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1 Introduction

This article discusses graphical models that can handle latent variables without
explicitly modeling them quantitatively. There exist several paradigms for such
problem domains. Two of them are semi-Markovian causal models and maxi-
mal ancestral graphs. Applying these techniques to a problem domain consists of
several steps, typically: structure learning from observational and experimen-
tal data, parameter learning, probabilistic inference, and, quantitative causal
inference.

A problem is that research in each of the existing approaches only focuses
on one or a few of all the steps involved in the process of modeling a problem in-
cluding latent variables. In other work we have investigated the integral process
from observational and experimental data unto different types of efficient in-
ference. The goal of this article is to focus on learning the structure of causal
models in the presence of latent variables from a combination of observational
and experimental data.

Semi-Markovian causal models (SMCMSs) are an approach developed by
Pearl and Tian [3, 6]. They are specifically suited for performing quantitative
causal inference in the presence of latent variables. However, at this time no
efficient parametrisation of such models is provided and there are no techniques
for performing efficient probabilistic inference. Furthermore there are no tech-
niques to learn these models from data issued from observations, experiments
or both.

Maximal ancestral graphs (MAGs) are an approach developed by Richardson
et al. [4]. They are specifically suited for structure learning in the presence of
latent variables from observational data. However, the techniques only learn up
to Markov equivalence and provide no clues on which additional experiments to
perform in order to obtain the fully oriented causal graph. See [1, 2] for that
type of results for Bayesian networks without latent variables. Furthermore,
as of yet no parametrisation for discrete variables is provided for MAGs and
no techniques for probabilistic inference have been developed. There is some
work on algorithms for causal inference, but it is restricted to causal inference



quantities that are the same for an entire Markov equivalence class of MAGs
[5, 7].

‘We have chosen to use SMCMs as a final representation in our work, because
at this time they are the only formalism that allows to perform causal inference
while fully taking into account the influence of latent variables. However, we will
combine existing techniques to learn MAGs with newly developed methods to
provide an integral approach that uses both observational data and experiments
in order to learn fully oriented semi-Markovian causal models.

We will start the paper by introducing SMCMs and MAGs and by discussing
their semantical and other differences. Then we will discuss the problems that
have to be solved to tranform a complete partially ancestral graph (CPAG), this
is a representative of the Markov equivalence class for MAGs, into a SMCM.
We will see that in general experiments are necessary to be able to perform this
transformation. Therefore, we will discuss what we understand by an experi-
ment and more specifically how their results can be interpreted. After that we
will introduce a method that transforms a CPAG learned from observational
data into a SMCM with the help of experiments. The result of such a transfor-
mation is the single structure that represents all the immediate causal relations
and the latent confounders between the observable variables and that is crucial
knowledge in order to perform causal inference.

Finally we will discuss our results and give some indications for possible
future research.
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