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A recent literature emphasizes the role
of heterogeneity in job finding and long-
term unemployment risk across job seek-
ers (e.g., Alvarez, Borovičková and Shimer
(Forthcoming),Gregory, Menzio and Wiczer
(2021), Mueller, Spinnewijn and Topa
(2021), Ahn, Hobijn and Şahin (2023),
Mueller and Spinnewijn (2023)). This lit-
erature finds that job seekers differ vastly
in their probability of finding a job and
thus the likelihood of becoming long-term
unemployed. A recent report (OECD,
2019) documents the increasingly common
practice of risk-profiling the unemployed
for targeted unemployment policies, either
based on specific dimensions (e.g., age, ed-
ucation), as assessed by a mediating case-
worker or as predicted by statistical profil-
ing models. Yet, despite the large and grow-
ing body of work on job search and unem-
ployment policy (Card, Kluve and Weber,
2017; Kircher, 2022), the use of risk-profiling
for targeted interventions has received lit-
tle attention in the academic literature (e.g.,
Black et al. (2003), Mueller and Spinnewijn
(2023) and van den Berg et al. (2023)).

In this paper, we analyse how risk-
profiling is used to assign job seekers to
job search counseling in Flanders, Belgium.
We leverage the specific context and data to
shed light on a number of questions and is-
sues. In particular, we compare algorithmic
selection to self-selection and selection by
mediators and caseworkers, discuss prac-
tical challenges for the implementation of
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risk-profiling as well as highlight avenues
for further research.

I. Risk-profiling in Flanders

All unemployed individuals in Belgium
are required to enroll with the regional Pub-
lic Employment Service (PES) to receive un-
employment benefits. The VDAB is the PES
for the Flemish region, which is the north-
ern, Dutch-speaking part of Belgium and
contains about 60% of the population. The
VDAB operates a job search platform and
organizes job search counseling and the as-
signment to training programs. Guidelines
on unemployment policy from the Euro-
pean Union provide a clear recommenda-
tion for member states to prevent and re-
duce long-term unemployment (EU, 2018).

As soon as someone enters unemploy-
ment, the VDAB opens a new file and gen-
erates a risk score. To obtain this score, the
VDAB has developed a prediction model
“Employment Prospects”, which has been
operational since October 2018 and predicts
the probability that an unemployed person
begins a period of employment lasting at
least 28 consecutive days within the next
6 months. The model uses random for-
est algorithms and includes more than 400
individual features, with a strong empha-
sis on labour market history and the ongo-
ing unemployment spell, but also includ-
ing socio-demographic characteristics, job
search preferences (e.g., occupation and ge-
ography) and behaviors (e.g., updating of
profile, strategy, CV). Risk scores are up-
dated for job seekers who remain unem-
ployed. The model is also retrained every
month, adding the most recent spells.

After registration with the VDAB, the
VDAB sends a confirmation email to the job
seeker describing what they need to do to
receive unemployment benefits and what
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TABLE 1—PREDICTED AND OBSERVED JOB-FINDING RATES

N Share Predicted JFR Observed JFR
Full sample 84,943 1.00 0.551 0.609
Inbound call in weeks 1-3 16,656 0.20 0.511 0.556

Assigned to caseworker 7,799 0.09 0.475 0.465
Caseworker contact 6,958 0.08 0.473 0.440

Inbound call in weeks 4-5 19,799 0.23 0.573 0.608
Self-reliant 13,272 0.16 0.596 0.689
Assigned to caseworker 6,527 0.08 0.525 0.444

Caseworker contact 5,603 0.07 0.524 0.419
Considered for outbound call at 5 wks 27,157 0.32 0.547 0.533

Prediction > 65% 5,509 0.06 0.716 0.722
Prediction < 65% 21,648 0.25 0.504 0.485

Calls in weeks 6-8 13,226 0.16 0.503 0.475
Self-reliant 6,125 0.07 0.536 0.590
Assigned to caseworker 7,101 0.08 0.474 0.376

Caseworker contact 6,202 0.07 0.474 0.356
Notes: This table reports mean 6-month predicted and observed job-finding rates after 1 week of unemployment. The full sample includes all new unemployment spells of fully unemployed

benefit recipients aged 26-58 at the start of the spell. Spells are only included if they begin between 3 October 2020 and 15 September 2022, last at least 1 week and if a risk score is available at week
1. Individuals immediately re-assigned to a caseworker from a previous spell or engaging in subsidized or temporary work by week 5 are excluded. The sample for “inbound call in weeks 4-5”
is further restricted to spells lasting at least 4 weeks. After around 5 weeks of unemployment, the service line uses individuals’ current risk scores to determine who to call. Individuals who are
not considered for an outbound call at this point include those were assigned to a caseworker due to an inbound call in weeks 1-3, those who made an inbound call in weeks 4-5, those who have
exited unemployment by week 5 and those who have been assigned to a caseworker by week 5 through another mechanism. Another 7% of the full sample is not contacted for other reasons (e.g.,
they no longer receive benefits and therefore cannot be made to see a caseworker). “Calls in weeks 6-8” includes both inbound and outbound calls. “Caseworker contact” refers to any contact
with a caseworker at a regional office by week 16.

will happen next. Four weeks into the un-
employment spell, job seekers are sent an
email instructing them to call the VDAB ser-
vice line. These “inbound calls” result in an
in-depth half-hour interview with a VDAB
mediator who then decides whether the job
seeker is self-reliant. If not, the mediator sets
an appointment with a local caseworker.
Five weeks into the spell, the risk scores
are used to determine which job seekers,
among those who have not yet contacted
the VDAB, to reach out to. Any job seeker
with a predicted job finding probability be-
low 65% is called. These “outbound calls”
proceed like the inbound calls, with the
VDAB mediator determining at the end of
the interview whether the job seeker is self-
reliant or needs assignment to a local case-
worker. Just like all job seekers deemed self-
reliant, those with a risk score above 65%
are not called until week 19 of the spell, un-
less their risk score drops below the 65%
threshold before that.1

1Job seekers can also call the service line and be as-
signed to a caseworker in weeks 1-3. However, the me-
diator cannot classify them as self-reliant before week 4. If

Table 1 illustrates the different steps of the
contact strategy and selection of job seekers
for assignment to caseworkers. The table re-
ports the number and share of unemployed
job seekers remaining at each step and their
predicted and observed job finding proba-
bility at the start of the spell. The sample
includes unemployment spells starting be-
tween October 2020 and September 2022.
A first observation is that only 25% of all
unemployed job seekers are targeted by
the algorithmic risk scoring at around 5
weeks of unemployment. This small share
is not because of selective assignment – only
6% of the total sample are screened out
because of their risk score. However, a
large share has exited unemployment (19%)
and many have already been assigned to a
caseworker or contacted VDAB themselves
(42%) within the first five weeks of unem-
ployment. Hence, the actual use of algo-
rithmic profiling by the VDAB is fairly lim-

not assigned to a caseworker, they will be instructed to call
the service line again in week 4. Note also that risk score
groups are in principle available to mediators, but they are
understood not to use them in their assignment decision.
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ited. A second observation is that a substan-
tial share of the selection is still done by the
VDAB mediators themselves, either in ad-
dition to or instead of the algorithmic selec-
tion. During the calls taking place after the
algorithmic selection, the VDAB mediator
screens out another 46% of the remaining
job seekers as self-reliant. For the inbound
calls not preceded by algorithmic selection,
this share is about two thirds of the job seek-
ers. A third observation is that the ultimate
share of job seekers meeting with casework-
ers is relatively low. In fact, the algorithmic
screening has lead to an assignment to case-
workers of only 7% of the total sample.

II. Assessment of Algorithmic Risk-Scoring

We assess the impact of the algorithmic
risk-scoring and compare the resulting se-
lection with the selection by mediators and
the job seekers themselves. Figure 1 com-
pares the distribution of risk scores of job
seekers selected by the algorithm (Panel A),
by the job seekers themselves (Panel B) and
by the mediator (Panel C). These selections
happen at different times in the unemploy-
ment spell and on different samples of un-
employed job seekers. For comparability,
we plot the risk scores as predicted in week
1 in all panels. Panel A, naturally, shows a
clear distinction between job seekers with a
risk score below vs. above 65% who are tar-
geted for outbound calls. Still, there is sig-
nificant overlap as the risk scores used for
selection are generated at the time of selec-
tion (at 5 weeks into unemployment). The
predicted job finding probabilities are thus
not fully persistent, as also documented in
Sweden by Mueller and Spinnewijn (2023).
Panel B shows the selection by job seekers
themselves in deciding whether or not to
make an inbound call. The distributions are
relatively close to each other. Job seekers
who call in during the first three weeks have
lower predicted job-finding probability. Job
seekers who call in after being instructed to
have slightly higher predicted job-finding
probabilities. This positive selection is the
opposite of the VDAB’s intended targeting
strategy, as applied in the algorithmic pro-
filing. Panel C considers the selection made

by the VDAB mediators during the calls
and shows that the predicted job finding
probabilities are substantially lower for the
job seekers who are deemed not self-reliant.

FIGURE 1. SELECTION BY RISK SCORES
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Panel C. Mediator selection
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The mediators’ selection adds value with
or without prior algorithmic selection. First,
a comparison in Table 1 shows that the risk
scores of those assigned to caseworkers with
prior algorithmic selection (47%) vs. without
prior algorithmic selection (48% and 53%
resp.) are not very different. Hence, by
this criterion, the mediators perform well
by themselves compared to their combina-
tion with algorithmic selection. Of course,
the algorithmic procedure saves on a large
number of calls to be made. Second, a com-
parison of the predicted job-finding and ob-
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served job-finding of the selected groups
suggests that the mediators have relevant
private information. While the wedge in
predicted job-finding probabilities between
job seekers deemed self-reliant vs. not
equals 7 percentage points (54% vs. 47%),
the wedge in observed job-finding probabil-
ities is three times as large, at 21 percent-
age points (59% vs. 38%). This is even
a lower-bound on the private information
channel when caseworkers have a positive
treatment effect on the observed job-finding
of those assigned to them.2

FIGURE 2. ATTRITION IN ASSIGNMENT

Panel A. Algorithmic assignment vs. observed calls
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Panel B. Mediator assignment vs. caseworker contact
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A natural but positive challenge for the
contact and assignment strategy is the fact
that many job seekers find employment.
However, some practical challenges result
in additional attrition. First, of those job

2Results are very similar when comparing 6-month
predicted and observed job finding at 4 weeks of unem-
ployment instead of at 1 week. These are generated closer
to the date of mediator selection. The predicted job-finding
probabilities of job seekers deemed self-reliant vs. not are
then 52% vs. 46% and the wedge in observed job-finding
probabilities is still much larger at 62% vs. 41%. This is in
line with van den Berg et al. (2023) who show that case-
worker assessments in Germany have predictive power of
re-employment above and beyond algorithmic risk scores.

seekers selected by the algorithm, a signif-
icant share are called but not reached. Sec-
ond, of those job seekers selected by the me-
diator, a small share do not actually meet
with a caseworker. The attrition muddles
the intended selection for assignment to
caseworkers. Panel A of Figure 2 compares
those who are and are not targeted for the
outbound calls with those who are and are
not actually reached. The densities show
that the attrition at this stage is random,
but there is greater similarity in predicted
risk scores between those who are and are
not contacted than between those who are
and are not targeted for contact. Panel B
of Figure 2 makes the same comparison for
those assigned by mediators to caseworkers
or not and those who actually meet case-
workers or not. In this case, the attrition is
negatively selected, with more job seekers
with low risk scores dropping out. This fur-
ther undermines the targeting efforts.

III. Discussion and Further Research

The effective use of risk scoring can im-
prove the assignment of PES interventions
in two ways: interventions can be targeted
better and implemented earlier in the spell
(Mueller and Spinnewijn, 2023). For ex-
ample, if at 1 week the PES targeted the
bottom 7% of the distribution of predicted
job finding, the average risk score of this
targeted group would be 28%. This com-
pares to an average risk score of 47% for
the 7% of our sample who are targeted by
the algorithm and ultimately matched to a
caseworker.3 Of course, this presumes that
individuals prone to long-term unemploy-
ment gain more from the interventions and
that the gains for these individuals are not
reduced when intervening earlier. While
there is some evidence on the treatment ef-
fects of unemployment policies by duration
of unemployment (e.g., Cockx, Lechner and
Bollens (2023) in the Flemish context), we
are not aware of any study that evaluates
the heterogeneity in treatment effects based

3Alternatively, the PES could screen by actual dura-
tion of unemployment as the employment prospects for
the sample of survivors decreases, but this type of screen-
ing comes at the cost of a delayed timing of interventions.



VOL. VOL NO. ISSUE RISK SCORES FOR LONG-TERM UNEMPLOYMENT 5

on predicted risk scores. Given the increas-
ing attention that PES agencies pay to algo-
rithmic assignment of targeted policies, it
is important to provide more evidence on
who gains more from these targeted poli-
cies and to quantify the returns to targeting.
To this purpose, in follow-up work with the
Flemish data, we are looking at the treat-
ment effects of assignment to caseworkers
and how they differ by predicted long-term
unemployment risk.

Another avenue for further work is to
study the optimal combination of algo-
rithmic assignment with voluntary take-up
and mediators’ assessment. Our evidence
shows that mediators appear to have pri-
vate information in relation to the likeli-
hood of job finding. It would be of great
interest to understand whether mediators
also have private information on who re-
sponds more to targeted policies. Simi-
larly, individuals who self-select may also
be more prone to respond to these policies.

Finally, further research is needed on
how algorithmic assignment may conflict
with ethical and fairness considerations (see
Rambachan et al., 2020). In the Flemish con-
text, gender and country of origin are not
used in the prediction model, though it is
not clear whether this avoids algorithmic
bias if other features included in the model
are correlated with these characteristics.
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