-operative collaboration with clients, increase job finding for the unemployed job
seekers. This effect is not driven by an increased use of sanctions or further ALMP measures. A
possible explanation is that a less-cooperative caseworker makes the utility costs of meetings and
other interactions higher.
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2.3 Data and definitions

The primary data used in the analysis is extracted from administrative registers
and merged by the National Labor Market Authority into an event history data
set. Appendix B provides details about measurements and data sources.9 The
final sample has 3099 individuals who are followed for 100 weeks. Table 2 shows
the average characteristics of the treated and control groups in each region and
the p-value associated with a test of equality of means between the respective
treatment and control groups. In general, the sample is balanced in terms of
past earnings, demographics and employment history. The characteristics in Ta-
ble 2 show that, while the experiment targeted newly unemployed workers, the
starting point of 20-30% of the participants was something other than regular
employment such as education, part-time unemployment or sick leave. These
individuals may already have exhausted many job possibilities, and reduced
form impacts should be interpreted with this in mind. The estimated structural
model explicitly takes this selection into account and can be used to analyze
the sensitivity of the raw impacts along this dimension through different model
counterfactuals. Along the same lines, the estimated model can be used to ana-
lyze how the experimental impacts (e.g. the changes in employment) change, as
we change the initial distribution across states or change some of the structural
parameters which define the economic environment. In this sense, the model
allows us to examine the external validity of the experimental intervention in
several different dimensions.

3 Empirical results

This section briefly analyzes the impacts of the experiment and illustrates key
features of the data. The data is divided into subgroups depending on the indi-
viduals’ educational level, based on three categories: low (primary school only),
medium (vocational education) and high (further education).

Figure 1 shows the evolution in employment rates from inflow into the ex-
periment and onward, separately for education, region and treatment groups.
Across all groups, the employment rate increases rapidly within the first 20
weeks of the experiment and then stabilizes. After 30 weeks, the employment
rate in the control groups is around 65-70% (and slowly increasing) for individ-
uals with a higher education, and it is around 60% (40%) and stable or slightly

9In the model individuals are either unemployed or employed. In the analysis below individ-
uals who are not receiving public benefits are therefore treated as employed which means that the
definition of employment is slightly different from the definition used in Maibom et al. (2017). See
(online) Appendix B for further details and robustness checks. The analysis uses wages and UI
after imputed taxes, assuming a tax rate of 37.5% for all workers. This corresponds to the average
tax rate for individuals on UI in 2008 as reported in Maibom et al. (2017).
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decreasing for individuals with a medium (low) level of education. There are
also some regional differences across control groups in the level of employment
and in the speed of initial job finding, with the largest regional difference found
for low educated workers. As a supplement, Figure 4 in (online) Appendix B
shows the hazard rate out of unemployment for the control groups. The hazard
rate is declining and is roughly half of the initial level after 20-25 weeks in un-
employment, again underlining the very rapid initial increase in employment.

The difference in employment rates between treatment and control groups in
Figure 1 illustrates the impact of the experiment. During the first 20-30 weeks,
individuals in the treatment groups are employed to a larger extent (with one ex-
ception).10 To substantiate this further, Table 12 in Appendix B shows the result
of a regression of employment status on treatment status for different regions
and time periods. The estimates reveal statistically significant differences in the
employment rate already after 2 to 4 weeks in the experiment in MR. At this
point, unemployed individuals may have participated in 1 or 2 meetings which
is why the results indicate either a very productive first meeting or the presence
of threat effects. In the AR, the results are more mixed after four weeks, but here
treated individuals only start participation in activation after 13 weeks (see Ta-
ble 1). Re-running the regression 10 or 14 weeks into the experiment, and thus
closer to program participation, shows statistically significant differences in em-
ployment between the treatment and control groups. This illustrates that the
link to the experimental design is important for measuring and understanding
impacts. Note further, that the fact that the employment effects arise this early,
and also prior to program participation, indicates that the threat of MEP affects
behavior.

For the subset of workers who find employment, I find small differences be-
tween treatment and control groups in their wages and the type of future em-
ployment. For instance, the unconditional difference in hourly wages between
treated and controls who find employment is generally very small and statisti-
cally insignificant.11 Note however, that the results on post unemployment out-
comes are likely flawed by selection as treatment status is no longer exogenous,
and results should therefore be interpreted with great caution. The structural

10Note that the difference in employment levels in Figure 1 is large initially, but then decreases
over time in most cases as the control group catches up. Obviously the initial (persistent) differ-
ences in weekly employment rates lead to accumulated impacts over time. For an analysis of the
accumulated impact, see Maibom et al. (2017).

11See Table 16 in Appendix B for results from a regression of wages on treatment status for
individuals with sufficient employment within the 100-week data window. The difference be-
tween treated and controls is only statistically significant for medium-educated workers in MR
and amounts to around €0.5 on average per hour. To put this in perspective, the average hourly
wage of an unemployed that began a new job in 2008 was around €23.5 per hour. Furthermore,
I also show in Table 15 that there are no statistically significant differences across treatment and
control groups with respect to the fraction of individuals working in part-time positions.
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Figure 1: Employment rate across education and treatment groups
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model takes this selection into account and can be used to analyze the extent
to which individuals change their preference over job types. Nevertheless, the
finding that there seems to be little difference in wages (and earnings) between
the treatment and control groups is similar to what Gautier et al. (2018) report
from an earlier Danish experiment, and Hall et al. (2021) also report very similar
findings from a Swedish activation program.

Lastly, three other data patterns are worth highlighting as they illustrate the
importance of within-group (unobserved) heterogeneity in the data. First, the
distribution of wages within educational groups has a standard deviation of
around 20-25% of the mean, suggesting that within these groups there is sub-
stantial heterogeneity. Second, wages change during employment, and the level
and the growth rate of wages also differ across education groups. Third, the
hazard rate out of subsequent employment is (modestly) declining with the du-
ration in employment, especially for low educated workers. Furthermore, there
are level differences across education groups. See (online) Appendix B Table 18
and Figure 5 for illustrations of these data patterns. In the model I will be using
these changes as a way to discipline unobserved individual heterogeneity (or
skills) and the transition of state variables.

While the previous statistics are only indicative, they do suggest that the value
of employment varies across different types of individuals in the sample. Over-
all, such heterogeneity should lead to additional heterogeneity in the welfare
costs of the experimental intervention and is therefore important to capture in
the remaining analysis. This calls for a model with rich heterogeneity in the in-
centives and opportunities that individuals face in unemployment. The model
needs to incorporate heterogeneity in wages and jobs across individuals, and
the model should be able to match the findings of very limited wage effects but
sizable employment effects from the experiment.
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4 Model

This section presents the job search model. First, I give a broad summary of
the main elements of the model, and then I present the different components of
the model in more detail. Lastly I discuss the key channels through which MEP
affect unemployed individuals. In the next section I discuss how the model is
solved and estimated.

Overview of the job search model

The job search model is a ’discrete choices discrete states’ dynamic program
where risk averse individuals maximize the sum of expected discounted util-
ity over an infinite horizon. The model includes search frictions, and individu-
als are either unemployed or employed. While unemployed, they decide how
much to search and whether to accept a job offer if one arrives. Jobs differ in
their wage level and in their risk of future termination and thus reentry into un-
employment. Search is random, so the unemployed cannot influence the type of
job offers they receive, but they can affect the probability of getting an offer. The
probability of getting a job offer depends on the level of search intensity and the
return to search which varies across states in the model. While employed, the in-
dividuals (stochastically) accumulate skills which translate into wage gains and
a lower risk of future unemployment.
While unemployed, the individuals are forced into MEP at certain points in time,
and the only way to avoid it is by becoming employed. Participation in MEP in
a given period may increase the return to search but may also trigger utility
costs.12

The model focuses on the role of MEP on the intensive margin in job search and
job finding. Employment separations are not a part of the choice set, and I do
not allow the selection into unemployment to directly depend on the existence
and intensity of MEP. The primary reason for treating this margin as exogenous
is that the experiment is unexpected at entry into unemployment.13

In addition to the economic environment sketched above, I add a finitely lived
experiment where individuals in the treatment group enter a sequence of treat-
ment stages, one of which involves a higher intensity of MEP. The experiment
is unexpected for individuals in the treatment group. The announcement of the

12The key distinction compared to related papers concerning more classical training programs,
e.g. Adda et al. (2007) and Albrecht et al. (2009), is that program participation in my setting is
mandatory and involves utility costs. Mandatory program participation implies that we may see
individuals participate in MEP even though the current period costs exceed the benefits.

13Further, there is no data available on the cause of entry into unemployment (fired, volun-
tary quit, etc.). Note that it is perfectly plausible that behavior on the extensive margin and the
intensive margin is driven by the same utility costs. However, obviously predictions along the
extensive margin require quantification of the decision parameters related to this decision.
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experiment and the duration of the threat stage and the following sequence of
events follow the timing outlined in Table 1. When the experiment ends, treated
individuals simply reenter the otherwise stationary and ergodic environment.

The key objects in the model are the utility function, the wage function and
a set of transition functions which in combination govern the evolution of state
variables over time. Key transition functions are the return to search, the prob-
ability of receiving a job offer, the probability of losing employment and the
transition of individual time-varying heterogeneity. I let α represent a given
action/choice of the individual. I let θ represent the state, i.e. θ is the collec-
tion of variables that summarizes all information about the past and present,
which may influence current decisions and the transition of states in the forward-
looking optimization problem. I discuss the different variables contained in θ in
the next section.

Solving the dynamic program involves solving for value functions and an er-
godic distribution across θ. The ergodic distribution determines the initial dis-
tribution across states. The transition functions of state variables and the policy
function (i.e. the choice probabilities in a particular state) then determine how
the distribution of θ evolves across time. The policy function is smoothed ex post
using a logistic kernel. I return to the exact specification of transition functions
and the solution of the dynamic program further below, but first I focus on the
different dimensions of heterogeneity in the model.

Heterogeneity and the state space

The model includes several dimensions of heterogeneity which influence the in-
centive to and the likelihood of successful job search, thereby generating hetero-
geneity in the welfare costs of MEP. An important trade-off is keeping the state
space, θ, manageable in size while including the dimensions of heterogeneity
required to provide a good and realistic analysis of the impacts of the experi-
ment and MEP. A further motivation for adding layers of heterogeneity is to en-
able the model to generate predictions which are rich enough to fit the moments
from the micro data including both unemployment and employment dynamics.
I illustrate the model’s inability to fit the micro data in absence of some of the
key layers of heterogeneity in more detail when I discuss the fit of the model in
Section 6.

In Table 3, I provide an overview of the elements of the action space, α, and
the state space, θ, including the grid size and grid values of the different states
and actions. As already explained α consists of two choice variables: a choice
of search intensity, sc, which involves choosing among 6 different levels, and a
choice of whether to accept a given job offer or not, wc. θ can be partitioned
into a set of variables describing the general environment for the control and
treatment groups, θenviroment, and into a set of variables tracing which stages of
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the experiment individuals in the treatment group are in, θexperiment.
θenviroment consists of a time-invariant and a time-varying part. Time-invariant

state variables are tg, eg, rg and pg. The state variable tg marks the treatment
status, eg marks the education group, and rg the region. Further, individuals dif-
fer in how they discount the future – the “patience” groups, pg. Patience group
membership is unobserved by the econometrician. The existence of more impa-
tient types may explain why some of the large experimental impacts that evolve
prior to and in the early periods of the treatment do not materialize much ear-
lier; see Section 3 on the AR. I allow for two patience groups, pg ∈ {0, 1}, in the
empirical implementation: An impatient type who prefers lower levels of search
leading to longer unemployment durations and lower skills, and a more patient
type who values future employment higher and thus likely searches more. In
the estimation I allow the distribution of types (as represented by probabilities
τpatient and τimpatient) to differ across educational and regional groups, but the ac-
tual discount rate is fixed throughout the analysis, see (online) Appendix Section
C.3.3 for the specific parameterization in the model.

Time-varying state variables are m, a, e, d, j and s. The state variables m and a
are indicator variables of whether the individual is currently in MEP in meetings
or activation. The state variable e marks current employment status. d holds
the duration of the current unemployment spell and affects the return to search
creating structural duration dependence in unemployment. Generally duration
dependence in the return to search and dynamic selection among the remaining
unemployed are different channels through which the model can accommodate
the large changes in employment rates and the decreasing hazard rate out of
unemployment, which are found in the data.

The state variable j represents a draw of a job type and does not change during
employment. j affects both the wage and the expected duration of the job. Jobs
with a lower j have a lower wage and a higher probability of dissolving. This
dual impact makes it more “costly” to accept jobs with a low j. This channel
has the potential of reconciling the relatively large threat effects, see Geerdsen
(2006); Black et al. (2003); Hall et al. (2021), with potentially smaller effects on
post-unemployment outcomes. Heterogeneity in both wages and layoff rates
across jobs is in accordance with for instance Bagger and Lentz (2019).

The state variable s represents skills or human capital which affects wages and
the expected duration of a job. The value of s may change while employed, re-
flecting skill improvements through learning on the job similar to e.g. Ljungqvist
and Sargent (1998). Overall, the state variables j and s represent two different
sources of heterogeneity in jobs/earnings: j is related to the search process while
s may be portable across jobs and may also change within a job.

θexperiment consists of two state variables, ts and ds, which govern the progres-
sion of the experiment. They are only directly relevant for individuals in the
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treatment group since for the control group, the experiment does not change
anything. The state variable ts marks the stage of the experiment which the in-
dividual is currently in: Threat (TH), Treatment (T) or Post-Treatment (PT). The
state variable ts counts the time spent in the current stage.

At the start of the experiment unemployed individuals are assigned to either
the control or treatment groups. Individuals in the control group directly enter
the PT stage which is the environment without (or after) the experiment. Indi-
viduals in the treatment group instead enter the TH stage, and their future now
differs from what was expected in the previous period. After some time in the
TH stage, individuals in the treatment group enter the T stage where they par-
ticipate in MEP if they are still unemployed. Finally they enter the PT stage, and
the environment is identical to that of the control group. Note that, due to the
design of the experiment, the distribution across states θ is identical in control
and treatment groups at inflow into the experiment, but hereafter the distribu-
tion over states θ is potentially different due to the behavioral response to the
experimental intervention.

Table 3: Elements of the action and state space

Action variable Symbol Grid size Grid values

Search activity choice sc 6 {0, 1
5 , ..., 5

5}

Work choice (accept a job offer if present) wc 2 {0, 1}

State variable Symbol Grid size Grid values

Education group eg 3 {0, 1, 2}

Region group rg 2 {0, 1}

Treatment group tg 2 {0, 1}

Time preference (patience) group pg 2 {0, 1}

Meetings status m 2 {0, 1}

Activation status a 2 {0, 1}

Employment status e 2 {0, 1}

Unemployment duration d 10 {0, 1
9 , ..., 9

9}

Job type/offer j 6 {0, 1
6 , ..., 5

6}

Skill level s 6 {0, 1
5 , ..., 5

5}

Treatment stage ts 3 {0, 1, 2}

Duration in treatment stage ds 6 {0, 1, .., 5}

Note: This table presents the different elements of the state space θ and the action space α. Table
19 in (online) Appendix C.3.1 provides additional details.
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Utility, utility costs and wages

Utility costs are summarized by C (α, θ). Utility costs are composed of costs due
to search activity, working and costs triggered by participation in MEP:

C (α, θ) = ξ · sc + κeg · wc + φ
eg
m · m + φ

eg
a · a (1)

κeg represents education-specific costs of working. ξ is the marginal cost of
searching which is assumed constant across individuals. Note that while the
search costs are fixed, the return to job search and the value of employment gen-
erally vary across states θ.

The utility costs associated with participation in MEP, φeg, vary by educa-
tion and type of program as the programs differ in content and scope. φeg may
arise from both stigma or disutility associated with participation, loss of leisure
and/or direct participation costs (e.g. transportation). In this sense, utility costs
could combine several policy-invariant parameters. The specification here is
therefore more general than analyzing MEP through its effect via the time or
income constraint in terms of e.g. reduced leisure or transportation costs. The
point is that individuals may simply value one hour at the job center differently
than one hour at work or at home.

The overall utility of a given individual in (α, θ) is determined by a stan-
dard CARA utility function which depends on income, Y (α, θ), and utility costs,
C (α, θ):

U (α, θ) = −e−γ(Y(α,θ)−C(α,θ)) (2)

where γ > 0. The income is determined as the wage W (α, θ) when employed
and UI benefits when unemployed. The UI benefits are a fixed amount, and
duration is unlimited.14 Wages vary over the type of jobs, I return to the specific
wage function further below.

The formulation in equation (2) ensures that utility costs, C(α, θ), are easily
interpretable in a monetary metric which is attractive for the purpose of this
paper. The CARA specification allows for interactions between participation in
MEP and α, and the utility function introduces a wedge between direct utility
costs and the overall utility, U (α, θ). All else equal, including a fixed utility cost
of MEP, the observed increase in job finding due to threat effects would generally
increase as we increase γ. Similarly lock-in effects, i.e. decreases in job finding
during program participation, can arise because the utility loss of searching is
higher when the current state is already costly due to participation in MEP.

14Note that the specification implies that the utility costs of MEP in a given period can be di-
rectly offset by a corresponding change in UI benefits. This would however require UI benefits
to change with participation in MEP as well as across education groups. Further, utility costs are
only indirectly informative on welfare costs, since MEP may be avoided and utility costs never
realized.
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The model does not allow agents to smooth utility through savings and asset
accumulation, although they would generally prefer to do so due to the CARA
specification. Adding a savings choice to the model would require additional
data on consumption or savings which is unavailable, and it would also im-
ply a large increase in computational complexity, as the model is already high
dimensional and focused on incorporating the experimental stages while simul-
taneously including several layers of heterogeneity to study the welfare costs.
Further, analyzing the impact of MEP and their relation to savings decisions
would require explicitly distinguishing monetary and non-monetary costs of
MEP, which are simply treated as a composite index in the model. The fact that
UI benefits are high and that the experiment is unexpected at inflow into unem-
ployment with a relatively short threat stage should imply that any response on
the savings margin in anticipation of future program participation is most likely
small. Further, the extent to which agents change their savings decisions to be
able to buffer future variation in utility due to potentially non-pecuniary costs
such as utility costs of MEP is not well established.

The wage associated with a given job type j is determined by the wage func-
tion W (α, θ):

W (α, θ) = exp (µ + σeg j + η · s) (3)

for j > 0. µ is a constant and represents the deterministic part of wages, η

measures the return to skills s, and σeg measures the importance of a particular
draw of job type, j.15 σeg leads to education specific wage offers, and it allows
the within-group variance on wages (both wage offers and accepted wages) to
be different across education groups.

Transition functions: Unemployment dynamics

At inflow into unemployment, individuals have no job offers, j = 0. Hereafter,
a job offer arrives each period with probability Tjob (α, θ).16 This probability is
calculated as the product of search intensity, sc, and the return to search (the
part in [] below) which includes benefits from participation in MEP:

Tjob (α, θ) = sc ·
[

π
rg
job,d · (1 − d) + π

eg
job + π

eg
job,m · m + π

eg
job,a · a

]

(4)

The benefits from participation in MEP are π
eg
job,m and π

eg
job,a where the nota-

tion πeg again denotes that the parameters are education-specific. The increase

15To generate a non-uniform wage distribution, I map values of j into respective quantiles of
the normal cdf to generate a more natural wage distribution of wage offers (log-normal wage
distribution). This also ensures that the wage dispersion does not depend on the overall grid size
of j. See Appendix C Section C.3.2 for the exact empirical implementation.

16I generally refer to all transition functions as Ti (α, θ) and to the parameters affecting transition
functions as πi,c where i marks the type of transition and c marks the dependence on a state
variable if any.
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in the return to search due to MEP arise if program participation makes job
search better, for instance it may improve job search skills (e.g. likelihood of suc-
cess from applications) or open up further job possibilities through e.g. smaller
changes/clarifications of the skill set of the unemployed. Note that the increase
in the return to search is not persistent. However, repeated participation in MEP,
as for the treatment group in the experiment, would imply that the return to
search is higher over several periods.

Besides direct benefits from participation in MEP, the return to search consists
of a regional-specific duration dependent term, π

rg
job,d·(1 − d), and an education-

specific part, π
eg
job, which can be interpreted as the return to search for a long-term

unemployed (i.e. when d = 1, see Table 3).
Duration dependence in the return to search would, for example, arise if em-

ployers use duration in unemployment as a selection/screening criteria (see e.g.
Kroft et al. (2013); Wolpin (1987)) or in an environment with stock-flow match-
ing (see Coles and Petrongolo (2008); Ebrahimy and Shimer (2010)). From the
perspective of the worker, these explanations imply that the return to search de-
creases over time in unemployment. The model does not take a stand on the
specific mechanism. In this sense, the partial equilibrium approach is advanta-
geous here as duration dependence can simply appear as a ’reduced form’ object
instead of an equilibrium outcome.

As I show later, the inclusion of duration dependence is important to fit both
the short-term and long-term dynamics of the hazard rate out of unemployment.
In the empirical implementation, the duration dependent term, π

rg
job,d·(1 − d),

allows the return to search to decrease (linearly) with duration in unemployment
until 20 weeks of unemployment. The 20 weeks cutoff was chosen since around
this point, the employment level stabilizes in the data. This is also close to the
26 weeks used in some definitions of long-term unemployment, see Kroft et al.
(2013) although in other definitions, e.g. by OECD or ILO, the cutoff is around 52
weeks. Choosing a later cutoff point would not change my results substantially
but would increase the state space and, consequently, the computation time quite
heavily.

Lastly, the paper works under the assumption that the role of equilibrium and
congestion effects are of limited importance in creating the experimental impacts
documented above (see Lise et al. (2015) for similar arguments). Equation (4)
makes this explicit as the individual return to search does not depend on search
behavior of other individuals in the market. Instead, the analysis focuses di-
rectly on the identification of utility costs and individual incentives around the
experiment by directly including and controlling for these differential treatment
stages in estimation.17

17Gautier et al. (2018) consider equilibrium effects in an earlier Danish experiment. The experi-
ment was conducted in two remote regions of Denmark, whereas the experiment analyzed in this
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Transition functions: Employment dynamics

While employed, skills s may increase from period to period with an education-
specific probability, π

eg
up,s. When separated from a job, skills are lost with prob-

ability πdw,s. The loss of skills means that acquired skills have become obso-
lete in the market; as a result, future wages will be lower because there are no
skills/experience from the previous job that are transferable into a new job. The
evolution of skills across time is important as it directly affects the value of em-
ployment through the stability and wages in future jobs.

Although the level of skills is generally unobserved by the econometrician,
the estimation exploits that changes in skills are the only source of wage growth
in employment. The skill loss term is only indirectly identified through subse-
quent unemployment dynamics and accepted wages out of unemployment. I
therefore only allow for educational differences in π

eg
up,s and not in πdw,s. Note

that by assumption participation in MEP does not affect skills s in the model.
This assumption is supported by the content of the experimental treatment, i.e.
shorter-term training and skill assessment (Section 2.2), and the lack of wage
gains from the experimental treatment as discussed in Section 3.

Jobs may also terminate, and the probability of a layoff, Tl j (α, θ), depends on
the skill level, s, and the job type j. The higher the level of skills or the job type,
the lower the risk of becoming unemployed:

Tl j (α, θ) = π
rg
lj ·

[

πl j,j (1 − j) + π
eg
lj,s (1 − s)

]

(5)

where I allow the dependence on s to be education specific and allow for differ-
ences in layoff rates across regions through the scale factor π

rg
lj . The reference

region is set to be the MR region, hence πMR
lj = 1.

As explained above the dependence of Tl j (α, θ) on j makes individuals less
willing to accept lower job types in exchange for faster job finding. The depen-
dence on s and the within-job evolution of skills generate duration dependence
in jobs which may capture the decreasing hazard rate out of employment as
found in the data and the high turnover for some jobs especially for low edu-
cated workers.

The dynamic program

Individuals maximize the sum of expected discounted utility over an infinite
horizon. A time period in the model is 2 weeks, and the environment is station-
ary and ergodic (as in Ferrall (2004, 2012)). I let A (θ) contain the set of possible

paper is conducted in the two largest Danish regions where the number of jobs to apply to within
a reasonable commuting zone is much larger, see also footnote 7.
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choices in a given state θ. The value associated with being in state θ and making
choice α, v (α, θ), is given by:

∀α ∈ A (θ) , v (α, θ) = U (α, θ) + δpgE
[

V
(

θ′
)]

= U (α, θ) + δpg ∑
θ′

P
{

θ′|θ, α
}

V
(

θ′
)

(6)

where U () is a utility function, and P {θ′|θ, α} governs the mapping from θ into
future states θ′ which depend on transition functions and the optimal choices of
the individual. The value function, V (θ), can now be determined as:

V (θ) = max
α

v (α, θ) (7)

In a next step, choice probabilities are smoothed using a logistic kernel:

ṽ (α, θ) = exp {ρ [v (α, θ)− V (θ)]}

P {α|θ} =
ṽ (α, θ)

∑α ṽ (α, θ)
(8)

where ρ > 0 determines the importance of smoothing and P {α|θ} is the policy
function. This is similar to e.g. Eckstein and Wolpin (1999); Ferrall (2012). If the
value associated with a non-optimal choice is close to the value of an optimal
choice, the probability of either choice will be similar due to smoothing. On the
contrary, actions which are far from optimal are very unlikely. As ρ increases,
the probability that agents make unexpected or non-optimal choices further de-
creases.

While the expression of choice probabilities in equation (8) looks similar to
the random utility approach (see Rust (1987)), smoothing here is ex post, while
in the random utility approach smoothing arises ex ante through a continuous
taste-shifter in the utility function. Smoothing ex post only adds one additional
parameter to the estimation problem and is attractive in this setting where sc is
unobserved in the data. ρ thus governs choice smoothing on all margins and
levels of search intensity. Note that the model also has discrete unobserved di-
mensions of heterogeneity (taste-shifters) such as, e.g., skills and job offers that
affect agents and lead to different choices for observational similar agents.

The role of MEP

Through the lenses of the model, MEP may change behavior before, during and
after program participation. Threat effects arise when the unemployed search
more intensively prior to potential participation in order to avoid it. During
participation, lock-in effects may arise since the utility loss associated with job
search is higher due to the CARA utility function and utility costs related to par-
ticipation. Participation in MEP may also directly increase the return to search.
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Lastly, MEP may also influence the type of jobs individuals have out of unem-
ployment. This happens if individuals change decisions about the type of job
offers they accept in response to (a threat of) participation in MEP.

Note that in accordance with the institutional setup (see Section 2.1), both the
control group and the treatment group participate in MEP, but the intensity of
MEP is much higher in the treatment group. The control group faces a constant
probability of entering MEP each period in unemployment. In addition to this
the treatment group participates in MEP in all periods of the T stage with prob-
ability 1. The rate of MEP participation in the control group is set to match the
empirical participation rate as documented in Maibom et al. (2017). See (online)
Appendix Section C.3.3 for the specific parameterization.

Overall, the model delivers a series of predictions in dimensions that are im-
portant for analyzing the impact of MEP. These dimensions are: the duration in
unemployment, the speed and timing of job finding, the wage and subsequent
dynamics in jobs. The experimental impacts, i.e. differences in all the former
dimensions between treatment and control groups, deliver further predictions
which are informative on the role of MEP. All these predictions are shaped by
the incentives and value of different alternatives for individuals in the experi-
ment.

The quantitative size of these responses generally depends on the state θ. Al-
though the direct utility costs in equation (1) are constant within education groups,
a threat of MEP will still lead to differential policies in equation (8) within a given
education group. This is because the value of the alternative differs across θ ei-
ther in how costly it is to secure/find employment, or in the attractiveness of
being employed. In this sense, MEP interact with the fundamental heterogene-
ity of the model and create heterogeneity in the impact of MEP and in the welfare
costs.18 Due to θexperiment, the predictions of the model can be directly contrasted
with the time series of data moments and used as a way to discipline the param-
eters of the model. Thereby the incentives and value of different alternatives for
potential participants can be credibly quantified, and the overall impact of MEP
– including the overall social benefits – can be appropriately analyzed.

18The related theoretical literature on the effects of workfare in a static setting (e.g. Besley and
Coate (1992); Kreiner and Tranæs (2005)) also focuses on heterogeneity in the value of the alter-
natives (earnings ability or cost of working). Nichols et al. (1982) argue that the case for workfare
is strengthened when utility costs vary such that individuals with higher valued alternatives are
further induced to stop claiming benefits (see also Cuff (2000)). Allowing for further heterogene-
ity in utility costs of MEP in this paper would require additional data (and ideally also a larger
sample). Further, as I show below (Section 7.2), differences in welfare costs are further magnified
due to the job search process. Thus, even with further heterogeneity in utility costs, welfare costs
are still disproportionately affecting states where the cost of leaving unemployment is large.
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5 Solution and estimation

I now explain the solution and estimation of the model as well as identification
of some of the central structural parameters. Estimation does not require sim-
ulation of the model, as the time series of moments is solved for iterating on
a Markov chain from an initial ergodic distribution over observable and unob-
servable states. The estimation exploits variation in moments within and across
experimental stages, treatment status, regions and educational groups.

5.1 Model solution, initial conditions and estimation

The solution procedure consists of a series of steps which are similar to Ferrall
(2012) (with one exception). Below I provide a brief overview and in (online)
Appendix C, I provide extensive additional details and a step-by-step overview.

As a first step I solve for the objects V(θ), P (α|θ) in equations (7) and (8).
I then determine how the distribution of states evolves from one period to the
next. This state-to-state transition function, P (θ′|θ), is then used to calculate the
ergodic distribution across states Ω∗ (θ). Based on Ω∗ (θ) and P (θ′|θ), I then
determine the initial distribution across states, Ω (θ|t = 0), where t = 0 denotes
the start of the experiment. In doing so, I also take into account that participants
who had been unemployed for a while prior to the start of the experiment are
not a random sample of workers from the ergodic distribution since they had to
remain unemployed for some time to enter the experiment.

The characteristics in Table 2 show that the starting point of 20-30% of the
participants was some kind of public benefits. While this type of endogenous
eligibility to the experiment does not threaten the internal validity of the experi-
ment, reduced form impacts should be interpreted with this in mind. The model
takes this into account by modeling this selection process explicitly and thereby
solves this initial conditions problem (see e.g. Aguirregabiria and Mira (2010)). If
we do not take into account that this group is likely negatively selected in terms
of the value of finding employment due to e.g. lower skills or impatience, we
misrepresent the incentive to escape MEP which affects the size of utility costs
and the subsequent welfare costs.

The next step is to solve for Ω (θ|t), the distribution across states for each time
period t since the beginning of the experiment, by iterating on the Markov chain,
starting from Ω (θ|t = 0) and using P (θ′|θ). Model predictions are solved sepa-
rately by education, region, treatment status and initial unemployment duration
groups. Note that the ergodic distribution, and the stationary environment con-
ditional on state variables including θexperiment, enables estimation of the param-
eters from the infinite horizon decision problem using data over a finite estima-
tion period which covers the different experimental stages.
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I also add a new step to the model solution compared to Ferrall (2012). In par-
ticular I introduce an inner Markov chain determining the object ΩRED (θ|t, t + k).
This object holds the distribution across states for remaining employed individ-
uals at t + k, who started employment in period t and thus incorporate the dy-
namic selection that occurs in employment over time due to differences in skills
and job type. This object enables model predictions describing within job dy-
namics to be added to the set of moments without increasing the state space.

The parameters of the model are estimated using the generalized method of
moments. The estimation proceeds as follows: for a set of parameters, the model
is solved, and Ω (θ|t) is determined. Ω (θ|t) is then mapped into model pre-
dictions and used to form a time series of moments which is compared to data.
The distance between model predictions and data is minimized by changing the
parameters of the model until a minimum is found. In Appendix C, I provide
further details on the solution of the model, the estimation process and the cal-
culation of standard errors. For an overview of the parameters to be estimated,
see Table 21 and 22 in (online) Appendix C.3.4. Further, Table 20 in (online)
Appendix C.3.3 presents the parameters which are fixed prior to estimation.

5.2 Identification and the experiment

The moments used in estimation capture employment, unemployment and wage
dynamics, which are informative about the structural parameters. In total, I
estimate 43 parameters using information from 156 moments (13 moments, 2
regions, 3 education groups and 2 treatment status groups) observed over 35
two-week periods, resulting in 5460 potential predictions. Broadly speaking, the
parameters in the model are identified by the restrictions generated through the
model in how moments vary over time, within and across education and region
groups. These restrictions are both behavioral and functional form restrictions.
For instance, regional or education-specific parameters are identified from the
restrictions in how education enters the model and by using differences in mo-
ments across these groups in the data. Below, I discuss how each chosen moment
is informative about different parameters. Data from the control group alone is
informative about most parameters, but the experiment is particularly important
in order to distinguish between competing utility cost (and benefit) structures.

The experiment generates the opportunity to observe identical agents in dif-
ferent settings and to use the observed differences in data moments in combi-
nation with the job search model to analyze the way that the treatment affects
individuals. Contrasting moments from the treatment group with the control
group allows us to keep other time-varying confounders such as duration de-
pendence and differences in skills fixed; in this sense, the experiment serves as
an exclusion restriction, see Wolpin (2013, 1987); Todd and Wolpin (2020). Dif-
ferences in for instance employment rates between treatment and control groups
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are mapped into differences in individual decisions. These differences are then
informative about the effect of future MEP participation on individual decision
making.19 Differences in individual behavior in the TH, T and PT stages can be
used to distinguish between φ

eg
a and π

eg
job,a – the two different explanations for

why MEP increase job finding.
I lastly provide some heuristic arguments motivating the choice of the differ-

ent moments. See Table 7 in Appendix A for a full list of the chosen moments in-
cluding means and standard deviations (see also Table 23 in (online) Appendix
C.3.5 for additional details about e.g. the time periods used). Mean accepted
wages and wages squared (moments #2, #3, #9 and #10 in Table 7) discipline the
parameters of the wage function. Wages squared are included to ensure that the
model does not only match the average level and evolution of wages, but also
the dispersion within periods. Wages squared and average accepted wages for
workers transiting from unemployment in a given period are informative of the
importance of j, the job type component in wages. Differences across education
groups link to the educational specific parameters affecting wage offers.

The (un)employment rate and the share of workers leaving unemployment
in a given period (moments #6, #7 and #8) link to parameters determining the
overall level of, and dynamics in, unemployment such as the costs of work-
ing and searching (equation 1). Average unemployment duration and duration
squared (Moments #4 and #5) are included in the set of moments to discipline
the predictions regarding the distribution of unemployment durations among
individuals and overall unemployment dynamics. These moments are included
since they are directly informative about the parameters governing the return to
search (equation 4), and because the distribution across states θ changes due to
dynamic selection in unemployment.

Since changes in skills, s, are the only source of wage growth in employment,
adding moments characterizing employment dynamics and wage changes are
informative on the importance and distribution of skills. The interaction of em-
ployment duration and wages (moments #12 and #13) disciplines the parameters
governing the evolution and level of skills. The share of workers losing their job
and the average employment duration (moments #1 and #11) are informative
on the employment dynamics and the parameters governing the layoff process.
Again differences in moments across education and region groups link to the

19Intuitively, using data from both the control and treatment groups in the estimation separates
the costs and benefits of MEP from the other features of the environment such as the return to
and the cost of job search. Using only data on the control group would challenge the ability to
distinguish environments with low costs of MEP and high returns to search, resulting in smaller
adjustments in search activity, from other environments where: the costs of MEP are high, the
return to search is low, and adjustments in search activity are large. Across these environments,
the overall observed response to MEP such as job finding, may be quite similar, but the welfare
implications are very different.
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importance of regional and education-specific parameters. Further by using the
whole time series of moments, both short- and longer-term dynamics are disci-
plined.

6 Model fit and mechanisms

This section presents the fit of the model. I then present the model estimates and
the behavioral changes or mechanisms underlying the experimental impacts. In
the next section, I calculate the welfare costs and discuss the implications for
usage of MEP.

6.1 Model fit

As discussed in the previous section, the model delivers a wide range of pre-
dictions which are disciplined through estimation. In this subsection I illustrate
the fit of the model and discuss how the predicted time series of moments aligns
with data across the different combinations of education, region and treatment
status groups.

Tables 7 and 8 (Tables 9 and 10 ) in Appendix A present the fit for the treatment
(control) group in the MR and AR. Each table reports the means and standard
deviations of the time series of moments in the data and the estimated model
within education groups. The tables also contain the correlation of the time series
for the data and model as well as the relative deviations compared to the levels in
the data. Overall these tables show that the model, broadly speaking, succeeds
in matching both the level and variability across the various moments. This
generally holds across both education and regions, as well as for treatment and
control groups. For the vast majority of moments, the correlation is above 0.9,
and the relative deviation is less than 10 − 15 percent. Moments of particular
interest are of course moments related to employment status and speed of job
finding, such as e.g. the employment rate (#7) where the correlation is always
above 0.9, and the relative deviation is never above 7 percent.

There are also some exceptions where the model fit is less accurate as reflected
by either a lower correlation or a higher relative deviation.20 The fit is perhaps

20This primarily concern moments related to inflow or outflows from employment (#1, #5, #8
and #9), such as e.g. the (unconditional) share of job separations and the average wage for hires
in a given time period. It is not surprising that the fit is less accurate in these dimensions. First,
prediction errors to some extent compound. For example, fitting the share of separations out of
employment would require simultaneously fitting both the employment rate, the distribution of
employment durations as well as the job destruction process. Second, some of these transitions
happen at a very low frequency in the data, hence even small deviations are large in relative
terms. For example, with job separations the correlation varies from 0.6 − 0.9 across demographic
groups, but the average deviations are relatively large (up to 60 percent).
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slightly better in the AR compared to the MR, especially for moments related to
job separations (#1), wages (#2, #3) and employment (#7). The difference in fit
across regions is not surprising given the regional differences in the data and the
implicit constraints of the estimation, where the same set of parameters, with a
few exceptions, has to fit the data in both regions simultaneously. A similar com-
ment applies to the few cases where the fit performs differently across education
groups.

It is, of course, crucial for the analysis below that the model not only captures
the overall level and variability in the moments, but also the actual time profiles.
To illustrate this further, I plot the time series of the employment rate in the treat-
ment groups for the model and data in panels a) and b) of figure 2. The figure
shows that the model captures the high initial outflow from unemployment and,
thus, rapidly increasing employment levels in addition to a stable employment
rate in the longer run. It also fits job finding rates in the longer run (see also
moment #8), suggesting that the main predictions in terms of in and outflow to
and from employment are well explained. The long-run employment rates in the
MR are slightly overestimated, but this holds in both the treatment and control
groups.

Panels c)-f) in figure 2 show the difference between employment rates in the
treatment and control groups in the short and long run. As argued previously,
the timing and size of experimental impacts are key to identifying utility costs
(and benefits) of MEP and, hence, an important statistic for the model to fit. The
figures show that in both regions and across educational levels, the model is able
to capture both the timing and magnitude of the impacts, especially during the
first 20 weeks of the experiment.

In total, it appears that the model fits the data along key dimensions that are
important for analyzing the impact of MEP. This means that the incentives and
value of different alternatives for potential participants can be credibly quanti-
fied, and the overall impact of MEP – including the overall social benefits and
heterogeneity in costs – can be appropriately analyzed.

6.2 Model Estimates

Table 4 presents the estimated parameters and standard errors. The table also
reports the p-values from pairwise tests of parameter equality across education
groups.

The estimates of the model imply a strong return to education: high educated
individuals have a higher return to search, lower work costs and are paid more
while employed. In addition, high educated workers keep their jobs longer and
have a higher level of skills on average. Low educated workers, in contrast, lose
their jobs faster and have lower skills and, thus, a lower return to employment.
The estimates also reveal differences across the MR and AR. For instance, dura-
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Figure 2: Employment rates across time, region and education groups
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(b) E-rate in treatment group, AR
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(c) E-impact, MR
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(d) E-impact, AR
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(e) E-impact longer run, MR
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(f) E-impact longer run, AR
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Note: Panels (a) and (b) plot the employment rates for the treatment group in the model and
data. Panels (c)-(f) plot the difference in employment rates in the treatment and control groups.
See Appendix A for further evidence on model fit and employment rates in the control group.

MR: meetings region. AR: activation region. Results are reported separately for different
education levels (low, medium, high).28



tion dependence in the return to search is more pronounced in the AR,21 where
the probability of a layoff is also smaller. The distribution of patience types also
differs. These structural differences are likely to lead to regional-specific impacts
of a specific intervention and therefore suggest that a comparison of the raw (re-
duced form) impacts across regions should be carried out with caution.

For low educated workers, the estimates of the immediate benefits of MEP,
πjob,a and πjob,m, imply an increase of around 5 percentage points in the prob-
ability of a job offer for an individual searching at the median search intensity
(sc = 0.5). For other education levels, the estimates are both statistically insignif-
icant and quantitatively small.

On the contrary, the estimates of the utility costs of MEP, φm and φa, are siz-
able; for instance, low educated unemployed would be willing to give up close
to 80(50)% of their UI in a given period to avoid activation (meetings). While
these estimates are large, it is reassuring that they are below the expected loss in
benefits if individuals simply did not show up for MEP activities (see footnote
5). For low and medium educated workers, φa is only 15-20% lower than the
work cost, κ. It is reasonable that φa is similar in magnitude to the work cost
since activation is almost as time-consuming as full-time employment. Meetings
on the other hand are less time-consuming, and the sizable estimates of φm may
imply that for instance stigma is an important component of utility costs here.

φm and φa are generally decreasing with the education level: φm is around 30%
lower for high educated compared to low educated, but lower for medium ed-
ucated compared to high educated. The model infers this from the fact that the
employment impacts for medium educated workers are smaller and less imme-
diate than for high educated workers in the MR. For activation, low and medium
educated workers incur substantial utility costs, whereas high educated workers
do not incur utility costs.22

The educational differences in utility costs may reflect educational differences
in the content of activation and meetings. It is reasonable to expect the content
of activation for low educated/unskilled unemployed individuals to be more
intense and focused on elementary training, whereas high educated individuals
may participate in less intense training or courses they consider less costly, such

21To illustrate the importance of duration dependence in the return to search, Figure 11 Ap-
pendix D.3 shows the fit of the model with estimates as in Table 4, but now without duration
dependence in the return to search. This specification is not able to generate the spike initially in
outflow rates followed by lower rates in the longer run. I discuss some of the other features of
the model such as the return to search, the wage and expected duration of jobs in further detail in
Appendix D.

22The estimate of φa for high educated is actually negative (suggesting utility gains from par-
ticipation), but quantitatively small and statistically insignificant. The model infers this limited
role of utility costs from the absence of threat effects and the small difference in employment rates
between the control and treatment group for high educated workers in the AR, see figure 1 and
Table 12.
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as personal development or job training. It is, however, beyond the scope of this
paper to rationalize these differences in utility costs further. Note that utility
costs and benefits are not the appropriate metric if we want to understand how
potential participants were affected by the threat of MEP. Doing that requires
determining the welfare costs which is the aim of the next section.

I now provide some evidence on the behavioral changes underlying the treat-
ment impacts documented in figure 2. This evidence is a useful input to the
discussion about the drivers of the welfare costs and the social benefits of MEP
in the next sections.

In figure 3 I illustrate the search policy, i.e. the probability distribution over
different levels of search activity as determined by the policy function defined
in equation (8), in a particular realization of θ in the AR. The left panel com-
pares the search policy in the treatment group to the control group at inflow into
unemployment. The right panel illustrates how the search policy of the treat-
ment group changes as individuals progress through the different experimental
stages. Overall, the figure illustrates the primary behavioral change underly-
ing the experimental impact: individuals in the treatment group simply search
more. Further, the response to treatment is dynamic, for instance, individuals
search more in the threat stage (TH) than after treatment (PT). The dynamic re-
sponse also materialize within treatment stages, for instance, search intensity in
the TH stage increases as individuals approach the T stage, i.e. the more intense
the threat of MEP becomes.

Another way to illustrate the quantitative importance of changes in job search
more directly is to replace the policies in the treatment group in states θ where
the individual has no job offers(j = 0) with the choices of the corresponding con-
trol group. In this counterfactual, the impacts are generally much smaller than
the impacts arising under the benchmark. This illustrates that a key driver of the
experimental impacts are changes in job search decisions, and less so changes
in decisions about whether to accept a given job offer. Overall, this decompo-
sition suggests that across region and education groups (with one exception),
more than 70 percent of the average experimental impacts during the first 30
weeks arise directly from changes in job search decisions only. See Figure 12
in Appendix D.4 for an illustration and for further discussion of the treatment
mechanisms across regions and also with respect to decisions about accepting a
particular job offer.

Implicitly the above results also illustrate the advantage of the explicit inclu-
sion of the experiment into the model and estimation. By inclusion of the experi-
ment by θexperiment, model predictions can be directly contrasted to data moments
while the time until treatment is controlled for. Thereby model predictions are
disciplined through estimation, which lends credibility to the model estimates
and predictions. This increases the reliability of the CV and allows us to analyze

30



Table 4: Estimated parameters and standard errors:

Parameter Model Note Low Medium High Equality Test

ξ Utility Search cost
0.342∗∗

(0.040)
- - -

κeg Utility Work cost
0.631∗∗

(0.061)
0.607∗∗

(0.094)
0.477
(0.031)

[0.86, 0.02, 0.20]

φ
eg
m Utility Utility cost of meetings

0.338∗∗

(0.150)
0.141
(0.266)

0.237∗∗

(0.090)
[0.56, 0.60, 0.74]

φ
eg
a Utility Utility cost of activation

0.526∗∗

(0.104)
0.498∗∗

(0.249)
−0.041
(0.085)

[0.93, 0.00, 0.05]

γ Utility Curvature utility
1.582∗∗

(0.265)
- - -

τMR
patient Types Fraction of patient types, MR

0.824∗∗

(0.069)
0.999∗∗

(0.007)
0.975∗∗

(0.027)
[0.01, 0.02, 0.33]

τAR
patient - Fraction of patient typestype, AR

0.497∗∗

(0.066)
0.673∗∗

(0.100)
0.565∗∗

(0.179)
[0.13, 0.72, 0.56]

µ Wages Wage constant
−0.419∗∗

(0.022)
- - -

σeg Wages Search sensitive
0.000
(0.029)

0.031
(0.022)

0.056∗∗

(0.016)
[0.35, 0.02, 0.31]

η Wages Return to skills
0.869∗∗

(0.029)
- - -

ρ Smoothing Smoothing kernel
45.075∗∗

(11.416)
- - -

πMR
job,d Job offers Duration dependence, MR

0.242∗∗

(0.020)
- - -

πAR
job,d - Duration dependence, AR

0.326∗∗

(0.025)
- - -

π
eg
job Job offers Long term job offer

0.101∗∗

(0.018)
0.035∗∗

(0.012)
0.258∗∗

(0.020)
[0.00, 0.00, 0.00]

π
eg
job,m Job offers Productive effect (meeting)

0.082
(0.068)

−0.007
(0.037)

0.013
(0.042)

[0.19, 0.44, 0.74]

π
eg
job,a Job offers Productive effect (activation)

0.099∗∗

(0.033)
0.019
(0.068)

0.030
(0.115)

[0.35, 0.62, 0.93]

π
eg
lj,s Layoff process Impact from s

0.025∗∗

(0.008)
0.005
(0.004)

0.000
(0.003)

[0.07, 0.00, 0.33]

πl j,j Layoff process Impact of job type j
0.059∗∗

(0.006)
- - -

πAR
lj Layoff process Regional effect, AR

0.652∗∗

(0.091)
- - -

π
eg
up,s Skills evolution Appreciation of s

0.026∗∗

(0.005)
0.022∗∗

(0.004)
0.020∗∗

(0.000)
[0.61, 0.27, 0.71]

πdw,s Skills evolution Loss of s
0.142∗∗

(0.028)
- - -

Note: This table shows the estimated parameters including standard errors in (). Low, medium,

high refer to the different education levels. Parameters which are not education-specific are

reported in column “Low”. The last column “Equality test” contains the p-values from a t-test of

the null of equality of parameters across education groups. The tests are pairwise and in the

order: (Low, Medium), (Low, High) and (Medium, High). MR: meetings region. AR: activation

region. *(**) denotes significance at the 10% (5%) level.
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the role of MEP under other counterfactuals, such as e.g. a longer threat stage.

Figure 3: Search levels and job decisions – AR
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Note: Panel (a) plots the search policy, i.e. the probability distribution (determined by
the policy function in equation 8) over different levels of search activity sc for patient

individuals in the Activation Region (AR) at inflow into unemployment (the first
period in the TH stage). Panel (b) shows the search policy across different experimental
stages ts in the treatment group. Within each panel, the left (right) figure is for control
(treatment) individuals in state θ. Dark bar colors reflect higher search intensity, blue
color indicates no search (sc = 0). Keep in mind that high educated workers have no

utility costs from participation in activation. See Appendix D.4 for figures from an
alternative realizations of θ.

7 Compensating variation

This section quantifies how the experiment, and thus the threat of MEP, affects
individuals in the treatment group. I calculate the CV and use it as the measure
of the change in worker welfare, i.e. the welfare costs of the experimental inter-
vention. I illustrate how the CV varies across states in the model, and I discuss
the implications for appropriate usage of MEP. Finally, I contrast the CV and
operating costs of MEP to the gains in terms of increased job finding.

7.1 Results

The CV is the (hypothetical) monetary compensation which makes a given indi-
vidual indifferent to being in the treatment or the control group. The compensa-
tion is paid for each period in the TH and T stage.

By design, the CV quantifies the influence of the threat of MEP although the
utility costs may never be realized, as individuals secure employment prior to
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participation. The CV implicitly contrasts utility costs, benefits and the proba-
bility of future program participation against the value of the alternatives. The
CV will vary as a function of the initial state at entry into the experiment, θinit.

In practice, CV (θinit) is solved separately for each θinit as a minimization prob-
lem where the objective is the difference in value functions between the treat-
ment and control groups for a given compensation scheme. Subsequently, I cal-
culate the average CV by accumulating payments over periods and weighting
CV (θinit) with the initial distribution across states Ω (θ|t = 0).23

Table 5 presents the average CV in € per participant and also expressed in
terms of weeks of UI in parenthesis. Note that the representation of the CV in
terms of weeks of UI is only for expositional purposes to better illustrate the size
of the CV (see also footnote 14). The average CV amounts to €554 (494) in the
MR (AR) or around 1.72 (1.52) weeks of UI per unemployed participant in the
treatment group. The educational differences in the CV reflect differences in the
utility costs of MEP, differences in the incentive to work and differences in the
return to search.24 Differences in the CV across patience groups are driven by
differences in how the utility loss of job search is valued relative to its return.
Impatient workers discount the future more heavily, and hence the gain from
future employment is smaller leading to a higher CV. Keep in mind that the CV
also varies across θinit. With a few exceptions, the standard deviation of the CV
within education, region and patience groups is around 10-30% of the mean.
See Table 27 in Appendix D.5 for the (probability weighted) mean and standard
deviation on the CV.

Differences in the CV across regions MR and AR in Table 5 are driven by dif-
ferences in the content of MEP, but also in the timing of treatment. One driver of
these patterns is the differences in the intensity of the threat of MEP. In the MR,
the TH stage is only 1-2 weeks, whereas in the AR it is longer, see Table 1. For
instance the CV is higher for patient low educated workers in the MR compared
to the AR, although the direct utility costs of meetings are actually lower than
activation. Similar reasoning applies when we compare the CV across different

23Since the utility function is non-linear, solving CV (θinit) for a given θinit implies that the
contraction mapping should be resolved for each guess of compensation. See Appendix Section
C.4 for additional details on the calculation. Further, as a part of the individuals in the model are
“impatient” (see Section C.3.3), I have also tested compensation schemes that involve payments in
only the TH or T stage. The difference in the total compensation between these schemes is small
and does not affect the results, see Appendix D.5 Table 25 for an illustration. Lastly, the average
CV is also affected by education and regional differences in the distribution across states at the
start of the experiment. Appendix D.5 Table 25 shows the average CV for a common benchmark
distribution and also shows that this does not drive the results reported below.

24The negative CV estimates for high educated workers in activation arise because the estimate
of φap is negative (see Table 4). At face value the CV suggests that high educated workers would
be willing to pay a total of 0.3 weeks of UI benefits in order to secure participation in the ex-
periment with activation. However, keep in mind that φap is both statistically insignificant and
quantitatively small, and this conclusion should therefore be cautioned (see footnote 22).
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realizations of θinit in the next section - as the risk of future participation in MEP
increases, for instance because the likelihood of leaving unemployment is small,
the CV also increases.

Note that while a shorter threat stage would likely increase the CV, it actually
also increases the impact on job finding, and thereby both benefits and welfare
costs vary with the duration of the TH stage. See Table 26 in Appendix D.5 for
an illustration where I calculate the CV and employment impacts across different
counterfactuals where the duration of the TH stage changes.

Table 5: Average compensating variation across regions and workers

Meetings Region Activation Region

Low educated Patient 431€ (1.34) 291€ (0.90)

Low educated Impatient 1471€ (4.56) 2217€ (6.87)

Medium educated Patient 454€ (1.41) 559€ (1.73)

Medium educated Impatient 710€ (2.20) 2166€ (6.72)

High educated Patient 739€ (2.29) -88€ (-0.27)

High educated Impatient 1207€ (3.74) -101€ (-0.31)

Average across all workers 554€ (1.72) 494€ (1.52)

Note: This table reports the average CV, and in parenthesis the CV is expressed in terms
of weeks of UI. The CV is defined in equation 17 and weighted with the initial distribu-
tion across states at inflow into the experiment. The compensation scheme is a payment
for each period in the TH and T stage. See also (online) Appendix C.4 and D.5 for details
on how to calculate the CV and additional results.

7.2 Heterogeneity in the CV and implications

The results in the previous section represent the first empirically-based quantifi-
cation of the welfare costs of MEP in the literature. The counterfactual in this
exercise is the environment of the control group, i.e. a world where MEP exist,
but where the threat is much less intense. The results suggest that MEP promotes
employment by reducing the benefits of UI, i.e. the individual valuation of UI.
Furthermore, the results suggest that the welfare costs vary with the design of
the intervention and across realizations of θinit. Understanding the sources of
this variation is an important step towards identifying who bears the largest
costs and to understand how these results may generalize to other settings, tar-
geting for instance other types of unemployed.25

25Note that since the CV is a function of the whole economic environment, it generally changes
if we change the structural parameters in Table 4 or make other changes to the economic environ-
ment such as e.g. changes in the timing of MEP or the type of unemployment targeted. Knowledge
on the underlying drivers of the heterogeneity in the CV is therefore useful to think about how
the findings extrapolate outside the current intervention.
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Analyzing the dispersion in the CV across different states θinit reveals that the
CV is particularly high in two groups of states. The first group consists of states
where the return to search (equation (4) and thus employment prospects are low.
For this group, escaping future program participation requires a large increase
in search activity which is costly and thus demands compensation. The second
group consists of states where the utility loss of additional job search is high.
This would for instance include individuals who in absence of the experimental
intervention are already searching intensively for employment. The new threat
of MEP induces them to search even harder, but this is increasingly costly given
equation (2).

In contrast, individuals with lower CVs are individuals who, in absence of the
threat of MEP, search less intensively for employment, although they would be
able to find employment rather quickly. While MEP may be an efficient screening
device in terms of promoting faster job finding for this group of individuals,
other individuals thus bear the costs of this strategy. In Table 28 Appendix D.5
these differential patterns in the CV are illustrated (and further discussed) by
comparing the CV across two key dimensions of heterogeneity in θinit: d, the
duration of unemployment; and s, the level of skills.

It may be particularly problematic that individuals with weaker employment
prospects are among the highest CVs, since they also have the greatest need of
(longer-term) UI in the first place. Nevertheless this is perhaps not too surpris-
ing. A key insight in previous theoretical work on (static) workfare (see also
footnote 4 and 18) is that the welfare costs of workfare are heterogeneous and
higher for individuals with weaker alternatives, whereas individuals with other
good alternatives are less affected. My estimates, from a dynamic setting and
focused on choices on the intensive margin in job search and for MEP type inter-
ventions, offer a similar type of insight.

However, in moving from utility costs to welfare costs, my analysis illustrates
that additional costs arise due to the job search process and the uncertainty about
future employment. First, welfare costs are magnified because individuals can-
not easily control whether they end up in MEP or not due to search frictions.26

Second, the job search process in itself works as an intensifier of the threat of
MEP for individuals with weaker employment prospects compared to individu-
als with better prospects, creating larger differences in welfare costs even when
the direct utility costs are similar.

A classic result in the theoretical literature is that screening has lower welfare
costs when the utility costs are lowest for those who really need the transfers

26These individuals could stop claiming benefits, but this would be more costly than participa-
tion in MEP. Note that welfare costs and MEP type interventions could of course be avoided if
search effort/intensity was observed by the job center and used to assess benefit eligibility. This is
of course not the case, as the problem of unobserved search effort is one of the reasons why MEP
(and more generally disincentive effects of UI) exist in the first place.
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(see Nichols et al. (1982)). My results suggest that even in a hypothetical sce-
nario where direct utility costs are lower for individuals with weaker prospects,
in moving from utility costs to welfare costs, the job search process would tend
to wash out such differences and potentially reverse them. As a result welfare
costs may still end up being substantially larger for individuals with weaker
employment prospects. This happens because of the differences in the probabil-
ity of future participation in MEP and the value of alternatives. The job search
process thereby adds an additional layer of complications for screening through
workfare or MEP.

In summary, the previous two subsections have illustrated that welfare costs
are quantitatively important and that their size and distribution depend on, for
example, the type of individuals targeted and the intensity of (the threat of) MEP.
Average welfare costs can be compared to benefits from e.g. increased job find-
ing, in order to determine whether a given MEP type intervention has social
benefits. This is the goal of the final part of the analysis.

7.3 Assessing the social benefit of the intervention

I assess the social benefit of the experimental intervention in a partial welfare
analysis where the costs of MEP are compared to its benefits. The model es-
timates are particularly informative about two components in this assessment:
the CV and the cost of working. In addition to these costs I include MEP op-
erating costs, i.e. expenditures associated with running the programs at the job
center obtained from Maibom et al. (2017).

I assume that benefits are represented by the value of increased production,
which I define as the difference between workers’ income and costs. Thereby,
I assume that workers are paid the value of their marginal product and that
there are no equilibrium effects nor changes in the types of jobs individuals in
the treatment group have. As the model does not include taxes directly, their
role is not considered below, and I therefore implicitly assume that the excess
burden (or distortions) of raising public funds for running the MEP programs
is 0%. This assumption also implies that any saved income transfers from the
experiment, due to e.g. increased job finding, are not included in the calculation
below, as they only represent a potential redistribution of income with no distor-
tions (an alternative assumption is that any saved income transfers are used for
alternative government consumption which does not have any benefits).

Distortions from raising public funds would increase the operating costs of
the experiment (element b in Table 6), but also add additional benefits from the
experiment due to saved income transfers and thus a smaller need for public
funds (see Maibom et al. (2017) for an illustration).27 For further details about

27The use and size of the “marginal costs of providing public funds” are generally debated in the
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the different components, see Appendix Section D.6. Note further that this as-
sessment does not take into account that the experiment in itself generated im-
portant knowledge which would of course add additional social benefits from
the experiment itself.

Table 6 shows the components in the analysis and the result. The counterfac-
tual in this exercise represents the status quo, i.e. the environment of the control
group where MEP are much less prevalent (see Section 2.1). The value of in-
creased production is €1706 (1279) per participant in the MR (AR). This benefit
comes at a total cost of €1175 (1330), where the operating costs are only a smaller
part of the total costs (b + c + d in Table 6).

Table 6 clearly illustrates that a more traditional cost-benefit analysis, which
would typically not include the welfare costs (CV), would severely overstate
the social benefits. In fact, the social benefits fall by around 50% to €531 per
participant in the MR and remove the social benefits completely in the AR once
the welfare costs are incorporated.

Obviously, the results in Table 6 are local in nature, and the results would likely
change if, for instance, the intervention was introduced as a permanent policy
applying to all unemployed job seekers, or if the type of individuals targeted
changed in some other way. At least two dimensions are worth highlighting.

First, the importance of equilibrium congestion effects will likely increase if we
consider the effect of larger interventions. This concern may be further ampli-
fied by the above results showing that the impacts of the experiment primarily
arise due to changes in search intensity. Increasing search intensity likely in-
creases congestion in a larger intervention which may then reduce the overall
employment gains, thus further decreasing the social benefit of MEP.28

Second, the social benefits may also change because of heterogeneity in the
CV. As shown above, the CV is particularly large in states where it is costly to
escape future treatment. Therefore, intensifying MEP for e.g. weaker unem-
ployed will likely increase the welfare costs and may simultaneously decrease
the employment gains. To illustrate these effects further, Table 6 also reports the
resulting CV if the intervention was re-targeted for individuals with lower em-
ployment prospects (here longer durations of unemployment). Assuming that
employment gains would not change, the estimated social benefits in the MR are

literature, see e.g. Kleven and Kreiner (2006); Auerbach and Hines (2002). An alternative approach
would be focusing on the “marginal value of public funds” of the intervention as outlined in
Finkelstein and Hendren (2020). The key components in this calculation are the willingness to
pay for the policy (the CV) and the net costs (i.e. including cost savings from the behavioral
response to the intervention). These components are available in Table 6 and from Maibom et al.
(2017).

28A counteracting force would arise if firms respond to the increase in search activity by posting
more vacancies. The results in Lise et al. (2004) and Gautier et al. (2018) would suggest that the
congestion channel is dominating at least in settings where MEP are already used (see also Crépon
et al. (2013)).See also the comments in footnote 17.
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further decreased by 50% driven by the increasing CV; this further illustrates the
importance of the experimental design and the individuals targeted.

Table 6: Welfare analysis of the experimental intervention

Meetings Region Activation Region

Benefits

Value of increased productiona 1706 1279

Costs

Operating costs (program costs)b 47 440

Costs from increase in productionc 574 396

Welfare costs (CV)d 554 494

Welfare costs (CV) for LTU workerse 796 723

Social benefit ( a − b − c − d) 531 -51

Social benefit LTU only (a − b − c − e) 289 -280

Note: This table gives the results of a welfare assessment of the experimental intervention. The
unit is € per participant. The CV (defined in equation 17) is weighted with the initial distribution

across states at inflow into the experiment. The time frame is a year. For further details of the
different components, see (online) Appendix D.6. LTU (long-term unemployed) workers are

workers with more than 12 weeks of unemployment.

8 Conclusion

Many UI systems worldwide use mandatory reemployment programs (MEP) as
a condition for remaining eligible for UI. MEP may have components that in-
volve training and learning, and it may trigger utility costs. Given such utility
costs, future participants may try to avoid participation by finding employment,
and MEP thereby screen workers out of UI. Both of these aspects (training and
screening) have been found to be empirically relevant, and sorting out their rel-
ative importance and quantifying the size of potential utility costs are crucial as
screening through MEP reduces the disincentive effects of UI by reducing the
benefits of UI, i.e. the expected utility of the worker in unemployment. Lack of
knowledge on the relative importance (and size) of utility costs implies that we
risk favoring regimes with too high (or low) levels of MEP.

This paper develops a job search model with discrete choices capturing key
behavioral channels which can be affected by a threat of, and potentially par-
ticipation in, MEP. The aim of the analysis is to quantify the individual utility
and welfare costs of MEP and analyze how welfare costs are distributed over the
workforce.

The context of the study is a randomized experiment conducted in Denmark
in 2008 which involved an increase in the intensity of MEP and led to a large
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increase in employment in the early stages of the experiment. The experiment
generates exogenous variation in the threat of MEP which aids in identifying
the key structural parameters. The model allows for a direct and realistic rep-
resentation of the individual incentives in the experiment including how they
evolve over time prior to, during and after participation in MEP. During esti-
mation, the structural parameters are disciplined using the experimental design
and the timing of treatment which generates exogenous variation in the threat
of MEP, enabling a separation of potential program benefits and utility costs in
the model.

I use the compensating variation (CV) as a measure of the impact of the exper-
imental treatment on worker welfare, the welfare costs. The CV is the monetary
compensation that makes individuals indifferent to being or not being at risk
of participation in MEP. The estimates suggest that the welfare costs associated
with MEP are substantial: they correspond to around 1.5-1.7 weeks of UI on av-
erage. A partial welfare analysis illustrates that incorporating the welfare costs
lowers the overall social benefits of the experiment substantially. In one region,
the social benefits fall by 50% after incorporating the CV, and in the other region
it removes the social benefits completely.

In addition, the paper documents heterogeneity in the welfare costs of MEP.
The dispersion in the welfare costs illustrates a classic screening paradox. While
MEP may be successful in terms of promoting faster job finding for some groups
of individuals with better alternatives, it is disproportionately more costly for
the people for whom UI is highly important in the first case. This latter group
includes individuals with low returns to job search and individuals for whom
it is otherwise costly to find employment. These results therefore illustrate that
the overall attractiveness of MEP in UI depends crucially on the specific design.
Important design elements include the type of individuals who are targeted as
well as the overall intensity of the threat of MEP.

Overall, this paper complements a large empirical literature focused on evalu-
ating the impacts of MEP-type interventions by providing estimates on the util-
ity and welfare costs. The results suggest that ignoring the existence of utility
costs implies that we put excessive weight on the efficiency of UI systems, i.e.
the speed of job finding, while overall welfare may be deteriorated. My analysis
is the first empirically-based quantitative assessment of this overall relationship.
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Appendix

A Model fit graphs

Tables 7, 8, 10 and 9 list the chosen moments including means and standard
deviations in the data (in blue) and in the model (in red). Note that these mo-
ments are population moments, i.e. #1 in Table 7 reports the population share of
individuals who lost their jobs transitioning into the current period, i.e. not con-
ditional on being employed in the previous period. The time series is 35 periods
long (a period is 2 weeks in the data), but see also Table 23 in (online) Appendix
C.3.5 for additional details. The tables also contain the correlation of the time se-
ries of moments for the data and model for each group and the relative deviation
of the moment in the model to the data.
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Online Appendices

This appendix consists of three different sections. In Section B I discuss addi-
tional details and results related to the experiment and the empirical analysis in
Section 3 in the paper. Section C is devoted to details regarding the solution of
the model and the estimation process. Finally, Section D focuses on the estimated
model and provides details regarding the model fit and the implications.

B Further details and tables for the experiment

This appendix presents further details and results about the data and various
sample definitions. It complements Section 3 in the main text. First, I explain the
data sources, definitions and construction of the sample in more detail. Second,
I describe the analysis sample, and lastly, I report the results from the different
regressions which are discussed in the main text.

B.1 Data and definitions

The data used in the analysis is extracted from administrative registers merged
by the National Labor Market Authority into an event history data set, which
records and governs the payments of public income transfers, records participa-
tion in MEP, and has information on periods of employment. The data includes
detailed weekly information on: labor market status (employment, unemploy-
ment, in education, on leave, etc.) for a 100 week data window. Labor market
status is calculated based on information from the register on payments of public
income transfers. This data is subsequently merged with two other datasets BFL
and IDA29 in order to obtain further information, in particular monthly earnings
(BFL), monthly hours (BFL) and the education level of workers (IDA). I calcu-
late monthly hourly wages as earnings divided by registered hours. The wage
distribution is trimmed at the 10th and 90th percentile (within education and
treatment status groups) to avoid noise or outliers to affect the results.

The raw sample (excluding immigrants) consists of 3385 individuals who are
either assigned to treatment or control groups. To have a more homogeneous
sample, I disregard workers below the age of 22 and above the age of 58. The
age restrictions are introduced to justify not modelleling alternatives such as re-
tirement and entry into education in relation to unemployment in the model.

29IDA: Integrated Database for Labor Market Research. IDA is a matched employer-employee
panel containing socioeconomic information on the entire Danish population. BFL: Employment
Statistics for Employees. BFL contains monthly data on jobs, paid hours of work and earnings.
Both data sets are available through servers at Statistics Denmark (see dst.dk).
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The final sample has 3099 individuals who are followed for 100 weeks. The
data is divided into subgroups depending on the educational level of the indi-
vidual. There are 3 educational levels: low (individuals with only primary ed-
ucation and less than 12 years of education in total), medium (individuals with
vocational education and 12-14 years of education), high (individuals with fur-
ther education and above 14 years of education). Table 11 shows the division
into subgroups defined by region, treatment status and education levels.

The final data identifies individuals in any public support schemes at a given
point in time.30 This group is the data equivalent of the unemployed in the job
search model. As is typical for work based on administrative (high-frequency)
register data of income transfers and earnings, there is a small residual ’self-
sufficient’ group where there is no information on neither wages nor public sup-
port in a given week.

This residual group may contain self-employed, black-sector workers and work-
ers out of the labor force (including e.g. expats, housewifes), but it also con-
tains individuals who have recently started working but where no payment
has been recorded yet. In the analysis, individuals transitioning to this self-
sufficiency state are therefore treated as individuals transitioning into employ-
ment, as this group is effectively individuals who have opted out of any public
support scheme. For these workers I impute wages as the average wage within
region, education and treatment status bins. Note that, as a result, the defini-
tion of employment is slightly different from the definition used in Maibom
et al. (2017), as the model and the analysis in this paper focus on the decision
of whether to stay in public transfers or not.

Lastly, note that in the final data I treat entry into (publicly subsidized) ed-
ucation as entry into any other public support scheme. In the data, less than
4% of workers transit from unemployment into some kind of education benefit
after the experiment has started, and there are no statistically significant differ-
ences across treatment and control. Finally see Table 2 for statistics prior to the
experiment, these were discussed in Section 2.3.

B.2 Data descriptives

Table 12 shows the result of a regression of employment status on treatment sta-
tus for different regions and time periods. These results are discussed in section

30Due to very fast job finding and inaccuracies in determining the exact starting date of employ-
ment spells, there are individuals in the final data set who are never recorded with a full week of
unemployment benefits. In the analysis, I treat these individuals as unemployed for the first week
and then randomly terminate their unemployment spell within the next 2 weeks to smooth their
job-finding rates and avoid a spike in the first week. To further deal with inaccuracies in explicit
starting dates of employment and benefits, I require subsequent employment or unemployment
spells, besides the initial spell which is left unrestricted, to be of at least two weeks of duration to
be counted.
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Table 11: Number of observations in different subgroups

Region Meetings Region Activation Region

Education Groups Low Medium High Low Medium High

Control 211 376 137 102 298 396

Treatment 212 399 141 92 307 428

3 of the paper. Table 13 shows the results from the same regressions as in Table
12, now using the stricter employment criterion as in Maibom et al. (2017) (see
also section 2.3). The effects are very similar, and the main findings remain al-
though some of the effects are smaller in magnitude which suggests that a part
of the response to treatment goes through self-sufficiency or self-employment
and then later on to employment. In Table 14 I show that there are no statisti-
cally significant long-term effects from the experiment on self-sufficiency, and in
Table 15 I show that there are no statistically significant differences with respect
to the fraction of individuals working in part-time positions.

Table 16 presents the results from regressing a treatment status indicator on
wages for the subset of individuals who have at least 5 months of employment
(and thus 5 months of earnings) within the 100 weeks data window.31 Keep in
mind that since treatment status is no longer exogenous in post-unemployment
periods, the results should be interpreted with great caution, see the discussion
in Section 3.

Lastly, I present three different dimensions of variation in the data which are
linked to specific features of the model. First, Figure 4 shows the bi-weekly
hazard rate out of unemployment for the control groups. In the model, dura-
tion dependence in the return to search (see equation 4) and dynamic selection
among the unemployed are channels through which this pattern can arise. Sec-
ond, Table 18 illustrates how the average hourly wage increases as a function
of duration in employment. The level and the growth rate of wages also differ
across education groups. In the model this is used as a way to discipline the evo-
lution of unobserved (and timevarying) skills s. Third and lastly, Figure 5 shows
the bi-weekly hazard rate out of employment spells formed after the start of the
experiment for the control group. Data is pooled across regions to increase the
number of observations and thus exits to unemployment. While noisy, it is clear
from the figure that the hazard rate is (modestly) declining with the duration of
time in employment, especially for low educated workers. The model captures
this pattern by allowing the expected duration of a job to depend on the job offer

31As monthly hourly wages are calculated as earnings divided by registered hours, this cutoff
was chosen to have a stable measure of hourly wages. Results are, however, not sensitive to this
choice, see Table 17 for the same regressions, but now for individuals with at least 2 months of
employment.
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j and the level of skills s. See also the discussion in section 4.

Figure 4: Hazard rate out of unemployment for individuals in the control group

(a) Meetings region
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(b) Activation region
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Note: This figure plots the bi-weekly hazard rate out of unemployment as obtained via the

Kaplan-Meier estimator. I include all spells which start during the first 40 weeks of the

experiment. Results are reported separately from the two regions and for different education

levels (low, medium, high).

Figure 5: Hazard rate out of employment
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Note: This figure reports the bi-weekly hazard rate out of employment as obtained via the

Kaplan-Meier estimator. The sample is the control groups from both regions. Results are

reported separately for different education levels (low, medium, high).
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Table 13: Replicating Table 12 using an alternative employment criterion

Meetings Region Activation Region

After 4 weeks Low Medium High Low Medium High

Treatment indicator 0.070+ 0.029 0.081+ 0.030 0.078* 0.016

(0.040) (0.031) (0.047) (0.059) (0.032) (0.022)

After 14 weeks

Treatment indicator 0.102* 0.015 0.084 0.094 0.072+ -0.027

(0.048) (0.036) (0.059) (0.070) (0.041) (0.035)

Observations 423 775 278 194 605 824

Note: This table reports results from separate OLS regressions after 4 and 14 weeks since the start
of the experiment. The dependent variable is employment status, i.e. not counting individuals in

self-sufficiency; see Section B.1 and footnote 9. In Table 14 I additionally show that there is no
statistically significant long-term impact on individuals in self-sufficiency: Huber/White
standard errors are reported in parentheses, + p < 0.10 , * p < 0.05 . Results are reported
separately for the meetings and activation region and for different education levels (low,

medium, high).

Table 14: Fraction in self-support

Meetings Region Activation Region

After 10 weeks Low Medium High Low Medium High

Treatment indicator 0.009 -0.003 0.027 0.010 0.025* -0.015

(0.026) (0.016) (0.026) (0.044) (0.017) (0.012)

Constant 0.071* 0.051* 0.037* 0.098* 0.036* 0.037*

(0.018) (0.011) (0.016) (0.031) (0.011) (0.001)

After 20 weeks

Treatment indicator 0.004 -0.001 0.020 0.021 0.020 0.002

(0.025) (0.017) (0.027) (0.043) (0.017) (0.012)

Constant 0.066* 0.059* 0.044* 0.087* 0.033* 0.021*

(0.017) (0.012) (0.018) (0.030) (0.010) (0.008)

Observations 423 775 278 194 605 824

Note: This table reports results from separate OLS regressions after 10 and 20 weeks since the

start of the experiment. The dependent variable is an indicator of self-sufficiency (i.e. neither

receiving public income support or registered earnings); see Section B.1 and footnote 9.

Huber/White standard errors are reported in parentheses, + p < 0.10 , * p < 0.05 . Results are

reported separately for the meetings and activation region and for different education levels

(low, medium, high).
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Table 15: Fraction in part-time positions

Meetings Region Activation Region

After 10 weeks Low Medium High Low Medium High

Treatment indicator 0.056+ 0.001 -0.004 -0.023 0.011 0.002

(0.033) (0.025) (0.040) (0.044) (0.030) (0.022)

Constant 0.104* 0.138* 0.124* 0.130* 0.150* 0.114*

(0.021) (0.018) (0.028) (0.035) (0.020) (0.015)

After 20 weeks

Treatment indicator -0.024 0.015 0.026 0.019 -0.012 -0.02

(0.033) (0.025) (0.036) (0.047) (0.029) (0.023)

Constant 0.147* 0.130* 0.088* 0.109* 0.156* 0.129*

(0.024) (0.017) (0.024) (0.033) (0.021) (0.016)

Observations 423 775 278 194 605 824

Note: This table reports results from separate OLS regressions after 10 and 20 weeks since the

start of the experiment. The dependent variable is an indicator for part-time work (i.e. reported

hours less than 35 hours per week); see Section B.1. Huber/White standard errors are reported in

parentheses, + p < 0.10 , * p < 0.05. Results are reported separately for the meetings and

activation region and for different education levels (low, medium, high).

Table 16: Wage effects of the experiment

Meetings Region Activation Region

Low Medium High Low Medium High

Treatment indicator 2.332 -3.907* 0.447 3.515 -1.287 -0.0359

(2.451) (1.762) (2.694) (3.560) (2.032) (1.443)

Constant 94.29* 100.1* 101.7* 90.18* 96.50* 100.9*

(1.722) (1.252) (1.773) (2.649) (1.385) (0.967)

N 303 612 250 126 475 754

Note: This table reports results from separate OLS regressions for individuals with at least 20

weeks of employment within the first 100 weeks in the meetings and activation region and for

different education levels (low, medium, high). The dependent variable is the hourly wage in

DKK (2008); see Section B.1. Huber/White standard errors, + p < 0.10 , * p < 0.05 .
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Table 17: Wage effects of the experiment (including shorter spells)

Meetings Region Activation Region

Low Medium High Low Medium High

Treatment indicator -1.364 -2.002* 0.290 4.172 -0.275 -0.328

(2.244) (1.714) (2.745) (3.046) (1.946) (1.471)

Constant 94.29* 98.84* 101.2* 89.58* 96.53* 100.6*

(1.722) (1.224) (1.896) (2.183) (1.364) (1.006)

N 334 664 260 142 502 733

Note: This table shows results from separate OLS regressions for individuals with at least 10

weeks of employment within the first 100 weeks in the meetings and activation region and for
different education levels (low, medium, high). The dependent variable is the hourly wage in

DKK (2008); see Section 2.3. Huber/White standard errors are reported in parentheses, +
p < 0.10 , * p < 0.05

Table 18: Wage growth while employed

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

Employment duration 20 weeks 40 weeks 60 weeks 80 weeks

Low Education 0.011* 0.022* 0.026* 0.034*

(0.005) (0.006) (0.007) (0.009)

Medium Education 0.009 0.025* 0.027* 0.023*

(0.003) (0.004) (0.005) (0.006)

High Education 0.024* 0.0401* 0.052* 0.071*

(0.003) (0.004) (0.005) (0.006)

N 2098 1766 1416 938

Note: This table shows results from separate OLS regressions for employed workers after 20, 40,
60, 80 weeks in employment and for different education levels (low, medium, high). The

dependent variable is the difference in LogWages between current and entry wages. Data is
pooled across regions and treatment/control groups. Results should be interpreted cautiously as

there is obviously dynamic selection out of employment. Huber/White standard errors are
reported in parentheses, + p < 0.10 , * p < 0.05
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C Solution and estimation of the model

In this appendix, I provide additional details about the solution and estimation
of the model. In Section C.1 I explain how to solve the model, and in Section
C.2 I show how to construct model predictions and move towards estimation. In
Section C.3 I provide details regarding the estimation. I present the parameters
(and values) which are set prior to estimation, and I then present the parameters
which are estimated and provide details on the moments which are used in es-
timation. Overall, these three sections complement Section 5.1 in the main text.
Finally in Section D.5 I explain how to calculate the compensating variation. The
section complements the discussion in section 7 of the main text.

C.1 Model solution

I solve the model in a series of steps presented in Section 5.1.

1. Solve for V(θ) in (7) using the contraction mapping properties. I use the
method of successive approximations and error bounds suggested by Mc-
Quad and Porteus (see Rust (1986)). Ferrall (2004) presents conditions un-
der which V (θ) is a contraction mapping, these conditions are satisfied in
the model. The convergence criteria in the contraction mapping is 10−7,
and the objective is the square root of the sum of squares.

2. Calculate the policy function P (α|θ) as given in (8).

3. Use the transition function for state variables P (θ′|θ, α) and the policy
function P (α|θ) to solve for how the distribution over states evolves from
one period to the next unconditional on choices P (θ′|θ).

P
(

θ′|θ
)

= ∑
α

P (α|θ) P
(

θ′|α, θ
)

(9)

The state-to-state transition function allows us to track the evolution of the
state space from some t to some t + k exploiting that the model is Marko-
vian (i.e. solving for the distribution of states at t + k requires sequentially
iterating on the Markov chain k times). Given an initial distribution over
states, the distribution of states at a given point in time can thereby be
solved for. The remaining challenge is to specify an initial distribution
across states. This is further complicated by the fact that some state vari-
ables are unobserved, and therefore an initial distribution over states is
also unobservable. As explained in the main text, this problem is solved
by sampling from the ergodic distribution across states.

4. Use the state-to-state transition matrix P (θ′|θ) to solve for the ergodic dis-
tribution across states Ω∗ (θ).
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Pergodic (θ) = ∑
θ′

P
(

θ′|θ
)

Pergodic (θ) (10)

The ergodic distribution specifies how individuals are distributed across
states in the economy in steady state. From this distribution the inflow
into unemployment can be determined. The ergodic distribution is found
by solving for the fixed point in equation (10), see also Judd (1998). Fer-
rall (2004) presents conditions for the existence of the ergodic distribution,
these conditions are satisfied in the model (see also Table 22). The conver-
gence criteria in the fixed point problem is 10−5, and the objective is the
square root of the sum of squares.

5. Use Ω∗ (θ) and the P (θ′|θ) and sample an initial distribution across states
Ω (θ|t = 0) which matches the data on observables (e.g. unemployment
duration).

6. Solve for Ω (θ|t) by iterating on the Markov chain starting from Ω (θ|t = 0)
and using P (θ′|θ). Formally:

Ω (θ|t) = P
(

θ′|θ
)t

Ω (θ|t = 0) (11)

7. For each t determine the distribution across a reduced set of states ΩRED (θ|t, t + k)
for workers satisfying certain spell requirements between t and t + k.

ΩRED (θ|t, t + k) = PRED
(

θ′|θ
)k

ω INFLOW
t (θ) (12)

where ω INFLOW
t (θ) denotes the inflow into employment in period t. PRED (θ′|θ)k

is a transition matrix which has non-zero entries for transitions which im-
plies that the individual stays employed. ΩRED (θ|t, t + k) gives the frac-
tion of individuals who have been employed for k periods at time t+ k and
the distribution across state variables θ.
Generally speaking, tracing the distribution of skills and other state vari-
ables across different employment durations requires either a) adding du-
ration in employment as a state variable, b) simulating the model and di-
rectly computing moments or c) doing further calculations. I follow c). The
inner chain calculates the distribution of e.g. employment duration over
time, although employment duration is not a state variable in the model.
A recent paper by Eisenhauer et al. (2015) documents that the simulation
error that exists in models exploiting simulated moments can affect the es-
timates in non-trivial ways.

Lastly, in Figure 6 I illustrate the timing of the model. Workers entering the
experiment are sampled from the unemployment inflow (or stock) in the ergodic
distribution and then go through a series of treatment stages, see Section 4. See
also Table 1 for the content of the different stages in the experiment.
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Figure 6: Timing in the model

Note: This figure illustrates the timing in the dynamic job search model.

C.2 Constructing model predictions

To calculate the predictions of the model, I first define the expected value of a
certain outcome conditional on a position in the state space θ:

E (M|θ) = ∑
α

P (α|θ) M (α, θ) (13)

where M (α, θ) is a given outcome which may vary as a function of both choices
α and the position in the state space θ. Examples of outcomes are “accepting a job
of type θ” and “the duration of the current unemployment spell”, see also Table
23. To generate model predictions at time t, E (M|θ) is weighted by Ω (θ|t). Keep
in mind that t counts time since the start of the experiment. These predictions are
determined separately for the time invariant states: patience pg, education eg,
region rg, treatment groups tg and for different initial unemployment durations
at the start of the experiment cut=0.32 Repeating this calculation for each t results
in a series of moments within these subgroups:

E [MM|t, eg, rg, tg, pg, cut=0] = ∑
θ|pg,eg,rg,tg

Ω(θ|k,e,r,g|t, pg, eg, rg, tg, cut=0)E (M|θ)

(14)
Next, moments are weighted with the distribution over pg and cut=0:

E [MM|t, eg, rg, tg] = ∑
pg,cut=0

λ (pg, eg, rg, cut=0) E [MM|t, eg, rg, tg, pg, cut=0]

(15)
where λ (pg, rg, eg, cut=0) is the share of type pg,cut=0 individuals in the specific
education/region group. Note that λ (pg, eg, rg, cut=0) will change with cut=0

as types differ in the speed at which they find employment. λ (pg, eg, rg, cut=0)

32The notation cut=0 therefore holds the value of the state variable d at the start of the exper-
iment. The notation θ|eg refers to the set of state variables excluding the state variable eg. The
conditioning on initial unemployment durations is needed for two reasons: 1) to take into ac-
count that the distribution across patience types differs across different unemployment durations
as more patient types leave unemployment faster, 2) to appropriately adjust for sampling weights
such that the model predictions are based on a sample which matches the data on observables
(e.g. the share of long-term unemployed). See also Section 5.1 and Section C.2.1.
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takes this dynamic selection into account (further details are outlined in Section
C.2.1).
In the next step, model predictions are compared to data predictions:

(E [MD|t, eg, rg, tg]− E [MM|t, eg, rg, tg])′ W (E [MD|t, eg, rg, tg]− E [MM|t, eg, rg, tg])
(16)

I set the weight matrix (W) to a diagonal matrix with the inverse variance of the
data moments in the sample along the diagonal.33 As a final step I sum over
time periods and education, region and treatment status groups and minimize
the objective.

To calculate standard errors I create a long vector stacking the vectors of mo-
ments from 16 (summed across groups eg, rg, tg) over the different t periods. I
then use this long form objective and calculate standard errors for the standard
one stage GMM case (see e.g. Cameron and Trivedi (2008)):

Var (Θ) =
1

N

(

Ĝ′WĜ
)−1

Ĝ′WŜWĜ
(

Ĝ′WĜ
)−1

where Θ denotes the vector of parameters to be estimated, Ĝ is the Jacobian
matrix and Ŝ the sample variance co-variance matrix of the long vector of mo-
ments.34

C.2.1 Dynamic selection

I now explain how to calculate λ (pg, eg, rg, cut=0), i.e. the share of individuals
of type pg who start out the experiment with unemployment duration cut=0.
For unemployed cut=0 = 0 the probability λ (1, eg, rg, 0) is equal to τ

rg,eg
patient, i.e.

the estimated share of patient individuals (see Table 21). But for individuals
with longer unemployment durations cut=0 > 0, the distribution over types
will have changed as types differ in the speed at which they find employment.
λ (1, cut=0 = x, eg, rg) is therefore determined as the relative importance of the
patient type in the part of the ergodic distribution with cu = x, this expression
is then multiplied by τ

rg,eg
patient. Formally for x > 0:

33In order to avoid excessive weight on the (noisy) moment related to layoffs and employment
dynamics, moments #1, #11- #13 in Table 23 receive a lower weight. Further, because the key iden-
tifying variation exists in the early stages of the experiment, moments from the early time periods
(first 10 periods) receive some extra weight. In practice the importance of this “extra” weighting is
not important once the optimization is started from the current optimum. This should mainly be
seen as a way to help the optimization process away from local saddle-points during estimation
and thus reach the optimum faster.

34The dimensions on Ĝ are thus #timeperiods*moments,#estimated parameters, and for Ŝ the
dimensions are #timeperiods*moments,#timeperiods*moments. N is the number of units in the
sample which is 3099.
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λ (1, eg, rg, cut=0 = x) =

(

∑ Ω∗ (θ|pg = 1, cu = x)

∑ Ω∗ (θ|pg = 0, cu = x) + ∑ Ω∗ (θ|pg = 1, cu = x)

)

· τ
rg,eg
patient

C.2.2 Estimation and optimization

The model solution and estimation is implemented in Ox (✇✇✇✳❞♦♦r♥✐❦✳❝♦♠). Due
to the many steps in model solution and the relatively large computational tasks
involved, the model solution is parallelized such that the model and predictions
are solved within rg, pg and eg groups. For optimization I use the FiveO op-
timizer which is a part of the niqlow package for Ox: ❤tt♣✿✴✴❢❡rr❛❧❧✳❣✐t❤✉❜✳

✐♦✴♥✐q❧♦✇✴♥✐q❧♦✇✳♦①✳❤t♠❧. The optimum is found by starting out with a series
of simplex (NelderMead) searches, and when the optimum is closer I switch to
gradient based methods (BFGS). Arriving at model estimates on a 20-core unit
takes approximately 3 weeks from initial estimation.

C.3 Estimation details

The different subsections below first present the parameters (and values) which
are set prior to estimation. I then present the parameters which are estimated
and provide details on the moments which are used in estimation.

C.3.1 Overview state and action space

Table 19 shows the elements of the state space and complements Table 3 in the
main text with some additional details about whether the state variable is ob-
served in the data and how it changes over time. Given the different state vari-
ables and the grid size for each variable, the potential state space is very large,
but it can be heavily reduced by deleting non-reachable and irrelevant combi-
nations of state variables such as unemployment duration dynamics while em-
ployed (since d = 0 when e = 1). 35

Looking within each education and patience group, there are 834 different rel-
evant states for the control group, 6672 different relevant states for the treat-
ment group in the MR and 18900 different relevant states for individuals in the
AR. The state space is larger for the treatment groups due to the inclusion of
θexperiment, and it is particularly large for the AR because the TH stage is longer
here. In addition there are 2 regions, 3 education groups and 2 patience groups
for whom value functions must be solved separately. As the computational tasks
are already quite intensive (see Section C.1 below), I can only make limited ex-
perimentation with changing the grid size of state variables, however transition

35Further, during value function iterations, see section C, the code secures that only relevant
future states are visited.
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functions and other primitives are generally set up such that they would not
change if grid size was increased.

Table 19: Elements of the state space

State variable Symbol Grid size Grid values Data Key transition characteristics

Education group eg 3 {0, 1, 2} Observed none

Regional group rg 2 {0, 1} Observed none

Treatment group tg 2 {0, 1} Observed none

Time preference group pg 2 {0, 1} Unobserved none

Unemployment duration d 10 {0, 1
9 , ..., 9

9} Observed count variable

Job offer j 6 {0, 1
6 , ..., 5

6} Unobserved Tjob (α, θ), see Equation 4

Meetings status m 2 {0, 1} Observed πcontrol
m , see Table 20*

Activation status a 2 {0, 1} Observed πcontrol
a , see Table 20*

Skill level s 6 {0, 1
5 , ..., 5

5} Unobserved πs,up and πs,dw

Employment status e 2 {0, 1} Observed Tl j (α, θ), see Equation 5

Treatment stage ts 3 {0, 1, 2} Observed count variable (TH, T or PT stages)

Duration in stage ds 6 {0, 1, .., 5} Observed count variable**

Note: This table presents the different elements of the state space θ. A time period in the model
corresponds to 2 weeks in the data. * The treatment group participate in MEP with certainty in

the T-stage of the experiment (see Table 1), in all other stages (and in the control group) transition
into future MEP participation is stochastic. ** the duration of a given stage follows the timing of

events as in Table 1, i.e. in the MR the TH stage is 1 period, the T stage is 6 periods.

C.3.2 Empirical implementation of the wage function:

The state variable j takes six different values, where j = 0 implies that no job of-
fer is currently available. As specified in Table 3 the grid values for j are specified
as

{

0, 1
6 , 2

6 , 3
6 , 4

6 , 5
6

}

. To generate a non-uniform wage distribution, I map these
values of j into respective quantiles of the normal cdf Φ to generate a more nat-
ural grid on the range of job offers. This also ensures that wage dispersion does
not depend on the overall grid size of j as such. To ease interpretation of the pa-
rameter estimates across education groups, I additionally add σeg · |Φ−1

(

1
6

)

| to
the wage function (such that the job offer part always affects wages positively).
This ensures that a higher σ for a given education group also means that this
group has higher average wages.
Formally the wage function for j > 0 is therefore determined as:

W (α, θ) = exp

(

µ + σeg j̃ + η · s + σeg · |Φ−1

(

1

#points (j) + 1

)

|

)

where j̃ = Φ−1 (j).
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σeg j represents the search sensitive part of wages, i.e. the part individuals can
affect by either accepting a current offer or rejecting it. Note that reservation
wages will generally be revised as unemployment duration increases, which is
why an analytical expression is not obtainable as in the more standard case, see
also Wolpin (1987).

C.3.3 Fixed parameter and values:

I now discuss the parameters in the model which are not estimated, but fixed
and set prior to estimation. For an overview of these parameters, see Table 20.

As explained in Section 4 the income of the individual, Y (α, θ), is determined
as the wage W (α, θ) when employed (presented in equation 3) and UI benefits
when unemployed. I set the level of the hourly after-tax UI payment to 66 DKK
which corresponds to the hourly maximum UI payment in 2010 after taxes (us-
ing the same assumed tax rate as above, see section 2.3). This is also equivalent
to the after-tax average hourly wage in 2010 multiplied by the average replace-
ment level in UI around 2010, 192 · (1 − 0.375) · 0.55 = 66 DKK. See Maibom
et al. (2017) for more on UI payments and replacement levels. The UI payment
while unemployed is a flat rate, and duration is unlimited.

As explained in Section 4 in the main text, the control group also participates
in MEP but of course at a much lower intensity. I set the exogenous probabilities
of participating in MEP in absence of the experiment as follows: In absence of
the experiment (or in the control group), meetings occur randomly with proba-
bility πcontrol

m = 0.15. Participation in a meeting lasts one period. The probability
of participation in an activation program, πcontrol

a , is 0 during the first 10 weeks
of unemployment, hereafter it increases with unemployment duration until an
intensity of 0.35. When already in activation, there is a probability of 0.30 that
you stay in activation in the next period as well. The parameters are chosen in
order to match the meetings and activation intensity in the control group docu-
mented in Maibom et al. (2017). The treatment group faces the same participa-
tion probabilities as the control group in the TH and PT stages (see Table 1). In
the treatment stage they participate in either activation or meetings with proba-
bility 1.

I allow for different patience types in the environment. In the implemen-
tation pg = 2, and the types have a biweekly time preference parameter of
δimpatient = 0.995 (the impatient type) and δpatient = 0.999 (the patient type),
which correspond to a yearly interest rate of 14% and 3% respectively, see also
equation 7. While the time preference parameters are set prior to estimation,
the distribution is estimated with parameter τ

rg,eg
patient. While the discount rate can

in principle be estimated exploiting some of the non-stationary features of the
environment (see Wolpin (2013)), I treat it as fixed to leverage identification of
utility costs of MEP further.
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Finally πMR
lj is a scale parameter in Tl j (α, θ), see Equation 5 and the discussion

there.

Table 20: Other parameters in the model (not estimated)

Symbol Model Value (Control group)

πcontrol
m Meetings probability* πmp = 0.15

πcontrol
a Activation probability* πcontrol

a = min {0.1 · d, 0.35}

δimpatient Discount rate, impatient 0.995

δpatient Discount rate, patient 0.999

UI UI level 66 DKK

πMR
lj Layoff process 1

Note: This table provides an overview of the parameters which are fixed prior to estimation. * In
the treatment stage (ts = 1) πcontrol

a and πcontrol
m are set to 1 for the treatment group.

C.3.4 Parameters to be estimated:

Tables 21 and 22 provide an overview of the parameters to be estimated. In total
I am estimating 43 parameters, and there are 156 model moments (13 moments,
2 regions, 3 education groups and 2 treatment status groups) observed over 35
two-week periods, resulting in 5460 potential predictions, see the discussion in
Section 5.2.

Table 21: Estimated parameters: Utility or wages

Symbol* Model Note Dimensions**

γ Utility Curvature utility, see equation 2 1

ξ Utility Search cost, see equation 1 1

κeg Utility Work cost, see equation 1 dim(eg)

φ
eg
m Utility Meetings cost, see equation 1 dim(eg)

φ
eg
a Utility Activation cost, see equation 1 dim(eg)

τ
rg,eg
patient Type Fraction of patient type dim(eg·rg)

µ Wages Wage constant, see equation 3 1

σeg Wages Return to J, see equation 3 dim(e)

η Wages Return to s, see equation 3 1

ρ Smoothing Smoothing kernel, see equation 8 1

Note: This table presents the preference and wage parameters which are estimated; see also
Section 5.1. Table 20 provides an overview of other model parameters that are not estimated, e.g.
the meetings intensity for the treatment and control groups. * The notation κeg implies that κ is a
vector where each element is an education specific entry. **the notation dim(k) implies that the

parameter is group-specific and varies with the number of unobserved types (k).
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Table 22: Estimated parameters: Transition functions

Symbol Model Note Dimensions*

π
rg
job,d** Job offers Duration dependence, see equation 4 dim(rg)

π
eg
job Job offers Long-term job offer, see equation 4,*** dim(eg)

π
eg
job,m Job offers Productive effect (meeting), see equation 4 dim(eg)

π
eg
job,a Job offers Productive effect (activation), see equation 4 dim(eg)

πl j,j Layoff process Impact of job type, see equation 5,*** 1

π
eg
lj,s Layoff process Impact of skills, see equation 5 dim(eg)

πAR
lj Layoff process Regional-specific scale effect, see equation 5,*** 1

π
eg
up,s Skill level Appreciation of skills dim(eg)

πdw,s Skill level Loss of skills*** 1

Note: This table presents the estimated parameters which govern the evolution of state variables,
see also Section 5.1. *the notation dim(rg) implies that the parameter is group-specific and varies
over regions. ** The notation π

rg
job,d implies that π

rg
job,d is a vector where each element is a region

specific entry. *** To ensure the existence of an ergodic distribution (see also Section C.1), this
parameter must be strictly larger than 0.

C.3.5 Model moments:

Table 23 presents the moments used in estimation. In Section C.2 I explain how
to solve for model predictions. The moments are population moments, i.e. #1
gives the share of individuals who lost their jobs transitioning into the current
period unconditional on them being employed in the previous period.36 Note
that the time series of moments #1, #5, #8 and #9 are smoothed versions of the
data in order to reduce noise due to few observations (the smoother is a span-3
smoother with binomial weights).

The time series used in estimation is 70 weeks or 35 periods in the data and
model respectively - see the last column in Table 23 for the exact periods used
for each moment. By construction everyone is unemployed in period 1, and
therefore employment dynamics are only used from period 2. Moments related
to wage/employment dynamics are only used from periods 5-35 to secure an
appropriate number of observations in the data. For means and standard de-
viations on the time series of moments in the data and model respectively, see
Tables 7, 8, 10 and 9.

36Of course this conditioning is implicit as the model is simultaneously forced to fit the share of
individuals in employment.
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Table 23: Included time series of moments

# Data Moment Model Moment, M (α, θ), see Table 3 Periods used

#1 Inflow into U (1 − wc) · (e) 5-35

#2 Wages squarred (W (α, θ) · e)2 5-35

#3 Wages W (α, θ) · e 5-35

#4 UE dur squarred d2 1-35

#5 E-inflow* UE dur wc · (1 − e) · d2 1-35

#6 UE stock + inflow (1 − e) + (1 − wc) · (e) 1-35

#7 Employment rate e 2-35

#8 Inflow into E wc · (1 − e) 1-35

#9 Inflow wages wc · (1 − e) · W (α, θ) 1-35

#10 Wages conditional on E #3/#7 5-35

#11 E-Dur emdur 5-35

#12 Wages * E-dur W (α, θ) · #11 5-35

#13 Wages * E-dur squarred W (α, θ) · (#11)2 5-35

Note: This table presents the different moments exploited in estimation. For an introduction of
how to construct the final model predictions and M (α, θ), see Section C.2. For an overview of

state variables, see Table 3 and 19. Model and data moments are always calculated based on the
whole sample, i.e. not only for individuals in e.g. employment. UE: unemployment; E:

employment; dur: accumulated duration in state; emdur: accumulated duration in E. Wages
from the data are after imputed taxes and divided by 100. d and emdur are capped at 10 and

divided by 10 in the data and model. The time series of moments #1, #5, #8 and #9 are smoothed
versions of the data in order to reduce noise due to few observations (the smoother is a span-3

smoother with binomial weights). The time series is 35 periods - see the column “periods used”
for deviations from this.
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C.4 Calculating the CV

The CV is calculated separately for each θinit, the initial state when entering the
experiment, defined as states in Ω (θ|t = 0), with probability mass above 0.01
(see Section 5.1).

V (θenviroment|tg=treatment, CV (θinit)) = V (θenviroment|tg=control) (17)

In practice, CV (θinit) is solved as a minimization problem where the objective
is the difference in value functions37 between the treatment and control groups.
Subsequently, I calculate the average CV by weighting CV (θinit) with the distri-
bution over states at inflow into the experiment and multiplying by the number
of periods with payment, i.e. the accumulated duration of stages TH and T.

Since the utility function is non-linear, solving CV (θinit) for a given θinit im-
plies that the contraction mapping should be resolved for each guess of com-
pensation. Any compensation may change both current and future actions and
states. Further, as a part of the individuals in the model are “impatient”, I have
also tested compensation schemes that only involve payments in the TH or T
stage. The difference in the total compensation between these schemes is small
and does not affect the results, see Appendix D.5 Table 25. Lastly, the average CV
is also affected by education and regional differences in the distribution across
states at the start of the experiment. Appendix D.5 Table 25 shows the aver-
age CV for a common benchmark distribution and also shows that this does not
drive the results reported below.

37Note that the choice probability smoothing (or trembling) as in equation 8 does not affect
the size of the CV as this smoothing only occurs ex-post and, therefore, does not affect the value
function iteration or the value of the different alternatives.
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D Model estimates and implications:

In this appendix I provide additional details and results regarding the fit of the
model and some counterfactual experiments. This complements the discussion
in Section 6. Lastly I also provide additional details and discussions to the results
i Section 7 of the paper.

D.1 Supplementary graphs on model fit

Figure 7 focuses on the fit of the model with respect to the employment rate for
the control groups. It is therefore a supplement to Figure 2 in the main text.

D.2 Model Estimates and model primitives

In this section I discuss the model’s transition functions and other important
objects as implied by the estimates in Table 4, such as the probability of getting a
job offer, the wage function and the probability of losing a job. Lastly, I present
some key moments describing the ergodic distribution of workers underlying
the model environment.

Figure 8a shows the return to search as a function of unemployment duration
(see equation 4). The model estimates imply strong duration dependence in the
return to search – after 20 weeks, the return to search is less than 50% of its initial
level. Kroft et al. (2013) report a decline in the average callback rate of around
45% in an eight-month window. My results are thus broadly in line with this,
although the decline occurs already within the first 20 weeks in my model.38

The duration dependence in the return to search implies that individuals are
likely to search more in the initial weeks of unemployment, as illustrated in fig-
ure 9a which shows how search decisions differ by unemployment duration.
The figure plots the search policy, i.e. the probability distribution over different
levels of search activity as determined by the policy function defined in 8, for
individuals with 1 and 8 weeks of unemployment. The figure shows that the
newly unemployed are more likely to search more intensively (dark colors re-
flecting higher levels of search) than the longer-term unemployed, all else equal.
The level of skills of the unemployed also affects the intensity of search, as illus-
trated in figure 9b which shows the search policy for individuals with low and
high skills. The figure shows that high-skilled workers, all else equal, search at
higher levels than low-skilled workers.

38Figure 11 Appendix A shows the fit of the model with estimates as in Table 4, but now without
duration dependence. This specification is not able to generate the spike initially in outflow rates
followed by lower rates in the longer run. Generally different model fits either have too low ini-
tial outflow from unemployment, and/or the model tends to overpredict long-term employment
levels.
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Figure 8b shows the wage function as a function of the job type j. The return
to job offers, σeg, is higher for medium and high educated individuals, which
increases the average level and dispersion of wage offers. For low educated
workers, the wage function is flat, implying that there is little incentive for low
educated workers to reject job offers for better offers in the future on this mar-
gin.39

Figure 10 plots the per-period probability of losing a job as a function of the
job type j or the level of skills s. The figure shows that the type of job not only
affects the offered wage, but also the expected duration. This implies that there
is an additional cost for the unemployed in changing their reservation wages
and accepting a lower j. For low educated workers, their level of skills also
affects the probability of losing employment as low-skilled individuals face a
higher probability. This is not the case for medium and high educated workers
as the parameters are quantitatively small and statistically insignificant for these
workers. This aligns well with the educational differences in the hazard rate out
of employment in the data; see figure 5 in Appendix B.

Finally, Table 24 presents some key moments in the ergodic distribution Ω∗ (θ),
defined in Section 5.1. Overall, the model environment consists of two different
types of individuals. An impatient type who prefers lower levels of search lead-
ing to longer unemployment durations and lower skills, and a more patient type
who, due to lower discounting of the future, values future employment higher
and, thus, searches more, see table 20 for the specific parameterization. The
more patient type is generally the dominant one, especially in the MR (see the
estimates in Table 21) where the impatient type also has a very low employment
rate in the ergodic distribution for low and medium educated workers. Note,
however, that the employment rate in the ergodic distribution says something
about the long term employment rate for this type of workers only. It is thus
silent about the immediate impacts of the experiment and the employment his-
tory of impatient workers who are enrolled into the experiment, since they are
by construction sampled as either coming directly from employment or with un-
employment durations as given in the data (see also the discussion in Section C.2
and C.2.1).

D.3 Model fit - in an alternative specification

To illustrate the importance of duration dependence in the return to search, Fig-
ure 11 shows the fit of the model with estimates as in Table 4, but now without

39There may be limited dispersion in wage offers for low educated workers (once
skill/experience effects are accounted for) as the wage setting in Denmark is also partly coor-
dinated at industry/sector level which sets minimum wage levels (wage floors). In some sectors,
these minimum levels are binding for low-skilled workers, limiting the role of wage dispersion
for job seekers.
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Table 24: Key moments describing the ergodic distribution

Region Meetings

Educational group Low Medium High

Preference for leisure group Impatient Patient Impatient Patient Impatient Patient

Employment rate 0.01 0.82 0.01 0.80 0.62 0.88

Unemployment duration* 8.95 0.98 8.96 1.23 3.11 0.65

Average skill level** 0.02 3.59 0.02 3.42 2.61 3.86

Estimated share τMR 0.176 0.824 0.001 0.999 0.025 0.975

Region Activation

Educational group Low Medium High

Preference for leisure group Impatient Patient Impatient Patient Impatient Patient

Employment rate 0.14 0.91 0.26 0.88 0.90 0.93

Unemployment duration* 7.65 0.40 6.58 0.69 0.66 0.36

Average skill level** 0.63 4.09 1.13 3.93 3.95 4.22

Estimated share τAR 0.503 0.497 0.327 0.673 0.435 0.565

Note: The table describes the ergodic distribution Ω∗ (θ) from which the inflow into
unemployment is sampled (see Section 5.1). * This statistic reports the average of d in the ergodic

distribution. **This statistic reports the average of s in the ergodic distribution.

duration dependence. The job offer probability function from equation 4 is now
specified as:

T (α, θ) = sc ·
[

π
rg
job,d + π

eg
job + πjob,m · m + πjob,a · a

]

Figure 11 can be seen as a motivation for why the model in the main text has
duration dependence in the return to search, see Section 4. In particular, a “con-
stant return to job search” specification as the one above is not able to generate
the spike initially in outflow rates followed by lower rates in the longer run.
Either the initial outflow from unemployment is too low (as illustrated in the
figure) and/or the model predicts that long-run employment levels will be too
high. By including duration dependence in the return to search, individuals
“front-load” search, and thereby the model fits outflow rates in both the short
and longer run.

Finally, note that the model presented in Section 4 allows a part of the spike
in outflow rates to arise due to dynamic selection, where e.g. patient workers
search more in the early periods and leave unemployment. The estimates in Ta-
ble 4 imply that both explanations (dynamic selection and duration dependence)
are found to be quantitatively important.
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Figure 7: Employment rates in the control groups across time, region and edu-
cation groups

(a) E-rate in control group, MR
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(b) E-rate in control group, AR
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(c) E-outflow in the control group, MR
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(d) E-outflow in the control group, MR
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Note: The top panels (a+b) give the employment rates for individuals in the control group in the
model and data (moment #7 in Table 7). The bottom panels (c+d) plot the share of individuals
exiting unemployment in a given week (moment #8 in Table 23). MR: Meetings Region, AR:

Activation Region
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Figure 8: Return to search and wage function

(a) Job offer rates
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Note: Panel (a) plots the probability of receiving a job offer next period (at sc = 1) as a function

of unemployment duration and for different education levels (low, medium, high) and regions;
see also equation 4. Panel (b) plots the wage function as a function of the job type j and for
different education levels (low, medium, high), see also equation 3 and Section C.3.2. MR:

Meetings Region, AR: Activation Region

Figure 9: Job search policies in different states

(a) Newly (left) vs. longer-term unemployed
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Note: Panel (a) plots the search policy, i.e. the probability distribution (determined by the policy
function defined in equation 8) over different levels of search activity for individuals in state θ
with 1 and 8 weeks of unemployment (d = 0 and d = 4). Panel (b) contrasts the search policies

for low and high-skilled workers (s = 0 and s = 4). Both panels plot the policies for patient
workers in the Activation Region (AR). Results are reported separately for different education

levels (low, medium, high). Dark bar colors reflect higher search intensity, blue color indicates no
search (sc = 0). The size of a given colored bar reflects the likelihood of this level of search

intensity being chosen.
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Figure 10: Layoff process

(a) Dependence on job type
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(b) Dependence on skill level
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Note: This figure plots the probability of losing employment and becoming unemployed as a

function of the job type j or the level of skills s and for different education levels (low, medium,

high) and regions, see also equation 5. MR: meetings region, AR: activation region

Figure 11: Eliminating duration dependence

(a) Meetings Region
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(b) Activation Region
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Note: The figure compares data to model predictions for the control group under the same
estimates as in Table 4, but now without duration dependence, see section D.3 .
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D.4 Model mechanisms behind the experimental impact

In this section I provide additional illustrations of the behavioral changes under-
lying the experimental impact as reported in for example Figure 2 in the main
text.

Figure 3 and Section 6.2 in the main text argued that individuals in the model
primarily respond to a threat of future (costly) MEP participation by increas-
ing their search activity. In Figure 12 I illustrate the quantitative importance of
changes in job search more directly by showing how the experimental impacts
change, as we replace the policies in the treatment group in states θ with j = 0
(where the individual has no job offers) with the choices of the corresponding
control group. In this counterfactual, the impacts are generally much smaller
than the impacts arising under the benchmark, illustrating that a key driver
of the experimental impacts are the changes in job search decisions, and less
so changes in decisions about employment entry which are only relevant when
j > 0, i.e. when there are job offers to choose from.

Overall a decomposition suggests that across region and education groups
(with one exception), more than 70 percent of the average experimental impacts
during the first 30 weeks arise directly from job search decisions in states where
the job seeker does not have any job offers. Note that for low educated work-
ers in the MR, the change in experimental impacts is much smaller compared
to the other groups. This is because the treatment group participates in meet-
ings already from week 2 and onward, and they increase the return to search
πe=1

job,mp = 0.082 (See Table 4). Closing down this “productive” effect from meet-

ings removes the experimental impact, thus illustrating that the experimental
impact for this group is also not driven by changes in employment entry deci-
sions.

Figure 13 provides additional evidence on the behavioral changes underlying
the experimental impact. The figure compares decisions in the control and treat-
ment groups in a particular realization of θ in the MR and AR in the first period
of the experiment. The left panel in figure 13 shows the search policy, i.e. the
probability distribution over different levels of search activity as determined by
the policy function defined in equation 8. Each colored bar represents a choice of
a given search intensity, bars are stacked as they by construction sum to one. The
right panel illustrates the job policy, i.e. the probability that different job offers
are accepted. Each colored bar now represents a different job offer j, and the size
of the bar represents the probability that this job offer is accepted.

In figure 14 I show a similar figure for an alternative realization of θ in the
MR. Note that the incentive to accept lower job types j is larger in the MR than
in the AR as the TH stage is very short. Nevertheless the figures suggest that
the primary behavioral change at inflow into the experiment is that individuals

73



search more, and that job decisions generally change little.40

A great advantage of the model is its explicit inclusion of the experiment which
implies that we can calculate model predictions over time since start of the ex-
periment. Figure 15 illustrates that the response to the experiment is dynamic.
The left panel of figure 15 shows the search policies for a specific θenviroment in
the TH, T and PT stages. Individuals generally search less in the PT stage com-
pared to the TH stage and often also to the T stage. The reasons for the higher
intensity of search in the TH and T stages can differ. In the TH stage, individuals
search more to avoid future participation in MEP. In the T stage, individuals may
search more to avoid future periods with MEP or because the return to search is
higher,41 or alternatively they search less because the cost of job search is higher
due to MEP participation. The right panel in figure 15 shows the search policies
for individuals (in a specific θenviroment) early in the TH stage (ts = 0) and later
in the TH stage, (ts = 5). The figure shows that the intensity of search increases
as the threat intensifies, i.e. the closer individuals come to actual participation in
MEP.

Figure 12: Decomposing Employment Impacts

(a) E-impact longer run, MR
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(b) E-impact longer run, AR
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Note: The solid lines in Panels (a) and (b) plot the employment impacts for individuals in the
treatment group compared to the control group in the model (similar to figure 2). The dashed

lines plot the employment impacts which arise if we replace the policies (search activity) in the
treatment group in states θ where j = 0 (i.e. where the individual has no job offers) with the

corresponding policies of the control group. MR: meetings region. AR: activation region. Results
are reported separately for different education levels (low, medium, high).

40This, of course, is partly because choices are discrete; with a continuous distribution of job
types, small changes would occur. Nevertheless, the main story is the same: the primary chan-
nel through which individuals change behavior is that they change how much they search for
employment.

41The increase in the return to search caused by MEP is primarily relevant for low educated
workers, as other workers have limited benefits from participation in MEP; see Table 4.
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Figure 13: Search levels and job decisions

(a) Search - Control (left) vs. Treatment – MR
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(b) Job offers - Control (left) vs. Treatment – MR
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(c) Search - Control (left) vs. Treatment – AR
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(d) Job offers - Control (left) vs. Treatment - AR
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Note: Panels (a+c) plot the search policy, i.e. the probability distribution (determined by the
policy function defined in equation 8) over different levels of search activity for patient

individuals in the Meetings Region (MR) and Activation Region (AR). Within each panel, the left
(right) figure is for control (treatment) individuals in state θ (d = 3 and all other state variables
set to 0). Dark bar colors reflect higher search intensity, blue color indicates no search (sc = 0).

The size of a given colored bar reflects the likelihood of this level of search intensity being
chosen. Panels (b+d) plot the job policy, i.e. the probability that a job offer j is accepted for the

same individuals. Each color represents a different job offer j, the size of the bar reflects the
probability that this job offer is accepted. Dark bar colors reflect higher offers. Results are

reported separately for different education levels (low, medium, high).
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Figure 14: Search levels and job decisions (alternative state) – MR

(a) Search - Control (left) vs. Treatment
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(b) Job offers - Control (left) vs. Treatment
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Note: Panel (a) plots the search policy, i.e. the probability distribution (determined by the policy

function defined in equation 8) over different levels of search activity for patient individuals in

the Activation Region (AR). Within each panel, the left (right) figure is for control (treatment)

individuals in state θ ( θ has d = 0 and all other state variables set to 0). Dark bar colors reflect

higher search intensity, blue color indicates no search (sc = 0). The size of a given colored bar

reflects the likelihood of this level of search intensity being chosen. Panel (b) plots the job policy,

i.e. the probability that a job offer j is accepted for the same individuals. Each color represents a

different job offer j, the size of the bar reflects the probability that this job offer is accepted. Dark

bar colors reflect higher offers. Results are reported separately for different education levels (low,

medium, high).
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Figure 15: Search decisions in the treatment stages

(a) TH (left), T (middle) and PT stages
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(b) Early (left) vs. later in the TH stage
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Note: The figure plots the search policy, i.e. the probability distribution (determined by the

policy function defined in equation 8) over different levels of search activity for patient

individuals in state θ in the Activation Region (AR) in the three different treatment stages (panel

(a)) or for different durations in the threat stage (panel (b)). Dark bar colors reflect higher search

intensity, blue color indicates no search (sc = 0). The size of a given colored bar reflects the

likelihood of this level of search intensity being chosen. Results reported separately for different

education levels (low, medium, high). Keep in mind that high educated workers have no utility

costs from participation in activation. TH: threat stage, T: treatment, PT: post treatment
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D.5 Compensating variation

In this section I present additional results and robustness checks discussed in
the main text in Section 7. All tables report the average total compensation per
individual in terms of weeks of UI.

In Table 25 I compare the CV, which is reported in the main text and referred
to as CV_Bench in the table, to two alternative compensation schemes CV_1 and
CV_2. CV_1 reports the resulting CV when the compensation is paid in the
T stage only as opposed to the TH and T stage as in CV_Bench. In CV_2 the
compensation scheme is the same as in CV_Bench, but CV(θinit) is weighted with
the same benchmark distribution (low educated, meetings region, impatient) for
all region, education and patience groups. Overall, Table 25 suggest that the
results in the main text are robust to changes in the timing of the compensation,
are that they are driven by differences in the distribution of θinit across different
groups.

In Table 26 I report the CV and the resulting employment impacts across dif-
ferent counterfactuals where the duration of the TH stage changes. This table
illustrates that while a shorter threat stage would likely increase the CV, it ac-
tually also increases the impact on job finding, and thereby both benefits and
welfare costs vary with the duration of the TH stage.

In table 27 I report the average CV and its (probability weighted) standard
deviation, and in Table 28 I show how the CV changes across different states in
θinit: These results are discussed in Section 7 and illustrate some key drivers of
heterogeneity in the CV.

Comparing low vs. high d states in Table 28 (all else equal) show that the CV
is higher for states where the return to search is low since escaping future MEP
is more costly from such states. Comparing low and high s levels in Table 28
shows that the CV is higher in states which are already searching intensively
in absence of the experiment (i.e. in the control group). Higher skilled (patient)
individuals are generally searching intensively for employment in absence of the
experiment (as shown in Appendix figure 9b). Due to increasing costs, they thus
demand higher compensation than individuals with lower levels of skills and
lower levels of search in absence of treatment.

Note that for impatient individuals, the relationship between skills and the
CV is actually reversed. These workers discount the future more heavily and are
thus searching less intensively for employment in the absence of the experiment.
This implies that the cost of responding to the threat of MEP is lower while the
gain is still higher for those with higher skills. For this reason, the compensation
the high skilled require for additional job search is not as large as that of those
lower skilled.

Overall the results reported in Table 28 therefore suggest that the CV is high
in two groups of states, The first group consists of states where the return to
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search (equation (4) and thus employment prospects is low. The second group
consists of states where the utility loss of additional job search is high. In con-
trast, individuals with lower CVs are individuals who, in absence of the threat
of MEP, search less intensively for employment, although they would be able to
find employment quite quickly. Note that other states with low CVs are states
where j >> 0, i.e. where individuals already have a decent job offer at the time
of the threat. These individuals have readily available alternatives to MEP and
therefore require low compensation.

Table 25: Compensating variation per participant under alternative payments

Meetings Region Activation Region

CV_Bench CV_1 CV_2 CV_Bench CV_1 CV_2

Low Educated Patient 1.34 1.30 1.41 0.80 0.94 0.95

Low Educated Impatient 4.56 4.43 4.56 6.87 6.55 6.04

Medium Educated Patient 1.41 1.40 1.51 1.73 1.73 2.21

Medium Educated Impatient 2.20 2.20 2.18 6.72 6.91 6.19

High Educated Patient 2.29 2.30 2.35 -0.27 -0.29 -0.32

High Educated Impatient 3.74 3.68 3.59 -0.31 -0.35 -0.33

Note: This table contrasts the results in Table 5 with results from alternative calculations. The
table reports the average total compensation per individual in terms of weeks of UI. CV_1 is the
resulting CV when compensation is paid in the T stage only as opposed to the TH and T stage as

in CV_Bench. In CV_1, CV(θinit) is weighted with the region, education and patience type
specific distribution across states. In CV_2 the compensation scheme is the same as in CV_Bench,
but CV(θinit) is weighted with the same benchmark distribution (low educated, meetings region,

impatient) for all region, education and patience groups.

Table 26: Compensating variation for different threat stage durations

Weeks with Threat Employment Impact CV

Meetings Region 2 1.96 554 (1.72)

Meetings Region 14 1.73 347 (1.08)

Meetings Region 20 1.73 329 (1.02)

Activation Region 2 2.57 612 (1.90)

Activation Region 14 1.47 494 (1.52)

Activation Region 20 1.03 491 (1.52)

Note: This table shows the effect (resulting CV and employment impact) of different

experiments, where only the duration of the threat stage differs. The CV (defined in equation 17)

is weighted with the initial distribution across states at inflow into the experiment. The

employment impact is the accumulated difference in employment rates during the first year for

the treatment and control groups.
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Table 27: Compensating variation across regions and workers - with standard
deviations

Meetings Region Activation Region

Low Educated Patient 1.34 (0.17) 0.90 (0.24)

Low Educated Impatient 4.56 (3.37) 6.87 (4.52)

Medium Educated Patient 1.41 (0.24) 1.73 (1.16)

Medium Educated Impatient 2.20 (0.20) 6.72 (2.25)

High Educated Patient 2.29 (0.24) -0.27 (0.01)

High Educated Impatient 3.74 (0.35) -0.31 (0.01)

Note: The table reports the average total compensation per individual in terms of weeks of UI. In

parenthesis I report the (probability weighted) standard deviation of CV (θinit).

Table 28: Heterogeneity in the Compensating Variation

Benchmark Longer UE Lower skilled

Low Educated Patient 1.47 1.56 1.23

Low Educated Impatient 1.43 1.69 5.66

Medium Educated Patient 1.92 2.23 1.60

Medium Educated Impatient 1.85 2.18 2.35

High Educated Patient 2.66 2.85 2.10

High Educated Impatient 2.39 2.55 3.95

Note: The table reports the CV (defined in equation 17) for 2 different states: newly and
longer-term unemployed. Benchmark (Longer UE) is unemployed with 6 weeks (12 weeks) of

unemployment (d = 3 or d = 6). Low-skilled (Benchmark) individuals are individuals “without”
skills s = 0 (s = 2) skill level. All other state variables are 0. Numbers are reported for the

meeting region only. The table reports the average total compensation per individual in terms of
weeks of UI.

D.6 Details on different components in the welfare assessment:

In Section 7.3 and Table 6 I present and discuss the results from a partial welfare
analysis of the randomized experiment studied in this paper. Below I discuss the
different elements in this assessment in further detail.

• Value of increased production is calculated as the increase in earnings
caused by the experiment. The components in this calculation are the dif-
ference in weeks of employment within the first year of the experiment
(the increase in production) and the payment per week assuming a 37-
hour work week and using €23.5 as the average hourly wage. The hourly
wage is measured before taxes and comes from Maibom et al. (2017). The
final numbers are then weighted with the distribution of education groups
within a given region.
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• Operating costs: The operating costs are from Maibom et al. (2017). The
operating costs are simply the difference in the expenditures on all MEP
programs within the sample window between treatment and control groups.
The low operating costs in the MR are driven by 1) a low cost per meeting
and 2) future cost savings from the rapid increase in employment in the
treatment group and, thus, less spending on MEP in the future; see Mai-
bom et al. (2017).

• Costs from increase in production are calculated as the increase in pro-
duction multiplied with the weekly costs of production. Weekly costs of
production are obtained by multiplying κeg with a 37-hour work-week.42

This number is subsequently weighted with the distribution of education
groups within a given region.

• Welfare costs (CV): The CV (defined in 17) is weighted with the initial
distribution of θinit. The numbers are then weighted with the distribution
over patience types and education groups within a given region.

• Welfare costs (CV) for LTU: The CV (defined in 17) is weighted with the
initial distribution of θinit where I only sample states with d > 6 into the
experiment (and reweigh accordingly).

• Saved income transfers: The saved income transfers from the experiment
(due to increased job finding) are not included in the welfare assessment.
They only represent a redistribution of income, and since I am working
under the assumption of 0 marginal costs of providing public funds and
do not consider the role of taxes in the model as such, there is no gain to
include from a reduction in income transfers (alternatively that amounts
to assuming that the saved income transfers are used for alternative gov-
ernment consumption which does not have any benefits). Maibom et al.
(2017) include saved income transfers in their assessment of the impact of
the experiment on the government budget. See their paper for the exact
amount associated with different types of income transfers.

42The decision parameters in the model are parameterized to match decision making at the
“hourly” level, see section C.3.3.
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