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First, job search counseling raises employment on average, but treatment effects decline 
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1 Introduction

A central challenge for governments operating under limited resources is how to allocate interven-

tions where they create the greatest social value. Public employment services must decide which

unemployed workers receive intensive job search assistance [Berger et al., 2001; Black et al., 2003].

Health systems must decide which patients should receive treatment [Obermeyer et al., 2019; Yad-

lowsky et al., 2025], while poverty alleviation programs determine which households receive transfers

[Haushofer et al., 2025]. Increasingly, these decisions are guided by predictive algorithms that es-

timate which individuals are most at risk of poor outcomes. Yet, prediction and targeting are

fundamentally different problems [Kleinberg et al., 2015; Athey, 2017]. Intuitively, a planner allo-

cating scarce resources should care not only about who is most at risk, but also about who stands to

benefit most from the intervention. Whether these two objects coincide is ultimately an empirical

question. Nevertheless, many policy applications implicitly assume that they do. Public employment

services across OECD countries increasingly prioritize job seekers predicted to remain unemployed

longest, thereby treating measures of risk as measures of treatment value [Desiere et al., 2019].

This paper studies the optimal targeting of unemployment policy and shows that the distinc-

tion between prediction and targeting is first-order in this context. We consider the allocation of

job search counseling by the Flemish Public Employment Service (VDAB), which uses a machine-

learning model to prioritize workers predicted to be at greatest risk of long-term unemployment.

The setting provides a unique opportunity to study how scarce interventions should be allocated

when both baseline risk and treatment responsiveness are heterogeneous. We make three contri-

butions. First, we develop a conceptual framework that characterizes the trade-offs of targeting

job search counseling across both workers and unemployment durations. Second, we provide quasi-

experimental evidence on how treatment effects vary across these two dimensions, exploiting three

complementary regression discontinuity (RD) designs that help identifying heterogeneity by long-

term unemployment risk, and the evolution of treatment effects over the unemployment spell. Third,

we combine the conceptual framework with the empirical estimates to evaluate alternative targeting

policies, showing how employment services should decide whom to treat and when to intervene.

We consider a stylized model of unemployment, where job search counseling increases the proba-

bility that workers transition from unemployment into employment. The framework accommodates

observed and unobserved heterogeneity in both job-finding probabilities and treatment effects, as

well as duration dependence in job finding and treatment efficacy. Our results generalize to other

settings where policymakers seek to accelerate transitions out of adverse states (e.g., illness, poverty,

or homelessness). In particular, we show that the return to treatment depends jointly on its effect on

the transition probability and on the continuation value of remaining in the adverse state. In fact,

these two objects combine in a remarkably simple sufficient statistic. To a first-order approximation,

the return to treatment is proportional to the treatment effect τ divided by the underlying transition

probability π,

R ≈ τ

π
.

Intuitively, a given increase in the probability of finding employment is more valuable for workers who

would otherwise remain unemployed for longer. This simple characterization provides the organizing
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principle for the remainder of the paper.

First and foremost, it provides a unified way of thinking about both whom to target and when to

intervene. Across individuals, it highlights the fundamental trade-off between risk and responsive-

ness. Workers with lower job-finding probabilities have more to gain from leaving unemployment,

but they need not be those who respond most to job search counseling. The optimal allocation

therefore depends on the balance between these two forces rather than either object in isolation.

The same logic applies across unemployment durations. Interestingly, the return can change dy-

namically over the unemployment spell, because treatment effects and job-finding probabilities may

change as unemployment lengthens, but also because the composition of the unemployed changes

through dynamic selection. The optimal timing of intervention therefore depends jointly on dura-

tion dependence in treatment effects and in job-finding probabilities. At the same time, delaying

treatment risks losing the opportunity to reach high-return job seekers who exit unemployment in

the meantime, creating a harvesting motive for intervening earlier.

Second, it provides estimable sufficient statistics for allocating scarce interventions across both

individuals and time. To bring the framework to the data, we study the allocation of job search

counseling by the VDAB. Our data covers the universe of registered unemployment spells between

2018 and 2022, linked to rich information on labor market histories, risk scores, caseworker inter-

actions, and employment outcomes. Since 2018 the VDAB has relied on a machine-learning model

using more than 400 granular predictors to estimate each unemployed worker’s risk score, defined as

the probability of finding employment within six months. Job seekers whose predicted job-finding

probability falls below a threshold of 0.65 are prioritized for counseling: after five weeks of un-

employment, they are proactively contacted by the service line and considered for assignment to

a caseworker. Those above the threshold, however, are not actively contacted until three months

later. The VDAB’s system exemplifies the international trend toward algorithmic profiling in active

labor market policy [Desiere et al., 2019].

The combination of institutional detail, data richness, and quasi-experimental variation provides

an unusually clean setting in which to study how risk-based targeting performs in practice. In

particular, the institutional setting generates complementary sources of quasi-experimental variation

that map directly into the two allocation problems studied in the conceptual framework. First, a

regression discontinuity around the algorithmic risk-score threshold identifies the average effects of

job search counseling for workers near the margin of treatment. Second, a discontinuity generated

by the automatic reassignment of recently unemployed workers to their previous caseworker allows

us to estimate treatment effects across the distribution of predicted risk scores, providing evidence

on whom to target. Third, the risk-score discontinuity reappears with the opposite sign later in the

spell, when the VDAB reaches out to workers who have remained unemployed without previously

being assigned to a caseworker. This design helps identify how the value of intervention evolves over

the unemployment spell.

Our empirical analysis delivers three main sets of findings.

First, being prioritized for job search counseling substantially improves employment outcomes

on average. Prioritized workers find employment sooner, increasing days worked by about 9 percent

over the following three months. If anything, they also transition into more stable employment
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relationships, suggesting that the intervention improves job matches rather than simply accelerating

acceptance of lower-quality jobs. The threshold shifts a bundle of interactions with the employment

service: it substantially increases contact with service-line operators (by 65.8pp) and increases both

the prospect and realization of subsequent caseworker assignment (by 9.5pp). The resulting differ-

ences in downstream interventions are concentrated in job-search assistance and monitoring rather

than formal training. While it is difficult to attribute the employment effect to any single com-

ponent of counseling, the sizable overall response makes the allocation of this intervention bundle

quantitatively important.

Second, treatment effects vary sharply across workers. Contrary to the logic underlying current

targeting practice, we find a strong negative relationship between long-term unemployment risk and

treatment responsiveness. We find a precise zero effect of job search counseling for workers with the

highest risk of long-term unemployment — the very workers prioritized by the existing targeting

algorithm. By contrast, for workers with better employment prospects, we find large and statistically

significant effects. The planner therefore faces a first-order trade-off between targeting workers who

are most at risk and those for whom treatment generates the largest returns.

Beyond this comparison across risk-score groups, we find substantial additional heterogeneity

in treatment effects, estimated using an instrumental forest [Athey et al., 2019]. Importantly, the

estimated treatment effects based on the reassignment to caseworkers also predict heterogeneity in

our baseline RD, where both the population and the treatment environment differ, although this

cross-design comparison is statistically imprecise. We further show that the pattern is not explained

by differential assignment to programs, which mitigates concerns that the heterogeneity is driven by

lock-in effects or differences in the type of support received.

To quantify the importance of this heterogeneity, we can decompose the variation in returns to

treatment using the sufficient statistic, R ≈ τ/π. Based on a Shapley decomposition of the variance

in the targeting index τ/π, we find that 82% of the variation is attributable to heterogeneity in

treatment effects. Moreover, part of the variation arising from differences in risk scores is offset by

its negative covariance with treatment effects. As a result, targeting exclusively on risk scores misses

considerable variation in the returns to treatment.

Third, we find no evidence that treatment effects vary with the timing of treatment among

comparable workers. We exploit the reversal of the risk-score discontinuity when the VDAB contacts

remaining unemployed workers later in the spell, allowing us to compare counseling effects for workers

around the same initial risk-score threshold but treated at different unemployment durations. The

estimated effects are similar across the first and second treatment rounds, although both estimates

are imprecise. We subject this comparison to several validation checks, including tests for differential

survival into the second round and for discontinuities in predicted treatment responsiveness among

untreated survivors. These checks support the interpretation that the similar estimates reflect limited

duration dependence in treatment effects for comparable workers.

This does not imply, however, that returns to treatment are constant over the unemployment

spell. Workers with stronger employment prospects leave unemployment earlier, so the remaining

pool becomes increasingly selected toward workers with lower job-finding probabilities and lower

responsiveness to counseling. Through the lens of our sufficient statistic R ≈ τ/π, these forces have
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opposite implications for the timing of intervention. Declining treatment effects reduce the return

to counseling, while declining baseline job-finding probabilities increase the continuation value of

treatment for those who remain unemployed. Quantitatively, we find that average treatment effects

decline by roughly 51% over the first year, while job-finding probabilities decline by roughly 57%.

These two observable forces are of comparable magnitude, but the decline in job finding clearly

dominates once we condition on observables — treatment effects show no decline for comparable

workers, while their job-finding prospects continue to deteriorate — implying that the return to

treating the average surviving job seeker rises over the spell.

In the last part of the paper we use the empirical estimates to calibrate our conceptual framework

and evaluate alternative targeting policies. The welfare gains from optimal targeting are nearly

three times those from random assignment, reflecting substantial heterogeneity in both risk and

responsiveness across job seekers. A simple rule based on the ratio of predicted treatment effect to

predicted job-finding probability performs nearly as well as the fully optimal policy. By contrast,

the current practice of targeting exclusively on risk scores performs worse than random assignment.

The shortfall is quantitatively large: in our calibrated model, risk-score targeting yields only about

70% of the welfare gains of random assignment.

Extending the analysis to the timing dimension confirms that the average return to treating

surviving job seekers rises over the unemployment spell. Yet when optimizing jointly across job

seekers and durations, the harvesting motive favors earlier intervention, since fewer job seekers

with high returns remain available for treatment. The calibrated optimal policy therefore treats

most targeted job seekers early in the spell, even though average returns among those who remain

unemployed continue to rise.

Taken together, the results imply that employment services should not treat risk predictions as

targeting rules. Risk scores are valuable inputs into allocation decisions, but optimal targeting also

requires information on treatment responsiveness and on how returns evolve over the unemployment

spell. In our setting, this points toward earlier intervention and substantially greater weight on

predicted responsiveness, rather than relying primarily on predictions of long-term unemployment

risk.

A final component of targeting we briefly investigate in our calibrated model concerns how targets

should be estimated. The VDAB’s algorithm, like most risk-profiling tools, is trained on realized

employment outcomes, which reflect a mixture of baseline job-finding prospects and treatment effects

for treated job seekers. This conflation creates adverse selection into treatment: individuals with

high treatment effects will have higher predicted job-finding rates, pushing them above the threshold

and out of the treatment pool. The appropriate risk measure for targeting should instead predict

job finding in the absence of treatment, not in its presence. Our finding that treatment effects are

increasing in predicted job-finding probability may partly reflect this algorithmic bias. Correcting

risk scores for the effects of past treatment weakens the relationship between treatment effects and

predicted job finding by roughly a fifth. However, it does not overturn it, nor does the bias invalidate

our analysis of current practice: the VDAB assigns counseling based on the observed risk scores,

so our quasi-experimental estimates and our evaluation of score-based targeting refer to the scores

actually used for assignment.
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Related Literature. Our paper contributes to several strands of literature. First, it connects

two large literatures on unemployment policy that have largely developed separately. One literature

studies heterogeneity in individual job-finding prospects and how this heterogeneity shapes the

dynamic composition of the unemployed over the spell [e.g., Ahn and Hamilton, 2020; Mueller et

al., 2021; Ahn, 2023; He and Kircher, 2023; Alvarez et al., 2024; Gregory et al., 2025; Mueller and

Spinnewijn, 2025; Lalive et al., 2026]. While we also find substantial and predictable heterogeneity

in job-finding prospects, for targeting purposes, predicting who is likely to remain unemployed

is not sufficient: the planner must also know who responds to intervention. A second literature

estimates the effects of active labor market programs, documenting substantial heterogeneity across

programs, populations, and unemployment durations [e.g., Crépon and van den Berg, 2016; Card

et al., 2018; van den Berg and Vikström, 2022; Cockx et al., 2023; Le Barbanchon et al., 2024;

Humlum et al., 2025].1 Our contribution is to bring these two strands together: we extend the

analysis of heterogeneity and dynamics from job-finding prospects to treatment effects and show

how job-finding prospects and treatment responsiveness should jointly determine the allocation of

scarce employment services.

Second, our paper contributes to work on profiling, algorithmic assistance, and digital tools

in public employment services. Statistical profiling has long been used to identify unemployment

insurance claimants at risk of long spells and target them for reemployment services, but has received

limited attention in the economics literature [e.g., Berger et al., 2001; Black et al., 2003; Desiere et

al., 2019]. However, several recent papers study how predictive algorithms and recommender systems

can improve job search and matching, including by recommending vacancies, occupations, or search

strategies to job seekers [e.g., Altmann et al., 2022; Bied et al., 2023; Le Barbanchon et al., 2023;

Behaghel et al., 2024; Belot et al., 2026; Bächli et al., 2025]. We differ from this literature in focusing

on the allocation of job search counseling and the heterogeneity in treatment responsiveness. Our

results show that even when algorithms predict well, using those predictions as targeting rules can

perform poorly if predicted risk is negatively related to treatment responsiveness.

Third, our paper relates to a broader literature on targeting interventions when social need and

treatment impact need not coincide. The closest paper is Haushofer et al. [2025], who study the trade-

off between targeting deprivation and targeting impact in the context of cash transfers in Kenya.

They show that targeting solely on deprivation is unattractive unless redistributive preferences are

sufficiently strong, a conclusion that mirrors our finding that targeting solely on unemployment

risk can be dominated by rules that also account for responsiveness. More broadly, our analysis

builds on the empirical welfare approach to treatment assignment pioneered by Manski [2004] and

developed in subsequent work on welfare-based policy choice and policy learning [e.g., Kitagawa and

Tetenov, 2018; Athey and Wager, 2021; Kasy and Sautmann, 2021]. A related literature emphasizes

the distinction between prediction and causal decision-making, documenting both the promise of

algorithmic predictions for high-stakes decisions and their limitations when the prediction target

differs from the object relevant for policy [e.g., Kleinberg et al., 2015; Athey, 2017; Kleinberg et al.,

1For example, across programs, existing evidence suggests that job search counseling often has larger effects for
workers closer to employment, while training and information-based interventions may display different patterns [e.g.,
Koning, 2009; Liu et al., 2014; Altmann et al., 2018; Belot et al., 2026].
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2018; Obermeyer et al., 2019; Athey et al., 2025]. We contribute to this literature by developing

a simple sufficient-statistic framework for interventions that accelerate transitions out of adverse

states. We characterize the targeting and timing trade-offs that arise when the planner must decide

not only whom to treat but also when to intervene, and quantify these trade-offs empirically, in

the spirit of the sufficient-statistics literature in unemployment insurance [e.g., Kolsrud et al., 2018;

Spinnewijn, 2020; Gerard and Gonzaga, 2021; Ferey, 2022].

The remainder of the paper is organized as follows. Section 2 develops the conceptual framework

and characterizes optimal targeting. Section 3 describes the institutional setting and data. Sec-

tion 4 estimates the average effects of job search counseling. Section 5 documents heterogeneity in

treatment effects across the risk distribution. Section 6 examines duration dependence in treatment

effects. Section 7 presents the quantitative evaluation of alternative targeting policies. Section 8

concludes.

2 Conceptual Framework

This section presents a conceptual framework that clarifies both who should be targeted for treatment

and when during an unemployment spell treatment is most valuable. The framework encompasses

heterogeneity across unemployed workers and dynamic changes over the unemployment spell, but

remains sufficiently tractable to allow for a simple characterization of the individual returns to

treatment as a function of predicted treatment effects and baseline job-finding prospects. By linking

these objects, the analysis yields transparent sufficient statistics for optimal targeting, both high-

lighting the key trade-offs that govern the allocation of scarce program resources across workers and

durations and guiding our empirical analysis in order to quantify these trade-offs.

2.1 Setup

We consider an unemployment agency that decides whether and when to treat a cohort of unemployed

workers. The workers may differ in their response to treatment τd as well as their baseline job finding

probability πd at duration d. Both the responsiveness to treatment and the job finding probability

can differ in ways that are observable and unobservable to the agency and can change over the

unemployment spell.

Job Finding and Survival. We assume that the job-finding probability at unemployment dura-

tion d takes the following form:

PT
d (π, τ, επ, ετ ) = πd + τd × Td(π, τ) (1)

≡ (π + επ) θπ,d + (τ + ετ ) θτ,d × Td(π, τ). (2)

An individual’s type is represented by (π, τ, επ, ετ ), where π denotes an individual’s baseline observ-

able job-finding type, and επ captures unobserved heterogeneity in baseline job-finding prospects.

Similarly, τ denotes the individual’s predictable treatment effect, while ετ represents unobserved het-
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erogeneity in treatment responsiveness. We assume that the dynamics of the baseline job finding and

treatment effects are the same across workers. The term θπ,d governs how baseline job-finding prob-

abilities evolve with unemployment duration, while θτ,d captures how treatment effects depreciate

(or appreciate) over the spell. We assume that observed and unobserved components of the baseline

job-finding probabilities and treatment effects are independent, although the observed components

as well as the unobserved components across the baseline and treatment types may be correlated.

Formally, types are distributed according to the joint density f(π, τ, επ, ετ ) = g(π, τ)h(επ, ετ ).

The indicator Td(π, τ) ∈ {0, 1} specifies whether an individual of observed type (π, τ) is treated

at duration d. We restrict targeting rules to depend only on observable characteristics, so that

treatment cannot be conditioned on the unobserved components. A specific targeting policy T

specifies a vector of treatment dummies {Td(π, τ)} for each type (π, τ) at any duration d. We define

the survival probability of individual of type (π, τ, επ, ετ ) as:

ST
d (π, τ, επ, ετ ) =

d−1∏
δ=0

(1− PT
δ (π, τ, επ, ετ )).

The superscript T on P and S denotes that the job-finding probability is conditional on the specific

targeting policy.

Note that, throughout, we use unemployment risk and job-finding prospects interchangeably: the

risk of remaining unemployed is the complement of the probability of finding a job, so the workers

most at risk of long-term unemployment are those with the lowest job-finding probability π — and,

empirically, the lowest VDAB risk score P , the predicted probability of finding employment within

six months.

Utility losses from unemployment and cost of treatment. While our empirical focus is on

job-finding probabilities and treatment effects, we also introduce utility losses from unemployment

and costs of treatment in order to meaningfully evaluate welfare and characterize optimal policy.

We assume that unemployed individuals incur a per-period utility loss ud. In analogy to the job-

finding probability and treatment effect, we can allow this utility loss to vary across job seekers

and over the unemployment spell, i.e., ud = (u + εu) θu,d, where the unobserved component εu

may be distributed jointly with (επ, ετ ). In principle, targeted policies can condition on u and we

can characterize the returns to targeting observable types (π, τ, u). However, given our empirical

focus, we will often leave this dimension implicit to keep the notation light. We further assume that

providing treatment entails a constant per-period cost c, and that there is no discounting over time.

As a result, the expected utility cost of a spell of unemployment for a worker of type (π, τ, επ, ετ )

is:

LT (π, τ, επ, ετ ) =
∑
δ=0

uδS
T
δ (π, τ, επ, ετ ),

which is equal to u times the expected duration of unemployment in the case where ud = u. The
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expected budgetary cost of treatment is:

BT (π, τ, επ, ετ ) =
∑
δ=0

cTδ(π, τ)S
T
δ (π, τ, επ, ετ ).

Integrating over unobserved heterogeneity (επ, ετ ) with density h gives type-level objects LT (π, τ)

and BT (π, τ) in the natural way. We can then further aggregate across the population to write the

expected utility loss LT and budgetary cost of an unemployment spell BT averaged across all job

seekers. We adopt the short form notation XT = X in the absence of treatment.

While the welfare ingredients are stylized, the model can encompass or be extended with hetero-

geneity and dynamics in search, preferences, household resources and other features that have been

central in related work [e.g., Kolsrud et al., 2018; Landais and Spinnewijn, 2021]. In principle, the

treatment effect τ can capture search responses to the agency’s interventions, while the catch-all

variable u can capture differences in preferences, consumption, and social welfare weights, but also

the fiscal costs of unemployment benefits. The latter could also be added directly to the budgetary

cost.

2.2 Optimal Targeting and Timing

We focus on the agency’s allocation problem: how to distribute treatment across a subset of un-

employed individuals and across durations given an exogenously determined budget. The agency’s

objective is to minimize the expected welfare losses associated with unemployment as follows:

min
T

∫ ∫
LT (π, τ)g(π, τ)dπdτ (3)

s.t. B̄ ≥
∫ ∫

BT (π, τ)g(π, τ)dπdτ.

Since we consider the problem of an unemployment agency operating under a fixed budget B̄, we

abstract from issues related to distortionary taxation and the optimal overall size of the program.

Moreover, by focusing on at most a single intervention per worker, providing treatment does not

generate budgetary savings on other interventions that job seekers would otherwise receive over the

spell. This allows us to characterize the optimal policy and prove the following proposition:

Proposition 1. Optimal targeting across individuals and durations. Consider the agency’s

problem of allocating treatment across types and durations, where each type (π, τ) can be treated

for at most one period, and assume that the distribution function g(π, τ) is continuous. Define the

return to targeting type (π, τ) with utility-loss level u at duration d as the reduction in continuation

losses per unit of treatment cost,

RT
d (π, τ, u) ≡ − LT

d (π, τ, u)− Ld(π, u)

c
. (4)

Then there exists a threshold return R̄ ≥ 0, determined by the budget constraint, such that the
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optimal policy:

(i) treats all types whose return at their optimal targeting duration exceeds the threshold,

Td⋆(π, τ, u) = 1 ⇐⇒ RT
d⋆(π, τ, u) ≥ R̄;

(ii) targets each treated type at the duration that maximizes its survival-weighted excess return,

d⋆(π, τ, u) = argmax
d

Sd(π, τ)
[
RT

d (π, τ, u)− R̄
]
.

In the absence of unobserved heterogeneity and duration dependence (σεπ = σετ = σεu = 0 and

θπ,d = θτ,d = θu,d = 1 for all d), the return simplifies to

RT
d (π, τ, u) =

u

c
· τ
π

for all d,

so that the optimal policy treats all types with u τ/π above a threshold at entry, d⋆ = 0.

Proof. See Appendix A.

Proposition 1 separates the policy problem into two economic margins. Part (i) describes the

targeting problem as a threshold rule across individuals: the agency ranks types by their return per

unit of treatment cost and treats those whose return, evaluated at their optimal targeting duration,

exceeds the common threshold R̄, which measures the shadow value of the budget. Within a given

duration, this is the familiar logic of ranking policies by their returns. Part (ii) governs the timing

of treatment and adds an option-value consideration: treating a type at duration d only reaches

the fraction Sd of that type still unemployed, so postponing treatment sacrifices the opportunity to

treat those who exit in the meantime. The agency therefore compares excess returns RT
d − R̄ across

durations, weighted by survival. This implies that delaying treatment is optimal only when returns

rise sufficiently over the spell to compensate for the shrinking pool of treatable job seekers.

The return to treatment is central for both margins of the policy problem. A one-period treatment

at duration d raises the job-finding probability of the treated by τd, so the return to targeting can

be written as

RT
d (π, τ, u) =

τd
c
Ld+1(π, u),

where Ld+1(π, u) =
∑∞

δ=d+1 uδ Sδ|d+1(π) denotes the continuation loss from unemployment from

period d + 1 onward and Sδ|d+1(π) is the survival probability to period δ ≥ d + 1, conditional on

remaining unemployed until d+1. The return is thus the treatment effect relative to its cost, times

the avoided unemployment loss. Hence, this return is highest when both treatment effects and

continuation losses are large.

The special case in Proposition 1 illustrates the relevant forces most clearly. Without any un-

observed heterogeneity and depreciation, the continuation loss simplifies to u/π, giving the simpli-

fication in the proposition. The avoided unemployment loss is larger for at-risk job seekers with

low job-finding probabilities — so the optimal policy ranks job seekers by the index u τ/π, which

reduces to τ/π when utility losses are identical, trading off risk against responsiveness. The timing
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implication is equally stark: because the return is the same at every duration while survival declines,

delaying treatment shrinks the group that can be reached without raising its return, and all targeting

optimally occurs at entry. Away from this benchmark, both forces in part (ii) of the proposition

are active: returns may rise or fall over the spell, and the agency weighs this against the declining

survival rate.

The next proposition characterizes how the returns vary across job seekers and over the unemploy-

ment spell. While approximate, these results continue to accommodate unobserved heterogeneity

and dynamics in the model:

Proposition 2. Approximate returns to targeting. Suppose baseline job-finding probabilities,

treatment effects, and utility losses evolve geometrically at the individual level, πd = (π + επ) θ
d
π,

τd = (τ + ετ ) θ
d
τ , and ud = (u + εu) θ

d
u. For type (π, τ, u), let Ed[πd], Ed[τd], and Ed[ud] denote the

expectation over (επ, ετ , εu) among untreated survivors at duration d.2 One-period targeting returns

RT
d (defined in equation 4) are approximately proportional to average treatment effects and average

utility losses, and inversely proportional to average job-finding probabilities, among the surviving

unemployed:

(i) across types. For two types (π, τ, u) and (π′, τ ′, u′) at the same duration d:

RT
d (π

′, τ ′, u′)−RT
d (π, τ, u)

RT
d (π, τ, u)

≈ Ed[τ
′
d]− Ed[τd]

Ed[τd]
− Ed[π

′
d]− Ed[πd]

Ed[πd]
+

Ed[u
′
d]− Ed[ud]

Ed[ud]
.

(ii) across durations. For the same type (π, τ, u) across consecutive durations d and d+ 1:

RT
d+1 −RT

d

RT
d

≈ Ed+1[τd+1]− Ed[τd]

Ed[τd]
− Ed+1[πd+1]− Ed[πd]

Ed[πd]
+

Ed+1[ud+1]− Ed[ud]

Ed[ud]
.

Part (i) holds in a neighborhood of θπ = θu = 1. Part (ii) holds in a neighborhood of θτ = θπ =

θu = 1.3 Without unobserved heterogeneity, parts (i) and (ii) hold with individual characteristics in

place of survivor averages.

Proof. See Appendix A.

The key empirical value of Proposition 2 is that it maps the returns to targeting into empirical

objects defined among the surviving unemployed at each duration. These are the average treatment

effect Ed[τd], the average job-finding probability Ed[πd], and — when utility losses vary unobserv-

ably — the average utility loss Ed[ud] among job seekers of a given observable type who are still

unemployed at duration d.

Part (i) shows that the cross-sectional logic of Proposition 1 carries over to these survivor aver-

ages: returns are approximately proportional to average treatment effects and to the average utility

2Continuation losses are interpreted as truncated at a finite maximum spell length: for θπ < 1, individual job-
finding probabilities vanish geometrically over the spell and a positive fraction of job seekers would never exit unem-
ployment, so that without discounting the untruncated continuation loss would be infinite. We further assume that
π + επ is bounded away from zero and one, and that u+ εu is positive and bounded.

3The approximation is exact in θτ when part (ii) is written in ratio form; the displayed difference form drops a
cross term that is second order only for θτ near one (see the proof).
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losses from unemployment, and inversely proportional to average job-finding probabilities. Unob-

served heterogeneity within observable types matters for the returns to targeting only through the

survivor averages themselves, up to terms that are second order in its dispersion.

Part (ii) characterizes how the returns evolve over the unemployment spell: returns rise or fall

according to whether the observed treatment effects among survivors decline more or less quickly

than their observed job-finding probabilities, net of the observed change in utility losses among

survivors. Moreover, building on Mueller and Spinnewijn [2025], we can show that the observed

decline in job finding compounds two distinct forces through an exact identity, Ed+1[πd+1]/Ed[πd] =

θπ
[
1 − Vard(πd)/(Ed[πd](1 − Ed[πd]))

]
: true duration dependence, captured by θπ, and dynamic

selection, driven by the variance Vard(πd) in job-finding probabilities at duration d. Job seekers with

high job-finding probabilities are more likely to exit unemployment, leaving behind an increasingly

negatively selected pool. Importantly, the two forces matter for the returns to targeting only through

their combined — and directly estimable — effect on the survivor averages, so the agency need not

disentangle them. If observed treatment effects fall over the spell while observed job finding remains

stable, returns are highest early in the spell. Conversely, if treatment effects are stable among

survivors but observed job finding deteriorates, returns increase over the spell. While the latter may

appear counterintuitive at first, it reflects that continuation losses are much larger late in the spell:

early on, many job seekers would exit unemployment even without treatment, which reduces the

value of intervening at short durations.

Combining Proposition 2 with Proposition 1 makes clear, however, that increasing returns among

survivors do not by themselves imply that treatment should be delayed. Waiting also reduces the

probability that a worker remains unemployed and can still be reached. If returns are constant

over duration, treatment is therefore optimally front-loaded. More generally, later treatment can be

optimal only if returns rise sufficiently to compensate for this survival loss.

Discussion. The propositions provide a clear roadmap for our empirical analysis, while ab-

stracting from several issues. We probe these issues directly in the empirical analysis and assess

their potential quantitative importance through extensions and sensitivity exercises in Section 7.

First, Proposition 1 restricts each worker to a single intervention. With repeated interventions,

the same marginal-return logic applies, but planned future interventions affect the returns to in-

tervening earlier by changing both the continuation losses that an earlier intervention can avoid

and the expected budgetary costs of subsequent treatment. Under a fixed budget, repeated treat-

ment also allows resources to be concentrated on fewer, higher-return workers. In the quantitative

evaluation, we relax this restriction by allowing treatment in two consecutive periods, while contin-

uing to abstract from persistence in treatment effects and potentially decreasing returns to repeated

treatment.

Second, the characterization treats the intervention as uniform. In practice, the unemployment

agency assigns workers to a variety of programs, ranging from job search assistance to training [e.g.,

Lechner and Smith, 2007; Bolhaar et al., 2020]. With multiple interventions, the planner would

instead compare the returns across worker-program pairs, accounting also for differences in program

costs. Our counterfactuals therefore characterize improved targeting of the current intervention
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bundle: they optimize whom and when to target while holding the downstream assignment of

programs at its observed pattern. Heterogeneity in estimated treatment effects could in principle

partly reflect differences in this program assignment. Empirically, however, we find little evidence

that the types of interventions assigned by caseworkers vary systematically across risk groups.

Third, the simple sufficient-statistic characterization in Proposition 2 relies on approximations.

We therefore compare it with the full model-based return in the quantitative evaluation and find

that the sufficient-statistic approximation performs nearly as well.

Fourth, our characterization treats baseline job-finding probabilities and treatment effects as

known functions of observable characteristics. In practice, both objects must be estimated from

finite data, and their relative precision and data requirements may affect the performance of feasible

targeting rules. We abstract from the full statistical decision problem, which is the focus of a broader

literature on treatment choice, policy learning, and experimental design for policy choice [e.g., Athey

and Wager, 2021; Kasy and Sautmann, 2021]. Our quantitative evaluation nevertheless probes the

sensitivity of the targeting gains to more limited treatment-effect heterogeneity.

Fifth, even accurately estimated targets may not correspond to the targets required by the theory.

In addition to treatment effects, the relevant object is job finding in the absence of treatment,

whereas a prediction model trained on realized outcomes under an existing targeting regime may

partly incorporate the effects of past treatment. This issue arises directly in our context. We show

that this policy-induced ‘algorithmic bias’ contributes to the positive relationship between predicted

job finding and treatment responsiveness, and quantify how it affects the performance of targeting

based on predicted job finding alone.

Finally, our welfare analysis relies on a reduced-form specification of the utility costs of unem-

ployment u, as our empirical estimation focuses primarily on baseline job-finding prospects π and

treatment effects τ . In practice, heterogeneity or dynamics in u that countervail the patterns we

document for π and τ could attenuate our policy conclusions. In particular, introducing curvature

into the social welfare function would assign higher welfare weights to long-term unemployed indi-

viduals with low baseline job-finding probabilities and lower weights to more responsive individuals

with higher job-finding probabilities when treated. This creates a force toward targeting need rather

than responsiveness, similar to the trade-off emphasized by Haushofer et al. [2025]. We assess the

potential importance of these considerations in the quantitative evaluation by allowing utility losses

to vary dynamically and introducing curvature in the social welfare function.

3 Context and Data

This section describes the data and institutional details relevant for our empirical analysis. In

Belgium, unemployed individuals must register with the regional Public Employment Service in

order to receive unemployment benefits. The VDAB is the Public Employment Service for the

Flemish Region, the Dutch-speaking part of Belgium and home to over 6.8 million inhabitants. Core

aspects of the VDAB’s mission include helping all working-age residents find sustainable employment,

providing jobseekers with employment services and training and eliminating the mismatch between

supply and demand in the labor market [VDAB, 2024]. We exploit quasi-experimental variation
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in the assignment of job seekers to job search counseling, combined with rich administrative data

from the VDAB on unemployment spells, risk scores, interactions with the employment service, and

subsequent employment outcomes.

3.1 Institutional Details

Caseworkers and Service Line Operators Caseworkers are the primary providers of individu-

alized support to job seekers at the VDAB. They are based in regional offices throughout the Flemish

Region. Job seekers who have been assigned to a caseworker must meet with their caseworker reg-

ularly (possibly over the phone). Caseworkers provide job search counseling services to job seekers,

monitor their job search activity and oversee their assignment to orientation and training programs.

Job seekers who fail to show up for meetings or actively search for work face the threat of unem-

ployment benefit sanctions. Assignment to a caseworker is typically mediated through the ‘service

line’, the VDAB’s call center. Operators working at the service line provide first-line advice to job

seekers and determine which job seekers should be assigned to a caseworker at a regional office.

Assignment to caseworkers Our empirical analysis leverages three sources of variation in the

assignment to caseworkers. We describe the assignment procedure here in detail and provide a

schematic overview in Figure 1.4 Upon registration with the VDAB, job seekers receive an intro-

ductory email describing what they need to do in order to receive unemployment benefits. While

job seekers are not required to call the service line in the first four weeks of unemployment, some do

so voluntarily. Some of these early callers are then assigned to a caseworker.5 After four weeks of

unemployment, all job seekers below the age of 60 who have not yet been assigned to a caseworker

receive an email instructing them to call the service line. These calls involve an in-depth half-hour

interview with an operator who must then decide whether a job seeker is self-reliant or should be

assigned to a caseworker. Job seekers classified as self-reliant are left to continue their search for

work independently for the time being. Those assigned to a caseworker receive an appointment at a

nearby regional office. Time until the first appointment depends on backlog, possibly taking up to

eight weeks at the busiest offices.

After five weeks of unemployment, the VDAB calls those job seekers who have not yet called and

who are considered to be at risk of long-term unemployment. In order to determine a job seeker’s

risk of long-term unemployment, the VDAB developed a machine learning prediction model that

predicts job seekers’ probability of employment within 6 months. Those with a probability below

65% are called and either assigned to a caseworker or determined to be self-reliant. We exploit

this variation in our ‘Baseline RD’. Job seekers who do not respond to calls from the VDAB face

unemployment benefit sanctions. After seven weeks of unemployment, job seekers with a score above

0.65 who have not called the VDAB are automatically classified as self-reliant. While in principle

available to service line operators, risk scores are not further used in the assignment decision, nor

4The described process was in place from October 2018 until May 2023. Prior to October 2018, the VDAB did
not use predicted risk to assist with assignment. From May 2023, each step of the caseworker assignment process was
brought forward by three weeks.

5Although uncommon, job seekers can, in theory, also show up to a regional VDAB office in person and be assigned
to a caseworker at any time if capacity permits.
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in a job seeker’s later interactions with the VDAB. Appendix B.1 provides statistics on caseworker

assignment up until this point.

Eleven weeks after being classified as self-reliant, job seekers who are still unemployed receive

another email instructing them to call the service line. Those who do not call within the next week

are called by the service line. Risk scores are not used for these follow-up interviews. Instead, all

job seekers must speak to a mediator. Job seekers who had a score above 0.65 during the first

outreach campaign are therefore more likely to be called by the service line at around 19 weeks of

unemployment. We exploit this variation in a second RD, which we refer to as the ‘Dynamics RD’

as it allows us to estimate treatment effects later in the unemployment spell and compare them

relative to the Baseline RD. In this second round of interviews, mediators again either assign job

seekers to a caseworker or classify them as self-reliant. The process is repeated one last time eleven

weeks later in a third round of interviews, during which all remaining job seekers are assigned to a

caseworker.

Finally, job seekers who find employment, but who become unemployed again within 6 months

are automatically re-assigned to their previous caseworker, if they had one. Otherwise, they again

follow the procedure described above. This creates a third source of variation that we exploit in what

we will refer to as the ‘Heterogeneity RD’, as it allows us to estimate heterogeneity in treatment

effects, also by job seekers’ risk score.

Week of
unemployment

1 5 6 17–19 18–20 31

Heterogeneity RD

Week 1: job seekers who
were unemployed in last 6
months directly re-assigned
to previous caseworker.

Week 5: job seekers
without a caseworker asked
to call the service line.

Baseline RD

Week 6: service line calls
those with job-finding
probability < 0.65.

Weeks 17–19: job seekers
without a caseworker again
asked to call the service line.

Dynamics RD

Weeks 18–20: service line
calls all remaining job
seekers. Due to RD in week
6, those above 0.65 are now
more likely to be called.

Observation window Observation window Observation window

Figure 1: Assignment to Caseworkers

The risk score The VDAB’s prediction model, called Kans op Werk or “Employment Prospects,”

predicts the probability that a job seeker begins a period of employment lasting at least 28 consec-

utive days within the next 6 months. The random forest model uses more than 400 input variables,

with a particular focus on labor market history and the current unemployment spell. Other variables

include socio-demographic characteristics, job search preferences (e.g., occupation and geography)

and job search behavior (e.g., interactions with the VDAB website). The model is retrained monthly
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and predictions are updated daily. Prior to October 2020, risk scores were typically generated and

sent to the service line once per week (usually on a Friday). In October 2020, however, the “INOS”

system was introduced. Under this system, the risk scores used by the service line when deciding

who to call are updated automatically on a daily basis. See Ernst et al. [2024] for a more detailed

description of the prediction model and the process of assigning job seekers to counseling.

3.2 Data

We use administrative data from the Flemish Public Employment Service (VDAB) covering the

universe of registered unemployment spells starting between 1 September 2018 and 30 November

2022 in Flanders, Belgium.6 The full sample includes over 780,000 spells. After restricting to

individuals who remain unemployed for at least five weeks, who do not call the service line when

invited to, who are part of the outreach campaign (e.g., below the age of 60) and who are near the

risk score threshold, the estimation sample used for the baseline RD includes around 79,000 spells.7

For the dynamics RD, we apply the same sample restrictions, but exclude job seekers who exit

unemployment before reaching the 20th week. This leaves a sample of approximately 38,000 spells.

For the heterogeneity RD, we restrict to individuals who had contact with a caseworker in their

previous unemployment spell and who ended their previous spell around 6 months before the start

of their current spell. The remaining sample consists of approximately 131,000 unemployment spells.

In Appendix B.2, we provide summary statistics for the full sample as well as all three estimation

samples. In Appendix B.3, we provide statistics on transitions out of unemployment by duration.

The data includes a rich set of variables on individuals’ socio-demographic characteristics, labor

market histories and outcomes, the VDAB’s risk scores, interactions with the VDAB (e.g., contact

with the service line, caseworkers, participation in programs, benefit sanctions), job search behavior

(e.g., logins on the VDAB website, self-reported job applications), occupational experience and

occupational preferences.

Risk scores. We have data on the 6-month job-finding probabilities predicted by the VDAB for

job seekers in our sample at different durations. Panel (a) of Figure 2 illustrates the dispersion in

these risk scores, plotting the distribution of predicted job-finding probabilities for all job seekers in

the second week of the spell. The 90th percentile faces an 80 percent chance of finding a job in the

next 6 months, while for the 10th percentile this is only 40 percent. Panel (b) of Figure 2 illustrates

the accuracy of the prediction model at 4 weeks of unemployment, showing that the average 6-month

job-finding rate closely tracks the predicted 6-month job-finding rate, even at the top and the bottom

of the distribution.8 Our empirical strategy relies on the risk scores that were provided to the service

6To avoid the peak of the COVID-19 crisis, we also show robustness to excluding observations during the pandemic
in Appendix C.4.

7Risk score predictions from 3 October 2020 onward were handled by the INOS system. For the pre-INOS sample,
we only have access to one prediction per job seeker, meaning that for job seekers who were called by the service
line in two or more separate spells between September 2018 and September 2020, only one spell is included in the
estimation sample. We check robustness to just using the pre-INOS or INOS sample in Appendix C.4. Additionally,
we only observe contact with the service line and caseworkers until 5 January 2023. We therefore restrict the sample
to spells beginning at least 17 weeks earlier for the baseline RD, 4 weeks earlier for the heterogeneity RD and 31
weeks for the dynamics RD.

8In Appendix B.4, we also show binned scatter plots for predictions made at four other durations.
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(b) Binned Scatter Plot: Predictions vs. Outcomes

Figure 2: The VDAB Risk Score

Note: Panel (a) shows a histogram of predicted 6-month job-finding probabilities generated on the 8th day of unem-
ployment. Panel (b) shows a binned scatter plot comparing the predicted 6-month job-finding rates generated on the
29th day of unemployment to the empirically observed 6-month job-finding rates for the same spells.

line and used to profile job seekers.

Employment. The VDAB defines employment as a period of at least 28 days in work. The VDAB

also classifies individuals as employed if they are engaged in temporary work or in subsidized work-

and-training programs lasting 1–6 months.9 Many job seekers transition from such engagement back

into unemployment. For our baseline analysis, we therefore count these engagements as employment

if they are directly followed by a transition into employment. Otherwise, they are counted as

unemployment. We check the robustness of our results to always counting temporary and subsidized

work as employment as well as never counting them as employment. While we only have job seekers

with unemployment spells beginning between 1 September 2018 and 30 November 2022, we have

the employment outcomes for all of these job seekers until 31 July 2023 and detailed information on

their unemployment spells prior to 1 September 2018.

Interactions with the VDAB. We have detailed day-by-day data on job seekers’ contact with

caseworkers, including both in-person contact and phone calls. From 3 October 2020, following the

introduction of the INOS system, we also have detailed data on interactions with the service line,

including days on which calls were made, whether the job seeker or the service line made the call,

whether a call was made to the job seeker but not answered and whether the service line classified a

9The VDAB classifies an individual as engaged in temporary work if they have done at least 10 days of temporary
work in the past 28 days. Temporary work involves fixed short-term contracts and is very common in Belgium. It is
used by firms to replace workers on leave, handle temporary increases in workloads and trial new employees.
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job seeker as self-reliant or assigned them to a caseworker. For all analysis of interactions with the

service line, we therefore restrict our sample to the period covered by this dataset.10

We also have data on all programs that job seekers participate in. This includes, for example,

job search orientation, training, job application requirements and external employment services.

Programs vary greatly in terms of intensity, lasting from one day to many months, as shown in

Appendix B.5.11

4 Baseline Design

We first turn to the discontinuity at a risk score of 0.65 in week 6 of the unemployment spell, which

plays a central role in the VDAB’s targeting strategy for assigning job seekers to caseworkers. This

discontinuity provides the cleanest and most powerful source of quasi-experimental variation for

estimating the effects of job search counseling in the Flemish context. It also serves as a benchmark

for our alternative RD designs, which we use below to assess heterogeneity in treatment effects by

risk score and dynamics in treatment effects over the unemployment spell.

4.1 Empirical Strategy

After five weeks of unemployment, job seekers with a predicted 6-month job-finding rate below

0.65 are prioritized for contact by the service line. During the resulting interview, the service line

operator decides whether the job seeker should be assigned to a caseworker. The threshold therefore

generates a discontinuous increase both in the probability of interacting with the service line and in

the probability of subsequent assignment to a caseworker.

We employ an RD design, estimating the effect of having a score below 0.65 using the following

baseline specification:

yi = α+ β1{Pi < 0.65}+ γ1(Pi − 0.65) + γ2(Pi − 0.65)1{Pi < 0.65}+X ′
iδ + ϵi, (5)

where yi is the outcome variable for unemployment spell i, Pi is the predicted 6-month job-finding

probability used by the service line when determining whether to contact the job seeker and Xi is

a vector of spell characteristics. The sample is restricted to job seekers who were invited to call the

service line after four weeks of unemployment but did not call within a week and were therefore

added to the service line’s call list.

The service line begins calling job seekers below the cutoff after five weeks of unemployment.

Because the next round of service-line interviews begins approximately three months later, we focus

on weeks 6–17 of the unemployment spell. This observation window captures the effects of the initial

targeting decision while avoiding contamination from later interventions. Our baseline outcome is

the number of days worked per week during this 12-week period. This measure captures both the

10While we have some data on service line contact prior to 3 October 2020, these records are incomplete.
11See Cockx et al. [2023] for more details on VDAB’s training programs and their estimated impacts. Our data also

includes information on investigations and sanctions by the VDAB. Investigations are initiated for job seekers who do
not show up to meetings or fulfill tasks. Sanctions can include partial or full suspensions of unemployment benefits.
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probability of finding employment and the speed with which employment is obtained. We consider

two treatment measures: whether the job seeker had contact with the service line and whether the

job seeker had contact with a caseworker during weeks 6–17 of unemployment.

We define the running variable as the first risk score the service line had on record in weeks 6–7

of unemployment.12 For our baseline specification, we include observations with risk scores within a

bandwidth of 0.15 on either side of the cutoff, allow for differential linear trends and apply a uniform

kernel. We also add a rich set of controls, which include quarter-year dummies, gender, education,

age, arrondissement, and some prior unemployment outcomes.

As risk scores are generated automatically by an algorithm, strategic manipulation of the running

variable is unlikely to be a concern. Nevertheless, discontinuities could arise mechanically if the

prediction algorithm assigns scores in a non-smooth manner around the threshold. Appendix C.1

shows no evidence of bunching in the distribution of risk scores at the cutoff. We further verify in

Appendix C.2 that predetermined covariates are balanced around the threshold. While we find some

significant differences, these differences seem driven by the bandwidth choice and linear specification.

The reported variables are also included in our set of controls.

Panel (a) of Figure 3 plots the contact rate with the service line by risk score around the risk score

threshold. We observe slightly lower compliance in the immediate neighborhood of the threshold

due to the frequent updating of risk scores, which leads to some individuals crossing the threshold.13

To address this, we estimate a donut RD, excluding job seekers within 0.01 of the 0.65 threshold.

4.2 Results

The discontinuity identifies the effect of being prioritized for outreach by the service line. Since

service line contact also affects subsequent assignment to caseworkers, the RD estimates the effect of

a bundled intervention consisting of service-line counseling and, for a subset of job seekers, caseworker

support.

Panels (a) and (b) of Figure 3 plot the proportions of job seekers around the cutoff who had con-

tact with the service line and with a caseworker, respectively. Both panels reveal clear discontinuities

at the 0.65 threshold, which are particularly strong outside the donut. The probability of contact

with the service line increases by 66 percentage points (s.e. 0.9), from a baseline of approximately

20 percent just above the threshold. This translates into a 9.5 percentage point increase (s.e. 0.6)

in the probability of contact with a caseworker, relative to a baseline of just under 20 percent. The

relationship between the risk score and both contact measures is close to linear on either side of the

threshold, contributing to the robustness of the estimated first stages. While we aggregate contacts

over the full observation window of weeks 6–17, we explore the timing of these interactions in detail

in Section 6.

12Prior to October 2020, we use risk scores recorded by the service line between days 32 and 49 of unemployment,
as many predictions were generated a few days before week 6.

13We see that the drop in compliance is larger just below the threshold than just above. This is due to those above
the threshold being automatically classified as self-reliant after 7 weeks of unemployment. Subsequent drops in the
risk score therefore have no effect. It can take time, however, for those below the threshold to be reached, meaning
subsequent increases in the risk score can lead to them being classified as self-reliant.

18



βFS = 0.658  (0.009)̂

0

.2

.4

.6

.8

1

.5 .55 .6 .65 .7 .75 .8

Predicted 6-month job-finding probability

(a) Contact with the Service Line

βFS = 0.095  (0.006)̂

0

.1

.2

.3

.4

.5

.6

.7

.5 .55 .6 .65 .7 .75 .8

Predicted 6-month job-finding probability

(b) Contact with a Caseworker

βRF = 0.147  (0.036)
βIV-CW = 1.543  (0.416)̂
̂

1.25

1.5

1.75

2

2.25

2.5

.5 .55 .6 .65 .7 .75 .8

Predicted 6-month job-finding probability

(c) Days Worked per Week

0

.5

1

1.5

2

Days worked
per week

Working at
17 weeks

Empl. tenure >2 years
cond. on empl. at 17 wks

(d) Caseworker IV Estimates (Relative to Control)

Figure 3: Risk Score Regression Discontinuity

Note: Panels (a) and (b) plot the proportion of spells in which job seekers had contact with the service line or a
caseworker in weeks 6–17, respectively. Panel (c) plots days worked per week in weeks 6–17, after residualizing on a
set of controls and adding the mean. The controls are quarter-year, age, gender, education, arrondissement, average
previous unemployment duration, indicators for whether the last job and current unemployment spell began on the
first day of the month, and the day of the week on which the last job and the current unemployment spell began.
All reported RD estimates control for this same set of controls. Light blue markers indicate bins in the donut region,
[0.64, 0.66]. Panel (d) plots IV estimates of the effect of caseworkers on the baseline outcome as well as two additional
employment outcomes relative to the right-sided RD threshold intercept. The second outcome is a binary indicator of
employment at week 17, conditional on being unemployed after 5 weeks. The third is entry into an employment spell
lasting at least two years conditional on entering employment in weeks 6–17. For all panels, the sample is restricted
to job seekers for whom the service line receives a risk score after 5 weeks of unemployment, thereby excluding those
who had already exited unemployment or been assigned to a caseworker. The baseline estimation sample includes
78,675 spells beginning between 1 September 2018 and 9 September 2022. The sample for panel (a) is restricted to
only include spells in the service line’s INOS database, which began collecting data on 3 October 2020. Standard
errors, reported in parentheses, are clustered at the individual level and calculated using the nearest-neighbor variance
estimator. We report 95% confidence intervals.
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Panel (c) of Figure 3 plots the number of days worked per week during weeks 6–17 of un-

employment. As expected, employment outcomes improve steadily with the predicted job-finding

probability. More importantly, we observe a clear discontinuity at the 0.65 threshold, with individ-

uals just below the cutoff working more days on average than those just above it. The reduced-form

estimate implies that being prioritized for outreach by the service line increases days worked per

week by 0.15 (s.e. 0.04). Relative to a baseline of approximately 1.64 days worked per week, this

corresponds to an increase of roughly 9 percent.

Combining the reduced-form estimate with the first-stage caseworker contact estimate yields a

fuzzy RD estimate [Hahn et al., 2001], reported as β̂IV−CW . We estimate that caseworker contact

corresponds to an increase of 1.54 days worked per week (s.e. 0.42), or a 94 percent increase relative

to baseline. This estimate should not be interpreted as the causal effect of caseworker contact alone.

Service-line interactions may themselves affect job finding and anticipation of future meetings may

alter job-search behavior before actual caseworker contact occurs. Nevertheless, β̂IV−CW provides

a useful benchmark for comparison with the alternative RD designs introduced below.

The RD estimates are visually compelling and robust to alternative specifications. Appendix

C.3 reports estimates using a wide range of bandwidths, using a triangular kernel and including

observations within the donut hole.

Additional Outcomes. The positive employment effects are not unique to our baseline mea-

sure of days worked per week. Panel (d) of Figure 3 shows that job seekers just below the threshold

are also more likely to be employed after 17 weeks, the end of our observation window. An impor-

tant concern is whether the increase in employment reflects job seekers accepting lower-quality jobs

in order to leave unemployment more quickly [e.g., Osikominu, 2013; van den Berg and Vikström,

2014]. To examine this possibility, we consider the duration of subsequent employment spells. If

anything, job seekers just below the threshold appear to enter longer-lasting employment relation-

ships than those just above, as reported in panel (d) of Figure 3. These findings are consistent with

job search counseling improving not only the speed with which job seekers find employment, but

also the quality or stability of the resulting job matches.14

We also examine intermediate outcomes that may help shed light on the mechanisms underlying

the employment effects. In Appendix C.6, we show that job seekers below the threshold are substan-

tially more likely to log into the VDAB job-search platform as well as report job applications. These

patterns are consistent with the intervention increasing search activity, either through counseling

provided by the service line or through the monitoring and guidance associated with subsequent

caseworker contact (e.g., Schiprowski et al. [2024]). In Appendix C.7, we consider participation in

the various programs offered by the VDAB, ranging from short informational interventions to long-

term formal education. We find that those just below the cutoff are approximately 6 percentage

points more likely to participate in one of these interventions in weeks 6–17 of unemployment. The

14The corresponding RD plot is provided in Appendix C.6. Because employment at week 17 is itself affected
by treatment, the comparison of subsequent employment duration conditional on employment need not identify a
causal effect on match quality. If workers who are more responsive to counseling are also more likely to enter stable
employment, treatment will change the composition of workers employed at week 17 and can mechanically generate
greater subsequent employment stability.
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largest differences at the threshold are in job application requirements and sanctions investigations,

with smaller increases in job search information and assistance. Taken together, these patterns sug-

gest that the targeted intervention at this stage of the unemployment spell is primarily focused on

job search monitoring, deterrence, and assistance. By contrast, the increases in training and out-

sourced employment services are each less than 1 percentage point. This makes it unlikely that the

short-run employment effects are confounded by participation in more intensive training programs,

which may initially reduce job finding through lock-in and generate benefits only at longer horizons

(e.g., Lechner et al. [2011]; Cockx et al. [2023]).

The results in this section establish that job search counseling can have substantial effects on

employment outcomes. The key question for targeting, however, is not whether the intervention

works on average, but for whom and at what point in the unemployment spell it is most effective.

We turn to these questions next.

5 Heterogeneity in Effects

While the estimated effects in our baseline RD are substantial, they may mask important hetero-

geneity in responsiveness to job search counseling. Understanding such heterogeneity is central to

evaluating the VDAB’s targeting strategy, which assigns treatment based on predicted job-finding

prospects. However, the baseline RD does not allow us to estimate treatment effects separately by

risk score, as the risk score is the running variable. We therefore introduce a second research design

that exploits a different source of quasi-random variation and allows us to study how responsiveness

varies across the risk distribution.

5.1 Empirical Strategy

A separate discontinuity arises when job seekers re-enter unemployment. As discussed before, in-

dividuals who become unemployed again within six months of a previous spell are automatically

reassigned to their former caseworker if they had one during the earlier spell. Individuals returning

after more than six months are not. This reassignment rule creates a discontinuity in caseworker

contact around the six-month threshold that we use to estimate employment effects. We refer to

this empirical strategy as the “heterogeneity RD.”

Unlike our baseline RD, this design allows us to estimate treatment effects separately by predicted

risk score. We split job seekers into three groups based on their predicted probability of finding a

job within six months, generated on day 8 of unemployment: high-risk (Pi < 0.6), medium-risk

(Pi ∈ [0.6, 0.7)), and low-risk (Pi ≥ 0.7).15 The middle group is chosen to correspond most closely

to the population around the 0.65 threshold in the baseline RD.

15We use the prediction generated on day 8 of unemployment, as earlier predictions are considered less reliable.
Predictions on day 8 are also available for individuals who find work before reaching 8 days of unemployment. The
predictions do not take into account that these individuals are already in work and therefore differ little from those
who find work shortly after day 8.
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For each risk group, we estimate the following local linear RD specification:

yi = α+ β1{di < 183}+ γ1(di − 183) + γ2(di − 183)1{di < 183}+X ′
iδ + ϵi, (6)

where yi is the outcome variable for unemployment spell i, di is the duration in days between the

beginning of the current unemployment spell and the end of the previous unemployment spell and

Xi is a vector of spell characteristics. The sample is restricted to job seekers who had contact with

a caseworker in their previous unemployment spell.

We focus on employment outcomes during the first four weeks of unemployment, as reassignment

occurs immediately whereas the standard VDAB intervention begins only after four weeks. We

estimate local linear specifications within a bandwidth of twenty weeks around the threshold.

A concern is that the composition of job seekers may change discontinuously around the six-month

threshold. Appendix D.1 documents clear bunching at three, six, nine, and twelve months, suggesting

that these durations serve as reference points for employers and employees. We therefore use a data-

driven procedure to select the donut radius, excluding the region around the six-month threshold in

which the observed density of the running variable deviates from an estimated counterfactual density

by more than 20%, as further explained in Appendix D.1. We also test for balance in observable

characteristics on either side of the cutoff in Appendix D.2. We find some statistically significant

differences, but these are not stable across bandwidth choices. All reported covariates are included

as controls in our specifications. Finally, because reassignment only applies to job seekers who

previously interacted with a caseworker, we can construct placebo estimates for otherwise similar

job seekers who are not eligible for reassignment.

We also note that the heterogeneity RD differs from the baseline RD both in sample and treat-

ment. The baseline RD focuses on individuals around the risk-score threshold who do not contact

the VDAB when instructed to do so, whereas the heterogeneity RD focuses on job seekers who

recently experienced a previous unemployment spell. In addition, treatment in the baseline RD

occurs somewhat later in the spell and combines contact with service-line mediators and casework-

ers, whereas the heterogeneity RD captures reassignment to a previous caseworker. We therefore

view the heterogeneity RD as a complementary source of evidence on treatment effect heterogeneity

rather than providing directly comparable estimates.

5.2 Results

We define the first stage as contact with a caseworker during the first four weeks of unemployment.

Appendix D.3 shows strong first stages for all three risk groups. The discontinuity increases case-

worker contact by roughly 16–20 percentage points, with the largest increase among job seekers with

the lowest predicted job-finding probabilities.

Panels (a)-(c) of Figure 4 plot employment outcomes around the six-month reassignment thresh-

old separately by risk group. A striking pattern emerges. For job seekers with the lowest predicted

job-finding probabilities – those most at risk of long-term unemployment and most likely to be tar-

geted under the VDAB’s standard approach – employment outcomes evolve smoothly through the

threshold. The estimated effect on days worked is essentially zero (0.015; s.e. 0.032).
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Figure 4: Heterogeneity in Treatment Effects

Note: The sample is restricted to job seekers who had contact with a caseworker in their previous spell. Job seekers
are then split into three groups by the probability of finding a job within 6 months, P , which was predicted for
them after 1 week of unemployment. Panels (a) to (c) plot days worked per week in weeks 1–4 for each risk group.
The outcome is residualized on a set of controls and added to the mean. The controls are quarter-year, gender,
education, age, arrondissement, average previous unemployment duration, indicators for whether the last job or
current unemployment spell began on the first of the month, and the day of the week on which the last job and
the current unemployment spell began. All reported RD estimates control for this same set of controls. Light blue
markers indicate bins with at least one observation inside the donut hole, the region [−2, 5]. Observations in the
donut hole are excluded from the estimation sample but are included when computing bin means. We reject the null
hypotheses that the IV estimate from panel (a) is equal to the estimates from panels (b) and (c) with p-values of
0.016 and below 0.001, respectively. Panel (d) plots, for each group, the IV RD estimate against the mean of P . We
report 95% confidence intervals. Standard errors, reported in parentheses, are clustered at the individual level and
are calculated using the nearest-neighbor variance estimator.
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In contrast, we find large and statistically significant employment effects for the two groups with

higher predicted job-finding probabilities. The estimated effect equals 0.152 (s.e. 0.048) for job

seekers with Pi ∈ [0.6, 0.7) and rises further to 0.250 (s.e. 0.053) for those with Pi ∈ [0.7, 1]. We

reject equality of treatment effects between the lowest and highest risk groups with a p-value below

0.001.

Panel (d) reports the corresponding fuzzy RD estimates, β̂IV−CW , using the discontinuity as an

instrument for caseworker contact. The IV estimates reinforce the monotonic relationship between

predicted job-finding prospects and responsiveness to counseling. For job seekers around the 0.65

threshold, the estimated effect is close to the baseline RD estimate. More importantly, treatment

effects decline sharply as predicted risk of long-term unemployment increases.

Appendix D.4 shows that our results are robust to alternative bandwidths, kernels, and donut

specifications. For each of the risk groups, the estimates hardly change across specifications and thus

also their ranking remains robust. Moreover, while the heterogeneity RD is restricted to a four-week

outcome window, Appendix D.5 shows that the same monotonic pattern persists when outcomes

are measured over sixteen weeks. We show further robustness to estimating treatment effects for

more finely defined risk groups and alternative employment outcomes in Appendices D.6 and D.7,

respectively. We also explore effects on employment tenure. One may be concerned that job search

counseling could push high-risk individuals into less stable employment. We do not, however, find

strong evidence for either a positive or negative effect on employment tenure for any of the three

risk groups.

As a final robustness check, we consider a placebo design using job seekers who did not have a

caseworker in their previous spell and are therefore not subject to reassignment at the six-month

threshold. We report the placebo RD results in Appendix D.8. Pooling all risk groups, the placebo

estimate is small and statistically insignificant. Estimates by risk group are noisier and more sensitive

to the specification. In our baseline specification, the placebo estimates are insignificant for the

highest- and lowest-risk groups, while the estimate for job seekers with Pi ∈ [0.6, 0.7) is positive and

statistically significant, but not robust across specifications.

Taken together, these results reveal a strong and overall robust, negative relationship between

unemployment risk and responsiveness to counseling. The job seekers whom the VDAB most actively

targets exhibit little or no employment response, whereas those at substantially lower risk respond

strongly. The trade-off between targeting individuals who are most at risk and targeting those

who are most responsive therefore appears to be first-order in this setting. Before interpreting

these results as evidence of genuine heterogeneity in responsiveness, we consider two alternative

explanations.

Heterogeneity in Treatments. A natural alternative explanation for the observed hetero-

geneity is that different job seekers receive different interventions. In particular, high-risk job seekers

may be more likely to be referred to intensive training programs. Such programs often involve lock-in

effects, reducing job search and employment in the short run while potentially improving longer-run

outcomes. If so, the weaker short-run employment effects for high-risk job seekers would reflect

differences in treatment content rather than differences in responsiveness to counseling.
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We find, however, little evidence that caseworkers systematically assign different interventions

across risk groups. Appendix D.9 examines a broad range of tasks and programs and reveals broadly

similar treatment patterns. All risk groups face a significant increase in the requirement to apply for

jobs, while we find no significant effect on training participation. If anything, the training estimate

is most negative for job seekers with Pi ∈ [0.6, 0.7), going against the interpretation that high-risk

job seekers are more likely to be locked into training. We thus find little support for the view that

the observed heterogeneity is driven by differences in treatment content.16

Compared with the patterns observed in the baseline design (see Appendix C.7), caseworkers

assign relatively few additional interventions to repeat job seekers during weeks 1–4. In general, we

prefer to interpret the heterogeneity RD estimates not as the effect of training or other intensive

services, but rather as the effect of a treatment consisting primarily of one or a few meetings with a

caseworker, increased job-application requirements, and the prospect of more intensive treatment in

the future. Our findings suggest that the high-risk job seekers targeted by the VDAB are the least

responsive to this treatment.

Algorithmic Bias. Since treatment effects are estimated to be heterogeneous, another concern

is that they mechanically correlate with predicted risk. The reason is that the risk score prediction

algorithm may be trained on outcomes that themselves reflect prior treatment. In particular, the

VDAB algorithm predicts job-finding probabilities using historical data generated under an existing

targeting regime. If treatment affects job finding, then the algorithm does not simply learn who

would find work in the absence of intervention; it also learns who benefited from intervention in the

past.

The relevance of this concern becomes clear when considering the relationship between predicted

job-finding probabilities Pi and treatment effects τi. Put simply, suppose Pi = πi + τiTi such that:

Cov(Pi, τi) = Cov(πi, τi) + Cov(τiTi, τi).

In the presence of treatment Ti, the algorithm learns a combination of baseline job-finding prospects

and treatment responsiveness rather than the former alone. Under random assignment, we obtain

Cov(τiTi, τi) = Pr(Ti = 1)V ar(τi). In this case, even if untreated job-finding prospects πi are

unrelated to treatment effects, observed job-finding probabilities Pi will be positively correlated

with treatment effects.

This observation has important implications for targeting. Ideally, targeting would distinguish

between untreated job-finding prospects πi and treatment effects τi. However, when treatment is

assigned on the basis of predicted outcomes Pi instead, individuals with low treatment effects τi

may be adversely selected into treatment. An important question is whether this mechanism is

quantitatively important in our setting. Since we do directly observe πi, we will assess the overall

variation in treatment effects in the next section and then return to this issue using the calibrated

model in Section 7.

16Differential program assignment across caseworkers may nevertheless be important more generally. Humlum et al.
[2025], for example, exploit differences in caseworkers’ propensities to assign job seekers to different training programs
in Denmark and find sizable effects of classroom training.
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5.3 Other Observable Heterogeneity

The heterogeneity by risk score reveals an important trade-off between targeting job seekers who are

most at risk and those who are most responsive to intervention. However, risk scores represent only

one dimension of observable heterogeneity. More generally, efficient targeting requires identifying

which observable characteristics predict treatment effects and whether these predictions improve

upon targeting based on risk scores alone. We therefore adopt a data-driven approach and estimate

conditional average treatment effects (CATEs) using an instrumental forest algorithm following

Athey et al. [2019]. This allows us both to predict treatment effects from observables and to identify

the characteristics most important for explaining treatment effect heterogeneity.

We estimate the instrumental forest using the same treatment variation underlying the hetero-

geneity RD. Since the algorithm does not accommodate the local-linear structure of the RD, we

restrict attention to observations within ten weeks of the six-month cutoff and use caseworker con-

tact as the treatment variable and assignment below the cutoff as the instrument.17 Following Basu

et al. [2018] and Athey and Wager [2019], we train an initial causal forest on a large set of features

and then a second causal forest on the features that were split on the most. All reported CATEs

are ‘out-of-bag’ predictions, so that each observation’s predicted treatment effect is generated using

trees that were not trained on that observation.

Panel (a) of Figure 5 plots the distribution of predicted CATEs. The distribution reveals sub-

stantial predictable heterogeneity in treatment effects. Indeed, the relative dispersion in predicted

treatment effects is considerably larger than the relative dispersion in risk scores. By Proposition 2,

this distinction is important as optimal targeting depends on proportional differences: a job seeker

with a higher job-finding probability can still have a higher return to treatment if their treatment

effect is proportionally larger.

Panel (b) of Figure 5 assesses both the internal and external validity of the predicted CATEs.

For internal validity, we estimate the RD separately for observations with below and above median

CATEs. We find a statistically significant difference in the estimated treatment effects, confirming

that the CATE estimates capture meaningful treatment effect heterogeneity. Note that, if anything,

the CATE estimates underestimate the heterogeneity in RD estimates by risk score. As shown in

Appendix D.10, this attenuation is primarily explained by the inability of the instrumental forest

procedure to accommodate linear trends in the running variable.

The stronger test is external validity. The CATEs are estimated using the heterogeneity RD,

which captures the short-run effects of reassigning recently unemployed job seekers to a previous

caseworker. The baseline RD instead captures a different intervention, occurring later in unemploy-

ment, for a different population. It is therefore far from obvious that the same characteristics should

predict treatment effects across the two settings. Nevertheless, we find that CATEs estimated from

the heterogeneity RD also predict treatment effects in the baseline RD. The estimated effect for

job seekers with above-median CATEs is more than twice as large as for those with below-median

CATEs, although the difference between the two effects is only marginally significant (p = 0.08).

This is a particularly demanding test: because the baseline RD sample is local to the P = 0.65

17See Britto et al. [2022] for a similar implementation of causal forest estimation in an RD context.
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Figure 5: Predicted Conditional Average Treatment Effects (CATEs)

Note: Panel (a) plots the distribution of estimated CATEs for the sample on which the instrumental forest was trained
(note, each CATE is still an out-of-bag prediction). The red estimates in panel (b) are IV estimates of the effect of a
caseworker on days worked per week estimated using the heterogeneity RD for samples with below and above median
CATEs. We reject the null hypothesis that effects are equal with a p-value of 0.005. In blue, we report estimates of
the effect of a caseworker on days worked per week from the baseline RD by CATE. The p-value for rejecting the null
hypothesis that these effects are equal is 0.08. The same median is used for both sets of estimates. We display 95%
confidence intervals for the estimated effects.

threshold, the risk score — as we show below, the most important predictor of treatment effects —

contributes virtually no variation in predicted CATEs within this sample, so the predictive power

of the CATEs derives almost entirely from other characteristics. Given the differences in treatment,

timing, and population across the two designs, we thus view this result as suggestive evidence that

the heterogeneity uncovered by the heterogeneity RD reflects stable differences in responsiveness

rather than idiosyncrasies of a particular treatment environment.

In addition to quantifying the heterogeneity, the instrumental forest estimation allows us to

analyze the observables that drive the heterogeneity. In Appendix D.11, we report the “variable

importance” for different observables, which is the number of times the forest split on a variable

weighted by the depth at which the split occurred. Interestingly, the risk score is the single most im-

portant predictor of treatment effects, confirming the earlier evidence that responsiveness is strongly

related to predicted unemployment risk. However, the forest also identifies demographic character-

istics, unemployment history, and occupation preferences as important predictors. The fact that

these variables continue to matter even after conditioning on the risk score suggests that substantial

heterogeneity remains within risk-score groups. In other words, the risk score captures an important

but incomplete dimension of treatment effect heterogeneity.

To illustrate this further, Appendix D.12 compares individuals with high vs. low long-term un-

employment risk and high vs. low predicted treatment effects. While some characteristics contribute

to the average trade-off between the two, some characteristics are associated with unemployment

risk and treatment responsiveness in the same direction. For example, job seekers aged 45+ as

well as those of non-Belgian origin appear both more likely to experience long-term unemployment
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and more responsive to intervention. Such characteristics strengthen the case for targeting, as they

simultaneously increase need and expected returns from treatment. Other characteristics primarily

affect responsiveness while having little impact on unemployment risk. For instance, female job seek-

ers exhibit lower predicted treatment effects despite having similar risk scores. A targeting strategy

based solely on unemployment risk would therefore overlook dimensions of heterogeneity that are

highly relevant for efficient treatment assignment. We return to these implications when comparing

alternative targeting strategies in the calibrated model in Section 7 below.

6 Duration Dependence in Effects

The conceptual framework highlights that the timing of treatment depends on potentially opposing

forces underlying its return. On the one hand, treatment is more valuable early if treatment effects

decline with unemployment duration. On the other hand, treatment becomes more valuable later

in the spell if job-finding prospects deteriorate and the consequences of continued unemployment

become more severe. Whether employment services should intervene early or late therefore depends

on the relative dynamics of treatment effects and job-finding probabilities. As Proposition 1 high-

lights, however, delaying treatment also shrinks the pool of job seekers who can still be reached, so

intervening later is optimal only if returns rise sufficiently to compensate for this survival loss — a

trade-off we return to in Section 7.

In this section, we estimate both objects. We first introduce an alternative RD design that

allows us to compare treatment effects for similar job seekers treated at different points in the

unemployment spell. We then quantify how dynamic selection changes both treatment effects and

job-finding probabilities among the surviving unemployed population.

6.1 Empirical Design

To study the dynamics of treatment effects, we exploit a second round of interventions that begins

around week 19 of the unemployment spell. As discussed before, all job seekers who are still un-

employed at that point and have not previously been assigned to a caseworker are invited again

to contact the service line. In week 20, the service line contacts those who did not respond. This

second round generates a useful reversal in treatment assignment relative to the baseline RD.

In the baseline RD, we used the risk score threshold to estimate treatment effects for individuals

with a predicted six-month job-finding probability just below 0.65. Because job seekers below the

threshold are more likely to be treated during this first round, those above the threshold are more

likely to remain untreated and therefore more likely to receive treatment during the second round,

when the risk-score threshold is no longer used.

We exploit this reversal by estimating the same specification as in the baseline RD,

yi = α+ β1{Pi < 0.65}+ γ1(Pi − 0.65) + γ2(Pi − 0.65)1{Pi < 0.65}+X ′
iδ + ϵi, (7)

but with treatment assignment reversed around the threshold. The running variable remains the

same as in the baseline RD: the predicted six-month job-finding probability initially used by the
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service line in weeks 6–7. We refer to this empirical strategy as the “dynamics RD.” Combined with

the baseline RD, it allows us to compare treatment effects for job seekers with similar predicted

job-finding prospects, but at different points in the unemployment spell.

6.2 Results

Figure 6 plots the estimates for β at different durations d. Panels (a) and (b) first verify the reversal

in treatment assignment that underlies the dynamics RD. Job seekers below the risk-score threshold

are substantially more likely to interact with the service line or be assigned to a caseworker during

the first treatment round, but substantially less likely to do so during the second round.18 The

differences in contact probabilities are largest in the first few weeks after each treatment round

begins and then rapidly disappear, although caseworker contact lags service line contact by up to a

few weeks and the difference in contact rates decreases more gradually. The reversal in assignment

generates quasi-experimental variation in caseworker contact among surviving job seekers around

the same risk-score threshold, but at different unemployment durations.

Panel (c) of Figure 6 examines the corresponding employment effects. Employment responds

rapidly following both treatment rounds, with effects concentrated in the weeks immediately after

the start of the contact round. While the weekly estimates are somewhat noisy, the timing and

shape of the employment response do not differ substantially across the two rounds. If anything,

the effects appear slightly more concentrated towards the start of the round in the second one.

Panel (d) of Figure 6 summarizes these dynamics using IV estimates of the effect of caseworker

contact on days worked per week over a twelve-week horizon. We estimate a treatment effect of 1.54

(s.e. 0.42) days worked per week in the first treatment round and 1.48 (s.e. 0.61) in the second.

Appendix E.1 shows the corresponding RD plot for the dynamics RD. While the confidence intervals

remain substantial, the estimates provide little evidence that treatment effects would actually decline

as unemployment lengthens.

Appendix E.2 further gauges robustness of this conclusion to the bandwidth and weighting

choices. We also report estimates for different horizons in Appendix E.3. The results are comparable

overall and indicate no important increases or decreases in estimated treatment effects over the spell.

Interpretation From the perspective of the conceptual framework, the comparison between

the baseline and dynamics RD captures the relevant notion of duration dependence conditional on

the observable risk score. Both designs identify treatment effects for job seekers with predicted job-

finding probabilities around the same threshold, but at different points in the unemployment spell.

To the extent that the risk score captures all relevant heterogeneity in job-finding prospects, the

comparison isolates how treatment effectiveness evolves with unemployment duration for comparable

job seekers. The similarity of the estimated effects then suggests little depreciation in treatment

effectiveness over the first months of unemployment. However, interpreting the comparison between

18In weeks 18 and 19 we observe slightly more contact with the service line below the threshold than above. This is
because job seekers are invited to call the service line 11 weeks after being classified as self-reliant (and get called one
week later). Those below the threshold were more likely to be classified as self-reliant in weeks 6 and 7, so are more
likely to be called in weeks 18 and 19. Most of those above the threshold were automatically classified as self-reliant
after 7 full weeks of unemployment and therefore get called at the start of the 20th week.
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Figure 6: Dynamics

Note: All estimates use the same specifications used in the baseline RD. Panel (a) plots RD estimates of the effect of
being below P = 0.65 on contact with the service line each week, conditional on being unemployed at the beginning
of that week. Panel (b) plots the estimated effect on having the first caseworker meeting of the unemployment spell
each week. Panel (c) plots the estimated effect on employment each week. Panel (d) plots the IV estimate of the
effect of meeting a caseworker for the first time in the 12-week period on days worked per week in the same period.
We display 95% confidence intervals for the estimated effects.
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the baseline and dynamics RD as evidence on true duration dependence in treatment effects requires

ruling out dynamic selection on unobservables.

While both designs focus on job seekers with similar predicted job-finding prospects, surviving

job seekers in the second treatment round may still differ from those in the first round along di-

mensions not captured by the risk score. If treatment effects were correlated with such unobserved

characteristics, differences between the two estimates could reflect changes in composition rather

than genuine duration dependence. In any case, the estimates provide little indication of either

substantial duration dependence or strong selection on unobservables. At minimum, neither force

appears quantitatively dominant in our setting.

Separately, the institutional structure of the dynamics RD raises two concerns for interpreting

the second-round estimates themselves. Both arise because treatment during the first round affects

the composition of job seekers who remain eligible for treatment during the second round.

A first concern is differential survival into the second treatment round. Since treatment increases

job finding in the first round, job seekers below the threshold are less likely to remain unemployed

until week 20. If treatment effects are positively correlated with unobserved job-finding prospects,

the surviving population above the threshold could therefore exhibit higher job-finding rates even

in the absence of the second-round intervention. We view this concern as limited. The employment

effects in Figure 6c emerge precisely at week 20 when the second treatment round begins, while

estimates in weeks 18 and 19 are close to zero. This timing is difficult to reconcile with a purely

compositional explanation.

A second concern is that surviving untreated job seekers below and above the threshold may differ

systematically because mediators exercise discretion when assigning caseworkers during the first

treatment round. In particular, some job seekers below the threshold may be classified as self-reliant

and thus remain untreated despite being contacted. If these individuals differ in their responsiveness

to treatment, the composition of untreated survivors could differ across sides of the threshold. To

assess this possibility, we use the CATEs estimated with the instrumental forest in Section 5 and

test whether these predicted treatment effects are discontinuous at the threshold among job seekers

who survive untreated until week 20 (Appendix E.4). We find no meaningful discontinuities, either

in the predicted CATEs or in their main observable determinants. This suggests that differential

selection into the pool of untreated survivors is unlikely to explain our findings.

Finally, Appendix E.5 examines program participation around the threshold in weeks 20–31. We

find no significant differences in program participation, although these null differences are harder to

interpret as they may reflect some convergence in program participation following the first treatment

round. Participation levels in interventions such as training and job search orientation near the cutoff

are comparable to those in weeks 6–17 (see Appendix C.7). As before, the employment effects in

the dynamics RD may instead reflect the impact of service-line and caseworker contacts rather than

program participation itself.
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(b) Job Finding

Figure 7: Duration Dependence in Treatment Effects and Job Finding

Note: Panel (a) simulates the evolution of the average treatment effect of caseworkers on days worked per week at
different unemployment durations due solely to dynamic selection. This is done by splitting the sample into predicted
risk quintiles and estimating treatment effects and observed survival rates for each quintile. Treatment effects for each
quintile are estimated using the heterogeneity RD. Total duration dependence is then estimated by calculating true
duration dependence using the baseline and dynamics RD estimates from Figure 6d and assuming it to be homogeneous
within the sample and affecting treatment effects at a constant geometric rate with duration. Panel (b) plots the
empirical 6-month job-finding rate for the surviving population at each duration (observed total duration dependence)
against 6-month job-finding rate predicted by VDAB on day 8 of unemployment for the surviving population at each
duration (a lower bound on dynamic selection). All predicted rates are multiplied by a constant so that the predicted
and empirical rates are equal at a duration of 1 week.

6.3 Dynamic Selection

The previous subsection provided little evidence that treatment effects decline substantially with

unemployment duration for comparable job seekers. This does not imply, however, that the returns

to treatment remain constant over the unemployment spell. As unemployment lengthens, the com-

position of the unemployed population changes. Job seekers with lower job-finding prospects become

increasingly overrepresented among those who remain unemployed and, given the heterogeneity doc-

umented in Section 5, these individuals also tend to exhibit lower treatment responsiveness. Dynamic

selection therefore affects both job-finding probabilities and treatment effects, making it a central

determinant of the optimal timing of interventions.

Panel (a) of Figure 7 simulates the dynamic selection in treatment effects by splitting the sample

into predicted risk quintiles and simulating the average treatment effect of the surviving population

at different unemployment durations.19 The dynamic selection of job seekers with low predicted job

finding into longer unemployment spells causes the average treatment effect to fall from 0.71 for job

seekers one week into unemployment to 0.40 for those who have been unemployed for a year. Thus,

even in the absence of true duration dependence, average treatment effects decline substantially

over the unemployment spell because the remaining unemployed population becomes increasingly

negatively selected. We can also simulate total duration dependence by taking the difference between

19This assumes treatment effects are the same within predicted risk quintile, but heterogeneous across quintiles.
Quintile treatment effects are estimated using the heterogeneity RD.
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the baseline RD and the dynamics RD estimates reported in panel (d) of Figure 6 as representative

of true duration dependence in treatment effects. Assuming true duration dependence to evolve at

a constant geometric rate, we estimate an overall drop in average treatment effects to 0.34 after one

year of unemployment, a decline of 51%.

Panel (b) of Figure 7 then investigates duration dependence in job-finding rates. Empirically, we

find that 6-month job-finding rates fall from 0.63 at one week of unemployment to 0.27 at one year

of unemployment, a reduction of 57%. The decline in average predicted job-finding, with the rates

predicted at the start of the spell but averaged across job seekers who survive later into the spell, can

give us a lower bound estimate of the proportion of duration dependence in job-finding explained by

dynamic selection rather than true duration dependence, following Mueller and Spinnewijn [2025]. In

comparison to their findings in the Swedish context, we find that the decline in job-finding caused by

dynamic selection is somewhat smaller, while the overall decline in job-finding is much larger. This

suggests that, unlike treatment effects, job-finding rates exhibit substantial duration dependence

beyond what can be explained by dynamic selection alone.

Taken together, the results imply a decline in average treatment effects of roughly 51% over

the first year of unemployment, compared to a decline in job-finding probabilities of roughly 57%.

Through the lens of Proposition 2, these two forces have opposing implications for timing. The

decline in treatment responsiveness favors earlier intervention, whereas the decline in job-finding

probabilities increases the value of helping those who remain unemployed. On balance, the two

observable forces are of comparable magnitude, suggesting no major advantage of targeting earlier

rather than later in the unemployment spell.20

The comparison above characterizes how returns to treatment evolve among job seekers who

remain unemployed at different durations. This does not by itself determine the optimal timing

of treatment. As Proposition 1 highlights, delaying treatment may raise returns among those who

remain unemployed, but comes at the cost of losing the opportunity to treat high-return job seekers

who exit in the meantime. This harvesting motive creates a force toward earlier intervention. In

the next section, we quantify this trade-off within the calibrated model and characterize optimal

targeting jointly across job seekers and unemployment durations.

7 Quantitative Evaluation

The preceding sections estimated the key ingredients for targeting job-search counseling: baseline

job-finding prospects, treatment responsiveness, and how both evolve over the unemployment spell.

This section combines these ingredients in a calibrated version of the framework to quantify the

welfare gains from alternative targeting policies. The exercise serves two main purposes. First, we

compare targeting policies to evaluate how much is lost by using unemployment risk alone as a

targeting rule, and how closely the simple sufficient statistic R ≈ τ/π approximates the full model-

based return to treatment. Second, we quantify the timing trade-off, distinguishing between changes

in the return to treating job seekers who remain unemployed and changes in the share of job seekers

20The strong decline in job-finding probabilities that is not accounted for by observables (about 41%) still points
toward increasing returns to targeting later in the spell, conditional on risk scores.
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Table 1: Calibrated Parameter Values in Baseline

Object Description Value Source/Targeted Moments

G(π) Distribution of observable job finding — Empirical distribution of risk scores
σεπ Unobserved heterogeneity in job finding 0.031 Mueller and Spinnewijn [2025]
θπ Depreciation of job finding 0.925 12-month decline in job finding
ατ Intercept in τ = ατ + βτP + eτ -0.032 RD estimates by risk score
βτ Slope in τ = ατ + βτP + eτ 0.080 RD estimates by risk score
σeτ Orthogonal heterogeneity in treatment effects 0.025 Variance of CATEs
θτ Depreciation of treatment effects 1.000 Estimates of risk-score RDs
B̄ Budget constraint 0.530 Share of unemployed targeted by VDAB

who survive to each duration.

7.1 Calibration

We calibrate the model to key moments in the data, as summarized in Table 1. For the job finding

we start from the empirical distribution of predicted 6-month job-finding probabilities P from the

VDAB, drawing a random sample of 200,000 individuals at the start of the spell. We calibrate the

model at the monthly frequency and thus map each risk score into a monthly job-finding probability.

We refer to this as the baseline job-finding probability, denoted by π.21 We allow for additional

unobserved heterogeneity in job finding, σεπ , which is calibrated using estimates on the relative

contribution of observed and unobserved heterogeneity to job-finding risk in Sweden from Mueller

and Spinnewijn [2025]. We assume geometric depreciation, θπ,d = (θπ)
d, where θπ is chosen so that

the implied decline in job-finding from both the depreciation and the dynamic selection based on

observed and unobserved heterogeneity matches the observed decline in job-finding rates over the

first 12 months in the Flemish data. We assume no further depreciation in job finding after 12

months.22

Turning to the treatment effects, we assume that observable heterogeneity is linear in the VDAB

prediction:

τ = ατ + βτP + eτ ,

where ατ is a constant, βτ captures the relation between treatment effects and risk scores, and

eτ represents heterogeneity orthogonal to risk scores. We assume that treatment increases the job

finding probability for one month only and use the estimated reduced-form effects on the probability

of starting work within four weeks from the heterogeneity RD. We calibrate ατ and βτ by taking

the RD estimate for each decile of the risk score distribution and fitting a linear approximation to

21We recover π from the VDAB risk score P using a numerical solver. In the absence of depreciation and unobserved
heterogeneity, this mapping would be simply given by π = 1 − (1 − P )1/6. The VDAB predictions are based on
realized job-finding outcomes under the existing policy environment, while the model object is baseline job finding in
the absence of treatment. In the baseline calibration, we abstract from this distinction, but then explicitly relax it in
sensitivity analysis.

22We also bound the monthly job-finding probability from below at 1 percent. The bound does not bind at the start
of the spell, as the lowest predicted 6-month job-finding probability in our sample is 4 percent, but limits the decline
in job finding at long durations for job seekers with the lowest risk scores. Without such a bound, continuation losses,
which are inversely proportional to job-finding probabilities, would become arbitrarily large as hazards approach zero,
so that welfare results could be driven by a small set of extreme unemployment durations.
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these estimates (see Figure F2 in the Appendix). To discipline the orthogonal component, we target

the variance of CATEs shown in Figure 5a.23 In the baseline specification, we assume no additional

unobserved heterogeneity in treatment effects, σετ = 0 and no depreciation in treatment effects,

consistent with the comparison of RD estimates at 5 and 19 weeks. We assess robustness to both

assumptions.

For evaluating welfare effects we lack direct empirical targets for the utility cost of unemploy-

ment u and the treatment cost c. Since our focus is on relative welfare comparisons, we normalize

both to one and omit these parameters from the table. We set θu,d = (θu)
d = 1 in the baseline,

while exploring sensitivity to this assumption. We also impose a budget constraint consistent with

current VDAB policy, allowing treatment of 53 percent of the sample.24 Our quantitative analy-

sis is not intended as a formal policy-learning exercise. In particular, we do not directly estimate

optimal rankings under the budget constraint, which can differ from rankings based on estimated

conditional means [Gu and Koenker, 2023]. Nor do we conduct formal inference on the value of the

policy that is estimated to be optimal; see Whitehouse et al. [2026] for recent methods addressing

this problem. Instead, we assess the robustness of our quantitative conclusions across a range of

alternative specifications and calibrations.

7.2 Optimal Targeting and Timing

We first evaluate targeting rules for newly unemployed workers, fixing treatment at the start of the

spell, d = 0. This exercise isolates the cross-sectional targeting problem: whom should the agency

treat among the entering unemployed, abstracting from the timing dimension considered below. We

compare three classes of policies, each subject to the same budget constraint:

1. Optimal Targeting (TOPT
0 ): Constrained optimal targeting of individuals with the highest

return, RT0(π, τ).

2. Index Targeting (T IDX
0 ): Targeting based on a geometric weighted average of π and τ ,25

Q(π, τ, ω) =
τ1−ω

πω
. (8)

3. Random Targeting (TRDM
0 ): Targeting a random sub-sample of unemployed workers.

The index targeting allows us to evaluate simple rules, ranging from targeting on π (ω = 1) to

τ (ω = 0) only, and also includes our sufficient-statistic approximation when targeting on τ/π

(ω = 0.5). Panel (a) of Figure 8 reports the returns of different targeting policies relative to the

random benchmark, which yields the average return to intervening. Several results stand out.

23More precisely, the CATEs reported in Figure 5a are based on days worked. In the calibration, however, we target
the dispersion of CATEs for the probability of starting work within four weeks. See also Appendix Figure D10 for
the heterogeneity RD estimates by risk group for this outcome.

24We assume that both επ and ετ are uniformly distributed with mean zero. Appendix Figure F1 shows the
distribution of π’s and τ ’s as well as the duration dependence in job finding, which matches closely the empirically
observed duration dependence.

25To be precise, for the purposes of computing the index, we assume that the treatment effects are non-negative.
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(b) Targeted Types With Optimal Policy
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(c) Targeted Types With ω = 0
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(d) Targeted Types With ω = 1

Figure 8: Welfare Gains of Targeting and Targeted Types under Alternative and Optimal Policies

Note: Panel (a) shows welfare gains from targeting relative to the benchmark of random assignment. Panel (b)
displays the worker types targeted under the optimal policy. Panels (c) and (d) illustrate the targeted types under
sub-optimal policies that focus exclusively on treatment effects (ω = 0) or exclusively on job-finding probabilities
(ω = 1), respectively. All policies are subject to the same budget constraint.
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First, the welfare gain under the optimal policy is nearly three times as large as under the

benchmark. This reflects substantial heterogeneity in both observed risk scores and treatment effects

across individuals. A Shapley decomposition of the variance of the targeting index τ/π attributes

82 percent to heterogeneity in treatment effects and the remaining 18 percent to heterogeneity in

baseline job-finding probabilities (see Appendix Table F1). The corresponding panel (b) in Figure 8

illustrates the types targeted under the optimal policy, clearly highlighting the underlying trade-off

between targeting individuals that are responsive vs. at risk.

Second, the index rule can perform very well and realize basically all gains from the optimally

targeted policy. The index τ/π is highly correlated with the exact return to targeting (correlation

0.88), supporting the sufficient-statistic approximation. The simplest rule based on this index pro-

vides an excellent approximation, but the index attains its maximum at ω = 0.60. Recall that the

optimal weight is exactly ω = 0.50 in a stationary environment without duration dependence in job

finding.

Third, a policy that targets exclusively on job-finding probabilities (ω = 1) performs poorly and

even worse than the benchmark of random targeting. This is because individuals at highest risk

of long-term unemployment exhibit negligible treatment effects. Conversely, a policy that targets

exclusively on treatment effects (ω = 0) performs nearly as well as the optimal policy, as it avoids

selecting individuals with low returns to treatment. Panels (c) and (d) display the corresponding

targeted types for ω = 0 and ω = 1, respectively, and show substantially less overlap between the

optimal policy and the latter compared to the former. Taken together, these results show that

targeting based solely on risk scores falls well short of the optimum, as it fails to balance long-term

unemployment risk against treatment effectiveness.

We next turn to the timing dimension. The preceding comparison fixes treatment at the start

of the spell. In practice, however, the agency may also decide whether to intervene immediately or

wait until job seekers have remained unemployed for some time. This introduces a distinct trade-off.

Conditional on still being unemployed, the return to treatment may change with duration because

baseline job-finding probabilities and treatment effects evolve over the spell. At the same time,

delaying treatment reduces the mass of job seekers who remain available for intervention, since some

workers exit unemployment before treatment is delivered.

We distinguish between three timing exercises. First, we evaluate the return to treating a fixed

share of the surviving unemployed at each duration. This comparison is conditional on survival: at

each duration, the agency ranks only those job seekers who remain unemployed. Figure 9 reports

the corresponding welfare gains relative to random targeting at the start of the spell. The return

to treating surviving job seekers rises over the spell, as also illustrated by the returns to random

targeting at different durations d. This reflects the steep decline in baseline job-finding probabilities

in the Flemish data, which raises the value of accelerating exit from unemployment, despite adverse

selection in treatment responsiveness. This result naturally depends on our baseline assumption

that treatment effects do not depreciate at the individual level.26

Second, we consider a different exercise in which the agency must spend the same overall budget,

but is constrained to treat workers at a common duration d. This comparison incorporates the

26For comparison, Appendix Figure F3 shows how the return evolves for a given type.
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Figure 9: Welfare Gains of Targeting Policies at d, Relative to Random Targeting at d = 0

Note: The figure reports the welfare gains from applying three targeting rules: random targeting among survivors,
optimal targeting of a fixed share of survivors, and optimal targeting under a fixed budget at unemployment duration
d, relative to random targeting at d = 0. Welfare gains for the fixed-budget rule are greyed out after month 3, when
the optimal policy can no longer exhaust the full budget because too few workers remain unemployed.

shrinking size of the survivor pool. In contrast to the conditional-survivor exercise, welfare gains

decline sharply over the first months of the spell. Early in the spell, the unemployed pool is large

and heterogeneous, allowing the agency to select many high-return workers. As duration increases,

many of these workers have already exited unemployment, and the remaining pool is smaller and

less favorable for selective targeting. After month 3, fewer than half of the initial unemployed

population remains unemployed, so the agency can no longer exhaust the full budget even by treating

all survivors and realizes the average return to treating surviving job seekers.

Finally, we allow the planner to choose jointly whom to treat and when to treat them, subject

to the same overall budget and the constraint that each individual can be treated at most once.

The optimal policy combines the two forces above. Later treatment can be attractive because

conditional returns among survivors are high. But reserving treatment for later also risks losing

high-return individuals who exit unemployment before treatment is delivered. The relevant object

is therefore not only the conditional return Rd(π, τ), but the survival-weighted value of assigning

treatment to a type at duration d, as characterized in Proposition 1. Quantitatively, the optimal

policy assigns a much larger share of treatments at the start of the spell and reserves later treatment

only for a few selected workers who remain unemployed, as shown in Panel (a) of Figure 10. Panel

(b) shows that the workers treated early have higher average returns than those treated later.27

Taken together, the calibration clarifies the policy message. Risk scores are informative because

27This is not inconsistent with the rising return to treating the average survivor in Figure 9. The global optimum
first uses early treatment slots for the highest-return types. Later treatment is then allocated to the best remaining
survivor-types for whom waiting is valuable, but these need not have higher returns than the individuals already
treated at the start of the spell.
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Figure 10: Optimal Targeting Across Durations

Notes: The figure describes the globally optimal policy, which allocates treatment across job seekers and unemploy-
ment durations subject to the aggregate budget constraint. Panel (a) plots the fraction of all targeted job seekers
who are treated at each duration d. Panel (b) plots the average return of the types targeted at duration d under this
policy, relative to the return of random targeting at d = 0.

they predict baseline job-finding probabilities, but they are not satisfactory targets. High-return

policies combine information on risk and responsiveness. The timing of treatment depends on two

distinct objects: the return to treating job seekers who remain unemployed, and the share of each

type that survives to later durations. This explains why returns among survivors can rise with

unemployment duration, while the globally optimal policy still treats most high-return job seekers

early.

7.3 Algorithmic Bias

We finally use the calibrated model to assess whether the estimated relationship between predicted

job-finding prospects and treatment effects could itself reflect the way the risk score is constructed.

Because the VDAB score is trained on realized employment outcomes under the existing policy

environment, it may partly incorporate the effects of past treatment. As discussed in Section 5, this

can mechanically raise predicted job-finding probabilities for groups with high treatment effects and

vice versa, generating a positive relationship between prediction and responsiveness.

To quantify this bias, we construct a counterfactual risk score that predicts job finding in the

absence of treatment and compare its relationship with treatment effects to that of the observed

score. This exercise assumes a specific assignment to treatment underlying the observed scores,

as detailed in Appendix F.2. We find that the bias is significant: the regression coefficient of

treatment effects on the risk score — the moment targeted in the calibration — falls from 0.53 for

the observed score to 0.43 for the treatment-free score. Thus, the observed relationship is amplified
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by the algorithmic feedback, but not generated by it. This result is robust to different underlying

treatment assignments.

The positive relationship between treatment effects and predicted job-finding prospects thus

remains strong once the bias is accounted for, so our conclusions are not an artifact of this feedback

effect. Note also that the bias itself does not compromise our evaluation of current practice: the

VDAB assigns counseling based on the observed risk scores, so both our quasi-experimental estimates

and our assessment of score-based targeting apply to the scores actually used for assignment, whether

or not these embed the effects of past treatment. Two further remarks are in order. First, the

sensitivity analysis in Table 2 below covers the polar case in which the correlation between treatment

effects and baseline job-finding prospects is set to zero (column 5) — the case that would apply if

the observed relationship were entirely an artifact of algorithmic bias. Removing the correlation

naturally improves the performance of risk-based targeting, which then no longer selects against

treatment responsiveness, but it leaves the main conclusions intact: risk-only targeting still falls

well short of policies that incorporate treatment effects. Second, while an ideal risk score would

predict job finding in the absence of treatment, the VDAB does not adjust its risk scores for the

effects of past treatment. Such an adjustment would require estimating the prediction algorithm on

untreated individuals while controlling for selection into treatment, which is not straightforward in

practice.

7.4 Sensitivity Analysis

Table 2 presents a sensitivity analysis with respect to the main calibration parameters. Panel A

reports the welfare gains of targeting policies at the start of the unemployment spell. The gains

from optimal targeting remain large across all specifications, indicating that the high return to

targeting is robust to alternative calibrations. This includes changes in the heterogeneity and/or

the dynamics in job-finding probabilities and treatment effects (columns 1-3). The relative welfare

gains under the optimal policy are somewhat reduced, but remain sizable, when using caseworker

IV-estimates rather than reduced-form treatment effects (column 4) or when the correlation between

risk scores and treatment effects is set to zero (column 5). A related concern is that the variance

of the estimated CATEs, which disciplines the orthogonal heterogeneity in treatment effects, partly

reflects estimation error rather than true heterogeneity in responsiveness. Halving this variance

(column 6) reduces the welfare gains from optimal targeting somewhat, but they remain more than

twice those of random assignment (2.11 versus 2.85 in the baseline). The gains, however, become

even more pronounced when utility losses increase over the spell (column 7) or when the budget is

constrained such that only the top 30 percent of individuals can be treated (column 9).

Similarly, the simple index rule targeting τ/π realizes most of the targeting gains across the

different specifications and, in fact, all of them in the specification with no depreciation in job

finding (column 1). Moreover, targeting solely based on high treatment effects (ω = 0) comes close

to the optimal rule across all calibrations, whereas targeting solely based on low risk scores (ω = 1)

delivers only about 70 percent of what random targeting does in the baseline calibration. Using the

IV-based rather than reduced-form treatment effects reduces the level of the welfare gains somewhat
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but leaves the comparison across targeting policies unaffected (column 4). Only when the correlation

between risk scores and treatment effects is set to zero does targeting only on risk scores perform

better and, in fact, outperform the benchmark of random targeting (column 5). Instead, when the

budget is restricted to the top 30 percent of individuals (column 9), this policy generates only 23

percent of what random targeting delivers.

Finally, column (10) assesses robustness to redistributive preferences. Our baseline criterion is

linear in unemployment losses, so that a given employment gain is valued equally regardless of who

receives it. A planner with redistributive preferences would instead assign higher welfare weights to

job seekers facing larger expected losses [Haushofer et al., 2025]. Column (10) therefore evaluates

all policies and re-solves the optimal ones under log welfare weights that increase with expected

unemployment losses. The expected unemployment losses are anchored so that the average unem-

ployed job seeker carries twice the marginal welfare weight of an employed job seeker, consistent

with evidence from Landais and Spinnewijn [2021] (see Appendix F.4 for details). The ranking of

policies is unchanged: the sufficient-statistic rule still captures almost all of the gains from optimal

targeting, risk-score targeting improves — the weights now reward reaching high-loss job seekers

— but continues to perform worse than random assignment, and the optimally targeted population

overlaps 94 percent with that under the linear criterion. Appendix Table F3 repeats the full sensi-

tivity analysis under the weighted criterion; the main notable difference arises when risk scores and

treatment effects are uncorrelated (column 5), in which case risk-score targeting moves closer to the

optimal policy.

Panels B and C turn to the timing of interventions. Panel B compares the welfare gains of

intervening at three months to those of intervening at entry. When the agency targets a fixed share

of the surviving unemployed, the welfare gains relative to the cost of treatment are 33 percent higher

at three months than at entry in the baseline calibration (first row), and random targeting exhibits a

similar, albeit weaker, increase (third row). The cross-calibration patterns confirm the mechanisms

behind these rising returns: the advantage of targeting later vanishes in the stationary environment

(column 1) and when treatment effects decline over the spell at the same rate as job finding (column

3) — indeed, in both scenarios random targeting performs worse at three months than at entry

— while it is amplified when the utility loss from unemployment rises over the spell (column 7)

and dampened when continuation losses are truncated after two years (column 8). While the latter

assumption is counterfactual, it can be interpreted as an environment in which the policymaker cares

only about UI benefit payments, which expire after a fixed duration.

The picture reverses when the agency must exhaust a fixed budget at a single duration (second

row): the welfare gains at three months drop to less than half of those at entry in the baseline cali-

bration, because too few workers remain unemployed for the policy to stay selective. The exception

is the constrained budget of column (9), where only 30 percent of the initial cohort can be treated:

waiting until three months is then almost costless, although we verified that the gains decline more

strongly when waiting beyond three months.

Panel C considers the optimal policy when treatment can be targeted across durations. In the

baseline calibration, the gains of the global optimum are only marginally larger than those of optimal

targeting at entry (2.88 versus 2.85 in Panel A). Indeed, 85 percent of targeted individuals are treated
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immediately: the option value of spreading treatment over the spell is small. Consistent with the

timing results in Panel B, this option value disappears in the stationary environment of column

(1), where all targeted individuals are treated at entry,28 and is negligible when adding unobserved

heterogeneity or depreciation in the treatment effects (columns 2 and 3).

Timing flexibility becomes considerably more valuable, however, when the budget is tight: with

only the top 30 percent treated (column 9), the gains rise from 3.84 to 4.00 and just around half

of the targeted individuals are treated at entry. Intuitively, a small budget allows the agency to

remain selective throughout the spell, and dynamic selection makes waiting attractive: as the spell

progresses, survival itself reveals the workers with the poorest job-finding prospects and thus the

highest returns to treatment. For similar reasons, targeting later also becomes somewhat more

attractive when the utility loss from unemployment rises over the spell (column 7).

Another margin of flexibility concerns the duration of treatment itself, which we have so far

restricted to a single period per job seeker. Appendix F.3 relaxes this restriction and shows that

allowing the agency to target the same individuals in two consecutive periods further increases the

welfare gains from optimal targeting under a fixed budget, as the highest-return job seekers can now

be reached more than once. This exercise is similar in nature to restricting the budget to the top

30 percent of individuals (column 9 of Table 2): holding total resources fixed, treating individuals

repeatedly means treating fewer of them, so that treatment is concentrated on a more select group

of job seekers.

Taken together, the sensitivity analysis confirms the robustness of our main findings. Across all

calibration scenarios, targeting rules that combine predicted treatment effects with predicted job-

finding probabilities generate welfare gains around two to three times as large as those of random

assignment, with the simple index τ/π remaining close to optimal throughout. The timing results are

similarly robust: although the returns to treating a given worker rise over the unemployment spell

through dynamic selection and duration dependence in job finding, a budget-constrained agency

optimally treats the large majority of targeted job seekers at the start of the spell in nearly all

scenarios.

8 Conclusion

This paper has examined the optimal targeting of job search counseling in the context of the Flemish

Public Employment Service. We have shown that the common practice of directing active labor

market interventions toward the most at-risk job seekers (those with the lowest predicted probability

of finding employment) is unlikely to be welfare-maximizing. The individuals most at risk are not the

same as the individuals most responsive to intervention, and conflating the two leads to a substantial

misallocation of scarce program resources.

Our three regression discontinuity designs, exploiting discontinuities in the VDAB’s caseworker

assignment process at the start of an unemployment spell, at five weeks, and at nineteen weeks, yield

two key empirical findings. First, treatment effects are large and positive for low-risk job seekers but

effectively zero for those classified as most at risk. Second, there is no evidence of individual-level

28This mirrors the special case in Proposition 1, in which all targeting optimally occurs at entry.
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depreciation in treatment effects over the unemployment spell, but strong dynamic selection causes

the pool of surviving job seekers to be progressively less responsive even as it becomes more at-risk.

These empirical findings motivate our conceptual framework, which characterizes the optimal

targeting problem of an unemployment agency that minimizes expected welfare losses subject to a

fixed budget. The key insight is that the return to treating a given job seeker depends on both

the magnitude of their treatment effect and the continuation loss from unemployment they would

otherwise face, with the latter being larger for higher-risk individuals. The optimal targeting index

thus involves the ratio of predicted treatment effects to baseline job-finding probabilities, placing

positive weight on both responsiveness and risk.

The quantitative evaluation demonstrates that incorporating treatment effect heterogeneity into

the targeting rule could nearly triple the welfare gains relative to random assignment. Even a sim-

ple rule based on treatment effects alone substantially outperforms the status quo. By contrast,

targeting exclusively on risk scores can perform worse than random targeting, because long-term

unemployment risk and treatment effects are strongly negatively correlated: those with the lowest

predicted job-finding probability are precisely the individuals with the smallest returns to interven-

tion, so that risk-score targeting systematically directs resources away from those who would benefit

most. The framework also sheds light on the optimal timing of intervention. Although the return

to treating the average surviving job seeker rises over the unemployment spell, delaying treatment

means losing the opportunity to reach high-return job seekers who exit in the meantime. This har-

vesting motive favors earlier intervention, and in our calibrated model most targeted job seekers

are optimally treated early in the spell. Employment agencies should therefore invest in identifying

responsive individuals early in the spell, when the scope for welfare-improving targeting is greatest.

More broadly, our results highlight a general principle that extends beyond unemployment policy:

in settings where individual responsiveness to treatment is heterogeneous and negatively correlated

with baseline need, targeting based on risk alone can be counterproductive. This consideration

may be particularly important for more intensive and costly active labor market programs, where

treatment effects are likely to be highly heterogeneous and the gains from improved targeting cor-

respondingly large. Understanding how best to predict and exploit this heterogeneity remains an

important question for future research.
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Appendix

A Proofs of Propositions

Proof of Proposition 1.

Proof. Step 1: The agency’s problem. The agency operates under a fixed budget B̄. Given a

per-period targeting cost c, it can treat B̄/c individuals for one period and for one period only.

Abstracting from distortionary taxation and the optimal overall size of the program, the agency

allocates treatment across unemployed individuals to minimize the expected welfare losses associated

with unemployment:

min
T

∫ ∫
LT (π, τ)g(π, τ)dπdτ (A1)

s.t. B̄ ≥
∫ ∫

BT (π, τ)g(π, τ)dπdτ,

where LT (π, τ) and BT (π, τ) are the type-level expected utility loss and budgetary cost defined

in Section 2. Utility-loss levels u may differ across types and are observable, so that policies may

condition on u; we make this dependence explicit in continuation losses, returns, the optimal tar-

geting duration, and the treatment rule below, while leaving the u-dimension implicit in the type

distribution g(π, τ) and in the full-spell objects (the budgetary cost BT does not depend on u).

Step 2: Reformulation in terms of treatment indicators. A policy that treats each type at most

once, for one period, is described by indicators Td(π, τ) ∈ {0, 1} with
∑D̄

d=0 Td(π, τ) ≤ 1, where D̄ is

the maximum duration of unemployment after which no further treatment is allowed. Treatment at

duration d leaves survival up to d unaffected (no treatment occurs before d) and changes outcomes

only for the Sd(π, τ) survivors: losses incurred before d are policy-invariant, and the loss from d

onward changes from Ld(π, u) to LT
d (π, τ, u), where L

T
d (π, τ, u) and Ld(π, u) denote the continuation

losses from period d onward with and without treatment. Hence

LT (π, τ) = L(π) +

D̄∑
d=0

Td(π, τ)Sd(π, τ)
(
LT
d (π, τ, u)−Ld(π, u)

)
, BT (π, τ) =

D̄∑
d=0

c Td(π, τ)Sd(π, τ),

since the treatment cost c is incurred at duration d only for those still unemployed at d. Substituting

into (A1) and dropping the policy-invariant baseline loss
∫ ∫

L(π)g(π, τ) dπ dτ from the objective,
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the problem becomes

min
{Td}

D̄∑
d=0

∫ ∫
Td(π, τ)Sd(π, τ)(L

T
d (π, τ, u)− Ld(π, u))g(π, τ)dπdτ (A2)

s.t. B̄ ≥
D̄∑

d=0

∫ ∫
c Td(π, τ)Sd(π, τ)g(π, τ)dπdτ,

Td(π, τ) ∈ {0, 1},
D̄∑

d=0

Td(π, τ) ≤ 1.

In this notation, the return to targeting defined in equation (4) satisfies−cRT
d (π, τ, u) = LT

d (π, τ, u)−
Ld(π, u).

Step 3: Lagrangian and separation by type. Attach a multiplier λ ≥ 0 to the budget constraint. The

contribution of treating type (π, τ) at duration d to the Lagrangian is

Sd(π, τ) g(π, τ)
[(
LT
d (π, τ, u)− Ld(π, u)

)
+ λc

]
= − c Sd(π, τ) g(π, τ)

[
RT

d (π, τ, u)− λ
]
. (A3)

The agency minimizes the Lagrangian, so each treated cell should make (A3) as negative as possible.

Because the Lagrangian is an integral of terms that are separable across types, and the exclusivity

constraint allows at most one nonzero indicator per type, the problem separates: for each type (π, τ)

the agency solves

max
d

Sd(π, τ)
[
RT

d (π, τ, u)− λ
]︸ ︷︷ ︸

net welfare gain per cost, weighted by survival

, (A4)

treating at the maximizing duration if the maximized value is positive, and leaving the type untreated

otherwise. The per-survivor return RT
d governs whether a cell is worth treating relative to the shadow

cost λ, but the survival rate Sd(π, τ) governs how many individuals that treatment reaches and hence

how much aggregate welfare the cell delivers: it is not enough for the return to be high if almost no

one survives to that duration to receive treatment. The optimal targeting duration therefore solves

d⋆(π, τ, u;λ) ∈ argmax
d

Sd(π, τ)
[
RT

d (π, τ, u)− λ
]
, (A5)

trading off the survival rate, declining in d, against the net return RT
d − λ, which may rise in d as

the surviving unemployed become more disadvantaged. Since Sd⋆(π, τ) > 0, the maximized value in

(A4) is positive if and only if the return at the optimal duration exceeds the multiplier:

Sd⋆(π, τ)
[
RT

d⋆(π, τ, u)− λ
]
> 0 ⇐⇒ RT

d⋆(π, τ, u) > λ. (A6)

Step 4: Existence of the threshold and budget clearing. Let E(λ) denote the expenditure induced by

the policy just described,

E(λ) ≡
∫ ∫

c Sd⋆(π,τ,u;λ)(π, τ)1
{
RT

d⋆(π, τ, u) > λ
}
g(π, τ) dπ dτ. (A7)
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E(λ) is nonincreasing in λ for two reasons. First, the treated set shrinks: the maximized value in

(A4) is decreasing in λ for every type, so any type left untreated at λ remains untreated at λ′ > λ.

Second, each treated type weakly delays treatment: for λ′ > λ, optimality of d⋆(λ) at λ and of

d⋆(λ′) at λ′ implies

Sd⋆(λ)

[
RT

d⋆(λ) − λ
]
≥ Sd⋆(λ′)

[
RT

d⋆(λ′) − λ
]

and Sd⋆(λ′)

[
RT

d⋆(λ′) − λ′] ≥ Sd⋆(λ)

[
RT

d⋆(λ) − λ′];
adding the two inequalities yields (λ′ − λ)

[
Sd⋆(λ) − Sd⋆(λ′)

]
≥ 0, so Sd⋆(π,τ,u;λ) is nonincreasing in λ

and each treated type’s cost c Sd⋆ weakly falls. Moreover, E(0) is the expenditure of the λ = 0 policy,

which treats every type whose return is positive at some duration. Note that no sign restriction on

returns is required: types whose return is nonpositive at every duration fail the criterion in (A6)

for any λ ≥ 0 and simply remain untreated. Finally, E(λ) = 0 for λ above the highest return.

If B̄ ≥ E(0), the budget constraint is slack and the policy with λ⋆ = 0 is optimal. Otherwise,

continuity of g(π, τ) ensures that the set of types indifferent between treatment durations or exactly

at the threshold has measure zero, so E(λ) is continuous, and there exists λ⋆ > 0 such that the

budget binds, E(λ⋆) = B̄. The same measure-zero property implies that the ≥ and > cases in the

treatment rule coincide, so the threshold R̄ = λ⋆ is well-defined.

Step 5: Global optimality. Let T ⋆ denote the policy constructed above, which minimizes the La-

grangian pointwise at λ⋆ and exhausts the budget (complementary slackness: λ⋆
[
E(λ⋆)− B̄

]
= 0).

For any feasible policy T , writing V (T ) for the objective and C(T ) for the expenditure in (A2),

V (T ⋆) = V (T ⋆) + λ⋆
[
C(T ⋆)− B̄

]
≤ V (T ) + λ⋆

[
C(T )− B̄

]
≤ V (T ),

where the first inequality holds because T ⋆ minimizes the Lagrangian and the second because T is

feasible (C(T ) ≤ B̄) and λ⋆ ≥ 0. Hence T ⋆ is optimal, establishing parts (i) and (ii) with R̄ = λ⋆:

for each type, the agency selects the single targeting duration that maximizes the survival-weighted

net return (A5) — the survival rate enters because the budget is spent on, and welfare accrues to,

only those who remain unemployed at the treated duration — and it treats those types whose return

at their optimal duration exceeds R̄, the return forgone on the marginal treated type.

Step 6: Simplification. Suppose σεπ = σετ = σεu = 0, and write πd ≡ π θπ,d and τd ≡ τ θτ,d for

the baseline job-finding probability and the treatment effect at duration d. Continuation losses then

satisfy the recursions

Ld(π, u) = ud + (1− πd)Ld+1(π, u), LT
d (π, τ, u) = ud + (1− πd − τd)Ld+1(π, u),

since a one-period treatment at d raises the exit hazard at d by τd and leaves hazards from

d + 1 onward unchanged. Subtracting, Ld(π, u) − LT
d (π, τ, u) = τd Ld+1(π, u) exactly, so RT

d =

(τd/c)Ld+1(π, u). With θπ,d = θu,d = 1 for all d, the continuation loss is stationary and solves

L = u + (1 − π)L, i.e., Ld+1(π, u) = u/π for all d; with θτ,d = 1 the treatment effect is constant,

τd = τ . Hence

RT
d (π, τ, u) =

u

c
· τ
π

for all d,
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and the threshold rule in part (i) reduces to a threshold rule in u τ/π, and in τ/π when utility

losses are identical across types. Since RT
d − R̄ is then constant in d while Sd(π) = (1 − π)d is

strictly decreasing, the survival-weighted excess return of every treated type is uniquely maximized

at d⋆ = 0: with returns constant over the spell, delaying treatment only shrinks the group that can

be reached.

Proof of proposition 2. The proof of Proposition 2 proceeds in two steps. We first establish the

result in the absence of heterogeneity, where the argument is straightforward. We then turn to the

case with unobserved heterogeneity, which is considerably more involved.

Proof of proposition 2 without unobserved heterogeneity.

Proof. Suppose σεπ = σετ = σεu = 0, so that πd = π θdπ, τd = τ θdτ , and ud = u θdu, and survivor

averages coincide with individual characteristics. As in Step 6 of the proof of Proposition 1, a

one-period treatment at duration d raises the exit hazard at d by τd and leaves hazards from d+ 1

onward unchanged, so the return is exactly

RT
d =

τd
c
Ld+1(π, u), Ld+1(π, u) =

∞∑
δ=d+1

u θδu

δ−1∏
j=d+1

(
1− π θjπ

)
,

where Ld+1 is the continuation loss from period d+ 1 onward, linear in u.

Part (i). At θπ = θu = 1 the continuation loss equals the per-period loss times the expected

remaining duration of a constant-hazard spell, Ld+1(π, u) = u
∑∞

k=0(1− π)k = u/π, so that

RT
d =

τ θdτ
c

· u
π

and
RT

d (π
′, τ ′, u′)

RT
d (π, τ, u)

=
τ ′ u′/π′

τ u/π
,

since the factor θdτ/c is common to both types. Log-linearizing yields part (i) with individual

characteristics: because the factors θdπ, θ
d
τ , and θdu are common to both types at the same duration,

relative differences in (πd, τd, ud) coincide with relative differences in (π, τ, u). Away from θπ =

θu = 1, the ratio of continuation losses across types varies smoothly with (θπ, θu), adding type-

specific corrections of order (θπ − 1) and (θu − 1), consistent with the neighborhood qualifier in the

proposition.

Part (ii). Shifting the summation index by one period yields an exact self-similarity of the continu-

ation loss:

Ld+2(π, u) =
∞∑

δ=d+1

u θδ+1
u

δ−1∏
j=d+1

(
1− (θππ) θ

j
π

)
= θu Ld+1(θππ, u) :

one period further into the spell, the remaining problem is identical except that utility losses are

scaled by θu and the entire hazard path is scaled by θπ. Hence, exactly,

RT
d+1

RT
d

= θτ · Ld+2(π, u)

Ld+1(π, u)
= θτ θu

Ld+1(θππ, u)

Ld+1(π, u)
.
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To first order in (θπ − 1), the last factor is governed by the elasticity of the continuation loss with

respect to the hazard, which equals −1 at the benchmark, where Ld+1 = u/π:

Ld+1(θππ, u)

Ld+1(π, u)
= 1 + (θπ − 1)

π ∂πLd+1(π, u)

Ld+1(π, u)
+O

(
(θπ − 1)2

)
≈ 2− θπ.

Therefore
RT

d+1

RT
d

≈ θτ θu (2− θπ) ≈ θτ
(
1 + θu − θπ

)
,

where the last step drops (θu − 1)(1 − θπ), second order in (θπ − 1, θu − 1). Subtracting one and

dropping the cross term (θτ − 1)(θu − θπ) yields

RT
d+1 −RT

d

RT
d

≈ (θτ − 1)− (θπ − 1) + (θu − 1) =
τd+1 − τd

τd
− πd+1 − πd

πd
+

ud+1 − ud

ud
,

which is part (ii) with individual characteristics in place of survivor averages.

Proof of proposition 2 with unobserved heterogeneity.

Proof. Write p ≡ π + επ, t ≡ τ + ετ , and w ≡ u + εu, so that Pd = p θdπ, τd = t θdτ , and ud = w θdu,

and let

Ld+1(p, w) = w ℓd+1(p), ℓd+1(p) ≡
∞∑

δ=d+1

θδu

δ−1∏
j=d+1

(
1− p θjπ

)
,

denote the individual continuation loss from period d + 1 onward, which is linear in the indi-

vidual loss level w, with ℓd+1(p) the continuation loss per unit of w. Survivor expectations are

Ed[X] ≡ E[X Sd(π, επ)]/E[Sd(π, επ)], where the expectation is over (επ, ετ , εu) and the survival

weights depend on επ only, with Vard and Covd the corresponding variance and covariance. Through-

out, “dispersion” refers to the standard deviations of (επ, ετ , εu) among survivors, and orders of

approximation are joint in (θπ−1), (θu−1), and the dispersion. Orders are understood pointwise in

d: the constants in the error terms may grow with the duration (e.g., through cd(p) defined below),

so the approximations hold for given durations rather than uniformly over the spell.

Step 1: The type-level return. Since targeting conditions only on observables, treating a type at

duration d treats all its surviving ε-realizations. A one-period treatment at d raises the individual

exit hazard at d by τd = t θdτ and leaves hazards from d + 1 onward unchanged, so it lowers the

individual continuation loss by t θdτ w ℓd+1(p). The type-level return defined in equation (4) —

with the continuation losses LT
d and Ld averaged over (επ, ετ , εu) among survivors at duration d —

therefore equals

RT
d =

θdτ E
[
t w Sd ℓd+1(p)

]
cE[Sd]

=
θdτ
c
Ed

[
t w ℓd+1(p)

]
. (A8)

Step 2: Dynamic selection. Untreated survival satisfies Sd+1 = Sd (1−Pd), so survivor expectations

5



tilt as Ed+1[X] = Ed[(1− Pd)X]/Ed[1− Pd]. Using Pd+1 = θπ Pd,

P̄d+1 = θπ
Ed[Pd(1− Pd)]

1− P̄d
= θπ

P̄d − P̄ 2
d −Vard(Pd)

1− P̄d
= θπ P̄d

[
1− Vard(Pd)

P̄d(1− P̄d)

]
,

an exact dynamic-selection identity: the observed change θ̄π,d compounds true duration dependence

(θπ) and dynamic selection (the variance term). Analogously, since τ̄d ≡ Ed[τd] = θdτ Ed[t] and

ūd ≡ Ed[ud] = θdu Ed[w], the observed changes in treatment effects and utility losses among survivors

satisfy θ̄τ,d ≡ τ̄d+1/τ̄d = θτ Ed+1[t]/Ed[t] and θ̄u,d ≡ ūd+1/ūd = θu Ed+1[w]/Ed[w].

Step 3: Expansion of the individual continuation loss. Setting k = δ − d− 1,

ℓd+1(p) =
∞∑
k=0

θd+k+1
u

k∏
j=1

(
1− θd+j

π p
)
,

which equals
∑

k(1−p)k = 1/p at θπ = θu = 1. For the θπ-derivative, the k = 0 term is independent

of θπ; for k ≥ 1, differentiating the j-th factor gives −(d + j)θd+j−1
π p, while the remaining k − 1

factors each equal (1− p) at θπ = 1 and the prefactor θd+k+1
u equals one at θu = 1. Hence

∂ℓd+1

∂θπ

∣∣∣∣
θπ=θu=1

= −p
∞∑
k=1

(1− p)k−1
k∑

j=1

(d+ j) = −
∞∑
j=1

(d+ j)(1− p)j−1 = −dp+ 1

p2
,

where the second equality swaps the order of summation and evaluates the inner geometric sum,∑∞
k=j(1− p)k−1 = (1− p)j−1/p, and the third re-indexes m = j − 1 and uses

∑∞
m=0(1− p)m = 1/p

and
∑∞

m=0 m(1− p)m = (1− p)/p2. For the θu-derivative, differentiating the prefactor θd+k+1
u gives

(d+ k + 1) at θu = 1, so

∂ℓd+1

∂θu

∣∣∣∣
θπ=θu=1

=

∞∑
k=0

(d+ k + 1)(1− p)k =
dp+ 1

p2
= −∂ℓd+1

∂θπ

∣∣∣∣
θπ=θu=1

.

Hence, to first order in (θπ − 1) and (θu − 1),

ℓd+1(p) ≈ 1

p
+ cd(p)

[
(θu − 1)− (θπ − 1)

]
, cd(p) ≡

dp+ 1

p2
, (A9)

and the key property, holding individual by individual, is that the coefficient grows by

cd+1(p)− cd(p) =
1

p

across consecutive durations.

Step 4: Part (i), returns across types. Fix a duration d and evaluate to zeroth order in (θπ − 1) and

(θu − 1), so that ℓd+1(p) = 1/p. Writing Pd = P̄d(1 + x) with Ed[x] = 0 and expanding, Ed[1/Pd] =(
1 + CV2

d

)
/P̄d + O

(
Ed[|x|3]

)
with CV2

d ≡ Vard(Pd)/P̄
2
d , so that by (A8), using 1/p = θdπ/Pd and

6



Ed[w] = ūd/θ
d
u,

RT
d =

θdτ
c
Ed[t]Ed[w]Ed[1/p]

(
1 + ρd

)
=

τ̄d ūd θ
d
π

c P̄d θdu

(
1 + CV2

d

)(
1 + ρd

)
+O

(
Ed[|x|3]

)
,

where 1+ ρd ≡ Ed[t w/p]
/(

Ed[t]Ed[w]Ed[1/p]
)
, so that ρd collects the pairwise survivor covariances

between t, w, and 1/p (second order in the dispersion) and their third cross-moment (third order).

Taking the ratio across two types at the same duration — the factor θdπ/(c θ
d
u) is common to both

—
RT

d (π
′, τ ′, u′)

RT
d (π, τ, u)

=
τ̄ ′d ū

′
d/P̄

′
d

τ̄d ūd/P̄d
·
(
1 + CV′2

d

)(
1 + ρ′d

)(
1 + CV2

d

)(
1 + ρd

) .
The survivor dispersion corrections CV2

d and ρd are second order in the dispersion and, unlike

in part (ii) below, do not difference out across types, so the second factor is 1 + O(dispersion2).

Log-linearizing the first factor yields part (i); reinstating the first-order terms in (A9) adds type-

specific corrections of order (θπ − 1) and (θu − 1), consistent with the neighborhood qualifier in the

proposition.

Step 5: Part (ii), composition channel. We first track how the survivor average of 1/p drifts across

durations. By the tilting identity and Pd/p = θdπ,

Ed+1[1/p] =
Ed[(1− Pd)/p]

1− P̄d
=

Ed[1/p]− θdπ
1− P̄d

,

so that, dividing by Ed[1/p] and using Ed[1/p] = θdπ Ed[1/Pd],

Ed+1[1/p]

Ed[1/p]
=

1−Hd

1− P̄d
, Hd ≡ 1

Ed[1/Pd]
,

exactly, where Hd is the harmonic mean of the job-finding probability among survivors. Expanding

as in Step 4, Hd = P̄d

(
1− CV2

d

)
+O

(
Ed[|x|3]

)
, so

Ed+1[1/p]

Ed[1/p]
= 1 +

Vard(Pd)

P̄d(1− P̄d)
+O

(
Ed[|x|3]

)
= 1 +

(
1− θ̄π,d

θπ

)
+O

(
Ed[|x|3]

)
,

where the last equality uses the dynamic-selection identity of Step 2: the second-order composition

effect is absorbed exactly by the observed change θ̄π,d, and the error is third order (bounded by the

third absolute moment of the survivor distribution of p).

Step 6: Part (ii), duration-dependence channel. Taking survivor expectations of (A9) at durations

d and d+ 1,

Ed[ℓd+1] ≈ Ed[1/p] + (θu − θπ)Ed[cd(p)], Ed+1[ℓd+2] ≈ Ed+1[1/p] + (θu − θπ)Ed+1[cd+1(p)],

so that, dividing,

Ed+1[ℓd+2]

Ed[ℓd+1]
≈ Ed+1[1/p]

Ed[1/p]

[
1 + (θu − θπ)

(
Ed+1[cd+1(p)]

Ed+1[1/p]
− Ed[cd(p)]

Ed[1/p]

)]
.
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Since cd(p) = d/p + 1/p2, the coefficient ratio equals d + Ed[1/p
2]/Ed[1/p], so its change across

consecutive durations is

1 +

(
Ed+1[1/p

2]

Ed+1[1/p]
− Ed[1/p

2]

Ed[1/p]

)
= 1 +O(dispersion2) :

the d-dependent terms cancel exactly — the survivor-average counterpart of cd+1(p)−cd(p) = 1/p —

and the survivor drift of E[1/p2]/E[1/p] is second order in the dispersion, since tilting shifts survivor

moments by covariance terms. Combining with Step 5 and dropping products of a second-order

dispersion term with (θu − θπ) — third order jointly —

Ed+1[ℓd+2]

Ed[ℓd+1]
≈ 1 +

(
1− θ̄π,d

θπ

)
+ (θu − θπ) ≈ 1 + θu − θ̄π,d,

where the last step replaces 1− θ̄π,d/θπ by θπ − θ̄π,d, adding (θπ − θ̄π,d)(θπ − 1)/θπ — second order

in the dispersion times first order in (θπ − 1), hence third order jointly. Finally, the expansion (A9)

itself carries a Taylor remainder that is second order in (θπ − 1, θu − 1), and unlike the first-order

coefficients, whose duration-differences cancel to 1/p, its coefficients do not cancel across consecutive

durations. The resulting deterministic error is second order in (θπ − 1, θu − 1) and proportional to

(θπ − 1): it vanishes identically at θπ = 1, where ℓd+1(p) = θd+1
u /(1 − θu(1 − p)) and the ratio

equals θu exactly (see the Remark below); a direct second-order expansion shows it is of order

(θπ − 1)(θπ − θu). Hence all error terms involving the unobserved heterogeneity are third order

jointly, while the deterministic error is second order in (θπ − 1, θu − 1).

Step 7: Part (ii), heterogeneity in treatment effects and utility losses. Write

Ed[t w ℓd+1] = Ed[t]Ed[w]Ed[ℓd+1] + Ed[ℓd+1] Covd(t, w) + Ed[w] Covd(t, ℓd+1)

+ Ed[t] Covd(w, ℓd+1) + µ3,d,

where µ3,d denotes the third central cross-moment of (t, w, ℓd+1). Relative to the product of the

means, the covariance terms are second order in the dispersion and µ3,d is third order. The changes of

the covariance terms across consecutive durations are third order jointly through two channels: tilting

the survivor measure changes a covariance by third central moments of the survivor distribution,

while the shift of the function from ℓd+1 to ℓd+2 changes it by a covariance with ℓd+2 − ℓd+1, which

is second order in the dispersion times first order in the θ-deviations, since ℓd+2(p) − ℓd+1(p) ≈
(θu − θπ)/p by (A9). Hence the covariance corrections cancel from the ratio to the stated order.

Using (A8), θ̄τ,d = θτ Ed+1[t]/Ed[t] and θ̄u,d = θu Ed+1[w]/Ed[w] from Step 2, and Step 6,

RT
d+1

RT
d

= θτ · Ed+1[t w ℓd+2]

Ed[t w ℓd+1]
≈ θτ · Ed+1[t]

Ed[t]
· Ed+1[w]

Ed[w]
· Ed+1[ℓd+2]

Ed[ℓd+1]

≈ θ̄τ,d ·
θ̄u,d
θu

(
1 + θu − θ̄π,d

)
≈ θ̄τ,d

(
1 + θ̄u,d − θ̄π,d

)
,

which is exact in θτ . The last approximation replaces (θ̄u,d/θu)
(
1+ θu − θ̄π,d

)
by 1+ θ̄u,d − θ̄π,d, an

error of
(
θ̄u,d/θu− 1

)(
1− θ̄π,d

)
: by the tilting identity, θ̄u,d/θu− 1 = −Covd(w,Pd)/

(
Ed[w](1− P̄d)

)
8



is second order in the dispersion, while 1 − θ̄π,d is first order in (θπ − 1) plus second order in the

dispersion, so the error is third order jointly. As with treatment effects, the survivor drift of utility

losses is thus absorbed by the observed change θ̄u,d rather than adding to the approximation error.

Subtracting one and dropping the cross term (θ̄τ,d − 1)(θ̄u,d − θ̄π,d) — second order only for θτ close

to one, so that the difference form additionally requires θτ near one — yields

RT
d+1 −RT

d

RT
d

≈
(
θ̄τ,d − 1

)
−

(
θ̄π,d − 1

)
+
(
θ̄u,d − 1

)
,

which is part (ii), since each term is the proportional change of the corresponding survivor average

across consecutive durations, e.g., θ̄τ,d − 1 =
(
Ed+1[τd+1]− Ed[τd]

)
/Ed[τd].

Step 8: Nesting. Without unobserved heterogeneity the survivor distribution is degenerate, so

P̄d = πd, τ̄d = τd, ūd = ud, θ̄π,d = θπ, θ̄τ,d = θτ , θ̄u,d = θu, all dispersion terms vanish, and parts (i)

and (ii) reduce to their deterministic counterparts. If ετ and εu are mean-independent of επ, then

Ed[t] = E[t] and Ed[w] = E[w] = u do not vary with d, since the survival weights depend on επ only,

so θ̄τ,d = θτ and θ̄u,d = θu; in this case Ed[ud] = u θdu, recovering the formulation in which utility

losses vary only observably.

Remark. When θπ = 1, the continuation loss has the closed form Ld+1(p, w) = w θd+1
u

/(
1−θu(1−p)

)
,

so that the type-level return is, exactly,

RT
d =

θd+1
u θdτ
c

Ed

[
t w

1− θu(1− p)

]
:

at the individual level, the return to treatment is proportional to t w
/(

1− θu(1− p)
)
, the treatment

effect times the utility-loss level, scaled by the inverse of the effective exit rate from the loss-weighted

spell. If in addition the product t w is mean-independent of επ — as when (ετ , εu) is independent of

επ — an exact version of part (ii) follows: defining the generalized harmonic mean H̃d ≡ 1
/
Ed

[(
1−

θu(1− p)
)−1]

, we have RT
d+1/R

T
d = θτ θu H̃d/H̃d+1 exactly, for any distribution of επ; at θu = 1, H̃d

reduces to the harmonic-mean job-finding probability among survivors, 1/Ed[1/Pd]. The arithmetic-

mean statement in part (ii) approximates this exact statistic and is the empirically more convenient

version.
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B Data

B.1 Caseworker Assignment

Table B1: Caseworker Assignment

N Share

Full sample 149,629 1.00

Inbound call in weeks 1–3 25,808 0.17

Assigned to caseworker 11,894 0.08

Caseworker contact 10,811 0.07

Inbound call in weeks 4–5 30,764 0.21

Self-reliant 19,284 0.13

Assigned to caseworker 11,480 0.08

Caseworker contact 9,861 0.07

Considered for outbound call at 5 weeks 44,709 0.30

Prediction > 65% 13,406 0.09

Prediction < 65% 31,303 0.21

Calls in weeks 6–17 27,681 0.18

Self-reliant 8,628 0.06

Assigned to caseworker 15,544 0.10

Caseworker contact 13,004 0.09

Considered for call at 5 weeks & not assigned to caseworker by week 18 11,783 0.08

Calls in weeks 18–31 7,130 0.05

Self-reliant 2,160 0.01

Assigned to caseworker 4,265 0.03

Caseworker contact 3,405 0.02

Note: This table reports the number and share of unemployment spells for new unemployment spells occurring
between 3 October 2020 and 9 September 2022. Individuals immediately reassigned to a caseworker from a
previous spell, aged 60 and older 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 3 weeks. The sample
for “Considered for outbound call at 5 weeks” excludes job seekers who exited unemployment within 5 weeks,
those who were assigned to a caseworker in weeks 1–3, those who made an inbound call in weeks 4–5 and those
who were assigned to a caseworker through another mechanism. “Calls in weeks 6–17” includes both inbound
and outbound calls. “Caseworker contact” refers to any contact with a caseworker at a regional office by week
17 or, for the last row, in weeks 18–31. “Considered for call at 5 weeks & not assigned to caseworker by week
18” also excludes job seekers who have exited unemployment by week 18. Note, differences arising between
this table and Table 1 of Ernst et al. [2024] are due to job seekers younger than 26 and job seekers without a
recorded risk score from the first week of unemployment being included in this table as well as due to the use
of more comprehensive data on calls with the service line.
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B.2 Descriptive Statistics

Table B2: Descriptive Statistics

Full Sample Baseline RD Het. RD Dyn. RD

Share female 0.46 0.45 0.40 0.44

Share of Belgian origin 0.67 0.73 0.58 0.69

Share tertiary educated 0.25 0.26 0.14 0.23

Mean age 34.7 30.6 35.1 31.2

Share with very good Dutch ability 0.70 0.80 0.64 0.78

Mean previous unemployment duration 255 195 370 213

Mean days unemployed in last 5 years 342 218 711 250

Mean pred. job-finding rate (week 1) 0.615 0.637 0.619 0.625

N 781,944 78,675 130,981 38,209

Note: This table reports descriptive statistics for our full sample of unemployment spells starting between 1
September 2018 and 30 November 2022, as well as the estimation samples used for the three empirical strategies.
“Mean previous unemployment duration” refers to the mean duration of a job seeker’s previous unemployment
spells, counting at most the last five spells.
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B.3 Unemployment Dynamics
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Figure B1: Unemployment Dynamics

Note: Panel (a) plots the proportion of job seekers remaining in unemployment at each duration from 0–52 weeks.
Panel (b) plots the proportion of job seekers exiting unemployment each week, conditional on having been unemployed
at the start of that week. The sample includes new unemployment spells beginning between 1 September 2018 and
30 November 2022 and is restricted to job seekers below the age of 60.
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B.4 Risk Score Accuracy

Intercept = 0.042 (0.002)
Slope = 0.984 (0.003)
R-squared = 0.105
Covariance = 0.025
N = 609,409
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(a) At 1 Week

Intercept = -0.028 (0.003)
Slope = 1.014 (0.005)
R-squared = 0.102
Covariance = 0.025
N = 275,574
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(b) At 3 Months

Intercept = -0.009 (0.003)
Slope = 0.961 (0.008)
R-squared = 0.078
Covariance = 0.019
N = 146,550
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(c) At 6 Months

Intercept = 0.001 (0.004)
Slope = 0.974 (0.014)
R-squared = 0.071
Covariance = 0.015
N =  61,561
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(d) At 12 Months

Figure B2: Employment Predictions vs. Outcomes

Note: This figure shows binned scatter plots comparing predicted 6-month job-finding rates and empirical 6-month
job-finding rates.

13



B.5 Program Statistics

Table B3: Program Statistics

Duration Mean

unemployed Program predicted

at start length job-finding

Category Subcategory Share (median days) (median days) rate

Full sample 1.00 0.59

Job search
information

Information 0.14 111 0 0.57

Screening 0.08 125 0 0.56

Advice 0.06 295 0 0.51

Job search
orientation

Orientation 0.05 160 53 0.54

Training 0.06 241 21 0.52

Coaching 0.01 263 176 0.51

Job search
reorientation

Coaching 0.06 246 138 0.51

Outplacement 0.01 47 329 0.53

Career guidance 0.00 25 20 0.63

Examination (e.g.,
disability check) 0.14 216 0 0.53

Training

General 0.09 190 66 0.46

Vocational 0.20 216 64 0.57

Language 0.04 208 46 0.47

Online 0.18 151 1 0.57

Formal education 0.00 76 281 0.40

District works 0.01 352 193 0.46

Other 0.09 222 170 0.51

Job application
requirement 0.27 168 0 0.55

Job application
assistance

App. submitted 0.04 229 64 0.55

App. assistance 0.11 186 302 0.53

Non-VDAB
employment service 0.17 150 17 0.53

Sanctions
investigation 0.08 200 0 0.53

Other
Project line 0.01 93 0 0.53

Certification 0.00 249 98 0.55

None 0.33 0.64

Note: This table shows descriptive statistics for participation in programs for all spells starting between 1 September
2018 and 30 November 2022 for individuals below the age of 60. We report the median duration of unemployment
at which each category of program is started, the median duration of each program and the mean predicted 6-month
predicted job-finding rate of participants in each program. Note that we only observe participation in programs until
30 November 2022. For “program length,” we therefore further restrict the sample to only spells starting between 1
September 2018 and 30 November 2021.
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C Baseline RD

C.1 Baseline RD: Distribution of Risk Scores
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Figure C1: Distribution of Risk Scores

Note: This figure shows the frequency distribution of VDAB’s predicted 6-month job-finding rates around the cutoff
for the sample of spells used to estimate the effect of caseworkers on days worked per week. This includes spells
beginning between 1 September 2018 and 9 September 2022.
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C.2 Baseline RD: Balance Tests

This section reports how predetermined covariates vary around the baseline RD threshold. Figure C2

shows precisely estimated nulls for all available variables except tertiary education. In Figure C3, we

show that the difference in the proportion of individuals with tertiary education is spurious, caused

instead by clear nonlinearities in the relationship between the running variable and the proportion

of job seekers with tertiary education. Applying a smaller bandwidth greatly reduces the point

estimate and leaves the RD estimate statistically insignificant.
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Figure C2: Balance Test

Note: This figure plots reduced form estimates of the effect of being below the cutoff on predetermined covariates.
The same sample, controls and specification are used as in the baseline estimation. The covariates are all standardized
within the estimation sample. We display 95% confidence intervals.
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Figure C3: Tertiary Education

Note: This figure plots the proportion of job seekers with tertiary education. Panel (a) and (b) apply bandwidths
of 0.15 and 0.05, respectively. The outcome is residualized on a set of controls and added to the mean. Excluding
education, the same sample, controls and specification are used as in the baseline estimation. Standard errors, reported
in parentheses, are clustered at the individual level and are calculated using the nearest-neighbor variance estimator.
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C.3 Baseline RD: Kernel, Bandwidth and Donut
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Figure C4: Estimates by Kernel and Bandwidth

Note: This figure plots the baseline RD estimate, estimated using different kernels and bandwidths. The vertical line
represents the bandwidth used for the baseline specification. The horizontal gray line marks the baseline estimate.
Apart from bandwidth restrictions, the same sample, controls and specification are used as in the baseline estimation.
We display 95% confidence intervals for the estimated effects.
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Figure C5: Baseline RD without Donut

Note: This figure plots days worked per week in weeks 6–17 after residualizing on a set of controls. The same sample
restrictions, regression specifications and set of controls are used as in the baseline RD. Standard errors, reported in
parentheses, are clustered at the individual level and are calculated using the nearest-neighbor variance estimator.
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C.4 Baseline RD: Sample Window

The baseline RD is estimated on a sample including unemployment spells starting between 1 Septem-

ber 2018 and 9 September 2022. In Figure C6, we check robustness of the baseline RD result to

restricting this window. We first show robustness to only using risk scores from before the INOS

system was introduced in October 2020 as well as afterwards. For the pre-INOS sample, we can

only use one spell per individual as we only observed one of the risk scores used by the service line’s

outreach campaign, even if the individual had multiple spells. For the INOS sample, we observe the

risk scores used in all spells. We then also show robustness to excluding the period over which the

COVID-19 pandemic occurred. We find similar effects during the pandemic and in non-pandemic

periods.
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Figure C6: Baseline RD by Sample Window

Note: In this figure, we plot the baseline RD estimate of the effect of meeting with a caseworker on days worked per
week in weeks 6–17 subject to different sample restrictions. The INOS sample includes spells, for which the service
line recorded risk scores after the introduction of INOS, an information system for handling job seekers prior to their
assignment to a caseworker. The pre-INOS sample includes spells, for which the service line recorded risk scores prior
to the introduction of INOS. For some spells, risk scores were assigned both pre-INOS and using INOS. These spells
appear in both samples. We define the COVID-19 pandemic as occurring between March 2020, when the number of
reported cases first reached double digits in Belgium, and May 2022, after which the number of reported deaths per
day remained below 15. Apart from these sample restrictions, the same sample, regression specifications and set of
controls are used as in the baseline RD. Standard errors, reported in parentheses, are clustered at the individual level
and are calculated using the nearest-neighbor variance estimator.
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C.5 Baseline RD: Definition of Employment

Throughout the paper, we define spells in temporary work and subsidized work-and-training pro-

grams as employment if they are directly followed by employment without a return into unemploy-

ment. One could argue, however, that these forms of employment could either constitute employment

or unemployment. In Figure C7, we show that our results are mostly unaffected by the choice of

definition.
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Figure C7: Results by whether temporary and subsidized work are counted as employment

Note: Panels (a) and (b) of this figure plot days worked per week in weeks 6–17 after residualizing on a set of controls.
In panel (a), temporary work and subsidized work are never counted as employment. In panel (b), they are always
counted as employment. The same sample restrictions, regression specifications and set of controls are used as in the
baseline RD. Standard errors, reported in parentheses, are clustered at the individual level and are calculated using
the nearest-neighbor variance estimator.
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C.6 Baseline RD: Additional Outcomes
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(b) Employment Tenure
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(d) Self-Reported Job Applications

Figure C8: Other Employment Outcomes

Note: Panel (a) plots the proportion of employed job seekers after 17 weeks conditional on being unemployed after
5 weeks. Panel (b) plots the proportion of job seekers who are employed in an employment spell lasting at least
two years, conditional on entering employment in weeks 6–17. Panel (c) plots the average number of logins to the
VDAB website in weeks 6–17. Panel (d) plots the average number of job applications reported by job seekers in weeks
6–17. We residualize all outcomes on a set of controls and add the mean. The same sample restrictions, regression
specifications and set of controls are used as in the baseline RD, with one exception: panel (b) imposes an additional
sample restriction, excluding spells that began less than 2 years and 17 weeks before the end of our labor market
history observation window, 31 July 2023. Standard errors, reported in parentheses, are clustered at the individual
level and are calculated using the nearest-neighbor variance estimator.
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C.7 Baseline RD: Program Participation
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Figure C9: Effect on Program Participation (Weeks 6–17)

Note: This figure shows the reduced form effect of being below the cutoff on commencing participation in various
programs in weeks 6–17 of unemployment. The same sample, specifications and controls are used as in the baseline
regression. We report 95% confidence intervals. See Appendix B.5 for detailed statistics on various categories of
programs.
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Figure C10: Program Participation Above the Threshold (Weeks 6–17)

Note: This figure shows the right-sided intercept with the threshold, estimated using the baseline RD, where the
outcome is participation in various programs in weeks 6–17 of unemployment. The same sample, specifications and
controls are used as in the baseline regression.
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D Heterogeneity RD

D.1 Heterogeneity RD: Bunching

In Panel (a) of Figure D1, we show that there is considerable bunching in the duration between

unemployment spells. Specifically, many individuals re-enter unemployment exactly 3, 6, 9, or 12

months after the end of their previous unemployment spell. It is likely that these durations serve as

reference points for employers when structuring employment contracts.

Re-assignment to one’s previous caseworker is not, however, based on the exact number of days

since previous unemployment. Instead it is determined by whether it has been more or less than

exactly six months since one’s previous unemployment spell. Panel (b) of Figure D1 shows how the

bunching observed in the duration between spells translates into bunching in the running variable.
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Figure D1: Bunching in Duration Between Unemployment Spells

Note: Panel (a) plots the distribution of the days between unemployment spells. The vertical lines mark 3, 6, 9 and
12 months. Panel (b) plots the distribution of unemployment spell start dates relative to the day that is 6 months
and 1 day after the end of the previous unemployment spell. Both plots use a bin width of 7 days and apply the same
sample restrictions as used in the heterogeneity RD, except for those based on the running variable.

As bunching job seekers may differ from other job seekers, those bunching close to the threshold

are excluded from the estimation sample in a ‘donut’ regression discontinuity design. We apply a

novel data-driven approach to select the width of the donut. The approach involves predicting a

counterfactual density by estimating the following model by Poisson regression,

lnµj = β0 +
5∑

p=1

βp z
p
j +

6∑
d=1

ηd I{wj = d}, (D1)

where µj is the expected number of job seekers in bin j, zj is the distance between bin j and the

threshold, and I{·} is an indicator function. The first two terms give a 5th order polynomial in

the running variable. The third term captures a strong weekly pattern in the data through fixed

effects for the position of each bin within the week, wj ∈ {0, 1, . . . , 6}, defined as the remainder

when the running variable is divided by seven. We estimate the model using a bin width of 1 day

22



and excluding three weeks either side of the threshold in order to exclude the region distorted by

bunching. The counterfactual density is obtained through the predicted bin counts µ̂j .
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Figure D2: Data-driven Donut

Note: This figure plots the actual distribution of unemployment spells as well as the counterfactual distribution
estimated using equation (D1). The highlighted region (zj ∈ [−2, 5]) is the data-driven donut D where the actual
density deviates from the counterfactual density by more than 20%.

Figure D2 plots the counterfactual density µ̂j alongside the actual density around the threshold.

For each bin we define the relative deviation of the actual density from the counterfactual density,

∆j =
cj − µ̂j

µ̂j
, (D2)

where cj is the observed number of job seekers in bin j. The data-driven donut D is then defined

as the set of all bins within five weeks of the threshold whose actual density deviates from the

counterfactual by more than 20%,

D = { j : −35 ≤ zj ≤ 34 and |∆j | > 0.2 } . (D3)

As shown in Figure D2, the data-driven process selects a donut of zj ∈ [−2, 5]. This donut is

excluded from the estimation sample in the heterogeneity RD. In Appendix D.4, we show that the

results are robust to using a wide range of donuts as well as no donut.
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D.2 Heterogeneity RD: Balance Tests
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Figure D3: Balance Tests

Note: This figure plots reduced form estimates of the effect of being below the cutoff on predetermined covariates.
The covariates are all standardized within the estimation sample. “Temp. work” indicates whether an individual
had been engaged in temporary work directly before entering unemployment. Results are reported using 10-week and
20-week bandwidths. We display 95% confidence intervals.
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D.3 Heterogeneity RD: First Stage

βFS = 0.200  (0.010)̂

0

.1

.2

.3

.4

.5

.6

.7

-100 -50 0 50 100

Days relative to 6-month threshold

(a) P ∈ [0, 0.6)

βFS = 0.167  (0.011)̂

0

.1

.2

.3

.4

.5

.6

.7

-100 -50 0 50 100

Days relative to 6-month threshold

(b) P ∈ [0.6, 0.7)

βFS = 0.161  (0.011)̂

0

.1

.2

.3

.4

.5

.6

.7

-100 -50 0 50 100

Days relative to 6-month threshold

(c) P ∈ [0.7, 1]

Figure D4: Caseworker Contact (Weeks 1–4)

Note: Panels (a) to (c) plot the proportion of job seekers who have contact with a caseworker in weeks 1–4 of
unemployment for each risk group. The same sample restrictions, regression specifications and set of controls are used
as in the baseline regression. Standard errors, reported in parentheses, are clustered at the individual level and are
calculated using the nearest-neighbor variance estimator.
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D.4 Heterogeneity RD: Kernel, Bandwidth and Donut
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(b) P ∈ [0.6, 0.7)
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Figure D5: Estimates by Kernel and Bandwidth

Note: These panels plot IV estimates of the effect of a caseworker on days worked per week in weeks 1–4 since unem-
ployment, estimated using the heterogeneity RD, for different kernels and bandwidths. The vertical lines represent
the bandwidth used for the baseline specification. The horizontal gray line marks the baseline estimate. Otherwise,
the same sample restrictions, regression specifications and set of controls are used as in the baseline regression. We
display 95% confidence intervals.
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Figure D6: Estimate Robustness to Different Donuts

Note: These panels plot IV estimates of the effect of caseworkers on days worked per week estimated using the
heterogeneity RD over weeks 1-4 since the start of unemployment. Robustness is shown to 0–4 week radii. We display
95% confidence intervals. Across all donut specifications, we reject the null hypotheses that the effect is equal in the
lowest and highest risk groups with a p-value of, at most, 0.0009.
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D.5 Heterogeneity RD: Robustness to Horizon

For our baseline estimates, we restrict the observation horizon to only four weeks. We choose

this horizon, as after four weeks of unemployment, the service line begins interviewing job seekers

and assigning them to caseworkers. By restricting the observation window to only four weeks, we

therefore avoid dealing with multiple treatment waves occurring at different durations as well as

declining compliance around the 6-month threshold.

In Figure D7, however, we show that the first stage around the cutoff persists when using a much

longer horizon, 16 weeks since unemployment. Even after the first round of service line contact,

those below the 6-month threshold remain more likely to have been assigned to a caseworker. In

Figure D8, we show that this continues to have an effect on employment over the 16-week horizon.

Importantly, the effect on the high-risk group remains a rather precise zero while the effects on the

low-risk group remain the largest.
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Figure D7: Caseworker Contact (Weeks 1–16)

Note: Panels (a) to (c) plot the proportion of job seekers who have contact with a caseworker in weeks 1–16 of
unemployment for each risk group. We exclude spells beginning less than 16 weeks before 5 January 2023. Otherwise,
the same sample restrictions, regression specifications and set of controls are used as in the baseline regression.
Standard errors, reported in parentheses, are clustered at the individual level and are calculated using the nearest-
neighbor variance estimator.
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Figure D8: Days Worked per Week (Weeks 1–16)

Note: Panels (a) to (c) plot days worked per week by days relative to the threshold for each risk group. The outcome
is residualized on a set of controls and added to the mean. The window of observation is weeks 1–16 since the start
of unemployment. We exclude spells beginning less than 16 weeks before 5 January 2023. Otherwise, the same
sample restrictions, regression specifications and set of controls are used as in the baseline regression. We report 95%
confidence intervals. Standard errors, reported in parentheses, are clustered at the individual level and are calculated
using the nearest-neighbor variance estimator.
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D.6 Heterogeneity RD: By Risk Ventiles

For our baseline analysis, we divide the sample into three groups by risk score. The groups are

selected such that the medium-risk group has on average the same risk profile as the sample used in

the Baseline RD, a risk score of around 0.65.

To show, however, that the result is not dependent on how the groups are selected, in this section,

we split the sample into 20 risk score ventiles and estimate the RD for each ventile. The relationship

between treatment effects and risk scores that we document remains clearly visible.
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Figure D9: Caseworker IV Estimate by Risk Ventile

Note: Job seekers are split into 20 ventiles based on their predicted probability of finding a job within 6 months, P ,
that was predicted by the VDAB after 1 week of unemployment. The plot shows IV estimates of the effect of contact
with a caseworker on days worked per week in weeks 1–4. The same sample restrictions, regression specifications and
set of controls are used as in the baseline regression. We report 95% confidence intervals.
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D.7 Heterogeneity RD: Other Outcomes

This section reports results for alternative employment outcomes. Figure D10, shows that the het-

erogeneity in treatment effects persists when using a binary indicator of employment as an outcome.

The results reported in Figure D11 provide no strong evidence for treated job seekers being pushed

into less stable employment. As the sample size is small when conditioning on employment within

the first four weeks, we show results using both a 4-week horizon and a 16-week horizon.
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Figure D10: Employment After 4 Weeks

Note: This figure plots IV estimates of the effect of caseworkers on a binary outcome equal to 1 if a job seeker is
employed four weeks after the start of their unemployment spell. These estimates are estimated using the hetero-
geneity RD, applying the same sample restrictions, regression specifications and set of controls as used in the baseline
regression. We report 95% confidence intervals.
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Figure D11: Employment Tenure

Note: This figure plots IV estimates of the effect of caseworkers on a binary outcome equal to 1 if, four weeks after
the start of unemployment, a job seeker is employed in an employment spell lasting at least two years, conditional on
being employed at four weeks. In red, we also report estimates for a 16-week horizon. These estimates are estimated
using the heterogeneity RD, applying the same sample restrictions, regression specifications and set of controls as
used in the baseline regression. We report 95% confidence intervals.
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D.8 Heterogeneity RD: Placebo
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Figure D12: Placebo without Heterogeneity

Note: The baseline sample, used in panels (a) and (c), is restricted to job seekers who had contact with a caseworker
in their previous spell. The placebo sample, used in panel (b) and (d), is restricted to job seekers who have not had
contact with a caseworker in any spell ending less than a year before the start of the current spell. The outcome
variable in panels (a) and (b) is contact with a caseworker in weeks 1–4 of unemployment, while the outcome variable
in panels (c) and (d) is days worked per week in weeks 1–4 of unemployment. For panels (c) and (d), we residualize
the outcomes on a set of controls and add the mean. The same sample restrictions, regression specifications and
set of controls are used as in the baseline regression. Standard errors, reported in parentheses, are clustered at the
individual level and are calculated using the nearest-neighbor variance estimator.
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Figure D13: Placebo Caseworker Contact (Weeks 1–4)

Note: The placebo sample is restricted to job seekers who have not had contact with a caseworker in any spell ending
less than a year before the start of the current spell. Job seekers are then split into three groups by the probability of
finding a job within 6 months P that was predicted for them after 1 week of unemployment. Panels (a) to (c) plot the
proportion of job seekers who have contact with a caseworker in weeks 1–4 of unemployment for each risk group. The
same sample restrictions, regression specifications and set of controls are used as in the baseline regression. Standard
errors, reported in parentheses, are clustered at the individual level and are calculated using the nearest-neighbor
variance estimator.
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Figure D14: Placebo Days Worked per Week (Weeks 1–4)

Note: The sample is restricted to job seekers who have not had contact with a caseworker in any spell ending less
than a year before the start of the current spell. Job seekers are then split into three groups by the probability of
finding a job within 6 months P that was predicted for them after 1 week of unemployment. The outcome variable
is days worked per week in weeks 1–4 of unemployment. We residualize the outcome on a set of controls and add
the mean. The same sample restrictions, regression specifications and set of controls are used as in the baseline
regression. Standard errors, reported in parentheses, are clustered at the individual level and are calculated using the
nearest-neighbor variance estimator.
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D.9 Heterogeneity RD: Program Participation

-.03

-.02

-.01

0

.01

.02

.03

R
ed

uc
ed

 fo
rm

 R
D

 e
st

im
at

e

Job
search

info.

Job
search

orientation

Job
search

reorientation

Job
app.

requirement

Job
app.

assistance

Sanctions
investigation

Training Non-VDAB
empl.

service

Examination
(e.g. disability

check)

Other Any

Program type

P ∈ [0,0.6) P ∈ [0.6,0.7) P ∈ [0.7,1]

Figure D15: Effect of Being Below Threshold on Program Participation

Note: This figure plots reduced form estimates of the effect of being below the cutoff on participation in various
programs in weeks 1–4 by risk group. The same sample restrictions, regression specifications and set of controls are
used as in the heterogeneity RD. We display 95% confidence intervals for the estimated effects.
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Figure D16: Program Participation Above the Threshold

Note: This figure plots estimates of the right-sided intercept with the threshold, estimated with the heterogeneity
RD and using participation in various programs as the outcome (see Figure D15). The same sample restrictions,
regression specifications and set of controls are used as in the heterogeneity RD. We display 95% confidence intervals
for the estimated effects.
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D.10 Comparing CATEs to RD Estimates

In this section, we explore why the heterogeneity in the estimated CATEs differs from the hetero-

geneity RD estimates. In particular, while the estimated treatment effect is close to zero for the

high-risk group, the average estimated CATE for that group is 0.51.

In Figure D17, we show that this is primarily due to the simplifications made in order to estimate

the CATEs in an RD context. Instead of allowing for a trend in the running variable, let alone

differential trends for different risk groups, we simply apply a binary indicator for being below

the cutoff as an instrument for treatment when estimating the CATEs. While we do reduce the

bandwidth to 10 weeks either side of the threshold, the absence of a running variable nevertheless

appears to affect the estimates.
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P≥0.7
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Effect of CW on days worked per week (baseline)
... reduced bandwidth (10 weeks)
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... and no spline
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Figure D17: CATEs vs. RD Estimates

Note: For each risk group, this figure compares the estimated CATEs to the treatment effects estimated in the
heterogeneity RD of the effect of a caseworker on days worked per week within four weeks of unemployment. For the
second set of estimates, the bandwidth is reduced from 20 to 10 weeks. For the third set of estimates, the running
variable and controls are no longer interacted with risk group. For the final set of RD estimates, the running variable
is dropped from the regression model, such that we solely use a binary indicator of being below the threshold as an
instrument for treatment. The final estimate is the mean estimated CATE in each risk group.
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D.11 Variable Importance

Table D1: Variable Importance in Instrumental Forest

Variable Baseline No risk score

Risk score on day 8 0.375

Age 0.190 0.113

Days unemployed in last 5 years 0.064 0.123

Education 0.053 0.074

Days unemployed in last 3 years 0.052 0.105

Average previous unemployment duration 0.050 0.132

Occupational employability index 0.048 0.109

Dutch ability 0.047 0.054

Quarter & year 0.047 0.075

Previous spell logins (weeks 1-4) 0.041 0.085

Arrondissement: Turnhout 0.015 0.037

Origin: not EU, UK, Turkey or Morocco 0.014 0.037

Note: This table reports variable importance of variables used in the instrumental forest. Variable importance is a
depth-weighted measure of how often the forest splits on a variable. The first column reports variable importance from
the baseline instrumental forest. In the second column, risk score is excluded from the set inputs used to estimate the
forest. We only report variables used in the final model. An initial instrumental forest is estimated using a larger set of
factors. The final instrumental forest is then estimated using only those factors with above mean variable importance
in the initial model. The low-employment occupation index is calculated in two steps. First, for each occupation, the
average 3-month job-finding rate among individuals who list that occupation as a “preferred occupation” is calculated.
Then, for each individual, the average is taken of the first step averages of that individual’s preferred occupations.
Average previous spell duration is the mean duration of previous unemployment spells, counting at most five.
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D.12 Descriptive Statistics by Risk Score and CATE

Table D2: Descriptive Statistics by Quadrant

P < Pmed P ≥ Pmed

τ̂ ≥ τ̂med τ̂ < τ̂med τ̂ ≥ τ̂med τ̂ < τ̂med

Female 34% 45% 34% 45%
Age ≤ 25 16% 24% 20% 44%
Age 26–44 47% 57% 52% 51%
Age 45+ 37% 19% 28% 5%
Belgian-origin 49% 51% 56% 75%
Tertiary education 11% 16% 13% 17%
Advanced Dutch proficiency 55% 61% 60% 85%
Work disability 12% 11% 9% 8%
Low-employment occupation 22% 36% 22% 26%
Mean duration of prev. spells 402 363 239 158

N 8,342 16,320 16,321 8,342

Note: The sample used to estimate the causal forest is divided into quadrants based on the median risk score and
the median CATE. This table reports statistics for each quadrant. “Low-employment occupation” refers to the
proportion with an occupational employability index in the lowest quartile. The occupational employability index is
calculated in two steps. First, for each occupation, the average 3-month job-finding rate among individuals who list
that occupation as a “preferred occupation” is calculated. Then, for each individual, the average is taken of the first
step averages of that individual’s preferred occupations. “Mean duration of prev. spells” is the mean duration of
previous unemployment spells, counting at most five.
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E Dynamics RD

E.1 Dynamics RD: RD Plot
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(a) Contact with the Service Line
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(b) First Contact with a Caseworker

Figure E1: First Stage (Weeks 20–31)

Note: These plots show the proportion of job seekers with contact with the service line or a caseworker in weeks 20–31.
The sample is restricted to job seekers for whom the service line receives a risk score after 5 weeks of unemployment,
who go on to complete at least 19 weeks of unemployment and who begin unemployment at least 31 weeks before 5
January 2023. Otherwise, the same sample restrictions, regression specifications and set of controls are used as in the
baseline RD. Standard errors, reported in parentheses, are clustered at the individual level and are calculated using
the nearest-neighbor variance estimator.
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Figure E2: Days Worked per Week (Weeks 20–31)

Note: This figure plots days worked per week in weeks 20–31 of unemployment. The outcome is residualized on a
set of controls and added to the mean. The sample is restricted to job seekers for whom the service line receives
a risk score after 5 weeks of unemployment, who go on to complete at least 19 weeks of unemployment and who
begin unemployment at least 31 weeks before 5 January 2023. Otherwise, the same sample restrictions, regression
specifications and set of controls are used as in the baseline regression. Standard errors, reported in parentheses, are
clustered at the individual level and are calculated using the nearest-neighbor variance estimator.

40



E.2 Dynamics RD: Kernel and Bandwidth
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Figure E3: Estimates by Kernel and Bandwidth

Note: This figure plots IV estimates of the effect of caseworkers on days worked per week over weeks 20–31 of
unemployment estimated using the dynamics RD with different kernels and bandwidths. The vertical line represents
the bandwidth used for our baseline specification. The horizontal gray line marks our baseline estimate. Aside from
kernel and bandwidth, the same sample restrictions, regression specifications and set of controls are used as in the
baseline regression. We display 95% confidence intervals for the estimated effects.
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E.3 Baseline and Dynamics RDs: Alternative Horizons
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Figure E4: Estimates by Horizon

Note: This figure plots IV estimates of the effect of a caseworker on days worked per week estimated using the baseline
RD and the dynamics RD. The effects are estimated over three horizons: 4 weeks, 8 weeks and 12 weeks (the baseline).
We restrict the estimation sample uniformly for all estimates to spells starting between 1 September 2018 and 2 June
2022. Otherwise, the same sample, specifications and control variables are used as for the baseline estimates. We
display 95% confidence intervals for the estimated effects.
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E.4 Dynamics RD: Balance Tests
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Figure E5: Balance Test

Note: This figure shows RD estimates of the effect of being below the cutoff on days worked per week alongside a set
of pre-determined covariates. All outcomes are standardized. The same sample restrictions, regression specifications
and set of controls are used as in the baseline dynamics RD regression. We show estimates using three bandwidth
sizes and plot 95% confidence intervals.
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(a) Full Sample
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(b) Untreated at Week 20

Figure E6: Balance Test (CATEs)

Note: This figure plots predicted CATE by risk score and reports RD estimates for the effect of being below the
cutoff. The same sample restrictions, regression specifications and set of controls are used as in the baseline dynamics
RD regression, with two exceptions. First, a bandwidth of 0.05 is used rather than the baseline of 0.15, due to clear
nonlinearities in the relationship between risk scores and CATEs. Second, in panel (b), the sample is restricted to
individuals who did not meet with a caseworker in the first 19 weeks. Standard errors, reported in parentheses, are
clustered at the individual level and are calculated using the nearest-neighbor variance estimator.
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E.5 Dynamics RD: Program Participation
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Figure E7: Effect on Program Participation (Weeks 20–31)

Note: This figure shows the reduced form effect of being above the cutoff on commencing participation in various
programs in weeks 20–31 of unemployment. The same sample, specifications and controls are used as in the dynamics
RD. We report 95% confidence intervals.
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Figure E8: Program Participation Below the Threshold (Weeks 20–31)

Note: This figure shows the left-sided intercept with the threshold, estimated using the dynamics RD, where the
outcome is participation in various programs in weeks 20–31 of unemployment. The same sample, specifications and
controls are used as in the dynamics RD. We report 95% confidence intervals.
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F Calibration and Counterfactual Analysis

F.1 Additional Figures and Tables
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Figure F1: Distribution of π and τ and Duration Dependence in Job Finding in Calibrated Model

Notes: The histograms show the distributions of the 200,000 individuals sampled for our model calibration.
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Table F1: Shapley Decomposition of the Variance of the Targeting Index τ/π

Var(τ/π) 0.0305
Vτ = Var(τ · E[1/π]) 0.0223
Vπ = Var(E[τ ] · (1/π)) 0.0028

φτ 0.0250
φπ 0.0055

Share φτ 0.821
Share φπ 0.179

Notes: Based on model simulations with 200,000
individuals from the baseline calibration, using raw
treatment effects (no floor or sample restriction). π is
the one-month job-finding probability at the start of
the unemployment spell absent treatment (observed
part), and τ is the treatment effect of the observed
type: the increase in the one-month job-finding prob-
ability in the month of treatment, with treatment at
the start of the spell. Vτ fixes 1/π at its mean so
that only τ varies, and Vπ fixes τ at its mean so that
only π varies. The Shapley contributions φτ = (Vτ +
Var(τ/π)− Vπ)/2 and φπ = (Vπ +Var(τ/π)− Vτ )/2
sum exactly to Var(τ/π); the Share rows divide them
by Var(τ/π).
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Figure F2: Treatment Effects by Decile of P Distribution, RD Estimates vs. Model

Note: The outcome variable for the RD estimates is the probability of working within the next four weeks.
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(a) Random Targeting at d vs. Random at d = 0
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(b) Targeting at d vs. d = 0, By Type

Figure F3: Welfare Gains of Targeting, By Duration

Note: Panel (a) plots the welfare gains from random targeting of surviving job seekers at duration d, relative to
random targeting at d = 0. Panel (b) plots the welfare gains from targeting a given type at duration d, relative
to targeting the same type at d = 0, for four types defined by combinations of high and low values of the baseline
job-finding probability π and the treatment effect τ . High and low values correspond to the 75th and 25th percentiles
of the respective calibrated distributions.
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F.2 Algorithmic Bias

To assess algorithmic bias and its effect on the correlation between risk scores (P ) and treatment

effects (τ), we use the treatment effects of our IV estimates and treat 53% of the sample. For this

exercise, we assume that the observed risk score (P ) incorporates treatment effects. We then infer

the underlying baseline job-finding probability π and construct a counterfactual risk score (R̃S) as

the 6-month job-finding probability in the absence of treatment.

Table F2 and Figures F4 and F5 report the simulation results. In Panel A of the table and in

Figure F4, treatment occurs in period 2 of the unemployment spell, and we report various moments

for the baseline risk score P and the treatment-exclusive risk score P̃ . The last two columns of

the table are the most relevant: they report the bivariate regression coefficient of τ on the risk

score, which is the moment to which we calibrate the model. The results confirm the presence of a

bias: the coefficient falls from 0.53 when using P to 0.43 when using P̃ . A similar bias arises in a

version of the model with no correlation between the observed risk score and the treatment effects.

The binned scatter plots in Figure F4 illustrate these patterns and show that, despite the bias, the

positive relationship between the counterfactual risk score and the treatment effect remains strong

in the baseline calibration.

Panel B of the table and Figure F5 confirm that these patterns are robust to treating individuals

with P < 0.65 in month 2 and those with P ≥ 0.65 in month 5, as in the Belgian policy. The results

are very similar to those in Panel A and Figure F4.

Table F2: Algorithmic Bias Based on Model Simulations

Cov(P, τ) Cov(P̃ , τ) Var(P ) Var(P̃ ) Var(τ) Cov(P,τ)
Var(P )

Cov(P̃ ,τ)

Var(P̃ )

Panel A: Treatment at 2 months

Baseline Calibration 0.0118 0.0089 0.0226 0.0206 0.0130 0.5251 0.4304
Calibration with cov(P ,τ)=0 0.0000 -0.0019 0.0226 0.0271 0.0068 0.0018 -0.0720

Panel B: Treatment at 2 months for P < 0.65 and at 5 months for P ≥ 0.65

Baseline Calibration 0.0118 0.0090 0.0226 0.0209 0.0130 0.5251 0.4328
Calibration with cov(P ,τ)=0 0.0000 -0.0019 0.0226 0.0273 0.0068 0.0018 -0.0700

Notes: Based on model simulations with 200,000 individuals. P denotes the baseline risk score. P̃ denotes the risk
score without treatment at a given duration.
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(a) Baseline Calibration
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(b) Calibration with cov(P ,τ)=0

Figure F4: Algorithmic Bias Simulations: Binned Scatter Plots (Treatment in Month 2)

Notes: Based on model simulations with 200,000 individuals. P denotes the baseline risk score. P̃ denotes the risk
score without treatment.
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(a) Baseline Calibration
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(b) Calibration with cov(P ,τ)=0

Figure F5: Algorithmic Bias Simulations: Binned Scatter Plots (Treatment in 2 months for P < 0.65
and in 5 months for P ≥ 0.65)

Notes: Based on model simulations with 200,000 individuals. P denotes the baseline risk score. P̃ denotes the risk
score without treatment.
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F.3 Optimal Targeting With Targeting for Two Consecutive Periods

0 2 4 6 8 10 12
Duration, d

1

1.5

2

2.5

3

3.5

A
ve

ra
ge

 R
et

ur
n,

 R
 (

R
el

at
iv

e 
to

 R
an

do
m

 a
t d

)

(a) Welfare Gain of Optimal Targeting at d and d+1
relative to Random Targeting at d
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Figure F6: Optimal Targeting when Targeting in Two Consecutive Periods

Figure F6 shows that allowing the policymaker to target individuals in two consecutive periods—

rather than just one—increases the welfare gains from optimal targeting, holding the budget fixed

(see Figure 9 for comparison for the optimal single period targeting). The reason is that the unem-

ployment agency can now reach the highest-return individuals multiple times.
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F.4 Robustness to Redistributive Welfare Weights

Our baseline welfare criterion is utilitarian and linear in unemployment losses: the planner values

a reduction in expected losses equally across job seekers. To assess robustness to redistributive

preferences, we replace it with a utilitarian criterion over concave transformations of individual

outcomes, Vi = log(L̄ − Li), where Li denotes the expected unemployment loss of job seeker i and

L̄ is a welfare anchor calibrated below. The associated marginal welfare weight, gi = 1/(L̄ − Li),

increases with expected losses, so that employment gains accruing to job seekers with worse labor

market prospects receive greater weight in the social objective.

Two implementation choices discipline this criterion. First, we anchor L̄ to the marginal-utility

gap between employment and unemployment: L̄ is set such that the average unemployed job seeker

— with expected loss E[L] in the absence of targeting — carries twice the marginal welfare weight

of an employed job seeker, g(E[L])/g(0) = L̄/(L̄ − E[L]) = 2, which implies L̄ = 2E[L]. A

twofold gap in marginal utilities is well within the range of direct evidence on the marginal value

of resources in unemployment relative to employment: for Sweden, Landais and Spinnewijn [2021]

estimate a marginal rate of substitution between unemployment and employment consumption of

at least 1.6 using differences in marginal propensities to consume, and of 3.1 on average using

revealed preferences from supplemental UI choices, while standard consumption-based calculations

imply values of 1.1–1.5. Second, we cap the marginal welfare weight at ten times the employed

weight — five times the weight of the average unemployed: welfare is linear in L above the loss level

at which the cap binds ( 9
10 L̄, around the 89th percentile of expected losses), so that weights are

bounded between one and ten and the criterion remains concave and well defined at all loss levels.

The cap is essential because the distribution of expected losses is highly skewed: about ten percent

of simulated losses exceed 2E[L] itself, where log welfare is not defined, and the marginal weight

diverges as losses approach L̄, concentrating virtually all social welfare on the extreme tail. The

cap delivers a bounded, interpretable weight schedule and makes the criterion insensitive to how the

extreme tail of losses is modeled. No cap is needed at the bottom, where weights are bounded below

by the employed weight. The welfare criterion is thus

V (Li) =


log

(
L̄− Li

)
if Li ≤ Lcap,

log
(
L̄− Lcap

)
− Li − Lcap

L̄− Lcap
if Li > Lcap,

L̄ = 2E[L], Lcap = 9
10 L̄,

which is continuous and concave, with marginal welfare weight g(Li) = min
{
1/(L̄− Li), 10/L̄

}
, so

that g(Li)/g(0) = min
{
L̄/(L̄−Li), 10

}
rises from one for the employed through two at the average

loss to at most ten.

Welfare under the weighted criterion is computed exactly, without linearization, from the same

simulations as in the baseline. For each individual — more precisely, for each draw of the unobserved

heterogeneity within an observed type, each of which represents a distinct person — we simulate the

expected present-value unemployment loss with and without treatment, L1
i and L0

i : the survival-

weighted sum of per-period utility losses over the spell, including the continuation loss at the model

horizon. The welfare gain from treating person i is the exact difference log(L̄− L1
i )− log(L̄− L0

i ),
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rather than the first-order approximation gi (L
0
i − L1

i ) with the weight evaluated at the untreated

allocation; because the marginal weight declines as treatment reduces losses, the approximation

would overstate the gains of high-loss individuals. Treatment costs remain in units of resources, so

the return to a type is its expected welfare gain per unit of expected treatment cost, integrated over

the draws of unobserved heterogeneity. Applying the concave transformation at the level of individual

draws, rather than to the average loss of an observed type, matters for the same reason the criterion

is redistributive in the first place: the planner values the distribution of welfare across persons,

and averaging losses within observed types before applying the transformation would understate the

dispersion that the welfare weights are meant to price.

We re-solve the optimal targeting policies under the weighted criterion: the characterization in

Proposition 1 applies verbatim with returns defined as welfare gains per unit of treatment cost,

and the simulation ranks individuals (and treatment durations) by these transformed returns. The

definitions of the index policies (τ/π, τ only, π only) are unchanged; only their evaluation uses

the weighted criterion, as does the random-targeting benchmark to which all welfare gains are

normalized.

Table F3 repeats the sensitivity analysis of Table 2 under the weighted criterion. The conclusions

are unchanged across all scenarios. Most importantly, redistributive preferences do not close the

gap between risk-score targeting and the optimal policy. The welfare weights reward reaching job

seekers with poor prospects, and risk-score targeting accordingly gains in absolute terms relative

to the linear criterion; but the optimal policy benefits from the weights at least as much, since it

reaches high-loss job seekers and selects the responsive ones among them. In the baseline, risk-score

targeting realizes only 14 percent of the welfare gains of optimal targeting, down from 25 percent

under the linear criterion, while the sufficient-statistic rule continues to capture nearly all of the

optimal gains (97 percent). The optimally targeted population overlaps 94 percent with that under

the linear criterion. Risk-score targeting narrows its gap to the optimal policy only in the scenarios

that weaken the link between risk scores and treatment responsiveness, and only in the absence of

any correlation (column 5) does it come close, attaining 80 percent of the optimal gains.

The last column of Table F3 replaces the log criterion with an exponential (CARA) transforma-

tion, Vi = − exp(αLi)/α, without any cap on the welfare weights. CARA welfare is defined at all

loss levels and strictly concave throughout, and because marginal-weight ratios under CARA depend

only on loss differences, the anchor pins down the single parameter directly: exp(αE[L]) = 2 implies

α = ln 2/E[L], with no reference level L̄ and no cap needed on feasibility grounds. Weights then

grow without bound in the tail, doubling with every additional E[L] of losses, to roughly 900 times

the employed weight at the largest simulated loss. The results confirm the robustness of the main

conclusions while illustrating the role of the cap. The comparison to the optimal policy is essentially

unaffected: the sufficient-statistic rule still captures 97 percent of the optimal gains, the optimally

targeted population still overlaps 95 percent with the linear criterion, and risk-score targeting still

forgoes the bulk of the attainable gains, realizing 17 percent of the welfare gains of optimal tar-

geting. Only the comparison to random targeting changes, as the unbounded weights concentrate

social welfare on the extreme tail of losses that risk-score targeting happens to reach; its distance to

the optimal and the sufficient-statistic policies remains wide.
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