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Abstract
This thesis makes contributions to the statistical research field of
causal inference in observational studies. The results obtained are
directly applicable in many scientific fields where effects of treatments are investigated and yet controlled experiments are difficult
or impossible to implement.
In the first paper we define a partially specified directed acyclic
graph (DAG) describing the independence structure of the variables
under study. Using the DAG we show that given that unconfoundedness holds we can use the observed data to select minimal sets of
covariates to control for. General covariate selection algorithms are
proposed to target the defined minimal subsets.
The results of the first paper are generalized in Paper II to include
the presence of unobserved covariates. Morevoer, the identification
assumptions from the first paper are relaxed.
To implement the covariate selection without parametric assumptions we propose in the third paper the use of a model-free variable
selection method from the framework of sufficient dimension reduction. By simulation the performance of the proposed selection methods are investigated. Additionally, we study finite sample properties
of treatment effect estimators based on the selected covariate sets.
In paper IV we investigate misspecifications of parametric models
of a scalar summary of the covariates, the propensity score. Motivated by common model specification strategies we describe misspecifications of parametric models for which unbiased estimators of the
treatment effect are available. Consequences of the misspecification
for the efficiency of treatment effect estimators are also studied.
Keywords and phrases: Covariate selection, graphical models,
matching, observational studies, treatment effects.
AMS 2000 subject classification: 62G05, 62B99, 62G35.
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Introduction

A typical goal of scientific research is to draw inferences about the
effects of treatments. A treatment can be interpreted both in the
conventional sense such as a medication, surgery or other medical
therapy, or more broadly as an employment program, a specific education or any other action or intervention assigned to an individual.
A gold standard in this context is the randomized experiment. Here,
treatments are assigned to units randomly ensuring that the effect
of a treatment does not depend on systematic differences between
the treated and controls. However, often a randomized experiment
is not possible or desirable to implement. In such cases there may
be registers or databases available with observations of characteristics of individuals, treatment variables and outcomes that may be
used instead. The main problem with such observations is that the
possible effect of the treatment cannot be distinguished from other
effects of variables whose distributions differ between the treated
and controls. Therefore, a main approach when analyzing data from
an observational study is to “control” for differences between the
treatment groups.
In empirical research an implicit criterion for regarding an effect
as being caused by a treatment is that the treatment has been randomly assigned to the units under study. Although many researchers
intuitively comprehend the role of randomization we require a formal
statistical formulation of what a causal effect is. In the following we
adopt the definition of a causal effect from the potential outcome
framework developed by Rubin (1974, 1977, 1978) also referred to
as the Rubin causal model, see Holland (1986). Even though this
research field dates back to the 70’s, there has been a recent surge
of new results due to an increasing interest in the evaluation of nonrandomized treatments, see e.g. the review by Imbens (2004).
This thesis consists of four paper which contribute to the statis1

tical theory of causal inference in several ways. A main contribution
concerns characterizing subsets of pre-treatment variables (covariates) that we control for in order to perform causal inference. Informally, it is often stated that the variables needed to control for
are the variables that affect both the treatment and the outcome.
This set of variables is often referred to as confounders since they
are the variables confounding the true effect of the treatment in a
non-randomized study. Three of the papers are committed to this
central problem in observational studies. Here, we formally define
minimal sets of covariates needed to be controlled for. We show that
the defined covariate sets can be selected from the observed data and
we describe properties of nonparametric estimators of treatment effects based on the defined covariate sets. A novel approach in this
context is that for some of the results of the papers we describe assumptions through a graphical model to illustrate properties of the
variables in the Rubin causal model.
The fourth and last paper is dedicated to the specification of a
summarizing function of the covariates called the propensity score,
the probability of being treated given the covariates. For a broad
class of parametric models we show that some estimators of the treatment effect using the propensity score are unbiased even though the
propensity score model is misspecified. The implications of a misspecification for the efficiency of treatment effect estimators are also
studied.
This summary is organized as follows. Section 2 presents an
overview of the Rubin causal model, i.e., the definition of a causal
effect through potential outcomes and the assumptions required for
its identification. Here, we also describe the propensity score and
its role in the estimation of a treatment effect along with a general
description of nonparametric estimators of average causal effects.
Section 3 describes the graphical assumptions imposed on the variables in the Rubin causal model. In Section 4 the contents of Papers
2

I-IV are summarized, and in the last section conclusions and future
research directions are presented.

2
2.1

Causal inference
Defining causal effects through potential outcomes

In the following we consider studies where the objective is to estimate the effect of a binary treatment, T , where T = 1 for an active
treatment and T = 0 for a control treatment. Let Y1 denote a response variable that would be observed under the active treatment
and Y0 denote a response variable under the control treatment. The
two variables are called potential outcomes (Neyman 1923; Rubin,
1974, 1977). Assume that a random sample of N units, indexed
i = 1, . . . , N , is drawn from a large population. For a unit i a causal
effect of the treatment is defined as the difference between the potential outcomes
Y1i − Y0i .
Since for each individual, Y1i and Y0i are never jointly observed we
face what is called the “fundamental problem of causal inference”
(Holland 1986, Holland and Rubin 1988). The fundametal problem
of causal inference implies that such a unit level causal effect can
never be calculated with the observed data. To assess a causal effect
of the treatment we must instead rely on comparisons of the potential
outcomes across units and also add some identifying assumptions.
An important assumption in this framework, often not explicitly
stated, is the stable unit treatment value assumption (Rubin 1980).
The assumption assures that there is no interference between units
leading to different outcomes depending on the treatment other units
receive.
3

If we denote by X a vector of pre-treatment variables we can
classify a subpopulation of units by their values of the covariates
and define an average causal effect over such a subpopulation
β(X) = E(Y1 − Y0 | X).
The parameter of main interest is often the average causal effect over
the population
β = E(Y1 − Y0 ),
or the average causal effect in the subpopulation of the treated
γ = E(Y1 − Y0 | T = 1).
Summarizing the variables in this framework we have that each unit
under study is sampled from the joint distribution of (Y, X, T ), where
Y is defined as Y = T Y1 + (1 − T )Y0 .

2.2

Identifying assumptions

We can use observations of different units to gain knowledge on the
average causal effect if the assignment to treatment and the potential
outcomes are independent conditionally on the covariates X:
A.1. (Unconfoundedness)

(Y1 , Y0 ) ⊥
⊥ T | X.

This assumption together with the assumption of an overlapping
distribution,
A.2. (Overlap)

0 < P (T = 1 | X) < 1,

implies that an average causal effect can be estimated with the data
at hand by observing that

4

β = E(Y1 − Y0 ) = E(E(Y1 | X, T = 1) − E(Y0 | X, T = 0)).

(1)

We now see that estimating a causal effect of a treatment requires
a set of covariates satisfying A.1 and A.2. The covariate set, X,
should include all of the covariates affecting both the treatment
and outcomes. Without further information unconfoundedness is
an untestable assumption. As an illustration consider a distribution
F of the potential outcome Y0 . Under uncondfoundedness it holds
that
F (Y0 |T = 0, X) = F (Y0 |X),

(2)

but since Y0 is not observed for all individuals we cannot use the observed data to estimate the right hand side of (2). This means that
we must rely on subject matter knowledge to judge the credibility
of the assumption. Augmenting the set X as well as reducing the
set can lead to a violation of the assumption for a given set X that
satisfies unconfoundedness. Adding a new variable can make a noncounfounding variable to a confounder. On the contrary, controlling
for yet one more variable can make a variable that was previously a
confounder to a nonconfounder implying that the latter is no longer
needed in the conditioning set. A powerful way of studying conditional independence properties of the joint distribution of (Yj , X, T ),
j = 0, 1 is provided by the use of a graphical representation of the
Rubin model as decribed in Section 3.

2.3

The propensity score

Controlling for a high dimensional vector of covariates X can be an
insurmountable task to accomplish. As an example conditioning on
ten binary covariates yields a number of 210 = 1024 possible realizations of the covariates. To avoid the need to compare treated and
5

controls on the values of all covariates one can use a scalar function
of the covariates, the propensity score, e(X) = P (T = 1 | X). The
propensity score is a, so called, balancing score, b(X). A balancing
score is a function of the covariates such that the conditional distribution of X given b(X) is the same for the treated and control
units, i.e., X ⊥
⊥ T | b(X). Rosenbaum and Rubin (1983) showed
that the coarsest balancing score is the propensity score. Formally
they showed that, X ⊥
⊥ T | b(X), if and only if e(X) is a function of
b(X). They also showed that under assumption A.1 and A.2
(Y1 , Y0 ) ⊥
⊥ T | b(X),
which implies that adjustments for any balancing score, e.g., the
propensity score, suffices for removing all biases associated with differences in the covariates. The propensity score is used in the identification of an average causal effect either by replacing X with e(X)
in (1) or by noting that
¶
µ
¶
µ
(1 − T )Y
TY
−E
,
(3)
β = E(Y1 − Y0 ) = E
e(X)
1 − e(X)
which is estimable with the observed data.

2.4

Nonparametric estimators and their properties

Equations (1) and (3) form the basis of how a treatment can be
estimated nonparametrically with the data at hand. A nonparametric estimator of the treatment effect is an estimator not imposing
distributional or functional form assumptions. Estimators following
equation (1) first estimates the average treatment effect for a subpopulation with covariates X = x and then the average of these
conditional effects are taken over the relevant distribution of X.
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As an example, consider a simple matching estimator, β̂SM
β̂SM =

N
1 X
Ŷ1i − Ŷ0i ,
N

(4)

i=1

where for i = 1, . . . , N we have that
½
Ŷ1i =

Y1i , if Ti = 1
and Ŷ0i =
Ỹ1i , if Ti = 0

½

Ỹ0i , if Ti = 1
Y0i , if Ti = 0,

with Ỹ1i and Ỹ0i being the observed value of the potential outcome for
a matched unit having the same or almost the same observed values
of the covariates as unit i. A matching estimator that estimate the
causal effect on the treated, γ, is obtained by solely averaging the
differences
γ̂SM =

N1
1 X
Y1i − Ŷ0i ,
N1

(5)

i=1

for the N1 individuals in the sample that received the treatment.
Abadie and Imbens (2006) study the estimators β̂SM and γ̂SM when
matching is performed on the covariate vector norm.
For a propensity score matching estimator the matching criterion
is changed from matching on the covariates directly to matching
on the estimated propensity score, ê(X). Another estimator of an
average causal effect is obtained by replacing Ŷ1i and Ŷ0i with some
estimates of the conditional expectations, E(Y1 | Xi ) = µ1 (Xi ) and
E(Y0 | Xi ) = µ0 (Xi ), obtained by nonparametric regression. Specific
nonparametric methods for estimating the regression functions have
been studied for their properties in the estimation of a causal effect,
see e.g. Heckman, Ichimura, and Todd (1998) and Imbens, Newey,
and Ridder (2005).
7

An estimator directly applying equation (3) weights the observed
outcome by the inverse of the probability of receiving the treatment
actually received,
β̂IPW =

¶
N µ
(1 − Ti ) Yi
1 X Ti Yi
−
,
N
ê(Xi ) (1 − ê(Xi ))

(6)

i=1

where ê(Xi ) is an estimated value of the propensity score for unit
i. As with the matching estimator this estimator can be adjusted to
target γ

γ̂IPW

µ
¶Á X
N
N
Ti Yi
(1 − Ti ) Yi
1
1 X
ê(Xi )
−
ê(Xi ).
=
N
ê(Xi ) (1 − ê(Xi ))
N
i=1

(7)

i=1

Properties of the inverse probability weighting estimator using nonparametric estimation of the propensity score have been studied by
Hirano, Imbens, and Ridder (2003); see also Wooldridge (2002) for
parametric models of the propensity score.
To make inferences concerning the population parameters β and
γ we rely on asymptotic properties of the estimator used. There is an
efficiency bound for nonparametric estimators of the average treatment effects. Formally, Hahn (1998) showed that for an estimator β̂
such that
√

d

N (β̂ − β) −→ N (0, V ),

we have that
µ
V ≥E

¶
V (Y1 | X) V (Y0 | X)
2
+
+ (β(X) − β) .
e(X)
1 − e(X)

Similarly for an estimator γ̂ such that
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(8)

√
d
N (γ̂ − γ) −→ N (0, V ),
we have
¶
e(X)2 V (Y0 | X)
(β(X) − γ)2 e(X)
e(X)V (Y1 | X)
+
+
.
V ≥E
E(e(X))2
E(e(X))2 (1 − e(X))
E(e(X))2
(9)
In the sequel
we
call
estimators
β̂
and
γ̂
asymptotically
efficient
√
if they are N -consistent, asymptotically normal and reach the
asymptotic efficiency bounds (8) and (9) respectively. Among efficient estimators we have estimators of the form (4) but where the
value of the missing potential oucome is an estimated conditional
mean from a nonparametric regression, see e.g. the estimator proposed by Hahn (1998). Alternatively both the observed and the
missing potential outcome can be imputed from a nonparametric regression. Such an estimator based on series estimation of the regression functions µ1 (X) and µ0 (X) is studied in Imbens, Newey, and
Ridder (2005). The inverse probability weighting estimators β̂IPW
and γ̂IPW are also asymptotically efficient when the propensity score
is estimated with a sieve approach using a nonparametric series logit
estimator, see the results by Hirano, Imbens, and Ridder (2003).
Matching estimators where
the matching criterion is the covari√
ate norm is not generally N -consistent. Abadie and Imbens (2006)
show that the estimator is asymptotically biased if the number of
continuous covariates is larger than one. Because the propensity
score is a scalar function of the covariates the results of Abadie and
Imbens (2006) imply that the estimators (4)
√ and (5), where matching
is performed on the propensiy score, are N -consistent and asymptotically normally
distributed. However, even when the matching es√
timator is N -consistent it is generally not asymptotically efficient
for a fixed number of matches. Asymptotic comparisons between
µ
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covariate matching and propensity score matching is further studied
by Frölich (2007). Lower bounds
for the variance are compared if
√
the matching estimators are N -consistent. Here, it is shown that
matching on the true propensity score is less efficient than matching
on the covariates directly.
A class of estimators called doubly robust combines regression
and weighting using parametric models for both the propensity score
and the outcome regression. The double robustness refers to the
estimators being consistent and asymptotically normally distributed
when at most one of the models are misspecified (see e.g. Bang and
Robins 2005 for a review of doubly robust estimators).
Even though asymptotic results provide a tool for the comparison
of alternative estimators these results can not be directly translated
to the finite sample performance of the estimators. In Frölich (2004)
the finite sample properties of matching and weighting estimators
were studied by simulations. The mean squared error was calculated
for nonparametric regression estimators and then compared towards
a benchmark matching estimator. In the simulations both optimal
and datadriven bandwidth choices were applied. There were substantial efficiency gains from the regression estimators for a variety
of simulation designs. In all of the designs the largest MSE were
observed from the weighting estimator.
The finite sample behaviour of propensity score matching compared to covariate matching is studied by Zhao (2004) and Angrist
and Hahn (2004). The latter use a panel framework to show that
even if propensity score matching is asymptotically less efficient than
covariate matching there may be gains in efficiency for propensity
score matching in finite samples.
The asymptotic properties shown for the estimators discussed
above do not offer complete guideance to which estimator should be
preferred in practice. All of the estimators mentioned above involve
the estimation of the two conditional expectations µ1 (X), µ0 (X)
10

and/or the propensity score e(X). To identify the average causal
effect we often have a covariate vector of high dimension. This implies that the methods studied for the nonparametric regression of
µ1 (X) and µ0 (X) and the propensity score e(X) for asymptotically
efficient estimators of β and γ are not feasible in practice. For an unknown propensity score, parametric models are often used and their
apropriateness are evaluated by how well they achieve balance in the
covariates between treated and controls, see for instance Rosenbaum
and Rubin (1984) and Dehejia and Wahba (1999, 2002).

3

Causal inference and graphical models

A graph is a pair G = (V, E) where V is a set of vertices and E is
a set of edges. A graphical model displays a multivariate statistical
model in which a joint distribution satisfies independence statements
depicted in the graph. In a graphical model the set V represents
random variables, and the set E describes dependencies among the
variables. For a theoretical overview of graphical modeling and their
applications see, for instance, the textbooks by Lauritzen (1996),
Cox and Wermuth (1996) and Edwards (2000).
The graphical models of concern in this thesis are directed acyclic
graphs (DAGs) and ancestral graphs. A DAG is a graph where
the edge set E consists of directed edges, drawn as arrows, such
that there are no directed cycles. The absence of directed cylces
is equivalent to the existence of a partial ordering of the vertices.
The ordering is such that arrows point only from lower order vertices to higher order vertices. From an applied perspective the partial order corresponds to some ordering of the variables given by
subject-matter knowledge. An ancestral graph is an extension of
a graphical model, e.g. a DAG, allowing for unobserved variables
(Richardson and Spirtes 2002). Ancestral graphs display the inde-
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pendence structure that results from having unmeasured variables
that are not explicitly included in the model. A graphical implication of accounting for unobserved variables is the introduction of
bi-directed edges. The bi-directed edges represent the existence of
unobserved variables without precise assumptions on their relationships to other unobserved and observed variables. Also, an ancestral
graph may have an undirected edge for cases when an unobserved
variable has been conditioned on, see Richardson and Spirtes (2003)
for a description of underlying independence relations of unobserved
variables represented in an ancestral graph.
An alternative formalization of causality for statistical inference
is DAGs describing assumptions on causal structures between variables, see e.g. Spirtes, Glymour, and Scheines (1993), Pearl (1995)
and Pearl (2000). This connection between a DAG and causality
is the foundation of another framework of causal inference (Pearl
1995; Pearl 2000). In this framework a causal effect on a system of
variables is defined by how these variables are affected by an intervention. For this purpose a calculus of intervention has been defined
(Pearl 1995). The calculus of intervention described by, e.g., Lauritzen (2001) and Dawid (2002), is such that it differentiates conditioning by observation from conditioning by intervention. Using the
definition of intervention conditioning one can characterize the class
of graphs where a causal effect can be identified from observational
data.
In this thesis a DAG is interpreted as a carrier of independence
assumptions and a causal effect is solely defined through the potential outcomes, i.e., within the Rubin causal model. The assumptions
made are expressed as two partially specified graphs, GjR , of the
variables X, T and Yj , j = 0, 1. Other graphical representations of
the Rubin causal model have been made by, e.g., Pearl (1993) and
Edwards (2000, Sec. 8.2.2). Here, we assume a partially specified
graph of the variables of the Rubin model such that the arrows of
12

X

À

^

Yj

T

Figure 1: Graph, GjR , j = 0, 1 of the Rubin causal model.
the graph are unspecified with exceptions: i) If there is an arrow
between a vertex R ∈ X and T then R → T , and ii) if there is an
arrow between a vertex R ∈ X and Yj , then R → Yj , for j = 0, 1.
In the partially specified graphs, GjR , j = 0, 1, the assumption that
X are pre-treatment variables is expressed through the abscence of
arrows pointing from T or Yj to X, see an example in Figure 3. The
graph in Figure 3 is a DAG and/or an ancestral graph. Note, that it
is a simplification of the graphical assumption described above since
there may be arrows within X of any directions.

4

Summary of papers

This work consists of four papers in which the first three papers focus
on reducing the set of covariates to condition on when estimating an
average causal effect nonparametrically. In paper I and II we define
covariate subsets necessary to condition on for identifying an average causal effect. A set of covariates is defined as minimal when the
13

treatment ceases to be unconfounded given any proper subset of the
minimal set of covariates. We show that the covariate sets we define
are minimal under certain assumptions and that they can be identified with the observed data. In paper I we assume that all relevant
covariates are observed, i.e., there are no unmeasured confounders.
We also assume that the variables in the Rubin causal model can
be described by a partially specified DAG. In paper II we allow for
the presence of unobserved variables within certain restrictions that
are given through an assumption of a partially specified DAG. In
paper III the results from paper I and II are implemented through a
model-free variable selection method. Further, finite sample properties of nonparametric estimators utilizing the covariate sets defined
in paper I and II are studied via simulations. In paper IV the general
focus is changed from the selection of covariate sets to the functional
form within which the covariates are conditioned on. Here, we study
the consequences of misspecifications of parametric models of the
propensity score for the estimation of an average causal effect.

4.1

Paper I: Covariate selection for non-parametric estimation of treatment effects

In this paper we assume that the variables in the Rubin causal model
can be represented by a partially specified DAG, GjR . The DAG is
used to define minimal conditioning sets for independence of the
treatment and the potential outcomes. The minimal conditioning
sets have the important property that they can be selected by using subsets of the data within which all variables are observed. The
results form the basis of covariate selection procedures proposed in
two general algorithms. In the first algorithm, in a first step, the
variables affecting the treatment are selected. Among the covariates selected from the first step we select the variables that affects
the outcome for each treatment group respectively. In the second
14

algorithm, the two steps are taken in the reverse order.
A practical implementation of the algorithms are suggested. Here,
we assume that the covariates affect the treatment and the potential outcomes respectively only through the mean function. The
procedures proposed are then applied to select covariate sets in an
application where the treatment is an employment program. The
resulting covariate sets are then used to estimate the treatment effect of the program on the population of treated with a matching
estimator. Each treated unit is matched to a control unit on the basis of the Mahalanobis’ distance. Here, we observe a reduced mean
distance for the matched pairs when using the minimal covariate sets
selected with the proposed algorithms.

4.2

Paper II: Identification of minimal sets of covariates for the non-parametric estimation of an average treatment effect

In Paper II, assuming that the treatment is unconfounded given a
set of covariates, we define subsets of the original covariate set such
that unconfoundedness still holds. Earlier results exists on efficiency
bounds for nonparametric estimators of β and γ (Hahn 1998). Also,
so called exclusion restrictions, have been explored concerning sets of
covariates affecting exclusively either the treatment or the outcome
variables (Hahn 2004). Using the results of the exclusion restrictions
we can compare asymptotic variance bounds of estimators when estimation is based on the covariate subsets that we define. Here, we
show that using the defined covariate subsets may result in efficiency
gains.
Under a graphical condition we can show that the defined covariate subsets are minimal. The condition is such that the variables
(U, X, T, Yj ), j = 0, 1, where U is a set of unobserved variables, can
be described by a partially specified DAG. Moreover, we define a
15

covariate set as identified if it fulfills a condition that can be checked
with the observed data. We show under general assumptions that
the defined covariate subsets are identified.

4.3

Paper III: Model-free variable selection in causal
inference

In the third paper we apply a model-free variable selection approach
from the framework of sufficient dimension reduction in regression
(Cook 1994; Cook 1996; Cook 1998). Here, we use marginal coordinate hypothesis tests, see Cook (2004), applied in each step of
the general covariate selection algorithms proposed in paper I. The
marginal coordinate tests are compared to standard model based
procedures in a simulation study. In the simulations, the model
based selection procedure fail in selecting covariates when the functional form of the model is misspecified. For those models a method
using marginal coordinate hypothesis tests in a backward elimination
procedure succeeds in selecting covariate sets upholding unconfoundedness.
Moreover, we study by simulations, the finite sample properties of three nonparametric estimators when estimation is based on
the subsets of covariates defined and characterized in paper I and
II. Estimation is performed by simple matching with replacement,
regression imputation and inverse probability weighting. Coherent
with the large sample results for the simple matching estimator, see
Abadie and Imbens (2006), we observe a reduced bias when matching is performed on the covariate norm of the reduced subsets. For
all three estimators the largest variance is obtained when following the common practice to condition on all covariates affecting the
treatment.
The added uncertainty of using the covariate sets selected from
the samples does not have a large impact on the estimated treatment
16

effect. The overall patterns from estimation based on the true covariate sets are preserved when the covariates are selected with the
proposed marginal coordinate hypothesis tests.

4.4

Paper IV: Propensity score model specification for
estimation of average treatment effects

Paper IV focuses on misspecifications of parametric models for the
propensity score, the probability of being treated given the covariates, when estimating an average treatment effect. We assume that
the propensity score can be described by a parametric model, represented by a strictly montonic transformation (link function) of a
polynomial function of the covariates. We investigate misspecifications of parametric models of this form that are balancing scores, i.e.,
where the true propensity score is a function of the misspecification.
When the misspecification is a balancing score, unbiased treatment
effect estimators are available. It is shown that choosing the wrong
link function does not introduce bias to the treatment effect estimator. Also, we describe misspecifications that are balancing scores
when the order of the polynomial in the true model is higher than
the order of the polynomial in the misspecification.
By decomposing the variance of a treatment effect estimator on
a general form we show that the estimator is not necessarily less
efficient if the propensity score model is misspecified.
A common model specification approach for propensity scores is
to use the balancing property of the propensity score. Such a model
specification procedure implies that the true propensity score cannot
be distinguished from any other balancing score. In simulations we
observe that the lack of distinction between the true propensity score
and other balancing scores is not essential when using estimators
that utilise the propensity score as a balancing score, e.g. estimators
matching on the propensity score. On the other hand, when using
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the propensity score as a probability, e.g., as in the inverse probability weighting estimator, we observe bias when the propensity score
model is misspecified.

5

Conclusions and further research

Causal inference in observational studies have been an intense research area in statistics and econometrics during the last decades,
see e.g. the review by Imbens (2004). To identify a causal effect in
an observational study we rely on an assumption that the treatment
is unconfounded conditional on a set of covariates. The assumption
of an unconfounded treatment is an assumption not testable with
the observed data but based on knowledge of the subject matter. In
applications when we have access to large databases such as registers
there is typically a large set of covariates available for the researcher.
In such cases there is a demand for methods where subject matter
knowledge can be combined with data driven procedures. The need
to reduce the set of covariates is also emphasized by recent results
concerning the bias and efficiency of nonparametric estimators of
treatment effects (Abadie and Imbens 2006; Hahn 2004).
In this thesis it is shown that if the untestable assumption of
unconfoundedness holds for a given set of covariates we can use the
observed data to seek a reduction of the original covariate set. For
this purpose we propose algorithms for covariate selection.
Using the model-free covariate selection methods from the framework of sufficient dimension reduction introduced also the possibility
of reducing dimensions of the covariate vector not only by removing the covariates themselves but, in addition, to use the dimension
reduction from the central subspace spanned by the remaining variables, see e.g. Cook (1996) for a definition of the central subspace.
Studying a treatment effect estimator utilizing an estimated basis
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for the central subspace is an interesting topic for future research.
Such an estimator could also be implemented straightforwardly in
combination with a covariate selection procedure using marginal coordinate hypothesis tests.
Another question that has been raised in connection to selection
of minimal sets of covariates is the effect of the dimension of the covariate vector on treatment effect estimators utilizing the propensity
score. Rosenbaum and Rubin (1983) showed that unconfoundedness
is fulfilled when conditioning on a scalar function of the covariates,
the propensity score. However, in simulations we have seen that the
balancing property of the propensity score deteriorates if there are
redundant covariates in the propensity score model. A research direction of interest would be to show formal results on the effect of
redundant covariates on the finite and infinite sample behavior of
propensity score based estimators.
When studying bias and efficiency of treatment effect estimators
we have had much gain from using graphical diagnostic methods,
e.g., plots of causal effects estimates conditional on covariates or
propensity scores. Such plots have been very helpful in studying
a range of topics from model misspecification to the detection of
influential observations. Formalizing and studying tools for such
graphical diagnostics is another future direction of research.
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