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Abstract:

A new semiparametric estimator for estimating conditional expectation functions
from incomplete data is proposed, which integrates parametric regression with
nonparametric matching estimators. Besides its applicability to missing data
situations due to non-response or attrition, the estimator can also be used for
analyzing treatment effect heterogeneity and statistical treatment rules, where
data on potential outcomes is missing by definition. By combining moments
from a parametric specification with nonparametric estimates of mean outcomes
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1 Introduction

In many empirical applications interest lies in estimating a conditional mean function E[Y|X],
yet often the outcome variable Y is only observed for a part of the sample. In this paper,
a new semiparametric estimator for dealing with such situations is proposed. This estimator
combines parametric regression with nonparametric matching estimators (Heckman, Ichimura,
and Todd 1997, 1998) to reduce the bias of the estimated conditional mean function in the
subpopulation where Y is unobserved.

Consider two motivating examples for the applicability of this estimator. Missing data
is one example. In most of applied work with survey data, item non-response and/or panel
attrition are frequent. Data may be missing on Y for some individuals, while data on X is still
available for them. For example, with panel data, X may refer to the response in the baseline
survey, whereas the observability of Y in follow-up periods depends on attrition.

Counterfactual outcomes, treatment effects and treatment choice are a second example
where the situation analyzed in this paper applies. Consider a situation where each member
of a population chooses one of two options: An unemployed person may or may not take
part in an active labour market programme, a physician may choose between two different
therapies for a patient etc.! For analyzing the effects of treatment it is necessary to contrast
the expected outcome if choosing the first option with the outcome if choosing the other
option, given some covariates X. Since every individual can be observed only in one of the
two states, half of the potential outcomes data is missing by definition. For the treated, their
counterfactual outcome in the case of non-treatment is unobserved, whereas for non-treated
their counterfactual treatment outcome cannot be observed. Estimates of the expected
counterfactual mean functions are needed to analyze heterogeneity in the effects. Such
estimates are also a basic input for statistical treatment rules, where assignment to treatment
is based on predictions of the expected treatment effects for each individual. E.g. expected
unemployment duration with and without active labour market programmes may be used (by
the case worker) to allocate unemployed to active labour market programmes. Such statistical

treatment rules may thus assist in a more precise targeting of policies.?

!The generalization to multiple treatments is straightforward.
*For a more detailed discussion see Wald (1950), Heckman, Smith, and Clements (1997), Black, Smith,

Berger, and Noel (2003), Manski (2000, 2004) and Dehejia (2004).



The proposed semiparametric estimator combines the information on Y and X for the re-
spondents with the information on X for the non-respondents in a general methods of moments
(GMM) framework. The estimator is applicable in situations where data is missing at random
conditional on X (Little and Rubin 1987) or where, conditional on X, treatment assignment

3 Validity of this assumption often requires a high

is ignorable (selection is on observables).
dimensional X vector, making purely nonparametric estimation unreliable in finite samples.

Under this assumption, the conditional mean function E[Y|X] is identified from the
data of the respondents. The non-responding observations are of no value for identification.
In a parametric or semiparametric framework, however, the information contained in the
X observations of the non-respondents may help in obtaining more precise estimates. The
reason for this is that a parametric estimator, which completely neglects the non-responding
observations, may fit inadvertently a regression plane that is heavily biased in the
non-responding population. A parametric estimator using only the responding observations
seeks to minimize MSE in the responding population. This may, however, not be the best
fit with respect to the entire population, if the density of X differs between respondents
and non-respondents (which usually is the case in a treatment evaluation context where
participants and non-participants are often rather dissimilar in their characteristics).

The basic idea of the semiparametric estimator is to use nonparametric estimates of the
mean counterfactual outcomes for the non-responding population to measure the average bias
of the parametric regression plane in the non-responding population. These mean counterfac-
tual outcomes can be estimated nonparametrically at rate \/n by (propensity score) matching
estimators (Hahn 1998, Heckman, Ichimura, and Todd 1998). As these estimates do not de-
pend on the specification of the parametric regression plane, they can be used to quantify the
bias of the parametric model in the non-responding population for any value of the coefficient
vector. The semiparametric estimator attempts to choose the regression plane such that it fits
well in the responding population and has low bias in the non-responding population.

The asymptotic properties of this estimator are investigated in Section 2, while Section 3
analyzes its finite sample properties in a Monte Carlo simulation. In Section 4, the estimator is
applied to analyzing treatment effect heterogeneity and treatment choice among Swedish reha-

bilitation programmes for long-term sick. The treatment effects for participation in workplace,

3See Rubin (1974), Heckman and Robb (1985), Barnow, Cain, and Goldberger (1981), Lechner (1999).



educational and medical rehabilitation on employment are estimated on an individual level,
and a statistical treatment selection rule based on these estimates is illustrated. Section 5 con-
cludes. Appendices A and B contain further results. A supplementary appendix with proofs

and additional material is available on the internet: www.siaw.unisg.ch/froelich

2 Semiparametric estimation of conditional mean functions

Interest lies in estimating a conditional mean function E[Y|X] from a sample of iid observations
with missing data: {X;, D;, Y;D;}7 ,, where X, € RE is a vector of covariates and D; € {0,1}
is a missing value indicator. The outcome variable of interest Y; € " is only observed when
D; =1. When D; = 0, it is unobserved. The covariates X; are always observed.?

Data on Y may be missing due to non-response or attrition. Alternatively, data may be
missing by definition. A particular example for this is treatment evaluation. An individual
may choose between different treatment options, and according to her choice an outcome is
observed. The outcomes she would have realized had she chosen differently cannot be observed,
though. Suppose treatment is binary: an individual takes part in a particular programme or
does not. Denote by YZ-O, Yi1 her potential outcomes. Y;l is the outcome that would be realized
if she participated in treatment, whereas Y;? would be realized otherwise. By definition, the
outcome Y;l is missing for non-participants, whereas Yio is missing for participants. Hence, half
of the potential outcomes are missing. Evaluating the effect of treatment, however, requires
estimates of the missing counterfactual outcomes.

A maintained assumption is that, conditional on X, data are missing at random (Little and
Rubin 1987):

E[Y|X,D=1]=E[Y|X,D =0] w.p.1. (1)

With this assumption, the conditional mean function is nonparametrically identified from the
D = 1 observations. The non-responding observations (D = 0) are of no value. Plausibility
of assumption (1) often requires a high-dimensional X vector, to control for all confounding
covariates. E.g. for treatment evaluation, X must contain all variables that affected the
selection into treatment as well as the potential outcomes. With a high-dimensional X vector,

however, nonparametric regression of Y on X could be very imprecise in small samples due to

*E.g. in the case of panel attrition, X may refer to information collected in the baseline period.



the curse of dimensionality.

Parametric regression, on the other hand, could lead to heavily biased estimates, particu-
larly in the non-responding population. Let ¢(z, ) with coefficient vector 6 be a parametric
specification of the expectation function. If the specification is correct, a true coeflicient vector
0y exists, such that

E[Y|X] = ¢(X,0)  w.p.l 2)

Otherwise, no true coefficient vector exists and an estimator based on squared loss seeks to
choose 0 to minimize the sum of variance and squared bias. A parametric estimator which uses
only the D = 1 observations (and neglects the D = 0 observations) attempts to obtain a good
fit of the regression plane in the responding population. This regression plane, however, may
not fit well in the non-responding population, if the distributions of X in these two populations

differ, e.g. if the treated and the non-treated are rather dissimilar in their characteristics.

The idea of the semiparametric approach is to estimate the average bias of the parametric
regression plane in the non-responding population and to use this estimate to choose 6 such
that the regression plane fits well in the responding population and, at the same time, is on
average (almost) unbiased in the non-responding population. This could proceed iteratively
or, as suggested in this paper, simultaneously in a single estimator where goodness-of-fit in
the responding population and average bias in the non-responding population are traded off

against each other in a method of moments framework.

The average bias of the regression plane in the non-responding population is E[p(X, 0)|D =
0]— E[Y|D = 0] for a given value of 6. Estimating this average bias thus requires an estimate of
the mean outcome in the non-responding population E[Y|D = 0] that is consistent even when
the parametric model is misspecified. Such an estimate can be obtained by nonparametric
matching estimators. By the missing at random assumption (1), the mean outcome in the
non-responding population is nonparametrically identified as

E[Y|D=0]=E[EY|X,D=1] [D=0]. (3)

x x

The definition of the mean outcome is restricted to the support of X in the responding popu-
lation S; = {z : fx|p=1(z) > 0}, because E[Y|X, D = 1] is not identified out of the support.

In principle, as shown in Hahn (1998) and Heckman, Ichimura, and Todd (1998), the mean



outcome (3) can be estimated at y/n-rate by a matching estimator which is based on nonpara-
metric estimates of E[Y|X, D = 1] obtained from the D = 1 sample.

In practice, however, propensity score matching is much more widespread than matching
with respect to X, because of the difficulties with nonparametric estimation of E[Y|X, D = 1]
when X is high-dimensional. Propensity score matching rests on nonparametric estimates of
E[Y|p(X) = p, D = 1] where p(x) = P(D = 1|X = x) is the one-dimensional propensity score.
The justification for propensity score matching is based on the results of Rosenbaum and Rubin
(1983), who showed that the mean outcome in the non-responding population is also identified
as

EYID=0]=E[E[Y[p(X),D=1] |[D=0].

x x

Although, from an asymptotic perspective, propensity score matching provides no advantages
vis-a-vis matching on X (Hahn 1998), it is much more convenient in practice since it requires
only one-dimensional nonparametric regression and it is very widely applied.’

A propensity score matching estimate of the mean outcome is

; o 2m(@) - (1= Dy) - 1(pi > 0)
E[Y|D=0]= S 0Dy 1G>0 (4)

where p; = p(X;) is an estimate of the propensity score and 7 is a nonparametric estimator of

m(p) =E[Y|p(X) = p, D = 1] for p > 0.5 Heckman, Ichimura, and Todd (1998) showed that

the propensity score matching estimator is y/n-consistent and asymptotically normal under
certain conditions on the estimators of p and m. Hence, the propensity score does not need to

be known, it can be estimated parametrically or nonparametrically.

With this nonparametric estimate of E[Y|D = 0], the average bias of the regression plane
©(z, ) in the non-responding population can be estimated as
> {o(Xi,0) = (pi)} - (L= Di) - 1 (pi > 0)
> (1=Ds)-1(pi >0)

Since the denominator of (5) does not depend on 0, it suffices to consider only the numerator

()

Z {o(Xi,0) —m(pi)} - (1= Di)1(p; > 0) (6)

®See e.g. Angrist (1998), Heckman, Ichimura, Smith, and Todd (1998), Dehejia and Wahba (1999), Lechner

(1999), Gerfin and Lechner (2002) and Jalan and Ravallion (2003), among many others.
5The support restriction is incorporated by considering only observations with p; > 0, because S, = {z :

Ixp=1(z) > 0} = {z : p(x) > 0}.



for quantifying the average bias for different values of 0.7 The semiparametric estimator at-
tempts to tilt the parametric regression plane such to keep the bias in the non-responding pop-

ulation small, while at the same time obtaining a good fit in the responding population.

This idea can be refined to estimating the average bias not only in the entire non-responding
population but also in subpopulations thereof. Let A(z) be a L x 1 vector-valued indicator

function that defines L different subpopulations. For example,

1
A(x) = 1(Zgender = male) |, (7)
1(xage > 40)

would define 3 separate subpopulations: all, men, and age above 40 years. In analogy to (6),

the (numerator of the) average biases in these different subpopulations is
D {AX:) @ (X5, 0) — i (pi)} - (1— D) 1(pi > 0), (8)

which is a VL dimensional vector, where V is the dimension of Y and L is the number of
subpopulations. ® is the Kronecker product operator. my,(-) is the V.L x 1 column vector of
all stacked nonparametric estimates of E[Y |p] for all populations multiplied with the population

indicator function.®

In principle, the semiparametric approach could proceed iteratively. First, the parametric
model is estimated to obtain values of §. With these 9, the average biases are estimated and
these bias estimates are then used to obtain new estimates of . A more convenient approach
can be obtained by integrating both aims (goodness-of-fit in the responding population and

low bias in the non-responding population) in a single estimator based on moment conditions.

"This permits a simpler derivation of the asymptotic properties. For the practical implementation, both (5)

or (6) can be used.
$More precisely, let 1i,:(p) for p > 0 be an estimator of the expectation E[Y,|p(X) = p, A(X) = 1], i.e. the

expectation of the v-th variable of the outcome vector Y conditional on the propensity score in the I-th subpop-
ulation. Let 7y (-) = (Mm1(+), -, Mwr (), .., Mvi(+)) be the element-wise-defined estimator of the outcome vector
Y in the population [, i.e. of E[Y|p(X) = p,Ai(X) = 1]. Stacking these estimators for the L subpopulations

and multiplying element-wise with the population indicator function gives

v (H(XG) = () (5 (X:)) - Ar (X3) iy (B (X0)) - Ar (Xa) ,..ymi (B (X)) - Ar (X3))



One set of moment conditions is given by the average biases (8), which have expectation zero
in the case of correct parametric specification.

To achieve not only a low bias in the non-responding population but also a good fit in the
responding population, a second set of moment conditions is needed to reflect this aim. Under
correct specification, the parametric model (2) implies E[A(X) - (Y — ¢(X,00))] = 0, with
A(X) an instrument matrix. I.e. the weighted distance between the observed outcomes and
the regression plane is zero at 0y for any A(-). Since Y can be observed only for the D =1
observations, the corresponding empirical moment function is

> TAX) (Y — ¢(X;,0)) D, 9)

i
which has expectation zero for § = 6y. A fully parametric estimator of the regression model
(2) chooses 6 such that the empirical moment function (9) is zero. This corresponds to a just-
identified parametric GMM estimator with an instrument matrix of dimension K x V', where

K is the dimension of 6.

The proposed semiparametric estimator attempts to set both sets of moment functions to
zero in order to obtain a good fit in the responding population and to minimize bias in the
non-responding population. It seeks to choose 6 such that the combined moment vector

1 1 A(Xi) - (Yi — (X;,0)) - D; Ox
97mVLaA - — P — ( ’ “ - R 10
onl0osveo) =30 0= 50\ wx) w o) (1- D13 >0) i) OO

is close to zero, where [i is the nonparametric part:
. ' hi) - (1 — D)1 (p; > 0)
n= anVL(pz ( — L (pz .
7

The moment vector g, is of length K 4+ VL. The first K moments are evaluated for the
observations with D; = 1, since Y can be observed only for the respondents. The second set
of moments measures the bias of the regression plane in the L non-responding subpopulations.
Since the number of moments exceeds the number of coefficients by V L, generally it will not be
possible to set g, exactly to zero. The GMM estimator therefore seeks to minimize a quadratic
form and estimates 6 as

O, = argmin g, Wgn, (11)

where W is a positive semidefinite weighting matrix and preliminary estimates of m and of the

propensity score p are plugged in. The semiparametric estimator thus seeks a balance between



goodness-of-fit in the responding population and small bias in the non-responding population.
The particular choice of W determines the respective weights given to these two objectives.
If the weight matrix W contains non-zero elements only in the upper K x K sub-matrix,
the semiparametric estimator is identical to the parametric estimator. Both estimators are
obviously also identical if L=0. Hence the parametric model is contained in the semiparametric

framework.

Estimation of 6 is straightforward. First, the propensity score is estimated, e.g. by probit
or logit. Second, fi is estimated by propensity score matching, separately for the different
subpopulations. In principle, any propensity score matching routine can be used. With #
estimated, the moment function (10) depends only on #, and the quadratic form of the average
moment function (11) can be minimized, for any choice of W. For example, W might be chosen
as a diagonal matrix which gives half of the weights to the first K moments and the other half

to the second V L moments.?

Under certain conditions on the propensity score matching estimator and with a correct
specification of the regression model (2), the semiparametric GMM estimator 0,, is consistent

and /n-asymptotically normal with approximate variance

(G'WG)L\GWE[JJWG(GWG)™ 1, (12)

S|

where G = F [W is the expected gradient, and

J :g(Y7D7X7907mVL)

Ok
ATL - E[U (Y, D, X3 Xo)(1 — D)|Y, D, X] + E[W11,,(Y, D, X; X5)(1 — D)|Y, D, X]

AL E[Wy (Y, D, X; X2)(1 — Do)|Y, D, X| + E[Uyy (Y, D, X; Xa)(1 — Dy)|Y, D, X]

where the expectation operator is with respect to X and Ds, and \; = lim %, with n; 1 the
n—oo

number of D = 1 observations belonging to subpopulation I. The influence functions ¥,;, and

9When a standard propensity score matching routine is used, care should be exercised to ensure that the lower

V L moments in (10) are summed over the same observations as in (i and are scaled in the same way. For example,

>y, (p;)(1—-D;)1(p; >0)
> (1-D;)1(p;>0)

instead of 2®vL@)U=D)1(:>0) “thep also the VL moments in (10) must be scaled accordingly.

n

if the propensity score matching routine estimates the mean counterfactual outcome




W m take account of the variance due to the preliminary estimators p and 7, respectively.

Proofs and expressions for Wy, ¥, ,, are given in the supplementary appendix.

One condition for this result is that the preliminary estimators p and m are asymptotically
linear with trimming. Parametric and nonparametric local polynomial regression estimators
belong to this class as shown in Heckman, Ichimura, and Todd (1998), provided certain regu-
larity conditions are met. Hence, for the propensity score estimated by a probit or logit and m
estimated by Nadaraya-Watson kernel or local linear regression, 0, is asymptotically normally

distributed in correctly specified models. For nearest neighbour regression, on the other hand,

this does not seem to hold.!?

The choice of W determines the weights given to the two objectives of the estimator:
goodness-of-fit in the responding population and low bias in the non-responding population.
It thereby also affects the properties of the estimator. With a correct parametric specification,
the efficient weighting matrix would be the inverse of the covariance matrix of the moment
vector [EJJ']7! (Hansen 1982). This efficient GMM estimator can be obtained by a two step
procedure. First, an arbitrary initial weighting matrix W is chosen to obtain the first step
estimates of #. With this estimates, [EJ J'|71 is estimated and is then used as the weighting
matrix in the second step. If the parametric model is misspecified, on the other hand, the
second step GMM estimator is not necessarily superior to the first step GMM estimator, since
the "efficient’ weighting by [E.JJ']~! takes only the variance but not the bias of the parametric
specification into account. This leads to a weighting matrix which assigns most of the weight to
the K parametric moments and little to the nonparametric moments, because the variance of
the nonparametric estimates is much higher compared to the parametric moments. However,
the uncertainty that stems from not knowing the true form of the conditional expectation
function is not incorporated in these weights. Hence such considerations on robustness to

misspecification are neglected in the weighting matrix [E.JJ'] L.

Apart from the purpose of estimation, the GMM estimator can also be used as a specifica-
tion test. Using the J-test of overidentifying restrictions of Hansen (1982), correctness of the
parametric model can be tested for. The statistic n - gq’lflgn, with being a consistent estimate

of [EJJ']7Y, is asymptotically x? distributed with degrees of freedom equal to the number of

19This includes one-to-one or pair matching.



overidentifying restrictions V' L
A d
n- gq/ngn - X%VL)’ (13)
under the null hypothesis of correct specification.

In this section, a semiparametric estimator for estimating a parametric regression plane
with lower bias in the non-responding population has been proposed, and several properties of
this estimator have been derived. In correctly specified models, and with particular propensity
score matching estimators, the GMM estimator is y/n-consistent and asymptotically normal.
The GMM objective function is asymptotically x? distributed and can be used for testing the
correctness of the parametric model. On the other hand, if the model is misspecified, the GMM
estimator attempts to choose a regression plane with low bias among the non-respondents while
maintaining a good fit among the respondents. To examine the behaviour of this estimator
and of the specification test in finite samples, a Monte Carlo simulation is conducted in the

next section.

3 Monte Carlo simulation

In a small Monte Carlo experiment the finite sample properties of the semiparametric estimator
of the conditional mean function E[Y|X] are assessed. The simulations should give some
indications on the performance of the semiparametric estimator in comparison to parametric
estimation under correct and under incorrect specification. In addition, the sensitivity to the
number of subpopulations L and their size, to the choice of the estimator 7 and to the weighting
matrix W is examined. Finally, the properties of the J-test are analyzed, which, however, turn
out to be rather unsatisfactory.

The mean squared error of the parametric, the first step and the second step GMM estimator
are simulated for different simulation designs. The outcome variable Y is one-dimensional.
Hence, V' = 1 and the number of overidentifying moments is equal to L. The parametric
estimator is equivalent to the GMM estimator with L = 0 subpopulations. The first- and second
step GMM estimators are computed for different numbers of subpopulations L to examine their
sensitivity to the number of overidentifying moments. The weighting matrix W for the first
step GMM estimator is diagonal, with the first K entries being 1/K and the remaining entries

being 1/L. Hence, equal weight is given to the parametric and to the nonparametric moments,

10



as a whole. The second step GMM estimator uses the inverse covariance matrix [E.J.J']~! as
weighting matrix, which is evaluated at the first step coefficient estimates using the asymptotic

expression given in the previous section.

The Monte Carlo simulations proceed by repeatedly drawing estimation and validation
samples from the same population, estimating the coefficients 8 from the estimation sample
and computing mean squared error (MSE) in the validation sample. The estimation sample
{(Xi, D, YiD;)}, consists of 500 or 2000, respectively, observations with Y; observed only if
D; = 1. The validation sample contains 10000 draws of X and D. With the coefficients 9,
estimated from the estimation sample, the expected outcomes E[Y|X] are imputed by o(X, 0)
for all observations of the validation sample and compared with the true expected outcomes
E[Y|X] to simulate the MSE.

In each replication, first the nonparametric mean outcomes i are estimated by propensity
score matching, separately for each subpopulation. The propensity scores p; are estimated by
probit and the regression curves m(p) are estimated nonparametrically in the various subpop-
ulations either by Nadaraya-Watson kernel regression or by local linear ridge regression. Ridge
regression is a variant of local linear regression with better small sample properties. Local lin-
ear regression is well known for its favourable asymptotic properties (Fan 1992), but in small
samples it can be very erratic because of zero or near-zero denominators in the calculation of
the estimator. By adding a ridge parameter to the denominator, ridge regression can avoid the
high variance problems of the unmodified local linear estimator. At the same time, with the
ridge parameter converging to zero with growing sample size, asymptotically both estimators
are equivalent, see Seifert and Gasser (1996, 2000). In essence, ridge regression is a convex
combination of the Nadaraya-Watson kernel and the local linear estimator, where the weight
given to the local linear estimator increases with growing sample size. In a comparison study
of the properties of alternative propensity score matching estimators in finite samples (Frolich
2004), propensity score matching based on ridge regression clearly dominated matching based
on local linear regression and also often performed slightly better than Nadaraya-Watson ker-
nel based matching. In the Monte Carlo simulations below, results are given for Nadaraya-
Watson kernel matching (with Gaussian kernel) and for ridge matching (with Epanechnikov

kernel).!! The bandwidth is chosen by leave-one-out cross validation from the grid: 0.0001,

"1 Using Epanechnikov instead of Gaussian kernel, and vice versa, led to largely similar results.

11



0.0001 - 1.4%, ..., 0.0001 - 1.4%8, co. With /i estimated, the GMM estimator can be computed.

In addition to the GMM estimator, also an alternative semiparametric estimator is included
in the Monte Carlo simulations.'? This estimator is based on the idea to first impute the missing
values of Y in the non-responding sample via higher-dimensional nonparametric regression.
Second, the parametric regression plane is fitted by least squares using the observed Y for the
D=1 observations and the imputed values for the D=0 observations. This LSIR estimator

(least squares imputed residuals) estimates 6, by minimizing the imputed squared residuals
) . 2
argminy_ {YiDi + (1= D)) B [Y]X] - o(X:,0) |, (14)
i

where E[Y|X;] is a nonparametric estimate of E[Y|X = X,]. It is estimated from the
responding sample by kernel regression using a multiplicative Gaussian kernel and a single
bandwidth.'® The bandwidth is chosen by leave-one-out cross validation from the grid: 0.002,
0.002 - 1.3%, 0.002 - 1.3%8, c0.

A conceptual difference between the GMM and the LSIR estimator is that the latter at-
tempts to minimize squared bias conditional on X, whereas the former aims at minimizing
squared bias conditional on larger subpopulations (the L subpopulations). By restricting itself
to larger subpopulations, all nonparametric components in the GMM estimator (i.e. the f)
converge at /n-rate. On the other hand, the nonparametric estimates of F[Y|X] in the LSIR
estimator converge at lower rates, if X contains at least one continuous variable.

The properties of these estimators are examined for different simulation designs.
The X characteristics consist of 3 explanatory variables (X1, X2, X;3) drawn from the
(non-symmetric) X%Q), X%3)v X%4) distribution and divided by 2,3,4, respectively, to standardize
their mean. D; is determined by D; = 1(X;1 + Xj2 + Xis +¢; > 4.5), with ¢ standard normally
distributed. The mean of D is 0.46.

The Y; data are generated according to one of three different DGPs

DGP 2: Y, =+/X;1 — 05+ 2\/X12 —05— \/XZ3 —0.5 —{—él
DGP 3: Y, = X;1 X0 + Xi1 X3 + X0 X3 + fiv

with £ a standard normal error term.

12This estimator was suggested to me by a referee.
13The X data are scaled in the estimator to mean zero and variance one.
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Four different parametric specifications ¢(z,6) are examined. All are linear models and

vary in their set of regressors:

Specification Number of regressors (K) Regressors

©o 4 const, X;1, X2, X;

h 4 const, XZ-21, XZ-22, Xl-z3

o 4 const, /X1 — 0.5, /X2 — 0.5, vX;3 — 0.5
¥3 7 const, Xi1, Xig, Xiz, Xi1Xie, Xi1Xi3, XiaXis.

Specification ¢ is incorrect for all DGPs, ¢, is correct only for DGP 1, ¢4 is correct only for
DGP 2 and 3 is correct only for DGP 3.

To assess the sensitivity of the GMM estimator to the number of subpopulations, differ-
ent numbers of subpopulations L =1, 4, 7, 10 and 14, respectively are included. (L=0 cor-
responds to OLS.) If the mean squared error does not reduce significantly with L, additional
subpopulations would seem to be of little value. This would imply that in empirical applica-
tions of the estimator a very small number of L would often suffice, thereby reducing compu-
tation time. A natural procedure for defining the subpopulations would begin with the largest
population and subsequently include smaller and smaller subpopulations, because the preci-
sion in estimating the average bias decreases in smaller subpopulations. The first subpopu-
lation is the entire (non-responding) population. Subpopulations two to four are defined by
X1 < 1.5, X5 < 1.5, and X3 < 1.5, respectively, and each contains about 60% of the entire non-
responding population. Subpopulations five to seven are defined by {X; < 1.5 A Xo < 1.5},
{X1 <15 A X3 <15} and {X2 < 1.5 A X3 < 1.5}, respectively, with each covering about
37% of the population. Subpopulations eight to ten each contain about 30% and are defined
by X7 <1, Xo < 1, and X3 < 1, respectively. Finally, the subpopulations eleven to fourteen
are X1 > 2, Xo > 2, X3 >2 and {X; < 1.5 A Xo < 1.5 A X3 < 1.5}, respectively and cover

only about 20% of the population.'* Subpopulations with less than 10 responding observations

14 The expected outcomes vary considerably among these subpopulations. Whereas with DGP 1, the expected
outcome is 13.1 for the respondents and 5.3 for the non-respondents, the outcome difference between respon-
dents and non-respondents can be as large as 8.2 (for subpopulations ten and eleven) and as small as 0.8 (for
subpopulation fourteen). Similar heterogeneity occurs for DGP 2 and 3. For instance, in DGP 2 the expected
outcome for the respondents is usually larger than for the non-respondents, but this relationship is reversed in
subpopulation five. In DGP 2, the expected outcomes for respondents and non-respondents are 2.2 and 1.5,

respectively, and in DGP 3 these figures are 9.6 and 4.3.
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or less than 10 non-responding observations are dropped in the GMM estimator to reduce the

impact of very imprecise estimates.

Table 3.1 gives the simulation results for sample size 500 for OLS, LSIR and the GMM
estimators with ridge regression and for different numbers of overidentifying moments L. The
four columns labelled DG P1 show the MSE when the true data generating process is DGP1
and the parametric specifications g, ¢1, @9 Or @3, respectively, are used. Columns marked in
italics indicate that the parametric model is correctly specified. Whereas the upper half of the
table gives the MSE in the entire population, the lower half refers to the D = 0 population
only. Table A.1 shows the results for sample size 2000. Tables A.2 and A.3 give the respective
results when Nadaraya-Watson kernel regression is used instead of ridge regression.

Examining first the first three rows of Table 3.1, it can be seen that for misspecified models
both the LSIR and the GMM estimator usually perform better than OLS. (For DGP2, how-
ever, this is true only for the GMM estimator and only for sample size 2000.) For correctly
specified models, both semiparametric estimators are less precise than OLS, with LSIR always
being worse than GMM. In general, the GMM estimator has a smaller or equal MSE than the
LSIR estimator. In misspecified models, the semiparametric GMM estimator leads to reduc-
tions in MSE, relative to OLS, of about 20-45% for DGP1 and 5-50% for DGP3. For DGP2,
the MSE of the GMM estimator is in the range of £10% about the MSE of OLS. This indi-
cates that semiparametric estimation can lead to quite sizeable efficiency gains in misspecified
models, although these are not always guaranteed. On the other hand, the efficiency losses in
correctly specified models are often small in absolute terms, compared to the precision gains in
misspecified models. In DGP1 (with specification ¢;) and DGP3 (with ¢3), the MSE increases
only by less than 0.1 from OLS to the GMM estimator. In DGP2 (with ¢,), however, the
GMM estimator performs clearly worse than OLS.

Examining the results for the first step GMM estimator with different numbers of overi-
dentifying moments L, no clear and monotonous relationship can be detected. While the MSE
decreases with the number of moments in DGP1-¢, and DGP1-¢j3, it first increases and then
decreases in DGP2-¢, and DGP2-¢p5. In the other cases, the MSE hardly changes with the
number of moments. This indicates that the value of additional overidentifying moments may

be small, such that in applications of this estimator a relatively small number of L should suf-

fice.
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The second step GMM estimator, on the other hand, is more sensitive to the number
of moments and its MSE generally tends to increase with L. This may be due to a less
precise estimation of the weighting matrix, whose dimension increases with L. The second step
estimator often tends to have a higher MSE than the first step estimator, unless the model
is correctly specified. The latter comes as expected since the second step weighting matrix
usually assigns more weight to the parametric moments than the initial weighting matrix used

in the first step estimator.

The lower half of Table 3.1 shows the precision of the various estimators in the
non-responding population, which is simulated by using only the D = 0 observations of the
validation sample. This could be of interest if one were interested in estimating E[Y|X] only
for the non-respondents. A typical example would be the analysis of the treatment effect on
the treated for different values of X. While the qualitative results are similar to the previous
discussion, the precision gains of the semiparametric estimators for misspecified models are
now much larger. For DGP1, MSE is reduced by 50-90% vis-a-vis OLS. For DGP2, the
reductions are 5-30% and are 55-75% for DGP3.

Table A.1 shows the simulation results for sample size 2000. The semiparametric estimators
have become more precise relative to OLS, and the GMM estimator now dominates OLS in
all misspecified models. The LSIR estimator, on the other hand, is still worse than OLS in
DGP2-¢y and DGP2-p3. The first step GMM estimator remains rather robust to the number of
moments L included, while the MSE of the second step GMM estimator still often increases with
the number of moments. The second step estimator now performs in almost all misspecified
models worse than the first step GMM. This is in accordance with the discussion at the end of
Section 2, because with increasing sample size bias becomes more important relative to variance.
As the weighting matrix for the second step GMM is only based on variance considerations,
too little weight is given to the overidentifying nonparametric moments. Overall, for the D = 0
population (lower half of Table A.1), the MSE of the first step GMM estimator is about 60-90%
(DGP1), 20-40% (DGP2) and 60-80% (DGP3) lower than for OLS, in the misspecified models.

Tables A.2 and A.3 give the results when Nadaraya-Watson kernel regression is used instead
of ridge regression in the GMM estimators. The results are very similar, with kernel regression

performing a little worse for sample size 500 and a little better with sample size 2000.

Although no strong conclusions can be drawn from this limited Monte Carlo study, the
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results seem to indicate that the semiparametric estimators can lead to substantially more
precise estimates of E[Y|X] in misspecified models, while, on the other hand, maintaining
good properties in correctly specified models. Reductions in MSE from 5-50% are feasible. If
interest is in estimating E[Y|X]| only for the non-responding population, e.g. for analyzing
average treatment effects on the treated, reductions in MSE are even larger and can be up to
90%. Although both the LSIR and the GMM estimators perform well in misspecified models,
the GMM estimator usually leads to larger reductions and has better properties in correctly
specified models. In particular, the first step GMM estimator appeared to be superior to the
second step estimator. A moderate number of overidentifying moments L seems to suffice
to attain the precision gains. The choice of the nonparametric regression estimator does not
seem to matter much. The results with Nadaraya Watson kernel regression and local linear
ridge regression were very similar. Hence, as a practical recommendation, any propensity score

matching estimator can be used for estimating f in just a small number of subpopulations L.

The previous discussion focussed on the estimation of conditional mean functions E[Y|X].
The proposed GMM estimator, however, can also be used for specification testing, using the
J-test statistic (13). In the supplementary appendix, the size and the power of this test are
examined. The results are not very favourable, though, as the test often tends to over-reject.
A likely reason for this size distortion is the use of cross-validation for choosing the bandwidth
value. Whereas cross-validation trades off variance against bias, centrality of the test statistic
relies on undersmoothing. Hence, if the proposed GMM estimator were to be used for spec-
ification testing, a different data-driven technique for bandwidth selection would be needed.
For the purpose of estimation, on the other hand, cross-validation seems to work well as the

simulations of this section had indicated.
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Table 3.1: Mean squared error (sample size 500, ridge matching estimator)

DGP 1 DGP 2 DGP 3

00 01 @2 03 00 01 @2 03 00 01 02 03

OLS (L=0) 9.7 00 220 134 96 369 21 124 2.5 45 6.3 0.0
LSIR 70 03 173 74 135 341 89 150 18 42 33 03

GMM1  [=14 6.8 0.0 176 75 103 337 49 138 16 43 3.1 0.1

L=10 6.8 0.0 175 75 10.3 338 53 146 16 43 3.1 0.1

L=7 6.8 0.0 177 75 104 338 56 15.0 16 43 3.1 0.1

L=4 6.8 00 178 74 102 336 54 147 1.6 4.3 3.1 0.1
< 68 00 183 79 103 335 40 129 16 43 32 01

GMM2 [=14 7.9 00 187 8.7 111 373 42 132 1.9 4.7 3.5 0.1

L=10 7.3 0.0 178 841 99 348 30 119 17 46 3.2 0.0

L=7 7.2 00 177 841 97 346 28 118 1.7 4.4 3.3 0.0

L=4 71 00 176 8.0 95 344 27 115 1.7 4.4 33 0.0

L=1 71 00 181 79 92 341 23 115 1.8 4.3 3.5 0.0

MSE in D=0 population only

OLS (L=0) 9.4 0.0 171 165 110 425 23 149 2.7 1.9 9.3 0.0
LSIR 19 04 58 19 177 364 114 199 06 14 15 04
GMM1 [=14 2.3 0.0 8.3 2.0 109 295 6.0 125 0.6 0.9 2.3 0.1
L=10 2.2 0.0 8.3 1.9 108 295 6.2 126 0.6 0.9 2.3 0.1
L=7 23 00 87 20 110 296 65 131 06 09 23 0.1
L=4 23 00 88 20 107 293 6.2 127 06 09 25 0.1
=1 25 00 99 25 111 294 52 135 07 09 27 01
GMM2 [=14 1.9 0.0 6.2 2.2 121 320 52 139 0.7 0.9 1.9 0.1
L=10 1.8 0.0 6.3 1.8 106 290 36 122 0.7 0.8 2.1 0.0
L=7 2.0 0.0 7.2 1.8 105 296 33 123 0.7 0.8 24 0.0
L=4 2.0 0.0 7.3 1.9 102 299 31 120 0.9 0.8 2.7 0.0

27 00 96 28 101 331 26 128 11 09 34 00
Note: Mean squared error for parametric least squares (OLS), semiparametric least squares imputed residuals
(LSIR) and first and second step semiparametric GMM (GMM1 and GMM2) for the three different data
generating processes DGP1, DGP2, DGP3 and the four different parametric regression models oo, @1,
2, @3. The results for the correctly specified models are marked in italics. The results for DGP2 are
multiplied by 100. The OLS estimator uses only the data from the respondents (D=1) and is equivalent to
the GMM estimator with L=0 overidentifying moments. The GMM estimators are computed with different
numbers of overidentifying moments L. The lower half of the table gives the MSE in the non-responding
(D=0) population only. Results based on 5000 replications.
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4 Treatment choice among Swedish rehabilitation programmes

To illustrate the applicability of the proposed estimator, treatment effect heterogeneity among
Swedish rehabilitation programmes for long-term sick is analyzed. Conditional expectation
functions are estimated for the different programmes, which can be used to analyze individual
heterogeneity in the effects and to determine the potential for policy improvements through
better targeting of programmes.

Heterogeneity in treatment effects has been somewhat neglected in the recent literature on
programme evaluation, which concentrated largely on estimating average treatment effects.!
If treatment effects are heterogeneous, however, it is important to determine which individuals
benefit most from which programmes in order to give advice on how policies should be targeted
to obtain a more efficient allocation of programmes and participants. Taking treatment effect
heterogeneity into account is relevant for many social and economic policies. For example, many
evaluations of active labour market policies found negative or zero average treatment effects. It
could be possible, though, that some individuals would benefit greatly from such programmes,
whereas the majority does not. Instead of completely eliminating such programmes, better
targeting might be more sensible.

Treatment effect heterogeneity is at the center of the analysis of optimal statistical treatment
rules, as e.g. in Wald (1950), Heckman, Smith, and Clements (1997), Black, Smith, Berger,
and Noel (2003), Manski (2000, 2004) and Dehejia (2004). An optimal statistical treatment
rule attempts to assign individuals to programmes in a welfare-maximizing way. Suppose a
policy consists of R different, mutually exclusive programmes and each individual of an eligible
population chooses exactly one of these. (One of these programmes may be denominated 'non-
participation’.) The potential outcomes for an individual i are Y}, ..., Y:E, of which one will be
realized according to the programme chosen. A statistical treatment rule assigns individuals to
programmes on the basis of observed characteristics X; € /. If the planner’s social welfare
function is utilitarian, see Manski (2000, 2004), the optimal programme 7* for an individual
with characteristics z is

r*(z) = argmaxE[Y"| X = z]. (15)
re{l,..,R}

Most policies pursue multiple, often conflicting, goals, which can be measured through differ-

'5See Angrist and Krueger (1999) and Heckman, LaLonde, and Smith (1999) for an overview.
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ent outcome variables, e.g. health status, disability status, employment situation, wages, pro-
gramme costs etc. The potential outcomes are then vector-valued Y, .., Y% € RV, and a util-
ity weighting function u(-) : RV + R is needed to trade off the V' outcome variables. For a
linear weighting function, the optimal programme is r*(z) = argmaxu (E[Y"|X = z]).
Deriving optimal treatment-choices thus requires estimates of the conditional expectation
functions E[Y"|X]. These can be estimated from data {(X;, D;,Y;)}? ; on past programme
participants, where D € {1, .., R} indicates the programme an individual had participated in.
Since for each observation only the outcome Y = Y'P corresponding to the programme D the
individual had participated in can be observed, the expected potential outcomes are a priori
not identified.!% Because of this selection problem, only E[Y"|X, D = r] is identified. However,
if X includes all variables that affected the potential outcomes as well as the assignment under
the former selection process, the potential outcomes Y are conditionally independent of the

programme an individual had participated in
EY'X]=FE[Y"|X,D =r] w.p.1. (16)

Accordingly, E[Y"|X = z] is identified for all  with P(D = r|X = z) > 0. This corresponds
to the situation described in the previous sections with data on Y” being observed only for
a part of the population and interest being in the population mean function E[Y"|X]. The
proposed semiparametric estimator can thus be applied separately to each of the R different
potential outcomes.

With this approach the success of Swedish rehabilitation programmes in re-integrating long-
term sick in the labour market is examined. In a retrospective analysis, the optimal programme
is determined for each individual. Comparing the average employment rate ensuing with this
optimal allocation to the observed employment rate gives an indication of the potential for
policy improvement through a better allocation of participants to programmes. This application
is merely meant as an illustration of the approach. Using only a single outcome variable,
employment, would not do justice to the multi-facetted goals of rehabilitation programmes
if strong policy conclusions were to be drawn. Rehabilitation programmes aim not only at
restoring lost working capacity, but also at improving mental and physical health, and also
their costs would need to be taken into account. A more comprehensive analysis, however, was

not possible due to data availability.

16Unless the past participants have been assigned randomly to the programmes.
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4.1 Swedish Rehabilitation Programmes

The Swedish social insurance system provides a wide variety of supportive actions for people in
need. One of these is the coordination and financing of vocational rehabilitation for long-term
sick individuals. Persons, who have been employed for at least one month, are covered by the
public sickness insurance and are eligible for sickness benefit when becoming ill. Sickness cases
that last for more than four weeks are considered as long-term sick and appropriate means for
these are examined. If sickness is expected to be permanent or of longer duration, a disability
pension is granted. Otherwise, rehabilitation actions should be initiated, if they can restore
(at least partly) a person’s working ability within reasonable time, i.e. in less than one year.
The local insurance offices mediate in this process by coordinating rehabilitative actions with
the employer and the employee and by financing vocational rehabilitation.

The rehabilitation actions consist of a wide variety of different programmes and measures,
targeted at different groups and pursuing different goals. They can roughly be summarized
into vocational and non-vocational measures. The vocational programmes aim at improving
employability to guide individuals back into the competitive labour market and consist of work
training and educational training. Work training can be with the current employer or at a new
place of work. The former requires the cooperation from the employer to make the training
feasible. Unemployed individuals on long-term sickness are often offered work training at
sheltered public workplaces. Educational rehabilitation comprises various forms of classroom
education.

The non-vocational measures consist of medical and social rehabilitation.  Social
rehabilitation contains, for example, programmes for individuals with alcohol, drug or
psychiatric problems. These measures are not coordinated by the insurance office. Individuals
with severe health problems may receive different forms of rehabilitation in parallel or
sequentially.

In the following analysis, these activities are categorized into four different types of
rehabilitation: No rehabilitation, workplace rehabilitation, educational rehabilitation and
medicalésocial rehabilitation.

Rehabilitative activities pursue a variety of different goals. Vocational rehabilitation aims
at re-integration into the labour market. Medical and social rehabilitation, on the other hand,

rather intend to restore physical and mental health and basic work capacity and to re-establish
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independence of the sick individual from medical or therapeutic assistance. In the following
analysis only a single outcome variable is examined: successful integration into the labour
market at the end of the sickness spell. The main reason for restricting the analysis to the
employment outcome is that the available data seem to be sufficiently informative to make the
conditional independence assumption (16) plausible with respect to the employment outcome
but not with respect to other outcome variables e.g. health status. The data is very informative
about the selection process into treatment and seems to contain most or all relevant factors that
determined simultaneously rehabilitation assignment and subsequent employment outcomes.
Even if not all relevant factors are included, the resulting bias is likely to be small relative
to the variance in the process of finding employment, as employment is driven by many other
factors besides health. With respect to subsequent health outcomes, however, conditional
independence may not hold, because the health history data is not sufficiently precise. As many
of the variables on health history and medical recommendations are binary, they indicate only
incidence of health problems but not their severity. As certain health problems may be highly
autocorrelated over time, this might have led to a large bias.

The process of entering in (publicly financed) rehabilitative actions in the years 1991 to 1994
was at such. A person who falls sick or becomes injured first notifies her employer or the local

£.17 If sickness continues for more than four weeks, a rehabilitation

social insurance office thereo
assessment should be carried out within the following eight weeks, which consists of various
medical and non-medical examinations. On the basis of this assessment a decision about the
appropriateness of vocational rehabilitation should be reached: If rehabilitation assistance is
not necessary and recovery is expected within a year, the individual draws sickness benefits
until healthy. If sickness seems to last for more than a year (even with rehabilitation), the
individual will be granted disability pension and the case is closed. If, on the other hand,
rehabilitation seems necessary, economically advisable and it is expected that the sick person
can regain her working capacity within a year, a rehabilitation plan is established.

This plan is made by the IO officer, taking into account the rehabilitative needs, the

medical assessments, budgetary constraints as well as the individual’s preferences. In

"Regularly employed individuals receive for the first two weeks sickness benefits from the employer and
afterwards from the insurance office. Unemployed and self-employed individuals receive benefits directly from
the insurance office. Sickness benefits amount to 80% of previous earnings, adjusted for the degree of lost working

capacity and cut at an upper ceiling, and can be received for an unlimited period.
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a first instance, the insurance office’s task is to coordinate the provision of vocational

18 The employer is obliged to facilitate workplace rehabilitation, according

rehabilitation.
to his possibilities, through transfers, changes in duties and work hours, work training,
education, adjustments to the current workplace etc. For unemployed persons and also when
the employer is not able or not willing to cooperate, the insurance office offers alternative
rehabilitative measures, which it purchases from hospitals and private providers of work

19 Individuals may demand but have neither the right to receive

training and education.
rehabilitation nor the obligation to participate. It is mainly the IO officer who determines
which rehabilitation measures are to be offered. The officers have clear guidelines to follow
for assessing the need and success chances of rehabilitative measures and they do not face
any incentive structures for discriminating against particular groups. In case of participation
in vocational rehabilitation, individuals receive an additional rehabilitation allowance. After
rehabilitation, the sick person may be either healthy or still sick. If still sick, her recovery

chances are re-assessed and she either re-enters the pool of long-term sick or is granted

disability pension.

4.2 Data

The data used in this study is taken from the Riks-LS data set, which has been collected by the
National Social Insurance Board (RFV) for the purpose of evaluating the efficacy of vocational
rehabilitation. The survey was conducted in the second half of 1994 and beginning of 1995 and
analyzed retrospectively 75000 sickness cases, who had received sickness benefit for a period of
at least 60 consecutive days between July 1991 and June 1994. The caseworkers in charge of
these cases were questionnaired on the development and assessment of the sickness case. Data
collection was organized in form of three independent cross-sections, according to the fiscal
years 1991/92, 1992/93 and 1993/94. Cases were followed up until closure of the case or at
most until December 1994, the end of the data collection period.

From this data set, a sample of 6287 cases in 5 counties in Western Sweden is analyzed.
The sample contains only persons not older than 55 years and not receiving pension benefits.

Individuals in full-time education are excluded as well as individuals with missing data on sick-

18Medical and social rehabilitation are not coordinated by the insurance office.
¥ The insurance offices themselves do not conduct rehabilitative activities.
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ness and rehabilitation history. Of the 6287 observations, 3502 did not receive any rehabilita-
tive measures, 1118 participated in workplace rehabilitation, 360 in educational rehabilitation
and 1307 in medical&social rehabilitation.?"

The data set provides rich information about the socioeconomic variables of the individu-
als, details on their health status and the selection into rehabilitation. The information about
the individual prior to the beginning of the sickness spell are age, gender, marital status, cit-
izenship, education, occupation and labour market position, previous health record, previous
participation in vocational rehabilitation, employment status, earnings and earnings loss due
to sickness. The individuals environment is characterized by county of residence, community
type, local unemployment rate and year of sickness registration. Information at the time of
sickness registration contain the medical institution that registered sick leave, initial degree of
sickness, indications of alcohol or drug abuse, and medical diagnosis. The data set contains
crucial information about the rehabilitation assessment. In particular, the initial medical rec-
ommendation, the caseworkers non-medical recommendation, and the organization that car-
ried out the assessment are recorded, revealing important characteristics of the sick person be-
fore entering in rehabilitation. These experts opinions include subjective judgements about the
sick persons ability, determination and employment chances and are crucial for the conditional
independence assumption (16).

Table 4.1 gives descriptive statistics for selected variables by treatment group. Unskilled
blue collar workers are somewhat over-represented in workplace rehabilitation, while white
collar workers are under-represented in educational rehabilitation. Unemployed long-term sick
are often found in educational rehabilitation. Educational rehabilitation seems also to be
targeted towards persons with repeated sickness spells and previous participation in vocational
rehabilitation. In addition, individuals whose sickness was registered by a psychiatric or social
medicine centre or with alcohol/drug problems or psychiatric disorder are over-represented

in educational rehabilitation. Differences between the treatment groups can also be found in

20 A number of cases received more than one type of rehabilitation. Since neither it is known whether these
measures where given in parallel or sequentially, nor the time sequence of these measures, these cases were
assigned to the supposedly first or principal of the rehabilitative measures received. In most cases this has been
medical rehabilitation, which is likely to be the first measure. The second priority is given to workplace reha-
bilitation, since workplace rehabilitation is usually full-time while educational training may operate alongside.

For further details on the data see Frolich, Heshmati, and Lechner (2004).
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the records of the vocational rehabilitation assessment. "Wait and see’ recommendations are
prevalent among the non-participants and the medical&social rehabilitation group,?! whereas
a positive vocational rehabilitation recommendation is very frequent in both other groups.
Overall, these statistics indicate that, in particular, educational rehabilitation seems to be

somewhat targeted at those cases most difficult to re-integrate in the labour market.

At the end of a sickness case, the exit destination is recorded, which can be returning
or entering in regular employment, working at a sheltered workplace, entering in full-time
education, being unemployed, receiving disability pension, or ’other destinations’. At the end
of the data collection period in December 1994, some cases remained unclosed, though. These
are considered as still sick and represent about 10 to 20% of the observations, as shown at
the bottom of Table 4.1. As regards the exit destinations, about 46% of all cases left sickness
towards employment. For non-participants this employment rate is 48%, and it is 52% for the
participants in workplace rehabilitation, 29% for the participants in educational rehabilitation

and 41% for the participants in medical rehabilitation.

21 The reason for the latter is that the assessment refers to vocational rehabilitation.
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Table 4.1: Descriptive statistics by treatment groups (means or shares in %)

Variable Al | NoReha 'ork-  Educat-  Medcal
place ional & Social
Age (years) 40.5 40.9 39.6 39.0 40.5
Male 45 45 45 46 46
Married 52 53 53 45 52
Labour market  blue collar, unskilled 45 42 52 47 47
position: blue collar, skilled 20 20 23 23 20
white collar worker 23 26 20 16 21
self-employed 12 13 5 14 12
Unemployed at beginning of sickness 19 20 9 32 21
Income (in SEK) 1307 1303 1340 1268 1300
Previous sickness (days < 15 days 59 62 58 47 57
sick in last 6 months): > 60 days 22 20 24 35 22
Participation in vocational reha in last 12 mths 11 7 15 23 14
Local unemployment rate (in %) 6.52 6.45 6.59 6.71 6.63
Community type: urban / suburban region 26 31 17 21 21
major / middle large city 14 13 1 1 21
Industrial city 12 10 14 11 16
rural and other 49 47 58 57 43
Registration of current sickness spell:
Registration by  health care centre / hospital 80 81 81 73 79
psych./social medicine centre 8 7 6 14 10
by private or others 12 11 13 13 1
Degree of sickness is 100% sick leave 86 84 92 91 86
Indications of alcohol or drug abuse 6 6 3 10 8
Diagnosis: psychiatric 18 18 13 28 18
Circulation 4 5 4 3 2
Respiratory 2 2 3 4 2
Digestion 3 4 3 1 2
Musculoskeletal 44 39 51 44 51
Injuries 14 15 15 11 12
Other 15 18 13 10 12
Rehabilitation needs assessment:
Case assessed by employer 23 17 40 25 25
by insurance office 16 13 16 33 22
IO on behalf of employer 1 8 14 13 17
not needed 26 36 10 9 16
not carried out 23 26 19 20 20
Medical VR wait & see 55 61 40 37 56
recommendation: VR needed & defined 26 14 47 55 34
eligible for disability pension 6 9 3 2 4
not satisfactory / unclear 12 16 10 6 6
Non-medical VR wait & see 63 76 36 37 59
recommendation: VR needed & defined 32 17 63 62 38
eligible for disability pension ) 7 1 1 3
End of sickness:
Case closed as of December 1994 87 91 82 81 80
Returns to regular employment 46.3 48.3 524 28.9 40.5
Number of observations 6287 3502 1118 360 1307

Note: Sample means in each treatment group multiplied by 100 (except age).



4.3 Estimation Results

The gross employment rates given at the end of Table 4.1, however, are not informative about
the re-integration success of the rehabilitation programmes because the participants in the
different programmes differ in their characteristics. To adjust for these different characteristics
between the treatment groups, Table 4.2 shows estimates of the population mean potential
outcomes E[YN], E[YWerk]  E[yFd] and E[YMeéd] obtained by ridge matching. These
estimates indicate that on average medical rehabilitation and particularly educational
rehabilitation have not been successful in fostering integration in the labour market. It could
be possible, though, that for some individuals medical and/or educational rehabilitation are
the best choices for improving employment chances. Therefore, expected potential outcomes

conditionally on covariates X need to be estimated.

Table 4.2: Nonparametric estimates of mean potential outcomes (in %)

Estimated E[YNe| E[yWork] E[yFdu] p[yMed)
re-employment rate 46.0 45.6 32.9 41.0

Note: Mean potential outcomes estimated by propensity score ridge matching.

Using the semiparametric GMM estimator developed in the previous sections, the optimal
programme is estimated retrospectively for each of the 6287 observations in the data set. With
the outcome variable employment status being binary, the expectation function is specified by
a probit

E[Y"|X =] = ®(2'0") Vr € {No,Work, Edu, Med}, (17)

where ® is the cdf of the standard normal distribution. The coefficients 8" may differ between

the programmes r € {No, Work, Edu, Med}. The scores of the likelihood function %fr,m =

#(z'0")
@07 (1—B(@07))

x (y — ®(2'0")) are taken as the instruments A" (X;) in (10). In the estimator,
L = 11 different populations are included, as defined in Table B.1. The vector of covariates
X contains 38 explanatory characteristics (plus a constant), which are given in Table B.2.
These covariates include socioeconomic variables, indicators on sickness history, on the current
sickness spell and on the rehabilitation assessment.

The participation probabilities p” are estimated by probit and the support restriction is
implemented by discarding all observations with p} below the lowest participation probability
among the participants in programme r. The regression curves m”(p") are estimated for each

subpopulation separately by ridge matching, using only the observations belonging to that
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subpopulation. The bandwidth is chosen by least-squares cross validation. (The implied mean
potential outcomes for all subpopulations are given in Table B.1).

With these preliminary estimates, the coefficients V0, 9"Verk gFdu gMed gre estimated by
the GMM estimator (11). Using these coefficient estimates, the expected potential outcomes
f’l-N ° f’iwo’"k, f’iEd“, f’iM ed are predicted for each observation, and the optimal programme for
observation ¢ is defined as the programme with the largest predicted outcome. Table 4.3 shows
the number of observations for whom the optimal programme is: No, workplace, educational
or medical rehabilitation, respectively. It can be seen that in spite of No and workplace re-

habilitation being optimal for the majority of all individuals, educational rehabilitation would

still have been the optimal choice for 1519 persons.

Table 4.3: Distribution of optimal programme (by largest estimate)

Best programme is No Rehabilitation Workplace Educational Medical

for so many individuals: 1865 1860 1519 1043

Note: Number of individuals for whom No rehabilitation, workplace rehabilitation, educa-
tional rehabilitation or medical rehabilitation, respectively, is the programme with largest esti-
mated potential outcome.

In the analysis so far, the sampling variability of the estimated potential outcomes has
been neglected. If the estimates are very noisy, any programme could turn out to be the
best, rendering the results meaningless. To take this into account, a programme is considered

as optimal for individual ¢ only if the probability that it corresponds to the maximum of

yNo yWork 'y Edu yMed oxceeds a certain threshold. Hence, the programme r} is defined as

the optimal programme if

P (arg max {Yvir:No7 Y'ir:Work,YZ‘:Edu7 Y;T:Med} — rf) >1-—a.

r

The probability measure can be simulated via bootstrapping of the coefficient estimates

@NO 9W0Tk 9Edu,@M€d. A threshold of 1-a=0.7, for example, requires that in at least 70%

) )

*

of the bootstrap iterations, 7

* corresponds to the maximum of the estimated potential

outcomes. If no programme satisfies this condition, the optimal programme for individual
1 is undefined. Whether a programme is identified as optimal or not thus depends on the

.. . ) ~No ~Work ~Edu »Med ) )
precision of the estimated coefficients 6 0,9 o ,0 u,6’ RN U any of these coefficients is

estimated with a high variance, the corresponding potential outcome will at various times be

estimated to be higher than the other outcomes and at other times be estimated to be lower,
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unless the differences in the levels of the potential outcomes are large. Imprecise estimates of

@NO 9W0Tk, 9Edu, @Med reduce the likelihood that any of the programmes will be identified as

optimal. Hence, if the estimates are imprecise and if treatment effects are small, most often
the optimal programme will be undefined.

The appropriate choice of o depends on the importance of alternative objectives and con-
siderations in the programme choice. If treatment assignment is required to be strictly deter-
ministic and should only depend on X and if no supply-side constraints or waiting lists could
delay the availability of treatment, assignment should always be to the programme with the
highest estimated outcome. On the other hand, if the estimated potential outcomes are only
one of many determinants for the treatment choice, a significant preponderance of evidence,
say 1-a=0.7 or 0.8, is desired, to neglect all noisy estimates. If the statistical evidence is insuffi-
cient to reach this threshold, alternative criteria should guide the selection. These may include
programme goals that are not easily quantifiable (and thus cannot be included in the utility
weighting function discussed in the beginning of Section 4), waiting-lists if treatment places
are limited, conjectures about general equilibrium effects of certain treatments, which cannot
be quantified, and so forth. The more important these alternative goals and criteria are, the
more certainty will be expected from the statistical system before taking its predictions into
consideration. In addition, the choice of a should also depend on the number of options to
choose from. Generally, the larger the number of available programmes, the smaller 1-a should
be, because a level of 1-a=0.7 can easily be reached if there are only two options to choose
from, but will be much more restrictive if there are 10 different programmes.

Table 4.4 gives the number of individuals for whom No, workplace, educational or medical
rehabilitation, respectively, is optimal with at least 90, 70, 60 or 50% simulated probability,
as well as the number for whom the optimal programme is undefined. This table again shows
that educational rehabilitation would be the optimal programme for some individuals, in spite
of a substantial amount of uncertainty which is visible from the large number of individuals

without defined optimal programme (even at the 0.5 level).
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Table 4.4: Distribution of optimal programme (for different levels of «)

Best programme is No Rehabilitation Workplace Educational Medical | Undefined
with 90% probability 142 100 23 16 6006
with 70% probability 618 540 294 180 4655
with 60% probability 920 893 552 352 3570
with 50% probability 1302 1386 905 606 2088

Note: Number of individuals for whom the corresponding programme is the estimated optimal programme
with probability 1-a=0.9, 0.7, 0.6 or 0.5, respectively. 350 bootstrap replications.

It is revealing to compare this simulated optimal allocation with the allocation actually
observed. Table 4.5 cross-tabulates the number of participants in a certain programme D; €
{No,Work,Edu,Med} and with optimal programme r} € {No,Work,Edu,Med,Undefined},
for different levels of a. The table shows that for the individuals participating in No rehabil-
itation, an optimal programme is determined in 866 cases at the 1-a=0.7 level, which is No
rehabilitation in 399 cases, workplace rehabilitation in 198 cases, educational rehabilitation in
156 cases and medical rehabilitation in 113. Particularly striking are the results for educa-
tional rehabilitation. Of the participants in educational rehabilitation, only very few (19 cases)
would have been assigned to educational rehabilitation in the optimal allocation, whereas most
of the 294 cases for whom educational rehabilitation seems to be optimal actually participated
in other programmes. These results are similar at the 0.6 and 0.5 level, corroborating the find-
ing that the participants in educational rehabilitation are not well selected. The fraction of
misclassification A (in %) indicates the mismatch between the optimal and the actual alloca-
tion. Leaving apart the individuals for whom no optimal programme is defined, A is computed
as the number of individuals for whom actual selection D; and optimal choice r} do not coin-
cide (off-diagonal elements) divided by the total number of individuals with a defined optimal
programme. Table 4.5 shows that at a probability level of 0.7, more than 60% of the opti-
mal programme choices differ from the actual allocation, indicating a substantial potential for
improving programme selection. The misclassification level increases to 67% at the 0.5 level,
which might be attributable to additional noise, because the optimal programme classifications

are becoming less unambiguous.
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Table 4.5: Optimal treatment choice versus actual allocation

Optimal allocation 7

No reha Workplace Education Medical Undefined

Actual allocation 1-a=70%

D;=No 399 198 156 113 2636
D;=Work 76 170 73 19 780
D;=Edu 22 53 19 8 258
D;=Med 121 119 46 40 981
A(%) 61.5

Optimal allocation (1-a=60%)

D;=No 586 352 312 213 2039
D;,=Work 122 249 119 40 588
D;,=Edu 30 79 37 13 201
D;=Med 182 213 84 86 742
A(%) 64.7

Optimal allocation (1-a=50%)

D;=No 828 603 507 351 1213
D,=Work 179 338 196 82 323
D,=Edu 48 114 56 25 117
D;=Med 247 331 146 148 435
A(%) 67.4

Note: Number of participants in programme D; € {No,Work,Edu,Med} with optimal
programme r; € {No,Work,Edu,Med,Undefined}, at different levels of a. The fraction of
misclassification A in % is defined as the number of cases for whom D; and r; do not coincide
(off-diagonal elements) to the total number of cases with defined optimal programme, leaving
apart the undefined cases.

Since the optimal programme choices are estimated on an individual level, the optimal
allocation is difficult to summarize by a few numbers. Nevertheless, Table 4.6 gives some
summary statistics to compare the optimal targeting with the targeting as is (as was discussed
in Section 4.2). The table provides the means of selected characteristics by treatment groups

according to the optimal and to the actual allocation, at the 1-a=0.5 level. Table B.2 gives
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this comparison for all 38 characteristics included in the estimator. In the first four columns
the mean characteristics are given according to the optimal allocation. (The 2088 individuals
without defined optimal treatment are not included.) The last four columns provide the average
characteristics among the actual participants and correspond to the respective figures in Table
4.1.

A striking difference with respect to age can be seen. Whereas average age does not vary
much by treatment groups in the actual allocation, the optimal choice seems to depend strongly
on the individual’s age. Whereas the young are clearly over-represented among those who are
advised to participate in medical and, particularly, in educational rehabilitation, only very few
of the 46-55 years old are best served by educational rehabilitation. With respect to gender
it seems that men should more often attend No rehabilitation, whereas women might benefit
more from workplace rehabilitation. Regarding prior unemployment, it is noteworthy that
only few unemployed are advised to participate in No or in medical rehabilitation, whereas
they represent about half of those advised to educational rehabilitation. Educated blue collar
workers are less frequent found among those served best by workplace rehabilitation, whereas
manufacturing workers are over-represented among those advised to No rehabilitation. For
individuals who had been sick previously for more than 60 days in the last six months or
who had participated in vocational rehabilitation before, medical rehabilitation is hardly ever
an unambiguously optimal choice. Furthermore, in the optimal allocation, individuals with
psychiatric problems and those for whom a wait & see strategy has been advised are clearly
under-represented in educational rehabilitation, compared to the actual allocation. Generally
the differences in the characteristics are much more pronounced in the optimal than in the

actual allocation.
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Table 4.6: Average characteristics by treatment group: Optimal vs. actual allocation

Variable Optimal allocation Actual allocation
N W E M N W E M

Age: 18-35 years 12 20 59 52 31 34 37 31
46-55 years 40 62 10 30 41 31 32 36

Gender: male 56 36 48 44 45 45 46 46
Employment status: unemployed 2 27 47 2 20 9 32 21
Labour market position: blue collar, high educated 43 9 19 17 20 23 23 20
Occupation in: manufacturing 51 23 23 38 30 38 32 32
Previous sickness days > 60 days 19 32 25 5 20 24 35 22
Prior participation in vocational rehabilitation 4 15 21 O 7 15 23 14
Medical diagnosis: psychiatric 20 21 11 15 18 13 28 18
Medical recommend. wait and see 79 64 19 53 61 40 37 56
Predicted employment probability 69.3 52.6 54.5 67.2 48.5 51.9 30.2 41.1

Note: Means or shares in percent. The columns titled optimal allocation give the average characteristics by
treatment groups (N=No rehabilitation, W=workplace rehabilitation, F=educational rehabilitation, M=medical
& social rehabilitation) if allocation were according to the optimal choices (r; at the 1-a=0.5 level). The columns
labelled actual allocation provide these figures according to the observed allocation (D;). The last row shows the
predicted potential employment probabilities.

In the last row of Table 4.6, the predicted potential employment outcomes are averaged
within the treatment groups according to the optimal and to the actual allocation. The pre-
dicted average employment rates in the actual treatment groups correspond quite well to the
observed rates of Table 4.1. When re-allocating the participants to the programmes in an opti-
mal way, substantial increases in the predicted employment rates are achieved. To summarize
this analysis, it is illuminating to tentatively predict the overall employment rate that could
have been achieved through an optimal allocation. When allocating all individuals to their
optimal programme, if defined at the 0.5 level, and all other individuals, for whom no optimal
programme is defined, randomly to any programme (with equal probability), the predicted av-
erage employment rate is 54.5%. If, on the other hand, the individuals without defined optimal
programme are allocated randomly to either No or to workplace rehabilitation, the predicted
employment rate is 55.7%. Thus, compared to the current selection process and to the employ-
ment rates that would be expected if all individuals were assigned to the same programme (see
Table 4.2), an increase in the employment rate of about 9%-points could be possible through

an improved participant allocation.
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If educational rehabilitation were no longer available, the predicted average employment rate
would be 54.9%, when individuals without defined optimal programme are assigned randomly
to either No or to workplace rehabilitation. Thus, although educational rehabilitation is the
optimal programme for some individuals, their second-best choice seems not to be much worse.

Similar results are also obtained for different sets of X variables and different moment
specifications (see the sensitivity analysis in the supplementary appendix). Compared to the
above optimal allocation (with 11 subpopulations), the optimal allocations that would result if
1, 6, 16 or 21, respectively, subpopulations were included are not very different. The fraction of
misclassification A (in %) between the main specification and any of these other specifications
is at most 0.1% at the 1-a=0.7 level, at most 2.4% at the 0.6 level and at most 11% at the 0.5
level. On the other hand, if the set of 11 subpopulations is maintained but the set of explanatory
variables X is altered, the estimated optimal allocations change more markedly. With a set of 28
or 30 variables, the resulting allocations are still very similar: A is about 0.5%, 5% and 14.5% at
the 0.7, 0.6, 0.5 level, respectively. However, when leaving out relevant information on sickness
history, diagnosis, geographic location (and retaining only 24 variables), the misclassification
rates increase to 15.8%, 26.4% and almost 40%, respectively, at the different levels of 1-.

Hence, detailed information seems to be necessary to obtain informed programme choices.

5 Conclusions

In this paper a new semiparametric estimator for estimating conditional mean functions from
incomplete data has been developed. It applies to situations where data is missing due to non-
response or where it is missing by definition, e.g. in the analysis of treatment effects, where
only one of the different potential outcomes can be observed for each individual.

This estimator integrates parametric regression with nonparametric matching to obtain
more precise estimates in the subpopulation with missing data. Nonparametric matching
estimates are used as an anchor for reducing bias in the missing-data subpopulation while
retaining a reasonable fit in the full-data subpopulation. A small Monte Carlo simulation
showed that considerable reductions in MSE vis-a-vis a fully parametric estimator can be
achieved in misspecified parametric models. On the other hand, the efficiency losses in
correctly specified models seem to be rather small. The applicability of the estimator has

been illustrated by an analysis of treatment effect heterogeneity in Swedish rehabilitation
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programmes.

Analyzing individual heterogeneity in treatment effects is highly relevant for policy eval-
uation. In many evaluation studies, small or negative estimates of average treatment effects
indicate an ineffective policy. These average effects, however, may mask a considerable hetero-
geneity in the effects between the individuals. It is important to know whether the effect is
as negative for all individuals or whether it harms some while it benefits others. Estimating
treatment effects on a disaggregated level, i.e. conditional on characteristics X, can help to as-
sess the extent of treatment effect heterogeneity. These estimates can then be used to appraise
the potential for policy improvements due to a better participant allocation. By predicting the
treatment effects for each individual, the expected outcomes if assigned to the optimal pro-
grammes can be simulated. Comparing these with the observed outcomes gives an estimate
of the effectiveness of the allocation process. For example, in the application to the Swedish
rehabilitation programmes, the simulated optimal employment outcome is 56%, compared to

an observed employment rate of 46%.

A Appendix A: Monte Carlo results
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Table A.1: Mean squared error (sample size 2000, ridge matching estimator)

DGP 1 DGP 2 DGP 3

00 01 @2 03 00 01 @2 03 00 01 02 03

OLS (L=0) 9.5 00 214 133 82 355 05 98 24 4.3 6.2 0.0
LSIR 65 01 169 67 98 307 46 105 16 39 30 01

GMM1  [=14 6.6 00 170 7.2 79 311 15 86 1.6 4.0 2.9 0.0

L=10 6.6 0.0 169 741 78 32 16 89 16 4.0 2.9 0.0

L=7 6.6 0.0 170 741 78 311 16 88 16 4.0 2.9 0.0

L=4 6.5 00 171 71 78 310 16 87 1.5 4.0 29 0.0
(<t 65 00 175 74 79 309 11 88 15 40 30 00

GMM2 [=14 7.5 00 184 841 82 349 1.0 89 1.9 4.3 3.6 0.0

L=10 7.3 0.0 176 841 78 323 08 83 1.7 45 31 0.0

L=7 7.3 00 173 81 78 320 07 84 1.7 44 3.1 0.0

L=4 7.2 0.0 173 8.0 78 322 06 84 16 43 3.1 0.0

L=1 7.0 00 172 78 81 321 05 94 1.7 4.2 3.2 0.0

MSE in D=0 population only

OLS (L=0) 95 00 168 173 97 425 05 128 26 19 92 00
LSIR L1902 56 18 - 124 320 62 139 05 11 14 02
GMM1  L=14 20 00 72 17 80 270 18 77 05 08 18 00
L=10 20 00 71 17 78 270 19 75 05 08 18 00
L=7 20 00 75 17 80 270 19 78 05 08 19 00
L=4 24 00 76 17 79 269 18 77 05 08 19 00
L=1 .22 00 86 22 82 270 15 92 = 06 08 21 00
GMM2  L=14 2600 70 T34 790 383 13 104 09 10 24700
L=10 14 00 48 12 85 259 09 91 05 07 14 00
L=7 14 00 56 12 87 269 08 96 05 07 17 00
L=4 16 00 59 13 86 277 07 95 07 08 21 00
L=1 19 00 78 17 94 339 05 118 08 08 25 00

Note: See note below Table 3.1. 500 replications.



Table A.2: Mean squared error (sample size 500, kernel matching estimator)

DGP 1 DGP 2 DGP 3
00 01 @2 03 00 01 @2 03 00 01 02 03
GMM1  [=14 7.0 01 176 738 102 327 51 1441 1.6 4.2 3.1 0.1
L=10 7.0 01 176 738 102 327 56 153 1.6 4.2 3.1 0.1
L=7 7.0 01 178 7.8 103 328 6.1 16.2 1.6 4.2 3.1 0.1
L=4 7.0 01 180 8.2 104 327 58 154 1.6 4.2 3.1 0.1
<t 72 03 184 88 104 328 40 123 17 43 32 02
GMM2 [=14 7.5 00 175 83 109 342 40 134 1.7 4.6 3.2 0.1
L=10 7.5 00 176 84 106 341 38 131 1.7 4.6 3.2 0.0
L=7 74 00 175 83 103 341 32 127 1.7 44 3.3 0.0
L=4 7.3 00 177 83 98 344 27 122 1.7 44 3.3 0.0
L=1 8.6 0.0 206 106 95 352 21 121 22 43 52 0.0

MSE in D=0 population only

GMM1  [=14 2.2 0.1 8.1 2.0 114 304 6.0 130 0.6 0.9 2.2 0.1
L=10 2.2 0.1 8.1 2.0 113 303 64 133 0.6 0.9 2.2 0.1
L=7 2.3 0.1 85 21 115 305 68 138 0.6 09 23 0.1
L=4 2.3 0.2 8.8 24 117 305 6.6 142 0.6 0.9 24 0.1
(< 26 04 96 31 117 304 52 138 07 09 26 02

GMM2 [=14 14 0.0 59 1.3 126 335 50 155 0.6 0.8 1.9 0.1
L=10 14 0.0 6.1 14 122 337 47 152 0.7 0.8 2.0 0.0
L=7 1.6 0.0 7.0 1.5 117 347 39 147 0.7 0.8 2.4 0.0
L=4 2.0 0.0 7.7 2.0 113 368 31 143 0.8 0.8 2.6 0.0
L=1 71 00 145 109 108 390 23 144 2.1 14 7.0 0.0

Note: See note below Table 3.1. 5000 replications.



Table A.3: Mean squared error (sample size 2000, kernel matching estimator)

DGP 1 DGP 2 DGP 3
00 01 @2 03 00 01 @2 03 00 01 02 03
GMM1  [=14 6.7 00 169 7.2 77 303 1.6 8.7 1.6 4.0 3.0 0.0
L=10 6.7 00 169 7.2 76 303 1.8 9.2 1.6 4.0 3.0 0.0
L=7 6.6 0.0 169 741 77 303 19 92 16 4.0 3.0 0.0
L=4 6.6 00 170 71 77 302 1.7 88 1.6 4.0 3.0 0.0
<t 67 01 173 76 78 304 11 85 16 40 30 00
GMM2 [=14 7.6 00 173 841 82 315 07 9.0 1.7 4.7 3.1 0.0
L=10 7.6 00 172 83 82 318 0.7 9.0 1.7 4.6 3.1 0.0
L=7 74 00 169 81 83 321 0.6 9.2 1.7 45 3.1 0.0
L=4 74 00 170 81 83 327 06 95 1.7 4.4 3.1 0.0
L=1 8.5 0.0 201 103 83 329 05 97 2.1 4.1 49 0.0

MSE in D=0 population only

GMM1  [=14 2.0 0.0 7.1 1.7 82 274 20 7.7 0.5 0.8 1.8 0.0
L=10 2.0 0.0 7.0 1.7 81 2713 21 7.6 0.5 0.8 1.8 0.0
L=7 2.0 0.0 7.3 1.7 82 274 22 7.8 0.5 0.8 1.8 0.0
L=4 2.0 0.0 75 1.8 82 2713 1.9 8.1 0.5 0.8 2.0 0.0
(< 22 01 82 23 84 212 14 91 06 08 21 00

GMM2 [=14 14 0.0 55 1.5 95 315 08 109 04 0.7 14 0.0
L=10 1.1 0.0 50 1.1 96 328 08 11.0 05 07 1.5 0.0
L=7 1.2 0.0 5.7 1.1 97 339 07 14 0.5 0.7 1.8 0.0
L=4 1.5 0.0 6.2 14 99 356 06 122 0.6 0.7 1.9 0.0
L=1 7.5 00 143 113 98 367 06 126 2.0 1.3 6.6 0.0

Note: See note below Table 3.1. 500 replications.



B Appendix B: Swedish Rehabilitation Programmes

This appendix contains additional tables on the estimation of optimal programme choices.
Further results on alternative specifications are available in the supplementary appendix.
Table B.1 gives the observed treatment outcomes and the nonparametrically estimated
counterfactual outcomes for the 11 populations used in the GMM estimator in Section 4.
The entry 48.3 in the top left, for example, indicates that among all the participants in No
rehabilitation, a employment rate of 48.3% was observed. The potential No rehabilitation
outcome for those who did mot participate in No rehabilitation is estimated to be 43.6%. The
respective figures for the 46-55 years old are 49.8% and 41.5%. The mean counterfactual
outcomes are estimated separately for each population by ridge matching with the bandwidth

value chosen by least-squares cross-validation from the grid {0.02,0.04, ..,1}.

Table B.1: Observed outcomes and estimated counterfactual outcomes in the 11 subpopulations

EYN EYN | EYW EYW | EYF EYEF | EYM EYM

(Sub)Population obs D=N D#N D=W D#W D=E D#E D=M D#M
All 6287 | 48.3 43.6 52.4 44.2 28.9 33.1 40.5 41.2
Age 46-55 years 2354 | 49.8 41.5 56.0 50.8 21.7 20.9 38.6 39.3
Occupation agriculture 1921 | 38.5 32.5 50.5 42.7 26.4 33.0 30.9 29.5

Previous sickness < 15days 3725 | 52.6 47.0 57.4 47.2 34.7 38.3 47.1 47.3
Previous sickness > 60days 1374 | 36.3 35.9 44.6 39.6 23.8 27.8 27.0 26.1
No previous VR participation | 5611 | 49.7 45.3 53.3 44.8 29.6 32.3 42.7 42.9

County: Alvsborg 1829 | 47.2 39.7 56.5 49.5 32.8 38.6 31.8 35.7
County: Virmland 1470 | 46.1 44.7 49.5 41.5 28.3 28.2 39.8 43.9
Sickness in 1992/93 2203 | 48.6 42.6 54.6 47.7 30.8 28.8 41.1 40.5
Diagnosis: psychiatric 1102 | 41.6 36.1 47.6 38.7 20.2 21.3 30.6 33.5
Sickness registered by 5041 | 50.5 46.3 54.6 47.1 29.4 35.0 42.6 42.0

health care centre/hospital

Note: obs = Number of observations in each subpopulation. E[Y™N°|D = No|, E[YW°™*|D = Work], E[YZ™|D =
EBdu), E[YM®4D = Med] are the observed employment rates among the respective participants. E[YN°|D # No),
E[YWer*|D £ Work], E[YF™|D # Edu], E[YM*)D # Med] are the counterfactual employment rates among
the respective non-participants, estimated by propensity score ridge matching. VR means vocational rehabilitation.
The bandwidth values selected by cross-validation for the estimation of the YV° potential outcome for the various
subpopulations are: 0.16, 0.20, 0.16, 0.10, 0.58, 0.60, 0.16, 0.16, 0.38, 0.14, 1.00, respectively. For the estimation of
YW the bandwidths are: 0.06, 1.00, 1.00, 0.14, 1.00, 0.64, 0.06, 0.06, 1.00, 0.06, 1.00; for Y"***: 1.00, 0.14, 0.22,

0.14, 1.00, 1.00, 0.80, 0.50, 0.12, 1.00, 0.44; and for Y**°%: 0.62, 0.50, 0.06, 0.10, 0.74, 0.04, 1.00, 0.58, 0.78, 0.46,
0.66.
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Table B.2: Average characteristics by treatment group: Optimal vs. actual allocation

Variable Optimal allocation Actual allocation
N W E M N W E M

Age: 18-35 years 1220 59 52 31 34 37 31
46-55 years 40 62 10 30 41 31 32 36
Gender: male 56 36 48 44 45 45 46 46
Citizenship: Swedish born 8 88 83 87 8 88 90 83
Employment status: unemployed 2 27 4T 2 20 9 32 21
Income (in SEK/1000) 14 12 14 1.1 1.3 1.3 1.3 13
Labour market position: blue collar, low educated 36 57 37 50 42 52 47T 47
blue collar, high educated 43 9 19 17 20 23 23 20

white collar 18 23 24 26 26 20 16 21

Occupation in: health care ) 7 20 8 9 11 10 11
various sciences 2r 30 12 38 30 25 25 25
manufacturing 51 23 23 38 30 38 32 32

Previous sickness days 31-60 days 15 11 0 7 9 9 10 11
(in last 6 months): > 60 days 19 32 25 5 20 24 35 22
Prior participation in vocational rehabilitation 4 15 21 0 7 15 23 14
County: Bohuslén 32 21 271 19 27 17 24 30
Alvsborgslin 26 38 42 8 32 42 32 10
Virmlandslén 21 17 22 41 23 29 29 18

Community type: urban / suburban region 37 23 23 13 31 17 21 21
major / middle large city 13 15 12 10 13 11 11 21
industrial city 9 18 14 ) 10 14 11 16
Unemployment rate (in %) 64 70 6.2 64 6.5 6.6 6.7 6.6
Sickness registration by  psych./social med. centre 9 5 5 14 7 6 14 10
private or other 6 9 15 21 1 13 13 11
Sickness degree: 100% sick leave 94 92 88 62 84 92 91 86
Medical diagnosis: psychiatric 20 21 11 15 18 13 28 18
musculoskeletal 40 46 45 48 39 51 44 51
injuries 28 6 18 7 15 15 11 12
other 4 22 19 16 18 13 10 12

continued on next page
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Optimal allocation Actual allocation

N W E M N W E M

Case assessed by the employer 28 30 15 13 17 40 25 25
insurance office 14 23 23 4 13 16 33 22

IO on behalf of employer 11 9 6 23 8 14 13 17

not needed 21 13 28 49 36 10 9 16

Medical wait and see 7 64 19 53 61 40 37 56
recommendation VR needed and defined 10 27 42 32 14 47 55 34
Case worker recomm.: VR needed and defined 11 51 39 35 17 63 62 38
Medical reasons prevented VR 35 20 27 15 23 22 23 32
Med. & case worker rec. VR needed and defined 10 15 29 25 9 35 44 25

Note: Means or shares in percent. The columns titled optimal allocation give the average characteris-
tics by treatment groups (N=No rehabilitation, W=workplace rehabilitation, EF=educational rehabilitation,
M=medical & social rehabilitation) if allocation were according to the optimal choices (r; at the 1-a=0.5 level).
The columns labelled actual allocation provide these figures according to the observed allocation (D;). VR
stands for vocational rehabilitation, rec. means recommendation.
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