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Abstract

This paper investigates the question whether it really matters for microeconometric evaluation
studies to take account of the fact that the programmes under consideration are heterogeneous.
Assuming that selection into the different sub-programmes and the potential outcomes are
independent given observable characteristics, estimators based on different propensity scores are
compared and applied to the analysis of the active labour market policy in a Swiss region.
Furthermore, the issues of heterogeneous effects and aggregation are addressed. The econometric
considerations as well as the results of the application suggest that an approach that incorporates

the possibility of having multiple programmes could be an important tool in applied work.
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1 Introduction

With respect to programme heterogeneity there is a big discrepancy between technically
sophisticated modern microeconometric evaluation methods and real programmes to be
evaluated. Standard microeconometric evaluation methods are mainly concerned with the effects
of being or not being in a particular programme, whereas for example in active labour market
policies (ALMP) typically there is a range of different versions of heterogeneous sub-
programmes, such as training, public employment programmes, or job counselling." These sub-
programmes often differ with respect to their target population, their contents and duration, their

selection rules as well as with respect to their effects.

For the case in which the participation in such a programme is independent of the subsequent
outcomes conditionally on observable exogenous factors (conditional independence assumption,
CIA) the standard model of only two states, i.e. participation versus nonparticipation, is extended
by Imbens (1999) and Lechner (1999b) to the case of multiple states (‘treatments).? Both papers
show that the important dimension reducing device in the binary treatment model, called the
bal ancing score property of the propensity score, is still valid in principle, but needs to be suitable
revised.

This paper extends Lechner (1999b) in several aspects relating to the definition of treatment
effects and the issue of aggregating different states. Furthermore, several estimation methods, all
based on 'matching on the propensity score’, are proposed. These methods have been applied to
the evaluation of active labour market policies in the Swiss canton of Zurich. The aim of this
study is to give an example of how an evaluation could be performed in this setting, and not to
derive policy relevant conclusions. The comparison of different estimators in practise provides
information about their practical performance. In addition, the application showed that the
multiple trestment approach can lead to valuable insights that might be lost otherwise.

The next section defines the concept of causality, introduces the necessary notation and discusses

identification of different effects for the case of multiple treatments based on the conditional

For recent surveys of this literature see for example Angrist and Krueger (1999) and Heckman, Lalonde, and
Smith (1999). The reader should note that in several previous studies the author of this paper ignored the existence
of other programmes as well, thus being subject to the same criticism that will be brought forward in this paper.

Note that the term multiple treatments also includes the issue of dose-response, since for example an employment
programme with two different durations (the doses) could always be redefined as being two different programmes.
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independence assumption. It also defines a causal effect corresponding to the aggregation of the
different types of nonparticipation. Section 3 proposes matching estimators for this setting.
Section 4 presents empirical results for the Swiss region of Zurich and Section 5 concludes. An

Appendix contains some technical details.

2 The causal evaluation model with multiple treatments

2.1 Notation and definition of causal effects

2.1.1 Notation

The prototypical model of the microeconometric evaluation literature is the following: An
individual can choose between two states, like participation in a training programme or non-
participation in such a programme. The potential participant in a programme will get an
hypothetical outcome in both states. This model is known as the Roy (1951) - Rubin (1974)
model of potential outcomes and causal effects® Since its statistical content is most clearly
spelled out in Rubin (1974), for simplicity this model is called the Rubin-model in the following.

Consider the outcomes of (M+1) different mutually exclusive states denoted by {Y°,Y*,...,YM}.

The different states will to be caled treatments in the following to stick to the terminology of
that literature. It is assumed that each participant receives exactly one of the treatments (typically,
category 'O’ denotes treatment type no treatment). Therefore, for any participant, only one
component of {Y°Y%,..,Y"} can be observed in the data. The remaining M outcomes are
counterfactuals in the language of the Rubin model. Participation in a particular treatment mis

indicated by the variable S[0{0,1,...M}. The number of observed participants in treatment mis

M
denotedby N™ (N=9Y N™).

m=!

3 See for example Holland (1986) for an extensive discussion of concepts of causality in statistics, econometrics,
and other fields.



2.1.2 Pair-wiseeffects

The definitions of average treatment effects used for the case of just two treatments need to be

extended.” In the following equations, the focus is on a pair-wise comparison of the effects of

treatments mand I

y' =E(Y"-Y)=EY"-EY'; (1)
aM =ENY"-Y'|S=mI) = E(Y"|S=m]) - E(Y'|S=m,]); (2)
o =E(Y"-Y'|S=m) = E(Y"|S=m) - E(Y'|S=m). (3)

y' denotes the expected (average) effect of treatment m relative to treatment | for a participant
drawn randomly from the population.® Similarly, af" denotes the same effect for a participant
randomly selected from the group of participants participating in either m or |. Note that both
average treatment effects are symmetric in the sense that yJ"' = -y;™ and o = -ay".° 65 is
the expected effect for an individual randomly drawn from the population of participants in
trestment m only. Note that if the participants in treatments m and | differ in away that is related
to the distribution of X, and if the treatment effects vary with X, then 8" # -6,", i.e. the
treatment effects on the treated are not symmetric.

It is worth noting that af"' = E(Y™-Y'|S=m,l) is aweighted combination of 8" and ;™. The

weights are given by the participation probabilities in the respective states m and | (see Lechner,
1999b):

ap =6y P(S=mS=ml) - §"[1-P(S=m|S=m])]. @

Assume for the rest of the paper that the typical assumptions of the Rubin model are fulfilled (see Holland, 1986,
or Rubin, 1974, for example).

If a variable Z cannot be changed by the effect of the treatment (like time constant personal characteristics of
participants), then all what follows is also valid in strata of the data defined by different values of Z.

For m=1, al effects are of course zero.



2.1.3 Composite effects

Since the pair-wise comparison may not be considered an optimal way to summarize the causal
effects in the case of many treatments, the following modifications can be used to define a

composite (or aggregate) effect by using appropriate weight functions to aggregate the treatments

other than m:
i | | 0

yev™) = ZV”" v, vt =m0, vy (5
- | |

al(v™) = Z vra; (6)
M

or(v™) = Z v, (7
=0

For a useful interpretation of these effects the weight functions should fulfil v™™ =0 and

M

ZV”‘" =1. The above notation could be used for example to define treatment effects that are

measured relative to some average of treatment outcomes other than those of treatment m.
Obviously the pair-wise effects defined in equations (1) to (3) are special cases.

Although the composite effects given in equations (5) to (7) do not look like causal effects at first
sight, y7'(v™) and 6;"(v"™) have nevertheless a causal interpretation, since they correspond to the

effects of treatment m compared to a state were the treated would be randomly assigned to one of
the other treatments with probabilities given by the weights. Thus the composite potential

M
outcome is defined Y‘”‘(v'“):ZV”"I Y', where weights are given constants with

M
vtm=0, Z v™ =1. Then the composite effects can be rewritten as (proof in Appendix A):

Yo (V) = E(Y™) - E[Y (V)] (8)

6(v") =E(Y"|S=m)-E[Y "(V")|S=m]. 9)



Unfortunately, such an interpretation is not possible for ay (v"), because the implicit
conditioning set used to weight the various pair-wise effects depends on both potential outcomes

appearing in each pair-wise effect af* (see Appendix A).

2.2 The conditional independence assumption

The Rubin model clarifies that the average causal treatment effect - defined as the average
difference of the two potential outcomes in some population, for example - is generally not
identified. Therefore, the lack of identification has to be overcome by plausible, untestable
assumptions that usualy depend heavily on the problem analyzed and the data available. One
such assumption is that treatment participation and treatment outcome is independent conditional
on a set of (observable) attributes (conditional independence assumption, CIA). Subsequent
papers by Rubin (1977) and Rosenbaum and Rubin (1983) show how this assumption could
effectively be used for treatment evaluation since it is not necessary to condition on the attributes,
but only the participation probability conditional on the attributes. In many cases this identifying
assumption is exploited via a matching estimator, for recent examples see Angrist (1998),
Heckman, Ichimura, and Todd (1998), and Lechner (1999a).

Imbens (1999) and Lechner (1999b) consider identification under the conditional independence
assumption (CIA), that states that the potential treatment outcomes are independent of the
assignment mechanism for any given value of a vector of attributes (X) in a particular attribute

space x. Thisassumption isformalised in expression (10):
YO, L YMIISIX = x, Ox O y. (10)

In an observational study it requires the researcher to observe al characteristics that jointly
influence the outcomes as well as the selection into the treatments. In that sense, CIA may be
called a’data hungry’ identification strategy. Note that CIA can be seen as overly restrictive, since
all what is needed to identify mean effects is conditional mean independence. However, the
former has the virtue of making the latter valid for all transformations of the outcome variables.
Furthermore, in an application it is usualy difficult to argue why conditional mean independence
should hold and CIA might nevertheless be violated.



2.3 Identification and the balancing score

2.3.1 Pair-wiseeffects

This section discusses the identification of 87 and " from an infinitely large random sample.
In such a sample &l participation probabilities are identified. There is no need to address the
identification of af"' explicitly, because it is a weighted average of g)" and 6;™ (equation (4)).

Thus, af" isidentified whenever 7" and 6;™ are identified.

Lechner (1999b) shows that CIA identifies al effects as long as each cell has a marginal
probability conditional on X larger than 0 and smaller than 1. Furthermore, that paper shows that
some modified versions of the balancing score properties known from the binary treatment model
(Rosenbaum and Rubin, 1983) hold in this more general setting as well. In the following the
basic results of Lechner (1999b) are repeated.

Denote the choice probability of aternative j conditional on X as P(S=j| X =x) =P!(x), then
for the pair-wise treatment effect in the population the following equation is obtained:

yo'=ENY™|S=m)P(S= m)+PmI(EX)[E(Ym |[P™(X),S=m)|S# mP(S# m)
- E(Y' |S:I)P(S:I)+PII(—ZX)[E(Y' |P'(X),S=1)|SzI]P(SzI). (12)

If the respective probabilities P™(x) and P'(x) are known or if a good estimator is available, i.e.

a consistent estimator that converges at the parametric rate, the dimension of the (nonparametric)

estimation problem is reduced to one.

Lechner (1999b) gives asimilar result for the pair-wise treatment effect for the participantsin one
of the treatments:

oM =E(Y"|S= m)+P E [EY'|P'™(X),S=1)|S=m]. (12)

I\mI(X)

P'(x)

I|ml —_ plm - - - - -
P™(x)=P (S—I|S—IorS—m,X—x)——Pl(X)Jer(X).



Again, the dimension of the estimation problem is reduced to one. If it is possible to model
P'™ (x) directly, no information from subsamples other than the participants in mand | is needed
for identification and hence for the estimation of 7" and ;™. In many cases however, it will be

more straightforward from a modelling point of view to model the complete discrete choice

problem of choosing a particular treatment out of the complete list of treatments simultaneously.
P'"™ (x) could then be computed from that model. When a discrete choice model is estimated, or
generally when the conditional choice probabilities are more difficult to obtain than the marginal
ones, it may be attractive to condition jointly on P'(X) and P™(X) instead of P'™(X). This
dso identifies 9", because P'(X) together with P™(X) is finer than P'"™(X), since

P'(X)
P00 +PT(X)

E[P"™ (X) [P (X),P"(X)] = E[ |P/(X),P"(X)] = P (X).

The equality E(Y'|S=m)=E,[E(Y'|P"™(X),S=1)|S=m] that is used in equation (12)
suggests another way of identifying (and estimating) the population effect y{", because yg" can

be written as follows:

Yo" =EY"-EY' :i[E(Y”WS: N-E(Y'[S=]IP(S=])

= Z{EX[E(Y”1 |P™(X),S=m)|S=j]-EJ[E(Y' PP (X),S=1)|S=[]}P(S=]) (13)

Making use of equations (4), (12), and (13) allows the strategy to estimate E(Y' |S=m) for al
combinations of m and I, and then to use these estimates to compute the different treatment

effects ', ag', and &)" . Such an estimator is proposed in Section 3.

2.3.2 Composite effects

In the application a specific choice of weights will be considered, namely the unconditional
distribution of treatments other than min the population.



P(S=1)

V™ =P(S=1|S#m), P(S=I|S¢m)=m,

m#|. (14

From a practical point of view an interesting question here is the following: Suppose we
aggregate all observations not observed in treatment m in one group denoted by —m without
taking into account that this group is composed of different subgroups. Does an otherwise
correctly performed estimation, that can be easily computed since it is based on the binary
treatment model, correspond to a particular weighting scheme, and thus have a causa
interpretation? The answer is yes, it has a causal interpretation, but that interpretation and thus the

implied weighting scheme is different for y;'(v") and 6;"(v™) . Furthermore, it is difficult to

derive the weights, denoted as v™ and V™ in the following, explicitly, because they depend on
the particular distribution of P™(X) in the specific comparison groups. This can be seen by the

following considerations:
yo(v™ =EY"-EY ™" =
=EY"-E(Y"|S=-mP(S=—-m)-E(Y " |S=m)P(S=m)

=EY"-E(Y " |S=—-m)P(S=-m)-E(Y " |S=m)P(S=m)
= EYm—iE(V”‘"Y' |S=1)P(S=1)-E,{E[V™Y' |[P"(X),S=1]|S=m)}P(S=m);
grv™) =E(Y"|S=m)-E(Y ™ |S=m) =

=E(Y"|S=m)-E{E[Y ™ |P"(X),S=-m]|S=n} .

Whether this may or may not be a more sensible specification of the weights, depends on the

context. It is however important to notice that ;" (V™) and 8;"(v™) arein general different causal

effects.
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3 A matching estimator

Given the choice probabilities, or a consistent estimate of them, the terms appearing in equations
(12) and (13) can be estimated by any parametric, semiparametric, or nonparametric regression
method that can handle one or two-dimensional explanatory variables. Lechner (1999b) proposes
a matching estimator that is analogous to the rather simple algorithms used in the literature on

binary treatments. It isgivenin Table 1.

Table 1: A matching protocol for the estimation of ™', ag*' , and g5

Step 1 Specify and estimate a multinomial choice model to obtain [P2(x), P:(x),...,BM (X)].

Step 2 Estimate the expectations of the outcome variables conditional on the respective balancing scores.

For a given value of m and / the following steps are performed:
R.(%)

R () +RI(¥)

Alternatively, Step 1 may be omitted and the conditional probabilities may be directly modelled (as

in the binary case; PI™ (x)).

b) Choose one observation in the subsample defined by participation in m and delete it from that
pool.
c) Find an observation in the subsample of participants in / that is as close as possible to the one

chosen in step a) in terms of PI™ (x), PI™ (x) or [P(x), B, (x)] . In case of using

a) Compute Pl (x) = oruse [P1(x), P\ (x)] directly.

[P1(X), P! ()] 'closeness' is based on the Mahalanobis distance. Do not remove that

observation, so that it can be used again.

d) Repeat a) and b) until no participant in m is left.

e) Using the matched comparison group formed in ¢), compute the respective conditional
expectation by the sample mean. Note that the same observations may appear more than once in

that group.
Step 3 Repeat Step 2 for all combinations of m and /.
Step 4 Compute the estimate of the treatment effects using the results of Step 3.

Note:  Lechner (1999b) suggests an estimator of the asymptotic standard errors for f/,T , ég" , and é,ﬁ" based on the
approximation that the estimation of the probabilities in Step 1 can be ignored.

Note that matching is done allowing the same comparison observation to be used repeatedly. This
modification is necessary for the estimator to be applicable at all when the number of participants
in treatment m is larger than in the comparison treatment |. Since the role of m and | could be
reversed, this will aways be the case when the number of participants is not equal in all
treatments. This procedure has the potential problem that very few observations may be heavily
used although other very similar observations are available. This may result in a substantial and

unnecessary inflation of the variance. Therefore, the occurrence of this feature should be
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checked, and if it appears, the algorithm needs to be suitably revised. Similar checks need to be
performed — as usual — to make sure that the distributions of the balancing scores do indeed

overlap sufficiently in the respective subsamples. For subsampbesd| this means that the

distributions of PI™ (x) (or B™ (x) or [PM(x), P.(X)]) have similar support.

The main advantage of the matching algorithm outlined in Table 1 isits simplicity. It is however
not asymptotically efficient, since the issue of the typical trade-off in non-parametric regression
between bias and variance is not addressed. Other more sophisticated and more computer

intensive matching methods are discussed for example by Heckman, Ichimura, and Todd (1998).

The composite effects are estimated as aggregates of the pair-wise effect using the weights given
in eguation (14). In addition to that 8,"(v™) has been estimated directly from a pair-wise
comparison in an aggregated sample using a probit model to estimate the respective probabilities
and an accordingly simplified version of the algorithm outlined in Table 1.

4 Empirical application

4.1 Introduction and descriptive statistics

After experiencing increasing rates of unemployment in the mid 1990’ ties Switzerland conducted
a substantial active labour market policy. That policy has many different sub-programmes. For
the purpose of this study they are aggregated into five different groups that contain more or less
similar sub-programmes, i.e. NO PARTICIPATION in any programme, BASIC TRAINING (including
courses of the local language and job counselling), FURTHER vocational TRAINING (including
longer information technology courses as the largest part), EMPLOYMENT PROGRAMMES, and
TEMPORARY subsidised EMPLOYMENT (job with company, labour office pays difference between

wage and 70-80% of previous earnings’).

This application concentrates only on the largest Swiss canton, namely the canton of Zurich.® The
population of interest is unemployed at the 31% of December 1997 (unemployment was a

condition to be eligible for the programmes), aged between 25 and 55, has not participated in a

" This is dlightly more than the unemployment benefits. Furthermore, the expiry date of unemployment benefits
may be prolonged.
8 switzerland is divided into 26 cantons that enjoy a considerable autonomy from the central government.
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substantial programme before the end of 1997, and is not disabled. The individual programme
participation begins during 1998 and the observation period ends in March 1999. Hence, only

short-run effects will possibly be discovered.

The data come from the Swiss unemployment registers and cover - before sample selection - the
total population unemployed at that time in the canton of Zurich. Further information about the
data base can be found in Gerfin and Lechner (1999).° The data base is fairly informative because
it contains all the information the local labour offices use for the payment of the unemployment
benefits and for advising the unemployed. Therefore, the conditional independence assumption is
assumed to be valid for the remainder of this paper.*

Table 2: Descriptive statistics of selected variables according to the different states

Non- basic training further employment  temporary
participation training programme  employment
__________________________________________________________________________ medianinsubsample
Age 39 38 40 40 39
Days of unemployment before start 251 218 219 335 247
Duration of programme in days 0 63 41 155 113
Starting day of programme after 1997 89 82 (I 196 107 .
________________________________________________________________________ shareinsubsamplein%
Gender: female 46 56 43 37 43
Subjective valuations of labour office
Qualification:  best 57 42 79 51 60
medium 19 22 1 24 19
worst 24 35 10 24 21
Chance to find new job: unclear 8 8 6 5 9
very easy 2 1 3 1 2
easy 11 9 16 9 15
medium 55 55 62 59 58
difficult 19 25 12 22 15
special case 4 2 2 4 1
Native language: German 48 27 73 46 51
other than German, French, ltalian 40 60 20 44 37
Number of observations 2822 1958 724 701 1463

Note:  Starting dates for the nonparticipants are random draws in the distribution of all observable starting dates. Non-
participants no longer unemployed at their designated starting date have been deleted from the sample.

® Gerfin and Lechner (1999) study the effects of the various programmes of the Swiss active labour market policy.
Their data base covers al of Switzerland and aso has some additional information from the pension system. Also,
they consider more details of this policy. However, that data set is too expensive to handle for the current analysis.

19 Obviously, there may be substantial arguments claiming that this may not be true. However, the aim of this study
is to give an example of how an evaluation could be performed in this setting, and not to derive policy relevant
conclusion. For the same reason, the reader is referred to Gerfin and Lechner (1999) for more discussion about the
features of the single programmes.
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Table 2 gives some descriptive statistics of selected variables for subsamples defined by the five
different states. From these statisticsit is obvious that the programmes are heterogeneous with re-
spect to programme characteristics - for example duration - as well as with respect to individual

characteristics of participants such as skills, qualifications, employment histories, anong others.**

The effect of the programmes will be measured in terms of changes in the average probabilities
of employment in the first labour market caused by the programme. It will be measured after the
programme begins. The time in the programme is not considered as regular employment. This
means that if somebody |leaves a programme early in order to take up ajob, thiswill influence our
measure of effectiveness of the programme in a positive way. Such a measure could be disputed
if one believes that being in the programme is a 'good thing’ per se, but it is the approach taken in

this paper to concentrate solely on the success in the labour market.

The entriesin the main diagonal of Table 3 show the level of employment rates of the five groups
in percentage points. The off-diagonal entries refer to the unadjusted difference of the
corresponding levels. These rates are observed on a daily basis. The results in the table refer to
latest observations available, i.e. to the end of March 1999. The last two columns refer to a

composite category aggregating all states except the one given in the respective row.

Table 3: Unadjusted differences and levels of employment

Non- basic further ~ employment temporary all other
participation training fraining  programme employment| categories *
Nonparticipation (38.8) 8.6 -10.2 13.0 9.7 09 | (379
basic training (30.2) -18.8 44 -18.3 -10.8 ' (41.0)
further training (49.0) 23.2 0.5 11.9  (37.1)
employment programme (25.8) -22.7 -13.7  (38.3)
temporary employment (48.5) 12.7  (35.8)

Note:  The outcome variable is employment in %-points for day 451. Absolute levels on main diagonal and in the last column
(shaded, in brackets). All other categories denotes the aggregation of all categories except the one given in the
respective row.

The results show a wide range for average employment rates. The highest values that are close to

50% correspond to FURTHER TRAINING and TEMPORARY EMPLOYMENT. Clearly, the participants

1 Unemployment duration until the beginning of training is an important variable for the participation decision.
Since that variable is not observed for the group without treatment, starting dates are randomly allocated to these
individuals according to the distribution of observed starting dates. Individuals no longer unemployed at the
alocated starting dates are deleted from the sample. This approach follows closely an approach called randomin
Lechner (1999a).
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with the worst (unadjusted) employment experience are the participants in EMPLOYMENT
PROGRAMMES, followed by participants in BASIC TRAINING. However, from this table it is
impossible to conclude whether the resulting order of employment rates is due to different
impacts of the programmes, or to a selection of unemployed with already fairly different
employment chances into to the various programmes. Disentangling these effects is of course the

main task of every evaluation study.

4.2  Participation probabilities

Table 4 shows the estimation results of a multinomial probit model (MNP) using simulated
maximum likelihood with the GHK simulator.”? The largest group (non-participation) is chosen
as the reference category. Although being fully parametric, the MNP is a flexible version of a
discrete choice model, because it does not require the I ndependence of Irrelevant Alternatives

assumption to hold.®

The variables that are used in the MNP are selected by a preliminary specification search based
on binary probits (each relative to the reference category) and score tests against omitted
variables. Based on that step the final specifications contain a varying number of mainly discrete
variables that cover groups of attributes related to persona characteristics, valuations of
individual skills and chances on the labour market as assessed by the labour office, previous and
desired future occupations, as well asinformation related to the previous unemployment spell and
to the unemployment spell that was still on-going in the last day of 1997. Entries for variables ex-
cluded from a particular choice eguation show a0 for the coefficient and -’ for the standard error.

12 See for example Bérsch-Supan, Hajivassiliou (1993) and Geweke, Keane, Runkle (1994).

2 In practise, some restrictions on the covariance matrix of the errors terms of the MNP need to be imposed,
because not all elements of the covariance matrix are identified and to avoid excessive numerical instability. See
below.
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Table 4: Results of the estimation of a multinomial probit model

basic training further employment  temporary

training programme  employment
coef. std. coef. std. coef. std. coef std.
Constant 97 29 255 17 -219 16 -54 56
Age inyears /10 .01 02 14 10 22 10 .10 .05
Older than 50 years 0 - 0 - 0 - -15 12
Gender: female 24 07 -53 21 -39 22 0 -
Married 0 - 0 - -44 22 0 -
First foreign language:  English 06 .07 0 - 0 - 0
French, ltalian, German =22 07 0 - 42 22 0 -
Native language: French 54 18 0 - 0 - 0
Italian 52 14 -1.00 .54 0 - 0 -
other than French, ltalian, German .56 .15 -89 46 0 - 15 10
Permanent foreign resident (work permit C) 0 - 0 - -55 .27 0 -
Temporary foreign resident (work permit B) 27 08 -105 58 -25 23 0
Information about local labour office
located in labour market region: Small villages 149 37 -38 66 -94 62 -07 .34
located in labour market region: Big cities -63 13 -95 47 -79 36 -17 14
share of entry into long-term unemployed of all UE  -4.86 19 431 54 932 58 -76 23
no information on shares available 123 32 14 70 36 54 .00 .32
Subjective valuations of labour office
qualification:  best 2 -16 .06 .41 27 -12 12 0
worst? 0 - 0 - 0 - 0 -
chance to find a new job: unclear b 0 - -56 37 -62 33 07 M
very easy") 0 - 0 - 0 - A8 .20
easy® 0 - 0 - 0 - 23 M
difficult®) A1 07 -71 37 0 - -2 M
special case 37 15 -81 583 -13 26 135 49
Desired level of occupation: part time © -27 .08 0 - =70 30 -37 13
full time © .09 .05 0 - -02 09 -06 .07
Desired occupation same as last occupation 9 -11 .05 0 - o0 -0 -
Last sector
agriculture -60 22 148 13 0 - 0 -
construction -06 07 -4 30 -3 22 02 1
public services 25 .09 0 - 0 - -33 19
communications, news .50 31 1.00 .92 0 53 A7
repairs 35 16 0 - 0 0 -
tourism, catering 0 - -89 47 0 - 0
services (properties, renting, leasing, ...) 0 - 0 -1.70 .96 0 -
other services 0 - 0 - 0 - 45 19
sectoral unemployment rate in % * 10 0 0 - -28 17 0 -
Table 4 to be continued.
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Table 4 - continued: Results of the estimation of a multinomial probit model

basic training further employment  temporary
training programme  employment
coef. std. coef. std. coef. std. coef std.

Last occupation

construction 0 - -1.04 64 0 - 35 18

transportation -25 12 0 - 0 - 0 -

metals 0 - 0 - 0 - 0 -
painting, drawing, ... 0 - 0 - 0 - 34 16

office 0 - 70 .36 0 - 0 -

tourism, catering 13 .06 0 - 0 - 0 -

management, judicial system, self-employed, ... 0 - 0 - -36 .32 0 -

architects, engineers, technicians 0 - 145 .77 0 - 0 -

security, social services, ... 0 - -88 54 0 - 0 -
cosmetics, and similar services 0 - -88 54 0 - 1.02 49
education 0 - 0 - 0 - 81 31
Previous job position: high (management, ...) 0 - 0 - -80 41 -26 14

very low 0 - -81 M 0 - 0 -

Previous monthly earnings: below 2000 SFr 0 - 43 27 0 - 0 -
above 5000 SFr 0 - 06 19 0 - -18 .09

Duration of previous unemployment spell / 1000 =25 .06 0 - 90 49 0 -
Duration of CUES until start of programme / 1000 97 77 -58 77 109 73 -210 .68

(Duration of CUES until 31/12/97 / 1000)2 10 -79 .23 0 - 0 - 0 -

Duration of CUES less than 90 days 0 - -40 26 -93 46 0 -
less than 180 days 0 - 0 - -70 33 -27 12

less than 270 days 0 - 0 - =321 0 -

Participation in programme of < 2 weeks in CUES 0 - b4 40 0 - 0 -
Days from 12/31/97 until start / 100 -16 09 -08 16 56 22 36 .12

Implied covariance matrix of the error terms*

coef. tval. coef. tval. coef. tval. coef. tval. coef t-val

Nonparticipation 1 - 0 - 0 - -23 -3 -02 -05
Basic training 038 10 171 -17 -55 -5 -03 -2
Further training 8.76 - 154 11 -22 -6
Employment programme 2.78 - -51 14
Temporary employment - 1.96 -
Implied correlation matrix of the error terms

Nonparticipation 1 0 0 -14 -.02
Basic training 1 -.94 -53 -.04
Further training 1 31 -.05
Employment programme 1 -.22

Note:  Simulated maximum likelihood estimates using the GHK simulator (140 draws in simulator for each observation and
choice equation). Coefficients of the category NONPARTICIPATION are normalized to zero. Inference is based on the outer
product of the gradient estimate of the covariance matrix of the coefficients ignoring simulation error.

N =7669. Value of log-likelihood function: -10188.73.

Bold numbers indicate significance at the 1% level (2-sided test), numbers in italics relate to the 5% level.

If not stated otherwise, all information in the variables relates to the last day in December 1997. a) Reference group:
qualification: medium; b) Reference group: chance to find a new job: medium; c) Reference group: unknown desired
level (about 35% of sample); d) Based on the 3 digit job classification.

*) 9 Cholesky factors are estimated to ensure that the covariance of the errors remains positive definite. t-values refer
to the test whether the corresponding Cholesky factor is zero (off-diagonal) or one (main-diagonal).
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The estimation results show that compared to the status NONPARTICIPATION the coefficients
related to the choice equations are fairly heterogeneous, including sign changes of significant
variables. Although this could be expected already from the descriptive statistics given in Table
2, the MNP again confirms this finding and aso shows that it is related to more variables than
those given in Table 2. All these results basically confirm the view that individuals with severe
problems on the labour market have a clearly higher probability of ending up in either BASIC
TRAINING Or an EMPLOYMENT PROGRAMME. The latter is particularly used as a programme for the
long-term unemployed.” In contrast it is more likely for the 'easier’ cases to participate IN
FURTHER TRAINING Orf TEMPORARY EMPLOYMENT. Therefore, one can safely conclude that the
various groups of active labour market policies are targeted to different groups of the

unemployed.

The lowest part of Table 4 gives the estimated covariance matrix of the error terms as well as the
implied correlation matrix. The estimated standard errors of the error terms vary between .6
(BASIC TRAINING) and about 3 (FURTHER TRAINING). The estimated correlations are between -.9
and .3. The high negative correlation as well as the general lack of precision of the covariance
matrix estimate is a somewhat worrying feature.” The lack of precision is transferred to the other
estimated coefficients. Compared to a more restrictive specification, there appears to be a
considerable increase in the standard errors of the two groups with the largest estimated

variances, namely FURTHER TRAINING and EMPLOYMENT PROGRAMME.

The estimation results presented in Table 4 are used to compute the participation probabilities of
the various categories conditional on X. Table 5 gives some descriptive statistics of the
distribution of these probabilities in the various subgroups. The columns of the upper part of that
table contain the 5%, 50%, and 95% quantiles of the distribution of the respective probabilities as
they appear in the sample denoted in the particular row. Of course, the values of the probabilities
that correspond to the probabilities of the category in which these observations are observed
(shaded area) are the highest one in each column. Another observation is that there is

4 Note that for EMPLOYMENT PROGRAMMES the reference group of the dummy variables measuring length of the
current unemployment spellsis more than 270 days. Combining the coefficients for the dummy variables with the
coefficient of the continuous variable gives, for example, avalue of -2 for 50 days of unemployment compared to
a value of -.3 for 300 days of unemployment. Ignoring the continuous variable, that is insignificant, gives
corresponding values of —1.9 and 0. In addition, the begin of the programme, that is also positively related to the
duration of the unemployment spell, is significantly later for participantsimoYMENT PROGRAMMES than for
other programmes.

> Increasing the number of draws from 140 to 250 gives basically the same result.
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considerable variation of the probabilities. This means on the one hand that the observations
within a treatment show a considerably heterogeneity with respect to their characteristics. But on
the other hand, there is probably sufficient overlap as is necessary for the successful working of

the matching (and of course every other nonparametric) procedure.’®

Table 5: Descriptive statistics for the distribution of the participation probabilities computed

from the multinomial probit in the population and the subsamples

Quantiles of probabilities in %

basic training further training employment temporary
programme employment
Samples % 50% 95% 5% 50% 95% 5% 50% 95% 5% 50% 95%
Nonparticipation 5 21 49 1 8 23 1 6 25 8 18 32
Basic training 10 3 T 1 4 22 4 5 23 5 15 29
Further training 5 19 42 3 15 27 1 5 23 9 18 33
Employment programme 4 18 45 1 6 21 3 15 36 9 19 33
Temporary employment 4 19 48 (. 8§ 23 1 7 27 1121 38
All 5 23 57 1 7 23 1 6 26 7 18 33
Correlation matrix of probabilities in full sample
basic training further training employment temporary
programme employment
Nonparticipation -49 .07 -.23 -.06
Basic training -46 -.36 -.57
Further training -.20 .09
Employment programme 14

Note:  See note below Table 4.

The lower part of Table 5 presents the correlations of these probabilities in the complete sample.
There are fairly strong negative correlations between the probabilities for some treatments, but
they do not get smaller than -0.6 for any pair. Although, the magnitudes of these correlations
change somewhat for the subsamples defined by treatment status, they have a very similar

structure in these subsamples (not given here).

There are three additional probabilities that are used subsequently in the matching. First, for the

estimator that will be called naive conditional, a probit model based only on observations
observed in group m and | is used to obtain P™™ (X). The respective explanatory variables are

those that influence the choices between both m and | and the reference category

! Note that matching as implemented here is with replacement. Therefore, it is less demanding in terms of
distributional overlap than matching without replacement, because extreme observations in the comparison group,
that are the rare commodity in that trade, can be used more than once.
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(NONPARTICIPATION). Secondly, P™(X) is computed using the definition of conditional
probabilities given exclusive categories P™™ (X) = P™(X)/[P™(X) + P'(X)], where P™(X) and
P'(X) are the probabilities from the multivariate probit model (MVP conditional). If the MNP is
the correct specification, then the probabilities P™™ (X) are misspecified, because they ignore
the dependence of P™"(X) on variables influencing other choices and also use another

functional form than P™™ (X). Finaly, P™(X) is estimated with a probit model using all the
explanatory variables appearing in Table 4.

4.3  Matching using different balancing scores

4.3.1 Quality of the matches

Matching is implemented as described in Table 1. The Mahalanobis distance is used as distance
metric when matching is on more than one variable, i.e. P"(X) and P'(X) (called MVP

unconditional in the following). This metric has some appeal because the probabilities are fairly

close to being continuous.

Using the standardised bias as indicator of the match-quality, the results given in Table 6 show
that match quality is rather good with respect to the probabilities used for the matching. This
indicates that the overlap of these probabilitiesis generaly sufficient. An exception is perhaps the
case when the small and fairly specia group of individuals participating in EMPLOYMENT
PROGRAMMES and FURTHER TRAINING are used as a comparison groups. This problem appears

however mainly in the case of using both P™(X) andP'(X), and to a much lesser extend for

matching on single probabilities.
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Table 6: Are the probabilities used for matching balanced ? Results for the absolute standardised

bias (* 100)
[ Nonparticipation  basic training ~ further training ~ employment temporary
m programme employment
MVP unconditional, P™(X) and P'(X)
P™(X) PYX) P"(X) PAX) P"(X) P*X) P"(X) PYX) P"(X) P*X)
Nonparticipation 0 0 5 8 8 1.3 1.2 2.9 A 6
Basic training 6 4 0 0 4.0 2.5 3.9 1.6 1.0 15
Further training 3 4 6 6 0 0 2.0 4.8 g 9
Employment programme 3 1 5 7 1.8 3.0 0 0 9 1.0
Temporary employment 4 5 5 6 6 1.4 1.0 1.2 0 0
MVP conditional (P™™ )

Pm|ni Pm|m| Pm|m| Pm|m| Pm|m|
Nonparticipation 0 0 3 3 0
Basic training 1 0 2 2 1
Further training 1 0 0 1.6 A
Employment programme .0 A 2 0 0
Temporary employment 2 0 3 4 0

Naive conditional (P™™ )

ﬁmmi F~>m|m| F~>m|m| F~>m|m| F~>m|m|
Nonparticipation 0 0 K] 2 0
Basic training 1 0 4 4 2
Further training 1 0 0 2.1 A
Employment programme .0 2 9 0 A
Temporary employment 2 N 4 1 0

MVP unconditional, P™(X)

P"(X) P"(X) P™(X) P™(X) P™(X)
Nonparticipation 0 0 3 A 0
Basic training 3 0 3.3 1.0 6
Further training 1 0 0 8 A
Employment programme 1 A 3 0 A
Temporary employment 1 1 1 8 0

Note:  The absolute standardized bias (SB) is defined aé the absolute diﬁerénce of the means in .the subsamples m and the
matched comparison sample obtained from participants in | divided by the square root of the average of the variances
in m and the matched comparison sample * 100. SB can be interpreted as bias in % of the average standard deviation.

However, the real question is whether matching on these probabilities is sufficient to balance the

covariates. Table 7 gives the results of two summary measures - the median absol ute standardised

bias and the mean squared standardised bias - that give an indication of the distance between the
margina distributions of the covariates that influence the choice in group m and the matched
comparison group |. There does not appear to be a consensus in the literature about how to
measure the distance between high dimensional multivariate distributions, but the two measures

given are often used. Their mgor shortcoming is that they are based on the (weighted)
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differences of the margina means only, thus ignoring any other feature of the respective

multivariate distributions.

Table 7: Arethe covariates balanced ? Results for the median absolute standardised bias
(MASB) and the mean squared standardised bias (MSSB)

I Nonparticipation basic training further training employment temporary
m programme employment
MASB MSSB MASB MSSB MASB MSSB MASB MSSB MASB MSSB
MVP unconditional, P™(X) and P'(X)
Nonparticipation 0 0 3 16 4 31 6 56 2 12
Basic training 3 18 0 0 6 111 9 136 3 21
Further training 4 25 3 28 0 0 8 108 4 33
Employment p. 4 27 4 N/A 5 61 0 0 4 33
Temporary e. 3 16 4 21 3 26 6 70 0 0
Sum 14 86 14 N/A 18 229 29 370 13 99
MVP conditional, P™™
Nonparticipation 0 0 3 13 5 45 7 120 3 17
Basic training 3 22 0 0 6 134 8 209 3 28
Further training 3 13 4 31 0 0 9 248 4 33
Employment p. 3 21 5 N/A 6 76 0 0 3 31
Temporary e. 2 15 3 22 5 38 6 112 0 0
Sum 11 71 15 N/A 22 293 30 689 13 109
Naive conditional, P™™
Nonparticipation 0 0 3 18 5 54 7 128 2 13
Basic training 3 19 0 0 6 141 8 221 2 21
Further training 2 23 3 23 0 0 9 287 3 34
Employment p. 4 29 4 29 6 N/A 0 0 3 38
Temporary e. 3 17 4 26 4 39 6 79 0 0
Sum 12 88 14 96 21 N/A 30 715 10 106
MVP unconditional, P™(X)
Nonparticipation 0 0 7 90 11 355 7 365 4 44
Basic training 3 19 0 0 11 426 10 402 4 36
Further training 4 32 5 61 0 0 7 377 5 47
Employment p. 4 37 9 137 9 370 0 0 5 53
Temporary e. 3 17 7 92 14 413 8 346 0 0
Sum 14 105 28 380 45 1564 32 1490 18 180

Note:  The standardized bias (SB) is defined as the difference of the means in the respective subsamples divided by the
square root of the average of the variances in m and the matched comparison sample obtained from participants in / *
100. SB can be interpreted as bias in % of the average standard deviation. The median of the absolute standardized
bias (MASB) and the mean of the squares of the standardized bias (MSSB) are taken with respect to all 56 covariates
included in the estimation of the MVP (see Table 4). N/A: Not available, because one covariate has zero variance for
that pair.

Using the results in Table 7 to rank the different versions according to their match quality, the

first conclusion is that matching solely on the marginal probabilities gives a comparatively bad

22



match for most of the combinations of different trestments. Thus, the theoretical finding that

conditioning on the marginal probability is not sufficient seems to matter in this application.

Comparing the match quality obtained by using the two different ways to estimate the conditional
probabilities, it is very hard to spot any systematic difference.

Counting the cells where one estimator dominates the other, the estimator matching on both
marginal probabilities appears to be superior to al the others. Compared to the version using only
the conditional probability computed from the MNP, it dominates slightly on MASB (+3) and
considerably on MSSB (+ 8). With respect to the naive estimator, the ranking is similar. The
naive conditional is clearly dominated for MSSB, whereas no difference appears for MASB.
Since MSSB is more influenced by extreme values than MASB, it appears that the unconditional
MV P produces less extreme mismatches than both of the other methods, but particularly than the
naive conditional. Furthermore, the dominance is most visible for the control groups that appear
most difficult to match according to Table 6, namely FURTHER TRAINING and EMPLOYMENT

PROGRAMMES.

A matching algorithm that uses every control group only once runs into problems in regions of
the attribute space where the density of the probabilities is very low for the control group
compared to the treatment group.’” An agorithm that allows to use the same observation more
than once, does not have that problem as long as there is an overlap in the distributions. The
drawback of that estimator might be that it uses observations too often, in the sense that
comparable observations that are almost identical to the ones actually used are available. Hence,

in principle there could be substantial lossesin precision as a price to pay for areduction of bias.

Table 8 addresses that issue by considering two measures. The first is a concentration ratio
computed as the sum of weights in the first decile of the weight distribution — each weight equals
the number of treated observations the specific control observation is matched to — divided by the
total sum of weights in the comparison sample. The second measure gives the mean weights of
the matched comparison observations. In case the comparison sample is smaller than the
treatment sample so that the mean must be larger than 1, the mean is adjusted downwards by the
ratio of the sample sizes. Note that it is not possible to attribute the numbers in Table 8 to an

excess use of 'middle of the road' observations (which is not desired and could be avoided in

Y Note that since every group acts as a comparison group in the multi-programme framework, this occurs by
definition.
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principle), or to a very thin density in a region with many treatment observations (which is

unavoidable).

Table 8: Excess use of single observations

[ Nonparticipation  basic training ~ further training ~ employment temporary
m programme employment
top10 mean top10 mean top1l0 mean top10 mean top10 mean
MVP unconditional, P™(X) and P'(X)
Nonparticipation 31 1.7 42 1.2 45 1.39 26 144
Basic training 30 1.7 57 1.54 51 169 36 199
Further training 20 1.2 24 1.5 45 2.7 25 1.5
Employment programme 23 1.3 26 1.7 39 2.7 25 1.6
Temporary employment 24 1.4 29 1.9 39 1.59 41 1.6

MVP conditional, P™™

Nonparticipation 31 179 43 1.29 48 139 30 154
Basic training 31 1.8 58 169 51 189 38 199
Further training 21 1.3 26 1.7 46 2.99 27 1.6
Employment programme 24 1.4 29 1.7 41 3.0 27 1.6

Temporary employment 24 1.5 29 2.0 38 1.69 39 1.6

Naive conditional, P™™

Nonparticipation 30 1.89 43 139 47 144 30 1.39
Basic training 32 1.8 56 174 53 189 36 199
Further training 21 1.3 25 1.6 46 2.8 25 1.6
Employment programme 23 1.4 31 1.8 41 2.8 27 1.6
Temporary employment 24 1.5 31 1.9 42 169 40 1.69
MVP unconditional, P™(X)

Nonparticipation 29 1.39 27 114 30 129 28 139
Basic training 31 1.8 46 1.59) 43 1.59 38 1.89
Further training 20 1.3 24 1.6 32 2.3 23 1.5
Employment programme 23 1.4 28 1.2 32 24 26 1.6

Temporary employment 24 1.5 28 1.9 29 149 29 1.39

Note:  top10: Share of the sum of largest 10% of weights of total sum of weights. Mean: Mean of positive weights, a) Mean
adjusted (multiplied) by N'/Nm, because Nm is larger than N.

A first conclusion from that table is that the higher number for the means and in particular the
concentration ratios appear for exactly the treatments that already showed up in Table 7 as ones
that made up the worst comparison groups, hamely FURTHER TRAINING and EMPLOYMENT
PROGRAMMES. These are also the programmes with the smallest number of observations.
Whereas for the other treatments, no real differences appear across estimation methods, for those
two, the estimator based on only one marginal probability uses considerably more observations

than the other estimators. However, it appeared already in Table 7 that this results in biases (in
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terms of balancing the distributions) that are considerably higher than those for the other
estimators. With respect to the other estimators in most cases the MV P unconditional with two
probabilities uses more observations than the other estimators. Although the differences are
small, they are fairly systematic. This result is surprising because that estimator appeared also to
be the best in terms of bias (Table 7). Hence it appears that — at least in this application - this

estimator has favourable properties with respect to bias as well as with respect to precision.

4.3.2 The sensitivity of the evaluation results

In this section the issue whether the final evaluation results are sensitive with respect to the

choice of the balancing scores is addressed. To avoid an excess of numbers, Table 9 gives the

estimation results for the various pair-wise effectsdpt only. A positive number indicates that

the effect of the treatment shown in the row compared to the treatment denoted in the column is
an additional amount of XX%-points of employment. This effect is valid for the population
appearing in the rows of the table. For example, the entry for the fifth treatment in the row and

the second treatment in the column (MVP unconditior&(X) and P'(X)) should be read as

'for the population participating IMEMPORARY EMPLOYMENT, TEMPORARY EMPLOYMENT
increases the probability of being employed on day 451 on average by 12.8 %-points compared to
that population being iIBASIC TRAINING'. In addition to the results obtained by the different
estimation methods, the lower part of the table repeats the unadjusted difference to give an
impression on how much the estimators correct this difference for potential selection bias due to

observable differences in the different groups.
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Table 9: Estimation results for g

I Nonparticipation  basic training  further training employment temporary
m programme employment
MVP unconditional, P™(X) and P'(X)
Nonparticipation 2.1(2.0) -7.0(3.5) 3.9(34) -8.2(2.1)
Basic training -5.9(2.1) -5.6 (6.5) 1.9(4.7) -12.5(3.3)
Further training 1.7(2.9) 5.5(3.0) 3.2(5.1) -2.8 (3.3)
Employment programme -1.3(2.9) -0.6 (3.2) -5.0 (4.9) -11.4 (3.3)
Temporary employment 7.5(2.2) 12.8 (2.9) 2.0(3.7) 13.9 (3.9)
MVP conditional, P™™
Nonparticipation 5.1(2.1) -11.9 (4.3) -2.3(5.4) -10.5 (2.3)
Basic training -5.3(2.4) -14.2 (6.9) -1.7 (6.2) -14.6 (3.1)
Further training 0.0 (3.0) 6.9 (3.3) 13.0 (7.5) -9.5(3.4)
Employment programme -5.6 (3.0 -2.1(3.4) -1.3(5.4) -13.7 (3.4)
Temporary employment 5.9 (2.2) 11.0 (2.5) 9.2 (4.0) 14.4 (4.1)
Naive conditional, P™™
Nonparticipation 3.2(2.1) 2.7 (4.3) -1.8(5.4) -11.7 (2.3)
Basic training 4.4 (2.4) -7.2 (8.2) -7.5 (6.6) -15.9 (3.1)
Further training 4.4(2.9) 3.6(3.2) 11.7 (8.2) 9.4 (3.4)
Employment programme 2.7 (3.0) -4.3 (3.5) 3.3(5.7) -12.3 (3.3)
Temporary employment 9.1(2.2) 11.9 (2.6) 9.0(4.4) 6.0 (4.3)
MVP unconditional, P™(X)
Nonparticipation 3.3 (2.0) 9.0 (2.6) 8.9(2.5) -11.6 (2.1)
Basic training -7.0 (2.5) -15.9 (5.5) 10.3 (4.1) -12.9 (3.2)
Further training 5.0(2.9) 5.0(3.1) 14.4 (3.9) -7.2(3.2)
Employment programme 0.7 (3.0) 46(3.2) -8.0(4.4) 17.5 (3.4)
Temporary employment 6.7 (2.2) 13.5 (2.9) -0.5(3.1) 22.0 (2.8)
Levels and unadjusted raw differences (same as in Table 3)

Nonparticipation (38.8) 8.6 -10.2 13.0 9.7
Basic training -8.6 (30.2) -18.8 4.4 -18.3
Further training 10.2 18.8 (49.0) 23.2 0.5
Employment programme -13.0 44 -23.2 (25.8) -22.7
Temporary employment 9.7 18.3 -0.5 22.7 (48.5)

Note:  The outcome variable is employed for day 451 (in %-points). Standard errors are in brackets. Bold numbers indicate

significance at the 1% level (2-sided test), numbers in italics indicate significance at the 5% level.

Comparing the different estimators it appears that the biases observed for MVP unconditional
with only one probability, that appeared already in Table 7, lead aso to biased results. The bias
appears to be particularly severe for the groups where the match quality is worst, namely when

FURTHER TRAINING and EMPLOYMENT PROGRAMMES act as the comparison programmes.

Comparing the other three estimators it appears first of al that the use of more comparison

observations by MVP unconditional using two probabilities (MVPUC?2) results — as expected —in
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somewhat smaller standard errors, particularly so for the more difficult cases of having FURTHER

TRAINING and EMPLOYMENT PROGRAMMES as comparison groups.

Comparing the results column by column it appears that we get fairly similar conclusions from
the three estimators when NONPARTICIPATION and BASIC TRAINING are used as comparison states.
The adjustment works in the same direction. For the case of comparisons to FURTHER TRAINING
and EMPLOYMENT PROGRAMMES, MV PUC2 gives somewhat different results compared to the two
other estimators. This is however expected, since it appears to match the distribution of attributes
better in these cases (see Table 7). A puzzling effect occurs for the comparison of FURTHER
TRAINING with TEMPORARY EMPLOYMENT. Although matching appears to have worked very
similarly for all three estimators — this is confirmed by checking the matches variable by variable
— the coefficient for MVUC2 is about two standard deviations apart from the coefficients of the

other two estimators (and hence much closer to the unadjusted difféfence).

4.4  Heterogeneity of the effects

In this section heterogeneity with respect to the results is considered in more detail. Since
MVPUC2 performed best in terms of match quality the following results are based on MVPUC2
only. Let us first consider the heterogeneity with respect to the different programmes for a person
randomly selected from the population, given in the upper part of Tabldt 18 obvious that the
programmes have different impactsadBc TRAINING is the only programme that has negative
effects compared tONONPARTICIPATION. It is also dominated byURTHER TRAINING and
TEMPORARY EMPLOYMENT. Similarly, EMPLOYMENT PROGRAMMES are dominated byURTHER
TRAINING and TEMPORARY EMPLOYMENT. TEMPORARY EMPLOYMENT dominates all other
programmes, with the exception BSRTHER TRAINING (but see the discussion in the previous

section). All other effects are not significant.

It appears to be surprising that although the various groups of participants in the different
programmes are very heterogeneous, the effects for these different populations are not. This can
be seen by comparing the corresponding numbers above and below the diagonal in the lower part

of the table (i.e. comparing™ to 8)™). Such a finding could suggest that these programmes are

not well targeted, in the sense that a person participated EMBIDYMENT PROGRAMME

'® However, the estimated values for " are again very close for al three estimators.
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although having a higher expected employment probability in TEMPORARY EMPLOYMENT for
example. We obtain similar conclusions by comparing y™ to o™ and to 6. The overal

conclusion from that is that treatment heterogeneity is important, but population heterogeneity

with respect to the effectsis not.

Table 10: Estimation resultsfor "', a™ , and 8 (MVP unconditional)

[ Nonparticipation  basic training ~ further training  employment temporary
m programme employment
o' =E(Y"-Y')
Nonparticipation 3.7(1.8) -7.4(2.0)
Basic training -3.7(1.8) -7.8(3.5) -11.2(2.2)
Further training 7.8 (3.5) 8.9(4.3)
Employment programme -8.9(4.3) -12.3 (3.3)
Temporary employment 7.4 (2.0) 11.2(2.2) 12.3 (3.3)
al =E(Y"-Y'|S=m,|I)
Nonparticipation 3.7(1.8) -5.9(3.1) -7.9(1.9)
Basic training -3.7(1.8) -12.6 (2.5)
Further training 5.9(3.1)
Employment programme -13.1 (3.0)
Temporary employment 7.9 (1.9) 12.6 (2.5) 13.1 (3.0)
g =E(Y"-Y'|S=m)

Nonparticipation -7.0(3.5) -8.2(2.1)
Basic training 5.9 (2.1) -12.5(3.3)
Further training 55(3.0)
Employment programme -11.4 (3.3)
Temporary employment 75(2.2) 12.8 (2.5) 13.9 (3.9)

Note:  The outcome variable is employed for day 451 (in %-points). Standard errors are in brackets. Bold numbers indicate
significance at the 1% level (2-sided test), numbers in italics indicate significance at the 5% level. Estimated coefficients
not significant at the 10% level are omitted. All estimates are based on a balancing score including both marginal
probabilities.

The following figure gives an idea about the dynamics of the effects. Furthermore, questions

whether the effects are homogenous with respect to groups that are considered to have labour

market problems can be addressed as well. Figure 1 presents the effect of each programme
compared to nonparticipation for the total population (y;*').? Effects are displayed starting in

19 The term population refers to the population defined by selection rules explained before.
2 yo* is a better measure than g for a benchmark for the overall performance of the programmes compared to

NONPARTICIPATION, because its reference population is independent of the specific programme.
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mid 1998 up to March 1999. A value larger than zero indicates that NONPARTICIPATION would

actually increase employment shares compared to the specific programme.

Figure 1: Effects of NONPARTICIPATION compared to the programmes for the population (y5"™™

for employment)
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Note:  Day 366 corresponds to the beginning of 1999. Keine: Nonparticipation; BAS_SPR: Basic Training; WB_INFO: Further

training; BESCH: Employment programme; ZW_V: Temporary employment. A positive number means that participation
in the respective programme increased the employment probability compared to being in one of the other states. The
figures display only values that are significant at the 5% level. See also note below Table 10.
It appears that only TEMPORARY EMPLOYMENT has positive effects. However, the dynamics
suggest that time might work in favour of the programmes and could lead to different long-term
results. Similar results appear for people whose unemployment spell before the programme

already exceeded 3 quarters (270 days) as well as for individuals whose native language is not

29




German, French, or Italian. A striking difference shows up for another group considered to have

specia problems on the labour market, namely women. Here, FURTHER TRAINING appeared to

have stable large positive effects in the magnitude of about 15 %-points.

Figure 2: Effects of NONPARTICIPATION compared to the programmes for the population (

for employment): Time relative to start of programme
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Figure 2.2: Unemployed for more than 270 days

before the programme
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Figure 2.3: Native language not a Swiss language

S0

20 |

—20 |

-30

©&—— Keine

5—— BAS_SPR
&——— WB_INFO | |
4+ — BESCH
*— - zw.v

L L L L L
120 160 200 240 280

L L
320 360 400

Figure 2.4: Women
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Note:

Day 1 corresponds to the first day after the start of the programme. Keine: Nonparticipation; BAS_SPR: Basic Training;

WB_INFOQ: Further training; BESCH: Employment programme; ZW_V: Temporary employment. A positive number
means that participation in the respective programme increased the employment probability compared to being in one
of the other states. The figures display only values that are significant at the 5% level. See also note below Table 10.

Figure 2 presents the same effects as used for Figure 1, but changes the time perspective

somewhat. The effects are now measured relative to the actual or artificial (for

NONPARTICIPATION) starting dates. Generally, the findings have a very similar structure compared
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to those presented in Table 1. The major difference is that there positive and quantitatively large
effects for FURTHER TRAINING appear now not only for women but also for people unemployed

for more than 9 months before the programme.

The major difference of the two concepts of time is that effects could differ when some
programmes start systematically later, and if this fact has some influence on the treatment effect.
The major issue here is probably the business cycle and perhaps the occurence of seasonal
effects. An aternative concept of timing could relate the effects to the end of the programme.
However, for most programmes the end date is already part of the effect, because people could
leave early if they find ajob. Hence, it is not an attrative concept and is not persued any further in
this paper.

Using the concept of calendar time as in Figure 1, Figure 3 shows the effects of BASIC TRAINING
compared to the other possible states. A positive number indicates that BASIC TRAINING increases
the employment probability of the respective participants. Again Figure 3.1 covers all
participants. Figure 3.2 to 3.4 relate to the specific subgroups. Taken together the results are
rather negative and do not show much difference with respect to subgroups. Again, women
participating in BASIC TRAINING would have obtained an optimal result if they would have
participated in FURTHER TRAINING instead.
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Figure 3: Effects of BASIC TRAINING for the respective participants (65" for employment)

Figure 3.1: All Figure 3.2: Unemployed for more than 270 days
before the programme
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Note:  Day 366 corresponds to the beginning of 1999. Keine: Nonparticipation; BAS_SPR: Basic Training; WB_INFO: Further
training; BESCH: Employment programme; ZW_V: Temporary employment. A positive number means that participation
in the respective programme increased the employment probability compared to being in one of the other states. The
figures display only values that are significant at the 5% level. See also note below Table 10.

Figure 4 presents the same type of results for FURTHER TRAINING and its participants. Basically

the results confirm the view of the previous tables, although some lack of precision limits the

possibilities for statistically significant comparisons.
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Figure 4: Effects of FURTHER TRAINING for the respective participants (65" for employment)

Figure 4.1: All Figure 4.2: Unemployed for more than 270 days
before the programme
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Note:  Day 366 corresponds to the beginning of 1999. Keine: Nonparticipation; BAS_SPR: Basic Training; WB_INFO: Further
training; BESCH: Employment programme; ZW_V: Temporary employment. A positive number means that participation
in the respective programme increased the employment probability compared to being in one of the other states. The
figures display only values that are significant at the 5% level. See also note below Table 10.

Figure 5 confirms the view that EMPLOYMENT PROGRAMMES are dominated by many other
programmes. It is interesting to note however, that for women EMPLOYMENT PROGRAMMES

dominate BASIC TRAINING at least for 1999.
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Figure 5: Effects of EMPLOYMENT PROGRAMMES for the respective participants (6" for

employment)

Figure 5.1: All

S0

20

Figure 5.2: Unemployed for more than 270 days

before the programme

30

20 |

- - & 710?/0 W M,,Q ’\\0 - e
©&—— Keine 5 Keine
—20 || T BASSPR oo || B BAS_SPR
A—— WBL_INFO 20 A—— WBL_INFO
+ — BESCH + — BESCH
*- - ZW_V *- - ZW_V
—30 L L L L L _30 L L L L L
180 220 260 300 340 380 420 460 180 220 260 300 340 380 420 460
Figure 5.3: Native language not a Swiss language Figure 5.4: Women
30 30
20 20
10 b 10 e
Q0 + + + + Q0 + + + +
-10} - .
o—— Keine Se ot
_oo || 8 BAS_SPR
4—— WBL_INFO
+ — BESCH
*- - ZW_V
180 220 260 300 340 380 420 460 -0 180 220 260 300 340 380 420 460
Note:  Day 366 corresponds to the beginning of 1999. Keine: Nonparticipation; BAS_SPR: Basic Training; WB_INFO: Further

training; BESCH: Employment programme; ZW_V: Temporary employment. A positive number means that participation
in the respective programme increased the employment probability compared to being in one of the other states. The
figures display only values that are significant at the 5% level. See also note below Table 10.

Figure 6 shows again that TEMPORARY EMPLOYMENT is one of the more successful programmes.

This holds true also for the subgroups. Again for women there are hints that FURTHER TRAINING iS

clearly not dominated by TEMPORARY EMPLOYMENT.




Figure 6: Effects of TEMPORARY EMPLOYMENT for the respective participants (6" for

employment)
Figure 6.1: All Figure 6.2: Unemployed for more than 270 days
before the programme
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Note:  Day 366 corresponds to the beginning of 1999. Keine: Nonparticipation; BAS_SPR: Basic Training; WB_INFO: Further
training; BESCH: Employment programme; ZW_V: Temporary employment. A positive number means that participation
in the respective programme increased the employment probability compared to being in one of the other states. The
figures display only values that are significant at the 5% level. See also note below Table 10.

The above considerations have shown that the proposed approach can be used to address the

heterogeneity issue in many different fruitful ways. Thereby it can become a very useful tool in

policy analysis. It should be emphasized again at this point that the current application serves
merely as an example of what could be done. It should not be used to devise policy in the canton

of Zurich.

35




4.5 Aggregation

Table 11 shows the aggregate effects defined in Section 2. First, considering the ones using
P(S=I]|l #m) asweights basically confirms the ranking of the treatments that emerged from the

many pair-wise comparisons. The results aso confirm the a priori view that the composite effects
and the effects using a binary model could be very different indeed.

Table 11: Estimation results for the composite effects

e aEn gl gy unadsted
differences
(aggregated)

Nonparticipation 4.3 -4.5 -2.1 1.1 0.9
basic training 95 9.8 -6.6 -15.9 -10.8
further training 1.3 1.5 2.0 14.6 11.9
employment programme -6.2 6.3 -3.6 -26.7 -13.7
temporary employment 10.6 10.7 9.2 27.0 12.7

Note:  The outcome variable is employed for day 451 (in %-points). The first three columns are computed from the MVP
unconditional estimates. The effects presented in the last but one column are computed by aggregating the respective
non-treatment groups before the estimation of the effect.

Figure 7 displays some dynamic aspect of the most interesting two aggregate measure, namely

yrw™ and @T(v™). The differences between these two measures appear to be small. The

continuous downward drift of NONPARTICIPATION in the relative ranking is again a striking
feature of these figures. This suggests a possibly larger difference between the short term and the
long term effects of programme participation.
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Figure 7: Aggregate effects of the various programmes over time (employment)

Figure 7.1: p3(V™) Figure 7.2: 67(V™)
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Note:  Day 366 corresponds to the beginning of 1999. Keine: Nonparticipation; BAS_SPR: Basic Training; WB_INFO: Further
training; BESCH: Employment programme; ZW_V: Temporary employment. A positive number means that participation
in the respective programme increased the employment probability compared to being in one of the other states. The
figures display only values that are significant at the 5% level. See also note below Table 10.

The effect for the subgroups suggest on the one hand very large effects of TEMPORARY

EMPLOYMENT, in particular for individuals with a foreign native language. Again the ranking of

the programmes appear to be different for women than for men. In particular TEMPORARY

EMPLOYMENT does appear as the single positive programme, but FURTHER TRAINING and even

EMPLOYMENT PROGRAMMES seem to come closeto it aswell, at least in 1999.
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Figure 8: Aggregate effects for subgroups
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See note under Figure 7.
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5 Conclusion

The paper suggests an approach of handling the issue of multiple treatments in microeconometric
evaluation studies based on balancing score matching. The proposed methods have been applied
as an example to the evauation of active labour market policies. The application compared
different estimators in practise and showed that the multiple treatment approach can lead to
valuable insights that might be lost otherwise. It gave also some hints on the interpretation of the

different effects computed by aggregating different treatments.

The paper also showed that there are two different approaches to modelling the respective
balancing scores needed for matching. The first approach is to derive the probabilities used for
the balancing scores by specifying and estimating a multiple discrete choice model. The
alternative is to concentrate on modelling and estimating (all) directly conditional probabilities
between any two choice. One advantage of using a multinomial discrete choice model instead of
concentrating only on the binary conditional choices is that using this approach it is easier to
understand the empirical contents of the joint selection process. The drawback is that it is
computational much more expensive. Furthermore, there is alack of robustness, in the sense that
a misspecification of one choice equation could lead to inconsistent estimates of all conditional
choice probabilities. In the application the simultaneous approach appeared to be superior.
However, considerable future research is needed to see whether this result holds in other
circumstances as well and how this results depends on the particular specification of the
multinomial choice model and the measurement of the differences between the two

multidimensional distributions.

Appendix A: Technical Appendix

Thefirst part of this appendix contains the proofs that the composite effects y;'(v™) and ;" (V")

M
have a causal interpretation in terms of the composite potential outcome Y™™ = Z vy,

Yo (V") = ;Vm'yé"' ‘zvm'[E(Y )—E(Y)]
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M

=E(Y"- ;vm" E(Y'")

=E(Y") - E(i v™ry')

=E(Y™) -E[Y (V™). g.ed.

The same line of argument isvalid for 87" (v") aswell:

M

(™) = ivm"eom" = z VM ENY™|S=m)-E(Y' |S=m)]
=E(Y" |S=m)—ivm"E(Y' |S=m)

=E(Y"|S=m)- E[(ivm"Y'HS: mj

=E(Y"|S=m)-E[Y"(V")|S=m]. g.ed.

Furthermore, note such an interpretation appears not to be available for a; (V")

M

al (") = iv”‘"ag‘" = ;vm"[E(Ym|S:m,S:I)—E(Y' |S=m,S=1)].

Since the conditioning sets depend on the index of the summation operator, a further
simplification is not possible.
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