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Abstract

For instrumental-variable estimation using binary instruments, we o�er sim-

ple methods to obtain policy-relevant insights beyond local average treatment

e�ects. We demonstrate the methods by evaluating an element of choice in-

troduced into active labour market policy in Germany by a reform in 2003.

Instead of being assigned to training courses by caseworkers, unemployed job

seekers receive vouchers allowing them to choose among approved courses. Our

data record the receipt of a voucher and the participation in a course. We use

exogenous variation in treatment probabilities across locally integrated labour

markets as an instrument. Applying our theoretical methods, we can make

statements on the distribution of treatment e�ects and thereby infer the prior-

ities of caseworkers. We further examine the consequences of choice for policy

e�ectiveness and �nally explore the distributions of gains or losses from choice.
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1 Introduction

Basic economic intuition suggests that the use of vouchers in public policy is bene�cial:

they allow individuals to exercise choice and thereby account for their speci�c situation.

In particular, individuals who expect little from participating in some treatment can opt

out. At the same time, an individual's expectation may be unfounded, or exercising choice

may be associated with costs. Then also individuals opt out who would bene�t a lot from

treatment, and a well-informed caseworker might have made a better choice.

While vouchers in the provision of social services, especially in education and training,

have been intensely debated since they were advocated by Friedman (1955), there is very

little evidence on the `pure' e�ect of vouchers, i.e. the e�ect of choice by individuals on

the e�cacy of policy. The lack of evidence does not re�ect a lack of interest in this

fundamental question for policy making. In fact, the potential bene�t from individual

choice features prominently in both public and academic debates despite scant evidence.

Rather, it has proven very di�cult to identify a pure voucher e�ect separately from a host

of other e�ects.

In the case of school vouchers, the e�ect of school choice on student achievement

typically cannot be separated from peer e�ects. The study by Bettinger et al. (2010) is

an exception. Using data from a rare institutional setting, they �nd a positive voucher

e�ect net of peer e�ects. In education as much as in further education, voucher e�ects are

hard to separate from the e�ect of greater competition between providers of education

who have to attract voucher holders. Gibbons et al. (2008) claim that of the very few

studies seeking to distinguish these two e�ects empirically, they are the �rst to obtain an

estimate of the pure voucher e�ect (which they call `direct choice e�ect'). They report

only weak evidence for the e�ect of choice on student achievement.

The aim of this paper is to examine the issue of choice vs. assignment from two angles.

We �rstly propose methods to detect the priorities pursued by the caseworkers who can

hand out vouchers. This sheds light on the choices the caseworkers would make if they

could assign individuals, and how well this assignment would be in line with the intention

of the policy. We secondly propose methods to examine the consequences of choice by

individuals for the e�ectiveness of a policy, both in terms of average and total e�ects. By

combining the two angles, we thirdly derive insights on how these consequences of choice

change with the scale of the policy.

Like other recent studies (such as Gibbons et al. (2008), Lavy (2010), Frölich and

Lechner (2010)), the empirical implementation of our approach relies on exogenous vari-

ation in otherwise homogeneous geographical units. However, our approach is apparently

the �rst to systematically exploit the di�erence between intention to treat and actual

treatment in the context of vouchers, i.e. between the allocation of a voucher and the

actual participation. Our data derive from vouchers for further education that are given

to unemployed individuals as part of active labour market policy (ALMP) in Germany.
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Using detailed administrative information on the receipt of vouchers and their take-up,

we can thus examine a number of hypotheses and make inference on the consequences of

using vouchers in policy.

There is thus far little evidence on the consequences of vouchers in ALMP (see Barnow

2009). A study by O'Neill (1977) on the GI bill constitutes a notable exception: he �nds

strong treatment e�ects but no evidence that only a favourable selection of individuals

uses the voucher. In fact, vouchers in ALMP appear particularly suited for the analysis

of treatment e�ects because peer e�ects are likely absent here. Instead, recent literature

has relied on lotteries to examine the role of choice. Cullen et al. (2006) consider school

choice lotteries and �nd little bene�t from choice, especially for weaker students. Hastings

et al. (2006) estimate the e�ect of obtaining one's �rst choice in such a lottery, and

they conclude that parents' priorities determine whether this raises school achievement.

Methodologically, this paper is related to Imbens and Rubin (1997) whose methods deliver

distributions of treatment outcomes and non-treatment outcomes, but cannot deliver

a distribution of treatment e�ects. Our methods seek to make a �rst step towards a

distribution of treatment e�ects and to a distribution of consequences from choice.

The paper proceeds as follows. Section 2 provides details on the reform that intro-

duced vouchers into German ALMP. The section also explains why the few other papers

analysing this reform are unlikely to estimate the pure voucher e�ect. Section 3 develops

our empirical methods in the context of instrumental-variable estimation with a binary

instrument. After describing our data set in section 4, our estimation techniques and

results are reported in section 5. Finally, section 6 explores the role of search costs for

our results before section 7 o�ers some conclusions.

2 Background: training vouchers for the unemployed

The public provision of training for unemployed was reformed in Germany on January 1st,

2003. Before the reform, caseworkers of the Federal Employment Service had assigned

training in the form of various courses to unemployed individuals, who were then expected

to participate. The training was delivered by third-party (private) providers selected by

the local o�ce of the Federal Employment Service, and course fees were reimbursed.1

After the reform, caseworkers could only assign vouchers for training to unemployed indi-

viduals, while the recipients themselves had to decide whether or not to use the voucher.

Caseworkers still speci�ed the kind of training that the voucher could be used for, but

would not be allowed to suggest a particular provider. Instead, the Federal Employment

Service maintained a database of courses o�ered by approved providers for voucher hold-

ers to choose from. Vouchers still not used after a pre-speci�ed time (up to three months,

typically depending on the kind of intended training) became invalid.2

1See Bruttel (2005) for details of pre-reform practices and the political context of the reform.
2Schneider et al. (2006) discuss the post-reform arrangements in greater detail.
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Any attempt to quantify the e�ect of this reform has to deal with the issue of selection:

both the unemployed who receive vouchers and those who use them might exhibit partic-

ular observable and unobservable characteristics. Let us �rst consider caseworker's deci-

sions. Instead of giving vouchers to unemployed who stand to bene�t most from training,

caseworkers might give vouchers to unemployed with good employment prospects (known

as �creaming�) in order to obtain placement statistics that re�ect positively on ALMP and

the caseworkers' decisions.3 Indeed, as part of the reform, caseworkers were instructed

explicitly to limit vouchers to unemployed who would have at least a 70% chance of being

employed within six months after the training. As reported extensively in Schneider et

al. (2006), however, it proved di�cult to apply this rule because estimates of employment

chances could not be based on su�cient data or because hardly anyone in certain regions

would then qualify. It appears that di�erent local o�ces of the Federal Employment

Service have thus reacted di�erently to this rule, so that the probability of receiving a

voucher varies substantially across regions. The rule was accordingly abolished altogether

after two years (see Kruppe (2009)).

Despite such di�culties, surveys among caseworkers, their immediate superiors, or

unemployed individuals have repeatedly found that voucher recipients were strongly se-

lected (see for example Schneider et al. (2006), Doerr and Kruppe (2012)).4 Such be-

haviour by caseworkers has been analysed in only very few papers. Bell and Orr (2002)

�nd that caseworkers in a welfare-to-work programme select participants mainly by their

education, work experience, and unobserved characteristics. While some evidence is re-

ported that caseworkers would apparently like to engage in creaming, Bell and Orr (2002)

conclude that caseworkers are very poor at predicting their clients' treatment e�ects.

Similarly, Lechner and Smith (2007) �rst con�rm that caseworkers in Switzerland use

their discretion and systematically select the participants of ALMP. They then calculate

counterfactual treatment e�ects for possible alternative allocations of the unemployed

and conclude that the assignment chosen by caseworkers is overall no more e�ective than

random assignment.

Turning to the decisions of voucher holders, a key concern is that voucher recipients

self-select into actual training in a way that partly undermines the policy's objectives.

For ALMP in general and for the German training vouchers in particular, Weber (2008)

and Kruppe (2009) have respectively found that low-skilled unemployed are less likely

to actually enroll in the training. Unobservable characteristics are likely to also play

an important role. In particular, if one assumes that voucher holders weigh the costs

and bene�ts of using it, low-skilled or otherwise disadvantaged unemployed might have

systematically lower expected bene�ts or higher costs from using vouchers. For example,

they might �nd it harder to collect and assess information on providers and available

3Heckman et al. (1997) and Bell and Orr (2002) discuss this issue and emphasise its importance.
4Given the strong selection by caseworkers, training providers might have little to gain from further

selecting participants, although they face in principle similar incentives to increase their success rates.
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courses as a basis for their decision.5 Indeed, surveys conclude that voucher holders

might well have trouble using the said database of approved courses (see Schneider et

al. (2006), Doerr and Kruppe (2012)). On the other hand, mandatory information of

voucher holders can reduce the take-up rate further (see Messer and Wolter (2009)). We

will return to the issue of search costs in section 6.

Beyond selection, further issues complicate evaluating the introduction of training

vouchers. While Schneider and Uhlendor� (2006) and Rinne et al. (2008) o�er evaluations

of this reform, they essentially compare the situations before and after the reform. There

are three problems with this approach. Firstly, change-over di�culties occurred initially

after the reform and a�ected the provision of vouchers (see Schneider et al. (2006)), so

that a reform e�ect measured close to January 2003 would be a poor guide to e�ects

thereafter. If one instead measures a reform e�ect much later than January 2003, then,

secondly, other yet simultaneous changes in the labour market will likely bias the results.

Even if the environment was stable over time, it would still seem hard to identify the e�ect

of vouchers separately from the consequences of other elements of the same reform: the

new selection rule (70% chance) or other changes in selection, adjustments among training

providers, and changes in the programme's objectives and scope.6 As a more subtle

problem, thirdly, vouchers were used much less frequently after the reform (see Kruppe

(2009)). Hence even if participants were selected after the reform by the same criteria

as before the reform, the (observable and unobservable) characteristics of the marginal

participants would likely di�er substantially and thus give rise to bias. Our results below

should be largely una�ected by these three problems, as we only use measurements after

the reform.

3 Empirical methods

3.1 Model

We cast our model in the notation of potential outcomes. The only agents are caseworkers

who implement ALMP and their clients who are currently unemployed. The outcome of

interest Y is whether or not a client is (permanently) employed at a speci�c time after

a treatment. The treatment can in our case be de�ned as receiving a voucher (denoted

DV ∈ {0, 1}) or as using the voucher to participate in training (denoted DT ∈ {0, 1}).
DV and DT respectively equal 1 if a treatment occurs. The observed outcome Y can be

5While the Federal Employment Service reimburses in advance such costs as child care and travel
when incurred during a course, similar costs can already arise during the search for a suitable course.

6Schneider et al. (2006) report a greater emphasis on formal quali�cations as an objective after the
reform. While Rinne et al. (2008) attempt to account for changes in selection, they can only do this for
selection on observables and de�ne the voucher e�ect simply as the residual. Yet a voucher e�ect thus
de�ned might be confounded with selection on unobservables or the e�ects of other reform elements.
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seen as depending on either treatment:

Y = DV Y V
1 + (1−DV )Y V

0 = DTY T
1 + (1−DT )Y T

0

where Y V
1 and Y V

0 denote the observed outcomes categorised by whether or not a voucher is

received, and similarly for Y T
1 and Y T

0 . One might want to know the individual treatment

e�ect Y V
1 −Y V

0 , but only one of Y V
1 and Y V

0 is observed for any given client, and the same

problem applies to Y T
1 − Y T

0 .

While the caseworker decides whether treatment DV occurs, the client decides herself

whether she uses the voucher so that treatment DT occurs. We model the empirical

behaviour of caseworkers and clients in an extended latent variable framework:

Y = 1[λj(X,Dj, ε) ≥ 0], j ∈ {V, T} (1)

DV = 1[D∗V ≥ 0] = 1[κV (X,Z)− UV ≥ 0] (2)

DT = 1[D∗T ≥ 0]DV = 1[κT (X,Z)− UT ≥ 0]DV (3)

where X is a vector of observed random variables, Z is a scalar observed random variable,

and (UV , UT , ε) are unobserved scalar random variables. We multiply by DV in equation

(3) to ensure that DT = 0 whenever DV = 0, for the simple reason that training is only

available after the receipt of a voucher. Moments E[Y ], E[Y j
0 ], and E[Y j

1 ] for j ∈ {V, T}
are assumed to exist, as well as Pr(Dj = 1 > 0) so that some clients are in fact treated.

For the core of our analysis, we do not make parametric assumptions on (UV , UT , ε)

or on any of the functions λj(·) and κj(·), j ∈ {V, T}. In particular, as we do not

assume additive separability in equation (1), treatment e�ects may vary across observably

identical individuals. While we assume (X,Z) ⊥⊥ (UV , UT , ε), the framework still allows

for possible endogeneity of Dj: if cov(U j, ε) 6= 0 (and variances are �nite), estimates for

the e�ect of Dj on Y will be biased even when controlling for X.

In the speci�c context of our model, D∗V in equation (2) may be interpreted as the

client's employability that depends on X and on unobservable ability UV : the more

employable a client, the more likely the caseworkers will decide in favour of a voucher.

As another possibility, D∗V may be the gain from training anticipated by the caseworker.

Correspondingly, D∗T in equation (3) might be interpreted as the net gain from training

anticipated by the client, which might depend on unobservable costs UT of searching for a

suitable course: the greater the gross gain relative to such costs, the more likely the client

will in fact attend a course. In all these examples, cov(U j, ε) 6= 0 appears well possible,

so that endogeneity of Dj cannot be ruled out at all. This will be the case when the most

employable clients (with high ability captured by low UV , say) receive vouchers, as these

clients will �nd employment more quickly than observable variables would suggest (high

ε). Then a simple conditional mean over all clients E[Y j
1 −Y

j
0 |X] would overestimate the

average treatment e�ect (ATE) by falsely attributing the e�ect of unobserved ability to
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a treatment.

3.2 LATE and limitations

In response to the concerns about endogeneity of Dj, we adopt an instrumental-variable

(IV) approach. For the instrument Z in the model, we use the geographic variation in

the likelihood of receiving a voucher. As argued in section 2, this variation appears to

be exogenous and therefore a suitable instrument. Concretely, we will consider a well-

integrated local labour market, where labour market conditions are roughly comparable

everywhere in the market, as the logic of arbitrage would suggest. Within this local

market, Z varies because the market is (exogenously) divided into several districts for

ALMP, some of whom use vouchers much more intensively than others. Given the small

number of districts in a local market, Z will only take few values. Therefore, we will

focus throughout on binary comparisons between a market side with high probability of

receiving a voucher (Z = zH) and a market side with low probability (Z = zL, with

zH > zL).

The correlation of an e�ectively binary instrument Z with D∗j will be too weak to

identify ATE, but the correlation is perfect for those clients where the (potential) change

in Z lifts κj(X,Z) above the threshold U j and thus leads to a change in D∗j. Thus the

use of Z allows us to identify the local ATE (LATE) for this group of compliers, as shown

by Imbens and Angrist (1994). To estimate LATE in the context of our non-parametric

model with covariates X, we employ the methods developed by Frölich (2007). Although

it is not essential to control for X, given that we assume Z ⊥⊥ ε, we hope to thereby

obtain more robust estimates. To see this, note �rst that the estimated LATE might be

based on few observations, because the values of X will for most clients push κj(X,Z) too

far below or above the threshold U j for Z to be pivotal. After controlling for X, however,

Z might be pivotal also for some of these clients.

When LATE is estimated, a client's type θj is categorised into one of four groups:

compliers (θj = cj), always-participants (θj = aj), never-participants (θj = nj), and

de�ers (θj = dj). While D∗j for a complier switches from 0 to 1 in response to an increase

in Z from zL to zH , D
∗j for a de�er switches from 1 to 0. Always-participants and

never-participants are una�ected by the change in Z. As in Frölich (2007), the following

assumptions collectively ensure that a non-empty group of compliers captures all clients

whose D∗j changes in response to a change in Z from zL to zH : for j ∈ {V, T},

(i) (Monotonicity) de�ers do not exist: Pr(θj = dj) = 0

(ii) (Existence of compliers) there is a strictly positive proportion of compliers:

Pr(θj = cj) > 0

(iii) (Unconfounded type) the proportions of existing types are independent of Z:
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for all x ∈ Supp(X),

Pr(θj = θ̆|X = x, Z = zL) = Pr(θj = θ̆|X = x, Z = zH) for θ̆ ∈ {aj, nj, cj}

(iv) (Exclusion restriction) the instrument Z is exogenous: for all x ∈ Supp(X),

E[Y j
0 |X = x, Z = zL, θ

j = θ̆] = E[Y j
0 |X = x, Z = zH , θ

j = θ̆] for θ̆ ∈ {nj, cj}
E[Y j

1 |X = x, Z = zL, θ
j = θ̆] = E[Y j

1 |X = x, Z = zH , θ
j = θ̆] for θ̆ ∈ {aj, cj}

(v) (Common support) X has the same support on both market sides:

Supp(X|Z = zL) = Supp(X|Z = zH)

A discussion of these assumptions in some detail is o�ered by Frölich and Lechner (2010).

Based on these assumptions, Frölich (2007) shows that LATE for our non-parametric

model is given by

∆j(zH , zL) = E(Y j
1 − Y

j
0 |θj = cj) =

∫
(E(Y |X,Z = zH)− E(Y |X,Z = zL)) dFX∫

(E(Dj|X,Z = zH)− E(Dj|X,Z = zL)) dFX

(4)

where ∆j(zH , zL) denotes the LATE of treatment j ∈ {V, T} estimated with a change

from Z = zL to Z = zH , without making the conditionality on X explicit. Frölich and

Lechner (2010) apply this result and also point out that four potential outcomes are

similarly identi�ed from the results in Frölich (2007). In particular,

E(Y j
1 |θj = cj) =

∫
[E(Y Dj|X,Z = zH)− E(Y Dj|X,Z = zL)]dFX∫

[E(Dj|X,Z = zH)− E(Dj|X,Z = zL)]dFX

(5)

and the expression for E(Y j
0 |θj = cj) is obtained by substituting (1 −Dj) for Dj in the

numerator of equation (5). Next,

E(Y j
1 |θj = aj) =

∫
E(Y Dj|X,Z = zL)dFX∫
E(Dj|X,Z = zL)dFX

(6)

and, by substituting (1 − Dj) for Dj and zH for zL everywhere in equation (6), an ex-

pression for E(Y j
0 |θj = nj) is obtained. Equations (4) through (6) use only observable

information and can thus be estimated.

However, the conclusions that may be drawn from LATE more generally and from

the results above in particular are limited and leave a number of important questions

open. For example, in their application of these results to Swiss data on ALMP, Frölich

and Lechner (2010) �nd the following average results over 18 local labour markets they

consider (see their Table 5):

E(Y1|θ = c) > E(Y0|θ = n) > E(Y1|θ = a) > E(Y0|θ = c) (7)
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In words, they �nd that the never-participants have better employment chances ex ante

than the compliers (E(Y0|θ = n) > E(Y0|θ = c)) while the the compliers have better

employment chances ex post than the always-participants (E(Y1|θ = c) > E(Y1|θ = a)).

As an interpretation of this ordering, Frölich and Lechner (2010) suggest that caseworkers

prioritise those unemployed with the worst employment chances ex ante, who thus typi-

cally become always-participants, while the never-participants do not need any assistance

to �nd employment and the compliers make up an intermediate group.

While such insights would, in our view, be highly relevant and valuable for ALMP and

for programme evaluation more generally, let us examine whether the results in equation

(7) put us in a position to draw such a conclusion. Thus suppose that caseworkers

prioritise the unemployed with the worst employment chances ex ante, so that in particular

E(Y0|θ = a) < E(Y0|θ = c), even though these unemployed overall bene�t less from

training than others, i.e.

E(Y1|θ = c)− E(Y0|θ = c) > E(Y1|θ = a)− E(Y0|θ = a)

However, let us now consider a very di�erent possibility: the caseworkers prioritise those

unemployed who overall bene�t most from training, so that

E(Y1|θ = c)− E(Y0|θ = c) < E(Y1|θ = a)− E(Y0|θ = a) (8)

Yet with E(Y1|θ = a) < E(Y1|θ = c) from equation (7), equation (8) again implies

E(Y0|θ = a) < E(Y0|θ = c). Hence these two contrasting interpretations both �t the

results in equation (7). Two distinguish among them, one would have to know by how

much E(Y0|θ = c) exceeds E(Y0|θ = a), yet the latter is not observed. Therefore, reliable

conclusions about caseworkers' behaviour cannot be reached this way.7

3.3 Comparing local e�ects: extensive margin

Based on simple comparisons between measurements of LATE, this section proposes a

method for distinguishing between alternative hypothesis about caseworkers' behaviour

(and we thus focus on treatment DV ). Let us describe their behaviour in terms of an

approximate rule for every remaining voucher they can assign (assuming that they cannot

give vouchers to everyone). One imagines that caseworkers rank their clients by some

criterion and then hand out the �rst voucher to the top-ranked client, the second voucher

to the second-ranked client and so on until vouchers have run out. To a null hypothesis

and rankings by treatment e�ect and by need, as suggested by Lechner and Smith (2007),

we add the ranking implicit in creaming as a third possibility. The e�ects and outcomes

7That apart, the interpretation by Frölich and Lechner (2010) surprisingly suggests that ALMP in-
creases ex-ante mediocre employment chances of compliers (E(Y0|θ = c) < E(Y0|θ = n)) to the best
ex-post employment chances of all groups (E(Y1|θ = c) > E(Y0|θ = n)), i.e. better chances than those
who did not seem in need of treatment.
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Figure 1: Measurements of LATE under e�ect-based ordering

considered here are all unconditional because it seems hard to imagine that caseworkers

calculate conditional expectations before they make their decisions.

(R) (Random ordering) Caseworkers assign vouchers at random.

(E) (E�ect-based ordering) Caseworkers tend to assign vouchers in descending order of

the expected treatment e�ect E[Y V
1 − Y V

0 ].

(N) (Need-based ordering) Caseworkers tend to assign vouchers in ascending order of the

non-treatment outcome E[Y V
0 ].

(S) (Cream-skimming) Caseworkers tend to assign vouchers in descending order of the

treatment outcome E[Y V
1 ].

Let us reconsider a locally integrated labour market where the likelihood of receiving

a voucher di�ers exogenously. However, suppose we can now delimit three geographi-

cally separate areas according to this likelihood: unemployed in area H have the highest

probability of receiving a voucher (Z = zH), while those in area M and L have medium

(Z = zM) and low probability (Z = zL), respectively. We assume that caseworkers in all

areas assign training according to roughly the same criteria, yet at exogenously varying

intensity. This assumption is motivated by idiosyncratic reactions of local o�ces of the

Federal Employment Service to the new selection rule (70% chance): in the absence of

easily implementable guidelines, di�erent o�ces chose di�erent internal rules of thumb.

Then e�ect-based ordering implies that the marginal recipient of a voucher in area H will

likely bene�t less from training than the marginal recipient in area M, who in turn will

likely bene�t less than the marginal recipient in area L. This gives us a monotonically

downward-sloping curve for the LATE as depicted in �gure 1.

We can now calculate one LATE using the exogenous variation in Z between Z = zH

and Z = zM and another using the variation between Z = zM and Z = zL. We denote

these two treatment e�ects by ∆V (zH , zM) and ∆V (zM , zL), respectively. Each can be
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identi�ed in exact analogy to equation (4). The downward-sloping curve we expect under

hypothesis (E) then implies

∆V ≡ ∆V (zM , zL)−∆V (zH , zM) > 0 (9)

as indicated in �gure 1. This implication provides a very �rst test of hypothesis (E): if

estimation results do not conform with equation (9), this will constitute evidence against

hypothesis (E).

For reliable inference, however, one would also want to know whether a given esti-

mate ∆̂
V
is statistically signi�cant. It seems that a standard two-sample t-test between

population means (using the Welch approximation to allow for di�erent population vari-

ances) can be applied here, as we will explain below that the prerequisites of this test

appear to be met approximately by the situation at hand. The test statistic for testing

the hypothesis H0 : ∆V ≤ 0 against H1 : ∆V > 0 is then

t0 =
∆̂

V√
s2

∆V (zM ,zL)
+ s2

∆V (zH ,zM )

≈ t(df) (10)

where s2
∆V (zM ,zL) denotes the sample variance of ∆V (zM , zL) and df is a placeholder for

the degrees of freedom that will re�ect the Welch approximation. If H0 can be rejected at

a high signi�cance level, we will conclude that a positive di�erence between ∆V (zM , zL)

and ∆V (zH , zM) appears statistically signi�cant.

The standard two-sample t-test between some means x̄1 and x̄2 would employ a test

statistic (x̄1− x̄2)/
√
s2
x̄1

+ s2
x̄2

for testing H0 and H1. It requires that x̄1 and x̄2 be sample

means from two independent random samples that are su�ciently large and are drawn

from the two populations whose means are to be compared. The test (using the Welch

approximation) seems roughly applicable to our framework for the following reasons.

Equation (4) de�nes both ∆V (zM , zL) and ∆V (zH , zM) as conditional means (s2
∆V (zM ,zL)

and s2
∆V (zH ,zM ) thus being the variances of means). The relation between these means is

characterised by Heckman and Vytlacil (1999, 2000). Under mild additional assumptions,8

the probability transform ŨV of UV is uniformly distributed and one can write

(Pr(zH)− Pr(zL))∆V (zH , zL) =

∫ Pr(zH)

Pr(zL)

E[Y V
1 − Y V

0 |X = x, ŨV = uV ]duV (11)

where Pr(z) denotes Pr(DV = 1|Z = z). Let us next split up the intergral: for some

zM with Pr(zL) < Pr(zM) < Pr(zH), equation (11) may be written down for the interval

zM − zL and for zH − zM . Since these equations' right-hand sides add up to that of

8Conditional on X, κV (X,Z) is assumed a non-degenerate random variable and, with respect to the
Lebesgue measure on R2, (UV , ε) is assumed absolutely continuous.
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equation (11), the same must hold for the left-hand sides, so that

∆V (zH , zL) =
Pr(zM)− Pr(zL)

Pr(zH)− Pr(zL)
∆V (zM , zL) +

Pr(zH)− Pr(zM)

Pr(zH)− Pr(zL)
∆V (zH , zM) (12)

which is a weighted average, as noted in Heckman and Vytlacil (2000). Equation (13)

clari�es that ∆V (zM , zL) and ∆V (zH , zM) are, while directly comparable, calculated for

two di�erent groups of compliers. Recall that the compliers used for ∆V (zM , zL) are clients

who do not receive (use) a voucher when Z = zL but do when Z = zM ; by contrast, the

compliers for ∆V (zH , zM) do not receive (use) a voucher when Z = zM but do when

Z = zH . Hence these two groups of compliers do not overlap, so that we can de�ne them

as two populations from which all random samples will be independent.

Further, as LATE is calculated for the entire group of compliers, ∆̂V (zM , zL) and

∆̂V (zH , zM) can be regarded as sample means based on the entire population, which is

a random sample. That the groups of compliers are su�ciently large can be ensured by

an appropriate de�nition of market sides. Apparently the only remaining discrepancy

between the test's prerequisites and our framework is the source of variance: ∆̂V (zM , zL)

does not vary around the true LATE because it is only based on a small random sample,

but rather because it is estimated through IV methods. However, given the perfect

correlation between Z and D∗V for the group of compliers, we would conjecture that the

variance of ∆̂V (zM , zL) is similar to the variance of a mean calculated directly from the

sample, provided the group of compliers is su�ciently large.

Finally, by essentially the same logic as above, hypothesis (N) about caseworkers'

priorities implies

E[Y V
0 |θV = cVHM ]− E[Y V

0 |θV = cVML] > 0 (13)

where cVHM (cVML) refers to the compliers on market sides H andM (M and L). Similarly,

hypothesis (S) implies

E[Y V
1 |θV = cVHM ]− E[Y V

1 |θV = cVML] < 0 (14)

Note that these two equations again use means de�ned over the group of compliers.

Hence the same arguments that motivated the test in equation (10) suggest that exactly

analogous tests can be used to assess whether the estimated mean di�erences in treatment

and non-treatment outcomes are statistically signi�cant.

In conclusion, this section proposes simple methods that derive policy-relevant insights

from comparing two measurements of LATE. Under the monotonicity assumption implicit

in hypotheses (E), (N), and (S), such comparisons tell us whether treatment e�ects and

outcomes for always-participants or never-participants are higher or lower than those

for compliers. For example, if a downward-sloping curve of treatment e�ects cannot be

rejected, this indicates that the e�ects for always-participants are higher, while those

for never-participants are lower. This kind of insight on the behaviour of caseworkers
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and the distribution of treatment e�ects cannot be derived from just one measurement

of LATE: a single point can belong to a line with arbitrary slope, so that there is no

way of distinguishing between a downward-sloping or upward-sloping curve. We have

demonstrated this shortcoming above for the case of Frölich and Lechner (2010) where

the distinction of two geographical areas only permits one measurement of LATE.9

3.4 Comparing local e�ects: intensive margin

Let us next draw comparisons between the LATE of receiving a voucher (Dj = DV ) and

the LATE of attending the course (Dj = DT ). Rather than considering di�erent treatment

probabilities as in the previous section, we now examine the LATE for a given probability

but for di�erent treatments. Their e�ects di�er because the recipients of vouchers decide

themselves whether to attend a course, and some thus do not undergo any training.

There might be many reasons why some clients do not use their voucher: high costs

of �nding a provider, low expected bene�t from training, or high opportunity costs that

arise because clients have less time for job search when `locked' in a course. Equation (3)

is general enough to capture all these possibilities: clients choose not to use their voucher

when the expected bene�t κT (X,Z) is su�ciently low (possibly negative) and/or UT is

su�ciently high. Similarly, one can think of UT as composite error including noise that is

always observed together with κT (X,Z), so that clients' perception of their bene�t di�ers

from the statistical expectation of their bene�t. However de�ned, UT can thus outweigh

even relatively large values of κT (X,Z).

By consequence, it is not clear a priori which individual treatment e�ects would have

been realised by the clients who do not use the voucher, compared to those clients who

do. If there is any systematic di�erence between unrealised and realised treatment e�ects,

ATE for voucher users will di�er from ATE for voucher recipients. In addition to ATE,

let us also de�ne the total treatment e�ect (TTE) as the sum of all treatment e�ects,

i.e. ATE multiplied by the number of clients. This measure will change with the number

of voucher users even if ATE is una�ected. For both ATE and TTE, we consider here

three hypotheses: compared to all voucher recipients,

(G) (Gains dominate) the average (total) treatment e�ect for voucher users is greater

(L) (Losses dominate) the average (total) treatment e�ect for voucher users is smaller

(B) (Gains and losses balance) the average (total) treatment e�ect for voucher users is

roughly equal.

Which of these hypotheses applies likely determines the e�ectiveness of a voucher policy,

relative to assignment of courses by caseworkers (i.e. as if all vouchers had to be used).

9It is worth noting that, with a fully parametric model, one can also employ the two measurements
of LATE to obtain an estimate of ATE, as explained in Oreopoulos (2006).
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Let us �rst turn to average e�ects. In case (G), for example, the voucher policy is more

cost-e�ective than assignment of courses would be: given that the costs of a course are

incurred, the associated treatment e�ect is on average higher using vouchers than using

assignment. Under hypothesis (L), in turn, assignment would be more cost-e�ective.

However, LATE instead of ATE is identi�ed in our non-parametric set-up, so that

all comparisons will be made between LATE of voucher users and LATE of voucher

recipients. In other words, we will compare the average treatment e�ects between two

groups of compliers de�ned for di�erent treatments: between θT = cT and θV = cV . For

these comparisons to be informative, the clients with θT = cT have to be a weak subset

of the clients with θV = cV . More precisely, these comparisons require

Pr(θV = aV ∩ θT = cT ) = 0 (15)

as LATE for the voucher users could change in any way relative to voucher recipients if

it also counts some clients with θV = aV . (Other types cannot possibly be counted here

because they do not receive a voucher.) To see that the standard assumptions above in

fact imply equation (15), focus on the type θT = cT . These compliers, whose behaviour

is governed by equation (3), switch to DT = 1 where Z switches to Z = zH (provided

DV = 1). Yet this switch cannot be motivated by the bene�t from training being higher

when Z = zH , as this would violate the exclusion restrictions in assumption (iv). Nor can

the switch be motivated by UT being lower when Z = zH , as this would violate Z ⊥⊥ UT .

Rather, the reason why these compliers use the voucher only when Z = zH (and the

reason why κT (X,Z) depends on Z) is that they only receive a voucher when Z = zH .

This means that these compliers (θT = cT ) also have θV = cV and cannot have θV = aV .

Since equation (15) therefore holds, hypothesis (G) would be supported by

∆T−V (zH , zL) ≡ ∆T (zH , zL)−∆V (zH , zL) > 0 (16)

while ∆T−V (zH , zL) < 0 and ∆T−V (zH , zL) ≈ 0 would support hypotheses (L) and (B),

respectively. Figure 2 depicts an example for equation (16). A policy of assigning courses

would realise individual treatment e�ects from any part of the distribution, even if they are

negative due to lock-in e�ects, for example. Under a voucher policy, negative treatment

e�ects would not normally be realised, alongside positive treatment e�ects that are now

outweighed by the costs of �nding a provider, for example. In the case depicted, the

unrealised e�ects below the distribution's mean ∆V (zH , zL) dominate the unrealised e�ects

above it, so that the (local) average e�ect for the voucher users ∆T (zH , zL) lies above

∆V (zH , zL). In this case, giving clients the choice whether to use their voucher has

increased the policy's cost-e�ectiveness.

Comparisons between averages remain silent on changes in the number of treated

clients and therefore on the policy's overall e�ectiveness. Hence let us now turn to com-

parisons between total treatment e�ects. We consider a social planner who chooses the
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Figure 2: LATE for voucher receipt and for training attendance

policy with the greater total treatment e�ect:

max

[∑
i

DV
i (Y V

1i − Y V
0i ),

∑
i

DT
i (Y T

1i − Y T
0i )

]

where i indexes individual clients, the discount rate is assumed negligible for simplicity,

and the relevant e�ects are unconditional as before. The policy thus selected does not

necessarily maximise welfare, as welfare comparisons would also have to include the costs

incurred by clients and caseworkers under di�erent policies. Since these costs are often

very hard to measure, choosing the overall most e�ective policy may in practice be the

best available path of action.

Since our set-up identi�es the treatment e�ect Y j
1 −Y

j
0 only for the group of compliers,

we focus �rst on the local TTE, i.e. the TTE for the compliers. To obtain this measure

in analogy to TTE, we use LATE instead of ATE and the number of compliers instead of

all clients. While the number of compliers is unknown, it can also be estimated: following

Frölich (2007), the proportion of compliers is identi�ed as

Pr(θj = cj) =

∫
[E(Dj|X,Z = zH)− E(Dj|X,Z = zL)]dFX , j ∈ {V, T}

so that this proportion of all clients estimates the number of compliers. By equation (15),

comparisons between the compliers for Dj = DV and the compliers for Dj = DT are

informative. Hence, with regards to the local TTE, hypothesis (G) is equivalent to

∆TT−TV (zH , zL) ≡ Pr(θT = cT )IT∆T (zH , zL)

−Pr(θV = cV )IV ∆V (zH , zL) > 0 (17)

where Ij is the number of observations employed to calculate ∆j(zH , zL), and accordingly

for the other hypotheses. Under hypothesis (G), the social planner thus prefers vouchers
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to assignment (at least for compliers) because the local TTE for voucher users exceeds the

local TTE for voucher recipients. Hence the choice given to clients has led to an increase

of the policy's total e�ectiveness in this example, as clients with negative individual

treatment e�ects choose not to use their voucher.

In conclusion, with data on both the receipt and the take-up of vouchers, we can

make empirically-based statements on the role of vouchers for policy e�ectiveness. Con-

cretely, this section has proposed methods to examine whether, for a subset of individuals,

vouchers increase or decrease the policy's cost-e�ectiveness and its overall e�ect.

3.5 Comparisons along both margins

The comparisons in the previous section su�er from the problem discussed earlier: they

only make statements about one particular group of compliers and remain silent on always-

participants, for example. To go a step further, the comparisons in this section involve

both the intensive and the extensive margin. Recall from section 3.3 that one can just as

well de�ne three sides in a local labour market that di�er along the extensive margin. This

does not only permit two measurements of LATE, but likewise also two of the comparisons

along the intensive margin we discussed in section 3.4. We thereby obtain some insights

on the distribution of gains and losses from leaving the choice to clients. Let us consider

the following hypotheses: the di�erence between the e�ects of training and the e�ects of

vouchers, as a proportion of the latter,

(I) (Increasing returns from choice) increases along the extensive margin, i.e. with the

number of treated individuals,

(D) (Decreasing returns from choice) decreases along the extensive margin

(C) (Constant returns from choice) does not change along the extensive margin

For example, hypothesis (D) implies for average e�ects that a proportional di�erence

along the intensive margin is greater when fewer individuals receive vouchers:

∆T−V (zM , zL)

∆V (zM , zL)
>

∆T−V (zH , zM)

∆V (zH , zM)
(18)

provided ∆T−V (zM , zL) > 0. For total e�ects, hypothesis (D) similarly implies

∆TT−TV (zM , zL)

Pr(θV = cVML)IV ∆V (zM , zL)
>

∆TT−TV (zH , zM)

Pr(θV = cVHM)IV ∆V (zH , zM)
(19)

provided ∆TT−TV (zM , zL) > 0. As all elements in equations (18) and (19) can be esti-

mated, such comparisons would be a �rst step towards a forecast whether the gains (or

losses) from choice will grow or decline as a policy is scaled up. In combination with

insights from section 3.3, one also obtains an indication for which kind of client the gains
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(or losses) from choice are greatest. Consider for example the case that equations (14)

and (18) are both found to hold alongside ∆T−V (zM , zL) > 0. This would suggest that

clients with higher E[Y V
1 ] gain more from choice, possibly because choice allows them to

avoid large adverse lock-in e�ects.

4 Data

Our empirical analysis draws on three large sets of individual level data. All data was sup-

plied by the public Federal Employment Service (Bundesagentur für Arbeit) in Germany.

The �rst set consists of data on the training vouchers that are awarded by caseworkers

of the Service. These data cover the entire population of vouchers awarded from 2003 to

2005; in particular, they record when and where the voucher was awarded and whether

it was eventually used. We can link these data to information on the voucher recipi-

ents available from integrated employment histories (data called IEB).10 These data on

the clients of the Federal Employment Service record employment, unemployment bene�t

receipt, and participation in ALMP with daily frequency, along with demographic infor-

mation. While the receipt of bene�ts requires registration with the Federal Employment

Service, unemployed who do not register are not observed. Finally, we use a third data set

to complement the demographic information in the IEB by additional information such

as civil status, number of children, and health status.

Geographical information on a client's place of residence (from the IEB) allows us

to select individuals belonging to a particular local labour market. For identi�cation

strategy, we seek a locally integrated labour market characterised by exogenous di�erences

in the probability of receiving a voucher. The local labour market we choose is the Ruhr

area, a densely populated area made up by a number of medium-sized cities. Due to coal

mining, these cities have grown next to each other and have evolved into an almost uni�ed

urban conglomerate. Today the Ruhr area counts several million inhabitants and is well

integrated by public transport and other infrastructure. While this area thus appears as

an integrated labour market in the sense that its inhabitants face roughly the same labour

market conditions, it is also split up into a dozen policy districts for ALMP, as shown in

Figure 3 below.

Counts of the vouchers awarded in the Ruhr area's policy districts (available on re-

quest) reveal a similar pattern for 2004 and 2005: where the probability of receiving a

voucher was high in 2004, it was also high in 2005. The overall number of vouchers

awarded, however, is high only in 2003 and 2004. It thus appears that policy di�erences

immediately after the reform in January 2003 did not persist and settled only in 2004. We

therefore choose to further focus on the year 2004 when the overall number of vouchers

is still high. Hence we reduce our data set to those individuals who live in the Ruhr area

10A negligible proportion of the vouchers cannot be linked up because of some data cleaning carried
out in the generation of the IEB. We disregard these vouchers.
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Figure 3: Labour market policy districts in North-Rhine Westfalia.
Districts used in estimation: Bochum, Dortmund, Düsseldorf, Duis-
burg, Essen, Gelsenkirchen, Hagen, Oberhausen, Recklinghausen,
Solingen, Wuppertal.
As of 25/07/2012. Source: Bundesagentur für Arbeit
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at some point in 2004. By dropping those individuals for whom the place of residence in

2004 is missing and cannot be easily inferred, we implicitly assume that those individuals

are missing at random.

Table 1 below provides descriptive statistics on the vouchers awarded in the policy

districts of the Ruhr area. The di�erences across districts in the probability of receiving

a voucher (see voucher rate) are marked. Neither we nor internal sources of the Federal

Employment Service are aware of any reason that would make these di�erences appear

endogenous; to the contrary, it can be shown that observable di�erences between districts

do not explain the di�erences in treatment probability. Instead, it appears to us that such

di�erences have arisen in response to the vacuum left by an assignment rule for vouchers

that could hardly be satis�ed (see section 2). Such idiosyncratic policy choices would

imply that the di�erences in treatment probability are exogenous, as is required for our

identi�cation strategy.

Table 1: Treatment probabilities across ALMP districts in 2004

District id. unempl. vouchers voucher unused training training
in�ow rate in% vouchers rate in%

Bochum 321 6849 1190 17.6 150 1053 15.4
Dortmund 333 12372 1932 16.6 171 1750 14.1
Düsseldorf 337 7290 1173 16.0 96 1069 14.7
Duisburg 341 6199 1148 18.7 250 902 14.6
Essen 343 7699 1800 23.6 138 1674 21.7
Gelsenkirchen 345 7400 791 11.1 143 664 9.0
Hagen 347 5228 827 16.2 108 732 14.0
Oberhausen 371 4575 384 9.2 61 349 7.6
Recklinghausen 375 6611 1026 16.2 223 847 12.8
Solingen 385 2586 645 25.3 64 588 22.7
Wuppertal 391 6463 1446 21.2 226 1148 17.8

All numbers are based on the selected sample. District id. is the internal code used by the Bun-
desagentur für Arbeit. Treatment rates are de�ned as the share of treated clients (receiving a
voucher or attending training) among all in�owing unemployed in 2004 (with unemployment dura-
tion longer than 4 weeks). Unused vouchers do not exactly equal vouchers minus training due to
slight inconsistencies in our data de�nitions.

As we want to look at ALMP, we further limit our data set to those who are unem-

ployed at some point in 2004. For the treatment DV , those unemployed who receive a

voucher make up the treatment group, all others being the control group. For the treat-

ment DT , the treatment group is limited to those who both receive a voucher and use it,

all others again being the control group. A suitable instrument to address the likely endo-

geneity of these treatments is the probability of treatment: we have argued that it o�ers

considerable exogenous variation, and it still correlates with the occurrence of treatment.
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The outcome variable is binary and indicates whether or not a client is in employment

after one year has elapsed.11 By employment we mean dependent work subject to social

security contributions, of any duration. The time elapsed is counted from the day the

voucher is awarded (treatment groups) or from the �rst day of unemployment (control

groups).12 For the relevant covariates such as age, education, and employment history,

we also use the values they take on these dates. The award of the voucher is taken as

the starting date also for the training because the following training spells themselves

can arise from other ALMP programmes, so that the relevant starting date cannot be

unambiguously identi�ed.

5 Estimation and inference

5.1 Estimator

The approach we take to the estimation of the model in section 3.1 is nonparametric.

This avoids imposing any particular structure on equation (1) and allows notably for

heterogeneous treatment e�ects. The nonparametric estimator we use is analysed in

Frölich (2007), where it is found to be
√
n-consistent and e�cient. Its implementation for

a binary instrument is available from Frölich and Blaise Melly.

The innovation of the estimator is to allow for the case that the exclusion restriction for

the instrument Z does not hold unconditionally, but only conditionally on covariates X.

While we will consider both cases, we will rely on propensity scores whenever covariates

are involved, in order to avoid the curse of dimensionality in our context of limited sample

sizes. Based on a consistently estimated propensity score πi = Pr(Z = zH |X = xi), the

estimator of LATE can then be written as

∆̂j(zH , zM) =

∑
i:zi=zH

yi − m̂zM (π̂i)−
∑

i:zi=zM
yi − m̂zH (π̂i)∑

i:zi=zH
di − µ̂zM (π̂i)−

∑
i:zi=zM

di − µ̂zH (π̂i)
(20)

with µz(πi) = E[D|π(X) = πi, Z = z] and mz(πi) = E[Y |π(X) = πi, Z = z]. The former

is estimated by local logit regression and the latter by local linear regression. Hence

estimation results will be given as deviations from means.

Recall that we apply this estimator to what appears to be an integrated local labour

market, in the sense that the initial situation is very similar across market sides. There-

fore, if the estimation results with and without covariates are roughly the same, this will

indicate that the labour market de�ned is indeed an integrated local labour market. In

other words, if accounting for covariates does not substantially alter the results, it ap-

11The time horizon of six months that underlies the 70% rule is too short for our context where all
clients in 2004 are considered together.

12The fact that those in the treatment group have already spent some time in unemployment before
they receive a voucher might bias our results. This may be avoided by matching on unemployment
duration, which is beyond the scope of the present version of this paper.
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pears that market sides do not substantially di�er with respect to covariates. And while

only observable covariates can be taken into account here, we would argue that unobserv-

able covariates are unlikely to substantially di�er across market sides when observable

covariates do not.

Finally, the same estimator can be used to estimate the treatment outcome Ŷ j
1 . To

see this, note that equation (4) is again obtained when Y Dj in equation (5) is rede�ned

as a dependent variable Y . Rede�ning Y (1 −Dj) analogously, we can also estimate the

non-treatment outcome Ŷ j
0 .

5.2 Results

We delimit market sides such that policy districts with similar probabilities of treatment,

as shown in table 1, are grouped together. Concretely, the side labelled H consists of

Essen, Solingen, and Wuppertal; the side labelled M consists of Bochum, Dortmund,

Düsseldorf, Duisburg, Hagen, and Recklinghausen; and the side labelled L consists of

Gelsenkirchen and Oberhausen. As each market side has a common border with every

other market side, comparisons between any two market sides appear equally valid.

The �rst four lines in table 2 present estimation results for Dj = DV , while the last

four lines consider Dj = DT . In each set of results, the �rst two lines give the uncon-

ditional results respectively for comparisons between H and M and between M and L.

The next two lines repeat these comparisons conditional on covariates. The covariates

we employ are intended to capture a range of individual characteristics: demographic

characteristics (education, age group, sex, nationality, civil status, children, health sta-

tus, disability/incapacity status), economic characteristics (sector, employment history,

previous unemployment incidence, employment as trainee, reason for end of last job) and

characteristics decided by caseworkers (motivation, history of sanctions, assignment to

problem groups). More macro-level characteristics are not included: even if they di�er

across market sides, it is not clear that they matter for a given client who can look for a

job on any market side.

The estimates of LATE in table 2 that are obtained without covariates suggest large

e�ects: treated compliers on market sides H and M are around 30% more likely to

be employed one year after treatment than non-treated compliers. This e�ect is still

around 20% for treated compliers on market sides M and L. These estimates are also all

signi�cant at the 1%-signi�cance level. The estimates of LATE with covariates are lower

in all cases, suggesting e�ects of 20% and less. Moreover, they are often insigni�cant,

possibly because these lower point estimates coincide with fewer observations (due to

missing values in some covariates). As explained above, the di�erence between conditional

and unconditional estimates points to di�erences between the market sides. We therefore

conclude that LATE is probably more accurately estimated with covariates, so that the

large e�ects obtained without covariates should not be taken at face value. However, it
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Table 2: Non-parametric estimates for the Ruhr area

treatment market ∆̂j Ŷ j
1 Ŷ j

0 prop. of covar- obs.
sides (s.e.) (s.e.) (s.e.) compliers iates

(1) j = V H,M 0.341* 0.373* -0.032 0.062 no 81833
(0.079) (0.060) (0.075)

(2) j = V M,L 0.257* 0.418* -0.161* 0.081 no 74070
(0.064) (0.042) (0.061)

(3) j = V H,M 0.204 0.315* -0.111 0.043 yes 74098
(0.118) (0.091) (0.112)

(4) j = V M,L 0.178** 0.411* -0.233* 0.069 yes 66766
(0.081) (0.056) (0.077)

(5) j = T H,M 0.310* 0.327* -0.017 0.062 no 79574
(0.081) (0.060) (0.077)

(6) j = T M,L 0.201* 0.345* -0.144** 0.076 no 71547
(0.069) (0.045) (0.066)

(7) j = T H,M 0.196 0.304* -0.108 0.043 yes 71982
(0.119) (0.089) (0.112)

(8) j = T M,L 0.118 0.352* -0.233* 0.065 yes 64410
(0.087) (0.058) (0.082)

With Y denoting the dependent variable, E[Y |X,Z] is estimated by local linear regression with
h = ∞ and λ = 1. E[D|X,Z] is estimated by local logit regression with h = ∞ and λ = 1.
Propensity score matching is applied, and 5% of the propensity scores are trimmed for the
variance estimation. For j = V , the treatment group without (with) covariates has 12537
(11780) obs., the control group 70540 (62586). For j = T , the treatment group without (with)
covariates has 10850 (10214) obs., the control group 71611 (63574).

* Signi�cant at 1% level.
** Signi�cant at 5% level.
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turns out that all our further conclusions are the same whether or not they are based on

conditional or unconditional estimates.

When we use the estimates of LATE to calculate ∆V as in equation (9), we consistently

�nd ∆V < 0 and thus evidence against e�ect-based ordering. Yet ∆V is not statistically

di�erent from 0, according to the test we propose in section 3.3: for both the unconditional

and the conditional estimates of LATE, the test statistic is below 1 and therefore not

signi�cant at any signi�cance level. Hence there is neither conclusive evidence for nor

against e�ect-based ordering (i.e. hypothesis (E)).

The estimates for the post-treatment outcome Y j
1 reported in table 2 are all signi�cant

at the 1%-signi�cance level. They suggest that the probability of being employed a year

later is between 30% and 42% higher for treated compliers than the average probability

over all compliers. In turn, the estimates for the non-treatment outcome Y j
0 (while often

insigni�cant) suggest that this probability is up to 23% lower for non-treated compliers

than the average probability over all compliers. These di�erences between post-treatment

and non-treatment outcomes would be in line with large treatment e�ects, but also with

cream-skimming (i.e. hypothesis (S)). Now note that equation (14) consistently does not

hold for estimated treatment outcomes, which is evidence against cream-skimming. We

therefore conclude that treatment e�ects appear to be large, even if clients are not ordered

by treatment e�ect. Instead, it appears that clients are ordered by need (i.e. hypothesis

(N)), as equation (13) consistently holds for the estimated non-treatment outcomes.

Let us next turn to the intensive margin discussed in section 3.4. Both ∆T−V (zH , zM)

and ∆T−V (zM , zL), de�ned in exact analogy to equation (16), are consistently nega-

tive. This is evidence for hypothesis (L): among the compliers, the average treatment

e�ect for voucher users is smaller than for all voucher recipients. In other words, those

who do not use their voucher would have had above-average treatment e�ects. The ev-

idence for hypothesis (L) is con�rmed by the estimated treatment e�ects in total: both

∆TT−TV (zH , zM) and ∆TT−TV (zM , zL), de�ned in exact analogy to equation (17), are also

consistently negative.

Combining intensive and extensive margins, we �nd that equation (18) holds consis-

tently with an inverted sign: for average treatment e�ects, there is evidence of increasing

returns from choice (i.e. hypothesis (I)). More exactly, the losses from choice found for the

intensive margin decrease along the extensive margin. This �nding again extends to total

treatment e�ects: equation (19) also holds consistently with an inverted sign, so that the

loss in the policy's total treatment e�ect found for the intensive margin also decreases

along the extensive margin.

In conclusion, the application of our methods to estimation results for the Ruhr area

allows us to make the following statements: while caseworkers here apparently prioritise

clients most in need of better employment chances, treatment e�ects seem still sizeable.

The clients who do not use their voucher tend to have above-average treatment e�ects, so

that both the cost-e�ectiveness and the overall impact of the policy are lower than they
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would be without leaving clients this choice. The di�erence between the policies with and

without choice appears to shrink, however, as the scale of the policy increases.

6 The role of search costs for voucher take-up

A primary concern associated with the use of vouchers are the search costs involved

in using it. In the context of training for unemployed, voucher recipients incur such

search costs when they look for a suitable training provider. As a complicating factor,

these search costs are not observed, although they may be systematically higher for some

groups of unemployed than for others. It has therefore often been speculated that voucher

recipients with little education, lack of access to information and networks, or high family

obligations �nd it hard to use vouchers, and thus do not use it in disproportionately many

cases. This would constitute a problem for virtually any ALMP, and a massive problem

for the numerous policies meant to assist in particular the most disadvantaged in society.

Some evidence that unemployed with little education, for example, are indeed less

likely to use their voucher is presented by Kruppe (2009). On the background of our

�nding above that those who do not use their voucher would have had above-average

treatment e�ects, we inquire in this section whether high search costs keep clients from

using their voucher. In the absence of data on search costs, one has to rely on indirect

evidence. Weber (2008) estimates a double-hurdle model, where being o�ered training

corresponds to the �rst hurdle, and actually enrolling in the course corresponds to the

second. However, this approach cannot link the enrollment decision to any unobserved

costs. Here we instead employ a method developed by Altonji et al. (2008) based on

the sensitivity analysis in Rosenbaum (2002). This method can be applied to a fully

parametric variant of our model:

Y = 1[Y ∗ ≥ 0] = 1[X ′β + αDT + ε ≥ 0] (21)

DT = 1[D∗T ≥ 0]DV = 1[X ′γ − UT ≥ 0]DV (22)

The third model equation is not needed because we will focus on voucher recipients only, so

that DV = 1 in all cases and only non-trained voucher recipients form the control group.

Z is left out in equation (22) because it only plays a role for an instrumental-variable

approach (while we include all market sides here).

Now consider a client with relatively high search costs, represented by a relatively high

UT . We would expect that the same search costs also complicate the client's job search

following or during the training, and therefore adversely a�ect the client's probability Y

of being employed one year later. This adverse e�ect is likely to manifest in a relatively

low ε, especially if covariates X do not include variables that capture the client's search

costs. In other words: the employment chances of a client with high unobserved search

costs are likely to be lower than observed variables would suggest. Formally, this would
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mean cov(UT , ε) 6= 0.

The method o�ered by Altonji et al. (2008) tests whether such a correlation is likely

to exist. It uses seemingly unrelated bivariate probit to estimate the parametric model

under the assumption that [
UT

ε

]
∼ N

([
0

0

]
,

[
1 ρ

ρ 1

])
(23)

The range of (absolute) values considered for ρ is bounded from above by the value that

equates the in�uence of unobservable variables on Y with the in�uence of observable

variables, so that
cov(ε, UT )

var(ε)
=

Cov(X ′γ,X ′β)

Var(X ′β)
(24)

Given the reduced sample size, we can only �t a number of covariates X, while ε likely re-

�ects the in�uence of omitted and unobserved variables. When we include education, sex,

employment as trainee, lack of motivation, sanction history, and assignment to problem

group, the null hypothesis ρ = 0 in a likelihood-ratio test cannot be rejected at any sig-

ni�cance level. This result appears robust to marginal changes of the covariates included.

Importantly, the covariates do not include several variables that would re�ect high search

costs, such as disability/incapacity status, nationality (re�ecting language problems), fam-

ily status, children, and health status. While these omitted variables very likely a�ect Y ,

they do apparently not give rise to a correlation between UT and ε, although UT should

capture these variables in so far as they create search costs.

The test result o�ers indirect evidence that search costs do not drive voucher take-

up: if they did, one would expect a signi�cant correlation between UT and ε, as search

costs likely also register in ε. Hence clients who do not use their voucher, even though the

e�ects from training would tend to be above average, probably do so for other reasons than

search costs. Concretely, they might underestimate their personal bene�t from training,

or they might anticipate high opportunity costs of training (e.g. lock-in e�ects) that lead

them to rather focus on job search. These issues would call for a very di�erent response

from policy makers than search costs would.

7 Conclusions

This paper has developed simple methods to obtain insights beyond LATE in the context

of instrumental-variable estimation of treatment e�ects. The methods are applied to

evaluate the use of vouchers in active labour market policy. Insights are thus o�ered on the

priorities of caseworkers, the role that choice exercised by clients plays for the e�ectiveness

of the policy, and the distribution of gains or losses from choice. For the example of the

Ruhr area's local labour market, we have thus found evidence that caseworkers implement
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a need-based ordering of clients, that policy e�ectiveness decreases as a result of choice,

and that such losses from choice are concentrated among the �rst treated clients. As these

clients were also found to be most in need of improvement to their employment chances,

it emerges overall that vouchers might be inadequate to serve the most disadvantaged

clients. The reasons might be false expectations or di�erent priorities on the side of these

clients, as indirect evidence suggests that search costs do not prevent them from using a

voucher.
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